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Preface

Natural Language Processing is a branch of Artificial Intelligence aimed at enabling
the computers to perform meaningful human-like activities related to written or spo-
ken human language, such as English or Spanish. For traditional computer programs,
a text is just a long string of characters—which the program can copy, print, or erase.
In contrast, intelligent natural language processing programs are designed for opera-
tions involving the meaning of the text.

The most important applications of natural language processing include informa-
tion retrieval and information organization, machine translation, and natural language
interfaces, among others. However, as in any science, the activities of the researchers
are mostly concentrated on its internal art and craft, that is, on the solution of the
problems arising in analysis or synthesis of natural language text or speech, such as
syntactic and semantic analysis, disambiguation, or compilation of dictionaries and
grammars necessary for such analysis.

This volume presents 19 original research papers written by 63 authors represent-
ing 16 different countries: Argentina, Austria, Canada, China, Finland, Hong Kong,
India, Japan, Korea, Lebanon, Mexico, Norway, Spain, UK, United Arab Emirates,
and USA. The volume is structured in 7 thematic areas of both theory and applica-
tions of Natural Language Processing:

— Lexical Resources

— Morphology and syntax

—  Word Sense Disambiguation and Semantics
—  Speech Processing

—~ Information Retrieval

—  Question Answering and Text Summarization
—  Computer-Assisted Language Learning

The papers included in this volume were selected on the base of rigorous interna-
tional reviewing process out of 43 submissions received for evaluation: thus the ac-
ceptance rate of this volume was 44%.

I would like to cordially thank all people involved in the preparation of this volume.
In the first place I want to thank the authors of the published paper for their excellent
research work giving sense to the work of all other people involved, as well the au-
thors of rejected papers for their interest and effort. | also thank the members of the
Editorial Board of the volume and additional reviewers for their hard work on review-
ing and selecting the papers. I thank Sulema Torres, Ignacio Garcia Araoz, Oralia del
Carmen Pérez Orozco, and Raquel Lépez Alamilla for their valuable collaboration in
preparation of this volume. The submission, reviewing, and selection process was
supported for free by the EasyChair system, www.EasyChair.org.

Alexander Gelbukh February 2006
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Generating Multilingual Grammars
from OWL Ontologies

Guillermo Pérez, Gabriel Amores, Pilar Manchén, and David Gonzilez

Universidad de Sevilla
Seville, Spain
{gperez, jgabriel, pmanchon, dgmaline}Qus.es

Abstract. This paper describes a tool which automatically generates
productions for context-free grammars from OWL ontologies, using just
a rule-based configuration file. This tool has been implemented within
the framework of a dialogue system, and has achieved several goals:
it leverages the manual work of the linguist, and ensures coherence
and completeness between the Domain Knowledge (Knowledge Manager
Module) and the Linguistic Knowledge (Natural Language Understand-
ing Module) in the application.

1 Introduction

1.1 Automatic Grammar Generation

The problem of manually generating grammars for a Natural Language Under-
standing (NLU) system has been widely discussed. Two main approaches can be
highlighted from those proposed in the literature: Grammatical Inference and
Rule Based Grammar Generation.

The Grammatical Inference approach (http://eurise.univ-st-etienne.fr/gi/)
refers to the process of learning grammars and languages from data and is con-
sidered nowadays as an independent research area within Machine Learning tech-
niques. Examples of applications based on this approach are ABL [1] and EMILE
(2].

On the other hand, the Rule Based approach tries to generate the gram-
mar rules from scratch (i.e. based on the expertise of a linguist), while trying
to minimize the manual work. An example of this approach is the Grammatical
Framework [3], whose proposal is to organize the multilingual grammar construc-
tion in two building blocks: an abstract syntax which contains category and
function declarations, and a concrete syntax which defines linearization rules.
Category and function declarations are shared by all languages and thus ap-
pear only once, while linearization rules are defined on a per-language basis.
Methods which generate grammars from ontologies (including ours) may also be
considered examples of the Rule Based approach.

© A. Gelbukh (Editor)
Advances in Natural Language Processing
Research in Computing Science 18, 2006, pp. 3-14



4 Pérez G., Amores G., Manchon P. and Gonzdlez D.

1.2 Generating Grammars from Ontologies

In the context of Dialogue Management, the separation of the Knowledge Man-
ager (the module in charge of the domain knowledge) and the NLU module
poses a number of advantages: the complexity of the linguistic components is
reduced [4], the existing domain knowledge may be reused [4], reference resolu-
tion processes (i.e: anaphoric resolution, underspecification, presupposition, and
quantification) are better defined [5] , and, finally, it helps the dialogue manager
in keeping dialogue coherence [4].

However. the information contained in the Knowledge Manager module over-
laps with information inside the NLU module. The key idea of this paper is that
this redundancy can be used to automatically generate grammar rules from the
relationships between the concepts described in the ontology. Thus, the fact that
the concept “lamp” is linked to the concept “blue” through a “hasColor” rela-
tionship somehow implies that sentences like “the blue lamp” should be correct
in this domain and therefore accepted by the NLU grammar.

The generation of linguistic knowledge from ontologies has been proposed
previously. Russ et al. [6] proposed a method for generating context—free gram-
mar rules from JFACC ontologies. Their approach was based on including an-
notatious all along the ontology indicating how to generate each rule. They
implemented a program that was able to parse the ontology and produce the
grammar rules.

A second precedent of linguistic generation from ontologies can be found in
[7]. where the author claimed that the concepts of an OWL ontology could be
used to generate the lexicon of the NLU module.

In this paper a new rule-based solution for generating grammars from ontolo-
gies will be described. Section 2 motivates and gives an overview of the solution
hereby proposed. Section 3 describes how the configuration files have to be built.
Section 4 shows an introduction to the algorithm used. Section 5 includes real
showcases of the tool at work. Section 6 is a summary of the conclusions and
future work.

2 Solution overview

The solution proposed here is close to that of [6] in the sense that we also parse
the ontology for the rule generation. Nonetheless, it differs in two ways:

Firstly, our approach argues that the ontology should remain as-is, without
any specific linguistic annotation. Although it is obvious that the ontology it-
self is not descriptive enough to generate the grammar rules without additional
information, we consider it preferable to place this information in a separate
configuration file which describes how the grammar rules should be generated.
This approach is also more convenient for a dialogue system (where the linguis-
tic information in the ontology would be useless and cumbersome), and more
suitable from a reusability point of view.

Secondly, OWL has been chosen instead of JFACC for two reasons:
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1. The use of OWL is widely spread and seems to be the basis for the future
semantic web. This implies that large ontologies are likely to be available in
the future. Our approach will help create dialogue applications more easily
by simply downloading specific domain ontologies.

2. OWL is based on RDF, and therefore uses Subject-Property-Object triplets.
This static structure of OWL is of great help because the algorithm can focus
on handling properties, letting the linguist define how to create rules which
apply to all the elements in their Domain (or Range). It should be pointed
out that this choice is not just a change in the ontology format: the whole
parsing algorithm is based on RDFs predefined structure.

As previously mentioned, our approach focusses on grammar rules generation:
no automatic lexicon hierarchy generation has been considered. To ensure co-
herence between the lexicon and the grammar, the list of potential non-terminal
types is extracted from the list of all the entities within the ontology. The linguist
decides which entities from this list shall remain in the final dialogue application.

It should be pointed out that this approach is meant only as a way of helping
the linguist, and therefore it does not provide a ready-to-use grammar. By using
this tool, the grammar will be easier to generate and more consistent with the
domain knowledge, but, in any case, the resulting grammar must be checked and
completed manually in a second step.

The current implementation provides grammar rules in a self-defined format
(8] , which basically consists of a left~hand symbol followed by an arrow and
a list of right-hand symbols. This notation can be easily translated to most
standards, such as BNF.

3 Configuration files

As outlined above, the linguist must define a configuration file which will be used
in conjunction with the ontology in order to generate the grammar rules. In this
configuration file, the linguist has to identify the properties that may appear in
the grammar and the way in which their domain and range will be included in
the associated rules. In order to do it, an easy XML syntax has been defined
(see DTD below).

Basically, the linguist can define the generation rules by means of nested
forEach loops handling the properties (and subproperties) of the ontology, and
using variables to identify the elements from its domain and range.

<!DOCTYPE rulesList [
<!ELEMENT rulesList (forEach+)>
<!ELEMENT forEach (forEach|rule+)>
<!ELEMENT rule (left,right)>
<IELEMENT left (#PCDATA)>
<!ELEMENT right (#PCDATA) >

<!ATTLIST forEach property CDATA #IMPLIED>
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<VATTLIST forEach subPropertyOf CDATA #IMPLIED>
<VATTLIST forEach domain CDATA #IMPLIED>
<IATTLIST forEach range CDATA #IMPLIED>

<!ATTLIST rule lang (ES|EN|FR) #REQUIRED>
1>

In order to better understand this structure as well as the objective of the
tool, a selection of showcases including those relevant in the ontology, the config-
uration file, and the resulting grammar rules are shown in the following sections.

4 Overview of the algorithm

This section describes in some detail the functions in the algorithm, which con-
sists of three major steps:

1. Parse the OWL ontology. The goal of this step is to generate an internal
representation of the relevant ontological elements. This representation will
in turn be used to make queries over the ontology.

2. Parse the configuration file. The objective here is to generate the list of all
applicable rules.

3. Generate the output rules. In this step, the script goes through the previous
list of applicable rules, substituting the reference to classes and properties
by the corresponding Input Form from the ontology.

The first two steps described have been implemented through a finite state
machine (FSM) illustrated in figure 4.

<rulesList <IIEfgt
u i </le!
@
{ <forEach <forEach
PROPERTY :I/'i?ghhtt
Al </forEach </forEach </rule
2/
</ruleslList

Fig. 1. FSM for the configuration file parser

For each state in the FSM, only one set of attributes can be parsed. These
are mentioned in the previous DTD structure:

Base :
— No attributes are expected in this state.
Property :
— propertyRef: Indicates the word which refers to the property in the rule
description.
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— subPropertyOf: Indicates a super property. All the sub properties of this
one will be handled by the algorithm.
Triplet :
— domainRef: Indicates the word which makes reference to the domain in
the rule description.
— rangeRef: Indicates the word which refers to the range in the rule de-
scription.
Rule :
— lang: Indicates for which language the rule is valid.

5 Showcases

5.1 Sample Rules

The example below illustrates a common case in which the grammar rules will
be generated. Our examples are taken from a smart-house domain in which
the ontology describes both the hierarchy of devices in the house as well as the
actions (or voice commands) which can be performed over those devices, such
as “switch on the lamp in the kitchen”. Thus, consider an ontology where a set
of properties are grouped as subproperties of a general “hasDeviceCommand”
property. These properties are shown graphically below:

Items Desgriptor Location Command
hasHNumber hasColor locatedin
{,‘gikﬁ‘;ﬂg” hasSize hasDevicaCommand hasFynction hasTelephoneCommand
hasLName
hasEMail
hasRelationShip
hasWNumber SwitchOn Undo Redial
SwitchOff Help Call
Close Find
Open CancelTransfer
List
Transfer
MakeConference

Fig. 2. Ontology Structure

In this showcase we are going to analyze the portion describing the device-
related commands, whose XML equivalent is as follows:

<!-- hasDeviceCommand Subproperties -->

<owl:0ObjectProperty rdf:ID="SwitchO0ff">
<rdfs:subProperty0f
rdf :resource="#hasDeviceCommand"/>
<rdfs:domain rdf:resource="#System"/>
<rdfs:range>
<owl:Class>
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<owl:union0Of rdf:parseType="Collection">
<owl:Class rdf:about="#Fan"/>
<owl:Class rdf:about="#Heater"/>
<owl:Class rdf:about="#Lamp"/>
<owl:Class rdf:about="#Radio"/>
<owl:Class rdf:about="#TV"/>
</owl:union0Of>
</owl:Class>
</rdfs:range>
</owl:0bjectProperty>

<owl:0ObjectProperty rdf:ID="SwitchOn">
<rdfs:subProperty0f
rdf :resource="#hasDeviceCommand"/>
<rdfs:domain rdf:resource="#System"/>
<rdfs:range>
<owl:Class>
<owl:unionOf
rdf :parseType="Collection">
<owl:Class rdf:about="#Fan"/>
<owl:Class rdf:about="#Heater"/>
<owl:Class rdf:about="#Lamp"/>
<owl:Class rdf:about="#Radio"/>
<owl:Class rdf:about="#TV"/>
</owl:unionOf>
</owl:Class>
</rdfs:range>
</owl:0ObjectProperty>

<owl:ObjectProperty rdf:ID="Close">
<rdfs:subPropertyOf
rdf :resource="#hasDeviceCommand"/>
<rdfs:domain rdf:resource="#System"/>
<rdfs:range rdf:resource="#Blind"/>
</owl:0ObjectProperty>

<owl:0ObjectProperty rdf:ID="Open">
<rdfs:subProperty0f
rdf :resource="#hasDeviceCommand" />
<rdfs:domain rdf:resource="#System"/>
<rdfs:range rdf :resource="#Blind"/>
</owl:0bjectProperty>

In this particular case. the linguist has detected that all properties are ac-
tually actions, that is, they correspond to the “commands” to be performed by
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the system over all the elements in the range, that is, all the devices within the
ontology. This can be easily expressed by the following configuration file:

<rulesList>
<forEach property="Z" subProperty0Of="hasDeviceCommand">
<forEach domain="X" range="Y">
<rule lang="ES">
<left>Command</left>
<right>Z Y</right>
</rule>
</forEach>
</forEach>
</rulesList>

Now, once the application is run indicating the appropriate configuration file,
the following results are obtained !

Command -> IForm_SwitchOff IForm_Fan
Command -> IForm_SwitchOff IForm_Heater
Command -> IForm_SwitchOff IForm_Lamp
Command -> IForm_SwitchOff IForm_DimmerLamp
Command -> IForm_SwitchOff IForm_Radio
Command -> IForm_SwitchOff IForm_TV
Command -> IForm_SwitchOn IForm_Fan
Command -> IForm_SwitchOn IForm_Heater
Command -> IForm_SwitchOn IForm_Lamp
Command -> IForm_SwitchOn IForm_DimmerLamp
Command -> IForm_SwitchOn IForm_Radio
Command -> IForm_SwitchOn IForm_TV
Command -> IForm_Close IForm_Blind
Command -> IForm_Open IForm_Blind

The grammar rules obtained are semantically driven, without purely linguis-
tic items like “Noun” or “Preposition”. This is typically the case of dialogue
systems grammars.

It should be noticed that even with this toy ontology, sixteen grammar rules
have been generated using just two nested forEach loops.

5.2 Capturing Multimodality

Now let us assume the same scenario (i.e. the same ontology) but including mul-
timodal entries; namely voice and pen inputs. Following Oviatt’s results [9], it
may be expected that mixed input modalities (voice: switch this on, pen: clicks

' The prefix “IForm” stands for “Input Form”, used to identify non-terminal symbols
in our self-defined format [8] . This prefix has no bearing on the algorithm: any other

token could be used.
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on the lamp icon) may also include alternative constituent orders, that is, dif-
ferent from the voice only input. The NLU module may therefore receive inputs
such as: “lamp switch on” (verb at the end). 2

This new set of rules can be easily accounted for by adding just one rule to
the configuration file:

<rulesList>
<forEach property="P"
subProperty0f="hasDeviceCommand">
<forEach domain="X" range="Y">
<rule>
<left>Command</left>
<right>P Y</right>
</rule>
<rule>
<left>Command</left>
<right>Y P</right>
</rule>
</forEach>
</forEach>
</rulesList>

The new output will be the same as before but including these new rules:

Command -> IForm_Fan IForm_SwitchOff
Command -> IForm_Heater IForm_SwitchOff
Command -> IForm_Lamp IForm_SwitchOff
Command -> IForm_DimmerLamp IForm_SwitchOff
Command -> IForm_Radio IForm_SwitchOff
Command -> IForm_TV IForm_SwitchOff
Command -> IForm_Fan IForm_SwitchOn
Command -> IForm_Heater IForm_SwitchOn
Command -> IForm_Lamp IForm_SwitchOn
Command -> IForm_DimmerLamp IForm_SwitchOn
Command -> IForm_Radio IForm_SwitchOn
Command -> IForm_TV IForm_SwitchOn

Command -> IForm_Blind IForm_Close

Command -> IForm_Blind IForm_Open

5.3 Capturing Multilinguality

Due to the structural differences among human languages, different rules must
be generated for different languages.

? Note that linguistically speaking this order is also possible in English in topicalized
or left-dislocated constructions such as “The lamp, switch it on”.
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For example, in order to indicate the location of a given device, “the kitchen
light” is said in English, whereas in Spanish the constituent order changes: “la
luz de la cocina” (literally, the light of the kitchen).

Once the target language has been chosen, specific language rules may be
generated.

Consider the following fragment taken from the ontology previously shown,
describing which elements can be affected by the property “locatedIn”:

<owl:0ObjectProperty rdf:ID="locatedIn">
<rdfs:domain>
<owl:Class>
<owl:unionOf
rdf :parseType="Collection">
<owl:Class rdf:about="#Lamp"/>
<owl:Class rdf:about="#Radio"/>
<owl:Class rdf:about="#Heater"/>
</owl:union0f>
</owl:Class>
</rdfs:domain>
<rdfs:range>
<owl:Class>
<owl:unionOf
rdf :parseType="Collection">
<owl:Class rdf:about="#Bedroom"/>
<owl:Class rdf:about="#Kitchen"/>
<owl:Class rdf:about="#Hall"/>
<owl:Class rdf:about="#LivingRoom"/>
</owl:unionOf>
</owl:Class>
</rdfs:range>
</owl:0bjectProperty>

The multilingual configuration file which captures the structural differences
mentioned above would be the following:

<rulesList>
<forEach property="P"
subProperty0f="Location">
<forEach domain="X" range="Y">
<rule lang="ES">
<left>X</left>
<right>X P Y</right>
</rule>
<rule lang="EN">
<left>X</left>
<right>Y X</right>
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</rule>
</forEach>
</forEach>
</rulesList>

Now, if only English grammar rules are to be generated, the application must
be run with the option *-lang=EN", which obtains the following results:

IForm_Lamp -> IForm_Bedroom IForm_Lamp
IForm_Lamp -> IForm_Kitchen IForm_Lamp
IForm_Lamp -> IForm_Hall IForm_Lamp
IForm_Lamp -> IForm_LivingRoom IForm_Lamp
IForm_Radio -> IForm_Bedroom IForm_Radio
IForm_Radio -> IForm_Kitchen IForm_Radio
IForm_Radio -> IForm_Hall IForm_Radio
IForm_Radio -> IForm_LivingRoom IForm_Radio
IForm_Heater -> IForm_Bedroom IForm_Heater
IForm_Heater -> IForm_Kitchen IForm_Heater
IForm_Heater -> IForm_Hall IForm_Heater
IForm_Heater -> IForm_LivingRoom IForm_Heater

6 Conclusions and future work

In this paper a novel rule-based approach to automatic grammar generation has
been described. The solution proposed is based on OWL ontologies and pro-
vides linguists with an easy way to take advantage of the information contained
within ontologies. This information extraction process will also be easier for the
linguist if the ontology has been designed keeping in mind that grammars will
be generated from it.

The solution proposed has achieved the expected goals: the linguist can gen-
erate a good number of rules from a simple configuration file and, by having
the rules directly generated from the ontologies, domain knowledge and lin-
guistic knowledge coherence and completeness is ensured. In addition, a rapid
prototyping of new grammars for the speech recognizer and the NLU module is
obtained by the same mechanism.

Future research areas include the generation of unification-based grammar
rules and dialogue rules, and an evaluation of the usefulness of the tool with
larger OWL ontologies.
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Abstract. This paper describes a clustering algorithm for Korean translation
words automatically extracted from Korean newspapers. Since above 80% of
English words appear with abbreviated forms in Korean newspapers, it is nec-
essary to make the clusters of their Korean translation words to casily construct
bi-lingual knowledge bases such as dictionaries and translation patterns. As a
seed o acquire each translation cluster, we repeat to choose an adequate trans-
lation word from a remaining translation set using an extended bi-gram-based
binary vector matching until the set becomes empty. We also deal with several
phenomena such as transliterations and acronyms during the clustering. Ex-
perimental results showed that our algorithm is superior to Dice coefficient and
Jaccard cocfTicient in both determining adequate translation words and cluster-
ing translations.

1 Introduction

As information technology develops in recent years, many terminologies are rapidly
created and discarded. Newspapers are excellent resources to acquire new-coined
terms and to inspect their life cycle [4]). About 90% of terms in Korean newspapers, in
particular, are originated from foreign languages such as English and Chinese' [1].
Some of them are accompanied by original words in English for readers to easily
grasp the meaning, for example, “All 2| 5% 7]+ (WTO).” However, many English
words (about 82% in our test set) appear with abbreviated forms, and translations
differ like “o} Ao} el 3 F 7 2 7} & 7] 7 » o} Al o} e 5 ok % 2l ) 2 4], o} &) 4 A
g1 Al and “obel % 2l ¢l 2 8] 2]” for “APEC; Asia-Pacific Economic Coopera-
tion.” Such English abbreviated forms tend to cause word sense ambiguities, for ex-
ample, “Internet Service Provider,” “Information Strategic Planning,” and “Image
Signal Processor” for “ISP.” Newspapers also usually use parentheses to represent a
pair of translation pairs, but they are not limited to the pairs. Many extraction errors
are caused by the free uses of parentheses such as “22<2% S3C2410 (CPU)"? and

' E.g."o}#" isa Korcan transliterated word for English “APEC,” and *7 #l" is for Chinese “F: ift.”
2 gl 3024107 =25l (Model No )™ + S$3C2410."
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«73 7 &+ 5} (IMF).™ Korean transliteration is another consideration for the design of a
translation clustering model since it does not contain any translation meaning but
imply pronunciation rules. These phenomena should be resolved to make translation
clusters and to determine adequate translation words, which are crucial for the build-

ing of translation knowledge bases. )
However, previous studies failed to notice the need for the clustering [4, S]. They

focused only on automatic transliteration and unabbreviated word translation. We
think they might not collect and analyze the real status of a huge newspaper corpus. In
this paper, we will introduce the subsequent methods to manage translations in a real
newspaper corpus with the amount of about 30 million Korean words: transliteration
clustering, translation clustering including acronyms, and adequate translation deter-

mination.
Automatic transliteration can be implemented by direct and pivot-based translation

systems [6]. Previous studies tried to generate several possible candidate words based
on pronunciation derived by dictionaries and statistical approaches such as Markov
window and decision tree [4, 5, 6]. However, they considered only English unabbrevi-
ated words that generate many possible transliteration candidates. It is the reason why
they introduced statistical methods to rank the candidates. Comparison of an English
word with a Korean word is much easier than generating the best transliteration candi-
date for the given English word. In addition, the ratio of English abbreviated words in
Korean newspaper corpus is above 80%, which indicates that complex pronunciations
(e.g. “er” and “e0”) appear less than unabbreviated words.

Example-based translation systems like [2] usually use linguistic information and
statistical information. The number of element words in each language becomes a
basic feature to acquire linguistic information. However, the number of element words
in abbreviated forms cannot be directly calculated. Statistical information for corre-
sponding probability is also meaningless because we extract bilingual words from
translation patterns not bilingual corpus.

Important issues in our research scope are to make translation clusters and to de-
termine an adequate translation word for each cluster from monolingual corpus. These
are the points that our research scope differs from the alignment and the extraction of
translation patterns from bilingual corpus [7, 8]. Unfortunately, there is no study of the
issues for Korean newspaper corpus. Nobody tried to extract a set of Korean transla-

tions for an English word in a real newspaper. Ignoring English abbreviated forms that
frequently appear in the corpus would be another reason to skip the issues.

We found that clustering method using similarity between surface forms is more
efficient than using dictionaries and partial translation word matching since translation
words appear with various forms and parentheses are widely used to clarify the mean-
ing of the words. For example, Korean translations for “EC” are, at least, morphologi'

cally classified into three groups: “Electronic Commerce,” “European Commission,”
and “Electrolytic Condensers.” The whole process including an extended bi-gram-
based binary vector matching to measure semantic distance between two translation
words and to determine an adequate one for a cluster will be introduced in Section 2

and 3.

5 w70 A ¢ 7 =7 A (Economic)” + *& It (Cold wave).” “= A 5§ 7] 7" is a right translation of “IMF.”
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2 System Overview

To generate translation clusters for an English word, we introduce four functions:
FindTransliterationCluster (see Section 3.1), DetermineAdequateTranslation (see
Section 3.2), FindTranslationCluster (see Section 3.3), and FindAcronymCluster (see
Section 3.4). An adequate translation word is automatically obtained before generating
a cluster for it.

TranslationClustering (T) {
C, = FindTransliterationCluster (T);
T=T-C,.
i=2;
Repeat while T is not NULL {
C,.adequate_translation = DetermineAdequateTranslation (T);

C; = FindTranslationCluster (C;.adequate_translation, T);

T=T-C;
C;=C; + FindAcronymCluster (C;.adequate_translation, T);
T=T-C,
Increase i,
)
Return C;

}

Fig. 1. Translation clustering process including transliterations and acronyms (Both T
and C; are the sets of translations, and C;.adequate_transiation is a translation word.)

T is the Korean translation set of an English word. It includes one or more translation
clusters that will be found as the above process goes ahead. A translation cluster
consists of Korean translation words with the same meaning. TranslationClustering
finds these clusters C;, C,, and so on (see Section 3). FindTransliterationCluster
generates a translation cluster whose components are transliterations, for example,
“A]| A€ %" and “Z 2 &4 Since they have no meaning in Korean, we separate
them as a distinct cluster (C;) from translation set T (see Section 3.3). The loop to find
translation clusters continues until the translation set T becomes NULL. Whenever
iteration ends, we find a translation cluster including an adequate translation word in it.
DetermineAdequateTranslation gives us the adequate translation word, that is, the
word with the most shared bi-grams in translation set T (see Section 3.2).
FindTranslationCluster generates a translation cluster in the manner of matching the
adequate (C;.adequate_translation) with the translation words in set T. In the case that
a Korean word shares one or more bi-grams with the adequate, we consider the two
translations are in the same translation cluster. FindAcronymCluster discovers
acronyms for the adequate (Ci.adequate_translation). Finally, we acquire a set of
translation clusters (C = {C,, C;...}).

4 wA] A8 A" = A A (System)” + *& (On)” + 3] (Chip)”
“ERF=FRE (Platform)”
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Table 1. An example to acquire translation clusters for English word “KAIST; Korea Ad-
vanced Institute of Science and Technology™ (Underlined are newly added terms.)

Initial State
T (A7 24, @z a7 E71E 9. A71eF 871 &9,
shol 2E, 2719, i F 5, MARAD)

After FindTransliterationCluster

G, | {Fhel=E)

I* Iteration

After DetermineAdequateTranslation

C,.adequate_translation | g3 3}3}7] & ¢

After FindTranslationCluster

G (A=aet7| £, x ezl Er1E Y, Azl A oh7]E )

After FindAcronymCluster

C, e P ey P PR P =R e N
Iz

2" Iteration

After DetermineAdequateTranslation
C,.adequate_translation | U= 3§}
After FindTranslationCluster

G, (g
3" Iteration

After DetermineAdequateTranslation
Cg.adequate_translation | A1 A}-ukA}
After FindTranslationCluster

o (AL
Translation Clusters
C {C, C; C; Cy}

3 Translation-Clustering
3.1 Finding a Transliteration Cluster

In Korean, there are two ways to make translation words; one is transliteration (e.g.
“olu] 2] A] 718 I 52 M| /J#”) and the other is liberal translation using Chinese charac-
ters (e.g. % 41 2% 2]°). Transliterations should not be assigned into other trans-

5 The translation set T includes an extraction error “A71&F3}3t7)14 90" and a typing error
“ghE el 7] E 7] A0 L E T and “A ARV are a little irrelevant terms with “KAIST.”

6 gz npak7) 49l (WTPML B, It is the best translation in Korean.
7 317190 (F145E¢). s an acronym of *2F8F7] %91
8 “Image Signal Processing”™ «» 0]t 2] A] 71 X 2 4| A" = o] u] 7] (Image)™ + 4] 218 (Signal)” +

<3 2 M4 (Processing)”
9 “Image Signal Processing” <> "3 3AV @A 2]" = “o 2 (%] (Image)” + “AVE[{4%] (Signal)” +
“ 2 2] (142 41] (Processing)”
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lation clusters since they have no meaning in Korean. Thus, we generate a separate
translation cluster for these by applying FindTransliterationCluster.

[E]
’_‘;\ [~+1]  [=+-=]

= ==

1] (5]

Sliding

Fig. 2. An example to compare an English word “ISP™ with a Korean transliteration candidate
R EEREEEEN PR

Unlike [4] and [5] which tried to automatically generate the best transliteration for an
English word, it is easier to determine a translation word whether it is a transliteration
or not. We make a set of simple mapping rules that each contains a possible Korean
alphabet'® list corresponding to an English character, for example, {‘H,’ *52"} for ‘p.’
We convert each character of an English word into a sequence of Korean alphabet
lists. Figure 2 shows an example of this mapping. It is very similar to the acronym-
finding process of Section 3.3.

3.2 Choosing an Adequate Translation Word

Let the adequate translation word of a translation cluster C; be Cj.adequate_translation
whose adequate-value (AV) is the maximum in translation set T. AV is for a transla-
tion word & in set T, and is defined by the subsequent equation (1). The number of
translation words in set T is n. AV, increases as k shares bi-grams with the other
words more and more. We prefer a shorter word to a longer word when tie occurs.

n

XX,
AVi=L————— wherek#j (1
K BA J )
Let us show an example to determine an adequate one for a translation set
raEaetr) s, w1 £714 9, A7l dF a1 4 2] Q7).
«gl39}8} 7] 490" shares 6 bi-grams with &= 7}8t7]E7]5 21, " and 6 with
«ol 7] k= 3} 8t 7] 4 21,7 12 Since its bi-gram length is 6, AV becomes 2. The ade-

19 A Korean alphabet is a phonetic unit that can be a consonant or a vowel.
A w wA o] »

' The shared bi-grams are “ &+, = 2" «2}pak» «6t7] " “7]&," and “& Y.
12 The shared bi-grams are the same as the above.
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quate-value of “&H=#}3}7] 4 21" is the maximum among the others, thus it is chosen
as the adequate translation word from the example set. A translation cluster then is
generated from the set by matching with the adequate word as follows.

3.3 Finding a Translation Cluster for an Adequate Translation Word

After obtaining an adequate translation word from current Korean translation set, we
find a translation cluster for it. Let an adequate be Xc, and Korean translation set be T.
A translation word X; with the value of greater than 0 is assigned into cluster C,.

| X M X, | where X; is an element of set T (2)

In the above example, “3+=2}8+7] % 7] % 21" and “A 71 &= 251 7] & 91 become
members of C, since they share bi-grams with “@=2}3t7]1& 91" which is
C,.adequate_translation.

A 4

Sliding

Fig. 3. An example to find an acronym (“2}7] 91") using a Korean unabbre-
viated word (@3 2}4}7] % 917) which is an adequate translation word.

3.4 Finding an Acronym Cluster

Some Korean unabbreviated words, in particular, organization names, written in Chi-
nese characters'’ have acronyms such as “¥h=2}%}7] & 91 (33 PEL L Fgpe) —
719 (FHEBZ)” and “A B EAIE (4 SGEGED) — A S5 (AR As a Ko-
rean unabbreviated word and its acronym have the same character sequences, we can
easily match the two words in the manner of left-to-right scanning. Matched acronyms
then are assigned into the previously acquired translation cluster (see C, in Table 1).

4  Experimental Results

From Korean IT newspaper corpus,'* we extracted Korean-English pairs combined
with parentheses such as “3 0| 2574 § % (NAFTA)” and “L} ZE} (NAFTA).”

'3 Most of the Korean words are originated from Chinese.
' Electronic Times (http //www.etnews.co.kr/)
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Total 1,806 Korean translation sets were acquired after re-arranging on English words,
and 200'* of them were used to measure the subsequent performance.
We choose Dice coefficient as a criterion to compare with our method, and modify
it like
2[R |
AVR = Z'——'—
[ X[+ X, |

=1
where k # j (see Section 3.2 to refer the notations). Jaccard coefficient
LI X X
A S R
X VX

where k # j, is another criterion. As these two algorithms are bi-gram approaches to
easily calculate the similarity between strings, they were chosen. Korean word X,
would be selected when it has the highest AV value. According to our clustering algo-
rithms, different adequate translation words have different clusters.

To measure the performance, we manually attached cluster tags to the above-
mentioned 200 translation sets. A translation set consists of one or more semantically
separate clusters without consideration of surface forms. The subsequent shows an
example of the tagging results for our answer set (C1, C2, and C3 are cluster tags, and
A is answer adequate translation word.). Adequate words can be multiple in a cluster.

[ATM] Sl 525 A &5 71/ICUA {3 A EF7I/IClA

ZUPAF2EAEF71/C1 2AF3H7]71/C1

H1 5 7] A S 2 E/CUA U571 A $HA/CUA Z)-u]§7) M $ R E/C2
2&Y B FAY/CIA 2043 712C3

Z2n%5137)/C3 2D E&F 7 B EA/C3e

B b

Table 2 shows the comparison between our methods and the Dice/Jaccard Coeffi-
cients. Precision for choosing adequate translation word is the ratio of the number of
correct words to the number of chosen adequate words. The system automatically
checks whether adequate words and clusters are correct or not by comparing with the
answer set. In the case that one or more translation words in an acquired cluster have
different cluster tags with the other words in the cluster, we consider the cluster is
wrong. Recall for clustering translations is the ratio of the number of correct clusters
to the number of answer clusters. A cluster is recognized as correct one if and only if
all the translation words of it are exactly matched with those of a cluster in the answer

set.

!5 We selected translation sets with more than five translation words. The number of total words is 2,253
and the average number of translation words for a translation set is 11.265.

16 The words with C3 are not translation words of “ATM." However, we always attached answer tags
because our research topic does not concern about the determination of whether a word really is transla-

tion word or not.
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Table 2. Comparison among our method, Dice coefficient, and Jaccard coefficient'?

Our Method Dice Coefficient Jaccard Coefficient
T.‘hc Number of Transla- 617 623 623
tion Clusters
A\cragc Size of Transla- 3.651 3.617 3617
tion Clusters
Recall for Choosing
Adequate Translation 82.496% (575/697) | 75.036% (523/697)  75.036% (523/697)
Word
Precision for Choosing
Adequate Translation 93.193% (575/617) | 83.949% (523/623)  83.949% (523/623)
Word
F-measure for Choosing
Adequate Translation 87.519% 79.243% 79.243%
Word
S Clusedng 64.275% (448/697) | 61.549% (429/697)  61.549% (429/697)
Translations'
Precision for Clustering | 55 (4907 (448/617) | 68.104% (429/623)  68.104% (429/623)
Translations
Empeaquee for Clustering 68.188% 64.661% 64.661%
Translations

The reason why our method shows higher performance than the other two is that we
discriminatively apply length information to eliminate superfluous words attached
adequate translation word due to automatic extraction from corpus, for example,
«2 AE| T A2 EAI AT Y (ETRI)” and “H ] EF %A 2] F ] (CPU)™™. These
redundancies can be easily eliminated since they appear rarely.

We found three factors that decrease the performance: word sense ambiguities of
English abbreviated words, synonyms without sharing bi-gram, and fake translation
pairs with parentheses. (1) “WTO” has two meanings: “World Trade Organization”
and “World Tourism Organization.” Their representative translation words are
A AF-A 717" and “M Al ¥ 7] F.” They share “A| A" and “7] 7, thus the two
translations are recognized as the same members of a cluster by our algorithms. Some
English abbreviated words including widely used components such as “system” and
“technology” tend to have many word sense ambiguities. Using stop words for them
would be helpful to reduce the ambiguities. (2) “IPO” as “Initial Public Offering” has
several translation words with the same meaning such as “7]%]&7I” and

w321 g5 even though they do not share any bi-gram. Introducing morphological
analysis dnd synonym set (e.g. “3 7ll=3 5" and “P]=1] ") would be helpful to

71t 1s interesting that the two coefTicients show the same performance even though adequate values are
different
"% Each translation set has one or more translation clusters, and even garbage clusters including extraction

errors. because of translation ambiguity. This is the reason why the number of correct translation clus-
ters is 697 not 200

19 -2 91 €] 5 for “Royalty” and “ 43 ] & is for “Celeron.”
20-u] (£)" 15 a Korean abbreviated form of “©21= ( J:}d).” Both words are represented for “"USA."
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enhance the clustering performance. (3) As previously mentioned, newspapers widely
use parentheses to expatiate translation words. The pairs can accidentally share bi-
grams with other translation pairs, for example, “4t43 %2} (ETRI)" and
“gh= 1 2HE A1 A2 (ETRI).” It will be a way to reduce wrongly extracted trans-
lation pairs by referring English unabbreviated words corresponding to English abbre-
viated forms.

5 Conclusions

We introduced a practical translation-clustering algorithm for translation pairs auto-
matically extracted from newspaper corpus by using an extended bi-gram-based bi-
nary vector matching. To increase clustering coverage, our research scope included
transliterations and acronyms. It has an important meaning in that previous studies
could not consider a great portion of abbreviated forms appeared in a real newspaper
corpus. Knowledge builders can easily confirm the clustering results because the sys-
tem shows both adequate translation words and translation clusters. We now consider
introducing cluster verification by Web search and histogram-based adequate transla-
tion determination as future works.
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Abstract. By (morphologically) similar wordforms we understand wordforms
(strings) that have the same base meaning (roughly, the same root), such as
sadly and sadden. The task of deciding whether two given strings are similar (in
this sense) has numerous applications in text processing, e.g., in information re-
trieval, for which usually stemming is employed as an intermediate step. Maka-
gonov has suggested a weakly supervised approach for testing word similarity,
based on empirical formulae comparing the number of equal and different let-
ters in the two strings. This method gives good results on English, Russian. and
a number of Romance languages. However, his approach does not deal well
with slight morphological alterations in the stem, such as Spanish pensar vs.
pienso. We propose a simple modification of the method using n-grams instead
of letters. We also consider four algorithms for compiling a word frequency list
relying on these formulae. Examples from Spanish and English are presented.

1 Introduction

Given a large text or text corpus and a pair of wordforms (strings), we consider the
task of guessing whether these two words have the same root and thus the same base
meaning. We call this (morphological) word similarity: two words are similar if they
have the same root. This relation permits grouping together the words having the
same rool, e.g., sad, sadly, sadness, sadden, saddened, clc. This task has numerous
applications, such as constructing word frequency lists. Our motivation is to improve
information retrieval and similar practical applications. Consequently, our goal is to
provide a reasonably accurate statistical-based algorithm (lolerating certain error rate)
and not a precise linguistic analysis.

For grouping together the words with the same root, two morphology-based meth-
ods are usually used: lemmatization and stemming. Lemmatization reduces words (o
the base form: having — have; stemming truncates words (o their stems: having —>
hav- (often lemmatization task is also referred to as stemming).

Stemming or lemmatization can be used for testing the (morphological) similarity
between two words: both words are first reduced to lemmas or stems; il the resulting
strings are equal then the two given words are declared similar. This gives a symmel-

© A. Gelbukh (Editor)
Advances in Natural Language Processing
Research in Computing Science 18, 2006, pp. 27-36
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ric. reflexive. and transitive relation that can be perfectly used for grouping together
words with the same base meaning.

The stemming or lemmatizing algorithms using morphological rules and a large
morphological dictionary provide practically 100% accuracy on known words and
good accuracy on the words absent in the dictionary [4, 5]). The algorithms relying
only on lists of suffixes and suffix removal rules, but no dictionaries, in spitc of being
much simpler. provide relatively high accuracy, often greater than 90%. The most
popular algorithm is Porter stemmer [9] (actually, a lemmatizer). Both methods are
strongly language-dependent. This becomes a problem in large-scale analysis of mul-
tilingual. multi-thematic document collections.

Makagonov ef al. [7] suggested another approach to testing word similarity. It does
not rely on a (language-dependent) intermediate step of reducing the two given words
{o a stem or lemma. Instead, it uses empirical formulae to compare the given strings
directly. These formulac usc the number of the coincident initial letters and non-
coincident final letters in the two words. Such formulae are constructed by
Ivakhnenko’s [6] inductive method of model self-organization. In our paper [1] we
have given more details on this method, investigated the sensibility of the formulae to
different languages, and analyzed the typical errors of the method. The main advan-
tage of this knowledge-poor approach is its simplicity and flexibility. It does not rely
on any manually compiled morphological rules, dictionaries, suffix lists, or rule sys-
tems. To adapt the method to a new language or a new subject domain, only the pa-
rameters of the formula are to be automatically adjusted.

However. this method is sensitive to small differences in initial parts of similar
words: an additional Ictter in one of these words may prevent the method [rom detect-
ing their similarity. This affects mostly Romance languages with their irregular verbs:
e.g.. Spanish: pienso *(I) think’ — pensaba ‘thought’, entiendo *(I) understand’ —
entender *(10) understand’. Obviously, this increases the rate of false negatives (fail-
ing to give a positive answer on a pair of words that are in fact similar). To avoid this.
we propose here (o use n-grams (3-grams) instead of letters in the original formula. N-
grams have been already used for comparing words [10]. However, the work [10]
concerns only evaluation of word importance but not their similarity. Nevertheless, it

stimulated the research presented in this paper.

Another drawback of the approach from [7] is that the obtained relation is not tran-
sitive: il the formula reports the words a and b (o be similar, as well as b and c, it docs
not necessarily report a and ¢ to be similar. Strictly speaking, this prevents from using
such a relation to group words together. However, [7] suggested a heuristic algorithm
relying on these formulae for constructing word frequency lists (actually, for grouping
words: the algorithm gives different results than a simple transitive closure).

We found, though, that this algorithm gives higher level of false negatives in com-
parison with the formulac themselves. We propose other algorithms, taking into ac-
count mentioned non-transitivity of our heuristic relation.

The paper is organized as follows. In Section 2, we explain the original algorithm
and its empirical formulae. In Section 3, we present our modifications to the formula.
We formally define the notion of #-gram as used by our algorithm and operations on
such 72-grams and then present the new formula and its training process. In Section 4.
we introduce four algorithms for constructing word frequency lists and present €x-
perimental results. Section 5 concludes the paper and mentions some future work.
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2 Testing Word Similarity Using Letters

2.1 Empirical Formulae

The empirical formulae from [7] test a hypothesis about word similarity. The pro-
posed approach is applied only for suffixal inflective languages, i.e., the languages
where the word base (morphologically invariant part) is located at the beginning of
the word—which is generally true for the majority of European languages.

The formula relies on the following characteristics of the pair of words:

y: the length of the common initial substring (y standing for yes),
n: the total number of final letters differing in the (two words (n for no),
s the total number of letters in the two words (s for sum),

so that 2y + n = 5. For example, for the words sadly and sadness, the maximal com-
mon initial substring is sad-, thus the differing final parts are -y and -ness, so that n =
6.y=3.and s = 12.

The authors of [7] considered the following class of models for making decisions
about word similarity: two words are simular 1f and only 1f

2 < F). F(y)=a+by+ b_,yz + .+ I)L._yk. (@)
)
where F(y) is the model function; a and b, are constants (parameters of the formula).
Such a function is general enough because any continuous function can be repre-
sented as a convergent polynomial series. The parameter k represents the model com-
plexity.

To find the best model function, i.c., the model of optimum complexity, [7] used
the inductive method of model sclf-organization. This method compares step-by-step
the models of increasing complexity and stops this process when the optimum of an
external criterion of model quality is reached [6]. This method relics on a set of
cxamples, which are used (o calculate the model parameters and evaluate the model
quality; thus, the method is weakly supervised since the requited set of examples is
very small. These examples are prepared by the user of the program for a specific
language or genere.

With this method. the formulac for testing word similarity shown in Table 1 were
construcled for different languages [1].

Table 1. Formulae for different languages

French Italian Portuguese Spanish
n/s <0.48-0.024 y n/s <0.57-0.035y n/s <0.53-0.029y n/s <0.55-0.029y

Basing on all examples prepared for four languages, the authors determuned the gen-
eralized formula:

n/s<053-0.029y (2)
This formula can be considered an initial approximation for further tuning on other
romance languages.
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2.2 Discussion

Since the empirical formula is based on statistical regularities of a language, it leads
to the errors of the two kinds (false positive and false negative; this can be rephrased
in terms of precision and recall—see Sections 3.4 and 4.2). Varying the threshold
function F between —1 and +1 we can control the balance between precision and re-
call. Our goal is to find the function that gives their acceptable combination; for ex-
ample, the formula (2) gives rather acceptable results. Note that the formula’s pa-
rameters depend not only on the language but also on a specific genre or domain. E.g |
the formula n’s < 0.55- 0.029 y is optimal for general lexis in Spanish; however, [or the
{exts on mortgage and crediting the best parameters proved to be n/s < 0.53- 0.026 y.
Certain questions arise as to the obtained model function

£ 2a+by 3)

s
where a > 0. b < 0. This is a linear formula with two degrees of liberty where the
threshold (the right-hand part) is lower for longer words. What does it mean from
linguistics point of view?

(1) Our formula has in fact two degrees of liberty with respect to the parameters n, y,
and s, since s = n + 2y. One can also consider a model in the form n/s < F (y/s),
which has only one degree of liberty since y / s = (1 - n/s) / 2. It allows taking
into account separately the statistics of both the initial and the final part of a
given word.

(2) The linear approximation of the original formula F(y) ~ a + by indicates high
complexity of the real model we want to evaluate. Our model can reflect only the
tendency (b is the first derivative of the model function) but not the shape of the
function.

(3) All obtained formulas give lower threshold for longer words with the same rela-
tive number of non-coincident letters. This discrimination of long words reflects
the following statistical property of a language: the length of the final part of
similar words on average is similar for both long and short words. This property
was noted in [8]) and makes sense linguistically: the length of word endings (non-
root morphemes) is the same for long and short words.

3  Testing Word Similarity Using n-grams
3.1 Limitation of the Original Approach

Our approach for testing word simulanty is not applicable to words with irregular
forms. Indeed, no simple formula can detect any similarity between irregular verbs
such as buy and bought, because these words have only one common letter in the
mitial part of the string. Similar examples are there in Romance languages, e.g., Span-
1sh saber ‘know’ vs. supo ‘knew’. Obviously, this limitation leads o false negatives.
The other difficully 1s related with the rigid comparison used in the formula.
Nainely, ‘common part’ means that both words have exactly equal initial substrings
shght chauges in the common part dramatically reduce the size of the initial common
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substring recognized by the formula, so word similarity is not detected, e.g.: Spanish
pienso Vs. pensar, parezco and parecer.

In the paper, we address the latter problem. We assume that the common initial
part of both words may have small differences. In the paper, we limit these differ-
ences Lo one letter.

3.2 3-grams and Operations with them

Speaking aboul possible differences in common part of two words, we face a task of
determination of the boundary of this common part. If we deal with one-letter “de-
fects”, then this task can be solved with 3-grams.

Definition 1. N-gram of letlers is a substring of N letters. A word of n has of m = n —
N+ 1 N-grams. Example: The 3-grams for the word revolution are {rev, evo, vol, olu,
lut, uti, tio, ion}.

Definition 2. N-gram associated with i-th position of a given word w is N-gram start-
ing at /-th position. Truncated N-grams are added by attaching new “undefined” sym-
bols to the words. All undefined symbols are supposed to be different, even though
we denote them with the same letter X; i.c., X # X. A word of n-letters has exactly n
different associated N-grams. Example: The 3-grams associated with the first and last
letters of the word revolution are {rev, nXX}. Here X are the “undefined” symbols.

Definition 3. Full set of N-grams of letters for a given word w is all associated N-
grams of this word. Example: The full set of 3-grams for the word bill are {bil, ill,
X, IXX}.

We will work with 3-grams, though similar definitions can be introduced for any
N-grams. All comparisons are lexicographic. The definitions below can be rephrased
in terms of Levenshtein distance, though we find them easier to understand in the
form given here.

Definition 4. 3-grams A and B are equal with the level 1 if they are equal as strings.
Example: 3-grams pas and pas are equal, while pas and sap are not.

Definition 5. 3-grams A and B are equal with the level 2/3 il (wo letters of one of
them are found in the other one in the same order. Examples: 3-grams pas and asp as
well as ars and aps are equal with the level 2/3, while sra and aps are not.

Definition 6. 3-grams A and B are equal with the level 1/3 if a letter of one of them is
found in the other one. Examples: 3-grams sra and ars (sra and ars, sra and ars) are
equal with the level 1/3, while pas and wre are not. Note (hat in the former case, both
3-grams contain the same letters but their order does not allow for equality with levels

2/3 or 1.
3-grams with undefined symbols X are compared taking into account that all such
symbols are different: X # X. Examples:

- 3-grams k/X and Xk/ are equal with the level 2/3.
-~ 3-grams k/X and kXX are equal with the level 1/3.
- 3-grams XXX and XXX are not equal.
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Definition 7. Two strings are equal by 3-grams with the level Q if they have equal 3-
grams for all positions with the level Q. Obviously, if O = 1 then these (wo strings are
just equal as strings.

Examples: Strings assenr and reasse are equal by 3-grams with the level 1/3 and
assenr and yssien with the level 2/3.

3.3 Constructing of Empirical Formula for 3-grams

We use the model described in Section 2.1, but instead of letters, our model operates
on 3-grams. Le.. we declare two words similar if and only if
T <Fy) )
Ay
where y 15 the total number of 3-grams of the common inirial substring, n 1s the total
number of 3-grams in final substrings of the two words, s ia the total number of 3-
grams in the two words, and F is the model function, so that 2y +n =s. Since we use
here all associated 3-grams (sec Definition 3), the total number of n-grams is equal to
the total number of letters in the two words.

Common substring is defined as (he maximum common part of the two initial sub-
strings. which have the same first letter and which are equal by 3-grams with the level
no less than 2/3 (Definition 7). According to Definitions 4 and 5, this allows having
one incompatible letter in the common part.

Examples:

a) For sadly and sadness (Section 2.1), 3-grams are: sadly = {sad, adl, dly, IyX,
yXX}, sadness = {sad, adn, dne, nes, ess, ssX,sXX };n=8,s=12, y=2.

b) For Spanish comiendo and comer, 3-grams are: comiendo = {com, omi, mie, ien,
end, ndo, doX, oXX}, comer = {com, ome, mer, erX,rXX};n=17,s=13,y=3.

In this paper we will not try to find the optimum shape of the model function F by
the inductive method of model self-organization. Instead, extrapolating the results of
experiments with traditional model, we will assume that the model to be constructed
will be the linear. Thus, we will look for the optimum parameters for the formula (3).

3.4 Training Procedure for Spanish

The formula to be constructed has two unknown paramelers, a and b. To find them we
should prepare the set of examples and use the least squares method. It is well known
from (he theory of experiments that the number of examples must be at least 3 times
greater then the number of paramelers to be evaluated, which provides the relative
error of 10%. Thus for our case we will need at least 6 pairs of similar words.

The examples we used for model construction are pairs of similar words with:
(a) short and long initial common part, (b) short and long final parts, and (c) “defects”
al the beginning and at the end of words; see Table 2.

The solution of this system gives the criterion:

n/s<0.63-0.036 y (5
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Table 2. Examples for training formula.

Examples Parameters Equations
Circo Circense n=7 s=13, y=3 713 = a+3b
Creacdo Creacion n=8 s=14, y=3 8/14 = a+3b
Sentimentales Sentimentalismo n=8, s=28, y=10 8/28 = a+ 10b
Necesario Necesariamente n=9, s=23, y=7 9/23 = a+7b
Pensar Pienso n=0, s=12, y=3 6/12 = a+3b
Entender Entiendo n=06, s=106, y=5 6/16 = a+5bh

This formula should be considered only as a [irst approximation and may be later
tuned on the texts from a given domain, since our examples selected for training for-
mula only reflect some general regularities of a language.

We compared the work of traditional and modified algorithm on document collec-
tion on economic problems; see Table 3. The total number of words considered was
320 (numbers and words with less than 4 letters were excluded). The original algo-
rithm used the formula (2); the algorithm based on 3-grams used the formula (5). The
algorithm compared the pairs of words adjacent in the alphabetically ordered list, i.€.,
319 comparisons were made. By false positive (negative) rate P, (P,) we understand
the number of pairs incorrectly reported by the program as similar (not similar), di-
vided by the number of really similar pairs in the corpus. Viewing the task as retrieval
of similar pairs among all considered pairs, we can also represent the quality of the
algorithm via precision P and recall R; obviously, R=1-P,; P=R/ (R + PF).

Table 3. Comparison of both methods
Traditional algorithm Modified algorithm

False positive P, 4.9% 5.4%

False negative P, 12.9% 10.6%

Total errors ~ Pey 17.8% 16.0%

Precision P 94.7% 94.3%

Recall R 87.1% 89.4%

F-measure 90.7% 91.8%
3.5 Discussion

We did not consider the words containing less than 4 letters, since these are mostly
prepositions, conjunctives, and pronouns.

We neither considered the other n-grams, for example, 2-grams, 4-grams, etc. The
only reason was that we wanted to implement the simplest principle of voung while
detecting one-letter “defects”. 3-grams were the minimum »n-gram that allows doing
it. However, in the future it is necessary to check N-grams with other N.

The formula we used reflected the statistical regularities of a language. with the er-
ror rate given in Table 3. By using n-grams we tried to reveal similar words having a
“defect” in their common part, which led to decreased rate of false negatives. Al-
though false positives rate slightly increased, the experiments showed that the overall

error rate decreased.
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4  Constructing Word Frequency Lists

4.1  Main Algorithms

The first algorithm oriented on application of empirical formula was very simple and
consisted of the following steps [7]. Initially, the text collection is considered as a bag
of words. With every word in this sequence, a counter is associated and initially set
to 1. The algorithm proceeds as follows:

1. All words are ordered alphabetically; literally equal words are joined together, and
their counts are summed up (e.g., 3 occurrences of the string ask with counters 2,
3, and 1 are replaced by one occurrence with the counter 6).

[

The similarity for each pair of adjacent words is tested according the criterion
described above; namely, the 1-st word i1s compared with the 2-nd one, 3-rd with
the 4-th, etc. If a pair of words is similar then these two words are replaced with
one new “word”’—their common initial part, with the counter set to the sum of the
counters of the two original words. If the list has an odd number of words, then the
last word 1s compared with the immediately preceding one (or with the result of
substitution of the last word pair).

3. Step 2 1s repeated until no changes are made at Step 2.

This multi-pass algorithm worked quickly but it proved to have a defect: it often
omutted similar words 1n adjacent pairs. Therefore, we had to consider the algorithm
in more detail. Note that the word similarity relation implemented in the present paper
1s not transitive, 1.€., that two words are similar to a third one does not mean that the
first two ones are similar. Thus, our algorithms for constructing word frequency lists
tare sensitive to the order of comparison. We consider here two algorithms, which are
applied to lists of alphabetically ordered words:

1. Algorithm where joining of adjacent similar words is used;
2. Algorithm where both adjacent and not adjacent words are considered.

Both algorithms start with Step 1 of the algorithm described above.
Algorithm 1
It is one-pass algorithm consisting of the (ollowing steps:

1. Starting from the first word from the list, the algorithm scarches for a pair of
similar words, ccnsidering the words from the next one just after it.

~  Ifsuch a pair is nol found, then the algorithm stops.
~  Otherwise, these two words are substituted by a new one—their initial com-
mon part. Its counter is the sum of the counters of the two joined words.

2. The procedure is repeated with the next position.
Algorithm 2

It is a multi-pass algorithm, which checks for similarity of each word to each another
word. It consists of the following steps:
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1. Starting {rom the first word in the list, the algorithm searches for the first similar
word among all words with the same initial letter (not necessary adjacent).

— Il such a word is not found, the process is repeated from the second word.

— In case of success, the first word is substituted by the new one—their com-
mon initial part. Its counter is the sum of the counters of the (two joined
words. The second word [rom the pair is eliminated from the list. From the
position of the eliminated word, the algorithm searches for a word similar to
the new first one among the words with the same initial letter.

2. The process is repeated from the second word of the corrected list.
Any of the two algorithms can be implemented in two variants:

- Asadirect pass algorithm: the list is processed from the beginning to the end:;
— Asareverse pass algorithm: the list is processed from the end to the beginning.

These implementations give different results.

4.2 Experimental Results

For the experiments, we took Spanish texts on mortgage and crediting. This topic is
narrow enough to provide a representative set of similar words. The total number of
words considered was 560 (numbers and words with less then 4 letters were ex-
cluded); again, only alphabetically adjacent pairs were considered. For the experi-
ments, we used the formula (5). Both direct and reverse pass version of the algorithms
were tested. The results proved to be rather similar; Table 4 shows the results for of
Algorithm 1.

Table 4. Experimental results.

Direct pass Reverse pass

Recall R 92.5% 95.4%
Precision P 89.4% 95.0%
F-measure 90.9% 95.2%

4.3 Discussion

Reverse pass implementation proved gave better results for both algorithms. This is
because the length of the common part of the similar words in an alphabetically or-
dered list increases on average. With a direct pass algorithm, the formula fails to de-
tect similarity of words at the beginning and the end of a group of similar words. A
reverse pass algorithm gives strong compensatory effect for truncation of common
part of similar words, increasing the probability of their joining.

Algorithm 2 seems (o give better resulls on texts from some narrow domains,
where many similar words are scparated by others in the lexicographic order and
therefore can not be joined by Algorithm 1. However, (esting this hypothesis requires
more experiments.
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5 Conclusions and Future Work

We have suggested a modification of Makagonov’s method (7] for testing (morpho-
logical) word similarity. His approach is based on an empirical formula trained on a
small number of examples. Our proposed modification uses 3-grams instead of letters
in this formula. In the paper, we have introduced operations of comparison on n-
grams, used by the algorithm. Experiments show improvement of the suggested modi-
fication over the original algorithm. The suggested modification keeps all properties
of the original method: empirical formula does not require any morphological diction-
aries of the given language and can be tuned manually (or trained on a small number
of examples) on a given language or topic.

In the future, we plan to construct other empirical formulae taking into account sta-
tistical regularities of words extracted {rom the training corpus. We also plan (o com-
pare our results using n-grams with n other than 3.
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Abstract. We present an implementation of a part-of-speech tagger based on
hidden markov model for Tamil, a relatively free word order, morphologically
productive and agglutinative language. In HMM we assume that probability of
an item in a sequence depends on its immediate predecessor. That is the tag for
the current word depends up on the previous word and its tag. Here in the state
sequence the tags are considered as states and the transition from one state to
another state has a transition probability. The emission probability is the
probability of observing a symbol in a particular state. In achieving this, we use
viterbi algorithm. The basic tag set including the inflection is 53. Tamil being
an agglutinative language, each word has different combinations of tags.
Compound words are also used very often. So, the tagset increases to 350, as
the combinations become high. The training corpus is tagged with the
combination of basic tags and tags for inflection of the word. The evaluation
gives encouraging result.

1 Introduction

Part of speech (POS) tagging is the task of labeling each word in a sentence with its
appropriate syntactic category called part of speech. It is an essential task for all the
language processing activities. There are two factors determining the syntactic
category of a word (a) the words lexical probability (e.g. without context, bank is
more probably a noun than a verb) (b) the words contextual probability (e.g. after a
noun or a pronoun, bank is more a verb than a noun, as in “I bank with HSBC ”).
Hence it disambiguates the part of speech of a word when it occurs in different
contexts. For any POS work the tagset of the language has to be developed. It should
contain the major tags and the morpho-syntactic features called the sub tags.

In this paper we present a POS tagger developed for Tamil using HMM and Viterbi
transition. Tamil is a South Dravidian language, which is relatively free word order,
morphologically productive and agglutinative in nature. It is an old language and most
of the words are built up from roots by following certain patterns and adding suffixes.
Due to the agglutination many combination of words and suffixes occur to form a
single word whose POS is a combination of all the suffixed words or suffixes. Hence
the total number of tagset increases as the combination increases. In this work we
confine to a fixed set of tagset, which gives the most commonly needed tags for any
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computational purposes. The paper’s schema is as follows. The second section
discusses about the different techniques used for POS tagging. Third section explains
the tagset and the architecture of the system developed and the fourth section
discusses the implementation details. The results are discussed in the next section (5)
and the sixth section concludes the paper.

2  Tagging Techniques

Many techniques have been used for developing POS taggers. The different
techniques are (1) Rule-based (2) Transformation Based and (3) statistical based.
Each technique has its own merits and demerits.

The first technique to be developed was the rule-based tagger. These taggers used
context sensitive rules in getting the correct tag. Among the rule-based approaches
the one that achieved the best accuracy is 97.5%[1]. These taggers are based on a
defined set of hand written rules. Most of the existing Rule Based POS taggers are
based on two-stage architecture. The first stage assigns a list of probable tags (or the
basic tag) for a particular word. The second stage uses the list of disambiguation
rules, to reduce the list (or change a wrong tag) to a single right tag. The Brill’s tagger
initially tags a sentence by assigning each word its most likely tag, and then that is
tagged according to context information at the second stage [2]. Here all the rules are
pre-defined. The rules can be broadly classified in to two (1) Lexical Rules and (2)
Context Sensitive Rules. The lexical rules act at the word level. The context sensitive
rules act at the sentence level.

The rule-based taggers are developed for European languages. In Indian languages
a rule-based POS tagger for Tamil was developed and tested [3]. It uses a suffix
stripper to get the root word and no dictionary is used. The tagger tags the major tags
(N, V, etc) of the root word. For Example, The word patikkira:n
“reading+m-+sng+3p” can be split in to pati “Read” V + kkir Pres + a:n Sng.M.3P.
The tag for the root word pati cannot be identified without a dictionary. But from the
suffixes it takes it could be identified whether it is a noun or a verb.. Here in this
example, using the tense marker and GNP marker, the root word can be assumed as a
verb. This is done in the word level. If there is any ambiguity, the word is left
unknown. And it is resolved in the next step — context level. There are nearly 90
lexical rules and nearly 7 context sensitive rules, which are hand crafted. The
precision of the system is 92%. This system gives only the major tags and the sub tags
are overlooked while evaluation. Tagging becomes difficult when there is no
inflection in the word. When the sub tags are considered the performance is reduced.

Transformation Based Learning method is an approach in which the rule-based and

the stochastic methods are combined and used. Like the rule-based taggers, this is
based on rules, which say what tag to be assigned to what words. And like the
stochastic taggers, this is a (supervised) machine learning technique, in which the
rules are automatically derived from the (pre tagged) training data. And those rules
are applied to the test corpus. There are various algorithms, which are used for
learning purpose. The most commonly used Brill’s tagger [4, 5] (for English) is @
TBL based tagger. Brill’s algorithm has three major stages. In first stage, it Jabels
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every word with the most likely tag. In second stage, it examines all the possible
transformations and selects the one, which gives the most improved tagging. The
stage two requires that the TBL algorithm knows the correct tag for each word. That
is the TBL is a supervised learning algorithm [1]. The output of a TBL process is a
list of transformations. The transformation consists of two parts: A triggering
environment and a rewrite rule. Then the third stage - it re-tags the data according to
the rule. These three steps are repeated till some threshold condition reaches. The
accuracy of the tagger depends upon the training corpus and the set of rules. Apart
from Brill’s tagger, the fn-TBL [6] toolkit and mu-tbl [7] tool uses TBL for tagging
English sentences. These are trained for English and also for other European
languages.

The POS taggers are developed using statistical method. This is based on
probability measures. Generally this needs a tagged corpus for training. The training
corpus is a tagged corpus, which is assumed to be 100% correct. The probabilities are
calculated using unigram, bigram, trigram, and n-gram methods [8]. Unigram
Probability is the probability of a word to occur in a corpus. The Bigram model
calculates the probability of a word, given the previous word. By definition, the
bigram model approximates the probability of a word given all the previous words, by
the conditional probability of the preceding word. Here an assumption is made that
the probability of a word depends only on the previous word. This is called Markov
assumption. Bigram model is called the first order Markov model, trigram is called
the second order Markov model and an N-gram model is called the N-1" Markov
model. In developing a POS tagger, the tags are called states in the Markov model and
the the words are called the symbols. When N=2, this is generally called a Hidden
Markov Model as the information about the previous states are hidden. Viterbi
algorithm is a dynamic programming algorithm for finding the most likely sequence
of hidden states, known as the Viterbi path.

For many morphologically rich languages like Japanese and Arabic, viterbi
algorithm is used for tagging and disambiguation [9, 10]. The Arabic POS tagger
achieved an accuracy of around 90% when disambiguating ambiguous words. But
unknown words are tagged as nouns because the tagged training corpus had 67% of
nouns [10]. Also for languages like Chinese and Japanese the word segmentation
itself becomes a problem because of the nature of the language. Still Chinese part of-
speech tagging using a first-order fully connected hidden Markov model gives
promising results [11].

Regardless of whether one is using HMMSs, maximum entropy conditional
sequence models, or other techniques like decision trees, most systems work in one
direction through the sequence (normally left to right, but occasionally right to left).
Most of the well-known and most successful approaches are unidirectional [12].

2.1 Tamil Tagset

As Tamil is an agglutinative language, each word has different combinations of tags.
Here we have 17 basic tags and 31 sub tags. Compound words are very common in
this language. So the word will have the combination of basic tags and tags for
inflection. Thus we have 350 unique tagset for the training data. The nouns take the
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case markers and plural markers and verbs take perfect, imperfect, imperative, persop,
number, gender and tense markings. Other than this, pronouns have person numbe,
and gender and also the clitics which are suffixed to the root word to form adverbs,
conjunctions etc. The dates, numbers and punctuations are also tagged separately. The
tags we use are not monadic tags but structured tags such as <N+PI+ACC>. Thjg
representation is required for further syntactic analysis because different pieces of
information in the tag serve different roles in the syntactic representation. The
representation is given below:

avan  kataikku cenRu maruntukaLai va:nkina:n
He shop (DAT) go (VBP)  medicine (PL+ACC) buy (PST+3SM)

avan/PR+3SM kataikku/N+DAT cenRu/V+VBP maruntukalailN+PL+ACC
va:nkina:n/ V+PST+3SM

(He went to the shop and bought medicines.)

The main tags and the sub tags, which can occur with the main tag, are given in
Tables 1 and 2.

Table 1. Main tags.

Main Tag Representation
I Noun N
2 Verb \Y
3 Adjective ADJ
4  Adverb ADV
5  Verbal Participle VBP
6  Relative Participle AJP
7  Quantifier Q
8  Conjunction CNJ
9  Punctuation PNC
10 Indeclinable IND
11 Interrogative INT
12 Ordinal ORD
13 Pronoun PR
14 Verbal Noun VBN
15 Determiner DET
16 Symbol SYM
17 Unknown UNK

2.2 Agglutinating Nature of the Language

In this‘scction', we give a detailed description of the agglutinating nature of Tamil, and
how dlf_ﬁcult is to analyze the inflected/compound words. The grammatical propel'tieS
of Tamil comprise both morphological and syntactic categories. Generally the main

parts of speech in modern Tamil can be distinguished into three morphological word
classes as Nouns, Verbs and Uninflected words.
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Table 2. Sub tags

Represen- Represen-
subtag tation Subtag tation

2" person, Plural, 12 Clitic CLT

1 2PN
Neuter gender 13 Compound COMP

2 2"person, Singular, 14  Conditional  CND
Honorific 15 Dative DAT
2" person, Singular, 16  Emphatic EMP

3 g 2SM
Masculine 17  Future Tense  FUT
2" person, Singular, 18  Genitive GEN

4 2SN :
Neuter gender 19 Hortative HRT
3" person, Plural, 20  Imperative IMP

5 3PN :
Neuter gender 21  Inclusive INC

6 3" person, Singular, 3SF 22 Infinitive INF
Feminine 23 Instrumental INS
3" person, Singular, 24 Locative LOC

7 p 3SH = !
Honorific 25  Negative NEG

8 30 person, Singular, 3SM 26  Past Tense PST
Masculine 27  Plural PL

9 3" person, Singular, 38N 28  Post Position PSP
Neuter Gender 29  Present Tense PRE

10  Ablative ABL 30 Representative REP

11 Accusative ACC 31  Sociative SOC

Words in Tamil can be segmentized in to a sequence of parts called morphemes.
Thus Tamil morphology can be characterized as agglutinating or concatenative [13].
This can be represented as follows.

Stem (+ affix)"

Where the superscript n means one or more occurrences of suffixes. When morphs
are serialized as suffixes at the right end of a word stem, inflected or derived words
are formed. For example, an inflected noun consists of a noun stem followed by a
plural suffix and/or a case suffix:

“vltukaLil* = vitu + kal + il =house + PL + LOC =*in the houses”.
An inflected verb consists of a verb stem followed by a tense and PNG marker.
“vantAn> = va + nt + An = come+ PST + 3SM = *“he came .

Apart from the inflection of stems, there can be oblique stems occurring with case
suffixes, postpositions etc. when words are concatenating, to form a single compound
word, almost all the combinations are valid. The most common rules for
concatenation are, Noun stem + head noun, oblique stem + case suffix, Noun + Verb,
Verb + Verb, Determiner + Noun, Adverb + Verb, Derived noun, Derived verb,
{Noun, Verb, Adjective, Adverb} + Postposition, verbal participle+ verb, Adjectival
participle + Postposition, Adverb + Verb + Postposition etc. Few examples are given
below:
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Rule |: Noun stem + head noun

talaimuti = talai + muti = head hair = “hair of the head”
Rule 2: oblique stem + case suffix

cnakku = nAn (obl)v ku = 1(obl) + dat =*tome”
Rule 3: Noun + Verb

kaivaikAte = kai + vai+Ate = hand + put + (neg) = **do not put
(your) hand”
Rule 4: Verh + Verb
cAppitamutiyum - cAppita + mutiyum = eat+ can do = ‘“can eat”
Depending on the position of suffixes, when it is added to words, same suffix may
sive different meaning at different places. For example, the suffix “um” when added
to a4 noun, it is an inclusive marker. When it is added to verb, that indicates third
person singular neuter gender. Another example would be postpositions. They can
wtaned-alone. add as a suffix of a word or it can occur between two words as a glue and
make a compound word. Few examples are given below

Svntapint AnenRu” - vanta bopin +tAn 4 enRu = “only after (somebody) came”

AP PSP EMP 1 IND

AARRivahtceevt™  KARRu + vazhi + ceyti = “news by word of mouth™ =N +
PSP o N

crahhumun ™ enakku t mun - “before me” = N(DAT) + PSP

polave™ = polat ¢ “like that™ = PSP + EMP

hus, the concatenative nature of the language makes the POS tagging task more
dithicult There are number of words which have the same spelling and act as different
part of speech masentence

txample:

i acts as a quantifier (two) and as a verb (be there)
pittkkum acts as an RP and as a verb.
inoodh acts as a noun and verb.

Pamil s a relatively free word order language where the constituents in 3
sentence coukd be rearranged in all possible combinations without altering the
neamne. The following example shows this natre of Tamil.

Example:

“He hit the ball with a bat™ can be written in different ways,
a  avar pantai mattatAl atittAn
b pantar avan mattaiAl atittAn
¢ avan mattaiAl pantai atittAn
d  mattaiAl avan pantai atittAn

¢ “avan attAn pantai mattaidl
The sentence "¢ Is not a grammatical sentence in Tamil, since it is not verd
ending Handling of the tagging process for Tamil is explained in the next section.
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3 The POS Tagger

The system has two major modules, where the first module is for building the
language model and the second for finding out the viterbi tag sequence for a given
sentence. The training corpus is assumed to be 100% correct. The training corpus
consists of 25000 tagged words, which are tagged by a rule-based tagger and then
manually checked and corrected.

The training corpus is given to the training module and the initial matrices for the
viterbi algorithm are built. There are 3 matrices built by this module - initial state
probability matrix (m), transition probability matrix (A) and emission probability
matrix (B). Then a language model (A) is built using the formula,

A=(A.B,n)

The second module is the actual viterbi algorithm, which finds out the most likely tag
sequence for a given sentence. The input sentence is given to this module and the
output is the tagged sentence. How viterbi algorithm works for tagging a sentence is
explained as follows.

Probability of item in sequence depends on its immediate predecessor. That is the
tag for the current word depends up on the previous word and its tag. Here in the state
sequence the tags are considered as states and the transition from one state to another
state has a transition probability. The emission probability is the probability of
observing a symbol in a particular state. Here in the POS tagger application words are
considered as symbols and the tags are considered as states.

Training of the system using tagged Tamil corpus and using it for tagging a new
unseen sentence is explained in section 4. As Tamil is an agglutinative language, each
word may have different combinations of tags. Compound words are also used very
often. The training corpus is tagged with the basic tag and the tags for the inflection of
the word. Implementation of the modules and tagging a new corpus using the system
are explained in detail in the following sub sections.

3.1 System Implementation

The system is implemented using the concept of HMM and Viterbi transitions.
Hidden Markov Model (HMM) is a statistical method, which can be used for Natural
Language Processing Tasks like Parts of Speech tagger, Information Extraction etc.
Using HMM an attempt is made to build a Language model, such that the system (or
the computer) can be trained to work similar to humans for processing natural
languages like English, Tamil etc.

There are some basic assumptions made when HMM is modelled for natural
language texts. First assumption is that Language is a Markov Process with unknown
parameters or hidden states and we have to determine the hidden parameters with the
use of observable output parameters. In a Markov model there are no hidden
parameters all the parameters are observable.

There are 3 canonical problems to solve with HMMs:
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1)  Given the model parameters, compute the probability of a particular
output sequence. Solved by the forward algorithm.

2)  Given the model parameters, find the most likely sequence of (hidden)
states which could have generated a given output sequence. Solved by the
Viterbi algorithm.

3)  Given an output sequence, find the most likely set of state transition and
output probabilities. Solved by the Baum-Welch algorithm.

In constructing HMM for language model, we have to determine what are the
states or parameters in the model and what they correspond to and how many total
numbers of states are possible in the model. Prior to building of HMM, a state table
has to be constructed. Once the state table is prepared and annotated training text is
available we can build HMM model.

The HMM model (A) is given by

A=(A,B,m) Q)

Here A. B, and = are the probability measures used for modeling. Let us say there
are N, distinct states and states denoted as S, Sa,.....,.Sn. And M number of distinct
output symbols per state and denoted by V), V... Vy. If we denote a state at time ¢ as
q.then A is the state transition probability distribution.

a; =P [qw | q] ()
B is the observation symbol probability distribution in state j, B={b;(k)} where
b(k)=P[Viatt|qt=Sj] 1<j<N 3)
1<k<M

7 is the initial state distribution where
7 =P[q=S] I<i<N (C))

After calculating the initial state distribution, Viterbi algorithm can be
implemented for finding out the hidden sequence of states for a particular input
sentence. In this algorithm the following assumptions are made. First, both the
observed events and hidden events must be in a sequence. This sequence often
corresponds to time. Second, these two sequences need to be aligned, and an observed
event needs to correspond to exactly one hidden event. Third, computing the most
likely hidden sequence up to a certain point t must depend only on the observed event
at point t, and the most likely sequence at point t — 1. These assumptions are all
satisfied in a first-order hidden Markov model. What the algorithm does only is it tries
to give the best possible solution. The difficulty lies in setting the optimal criteria for
choosing the path. There are several possible optimal criteria’s, which can be set. In
Viterbi algorithm a single best state sequence is given as output. Here we find the
path that maximizes the observations given the HMM model.

The formal algorithm consists of 5 steps. First step initializes the first column using
the initial state vector and the first observation. Next is the recursion step, which gives
the i-th element of the t-th column, which is the probability of the most likely way ©
being in that position, given events at time t-1. The back pointer indicates where on¢
is most likely to have come from at time t-1 if currently in state i at time t. next step 1%
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termination. It indicates what the most likely state is at time T, given the preceding T-
1 states and the observations. Fifth step traces the back pointers through the lattice,
initializing from the most likely final state. Using backtracking, we find the most
likely tag sequence determined by the Viterbi algorithm. How a new sentence
assigned the most likely tag sequence is explained below.

Here we assume each tag of POS as a state. The words in the text are assumed to
be as observable symbols or tokens. If there is large enough text corpus, which
contains of all possible sentence structures of the language then using HMM we can
build a very robust language model for this task.

The initial state probability distribution (1) is constructed by finding the ratio of
the count of each states occurring in the first position of the sentence to the total
number of sentences. For example if state S1 has occurred n times as the first state of
sentence in the corpus and if there are X number of sentences in the corpus then initial
state probability for state S1 is given as (n/X). We similarly find for all states in the
model and an initial state probability distribution is built.

The transition state probability distribution is nothing but the states bigram
frequency. Or we can say it is the probability of state Si to transit to state Sj.

The observation symbol probability distribution or simply called emission
probability is the probability of an output symbol Vk to occur in given particular state
Si. That is probability for a word to have a particular tag.

Once these three (A, B, n) model parameters are found we use Viterbi transitions
to find the best path for a given sequence of output symbols (i.c., a test sentence).

The training corpus is tagged by a rule-based system [3] and manually corrected.
The tag for each word is a combination of basic tags and the tag for inflection.

Example 1:

the word payanpatukinRana - “they are useful” is tagged as “V+PRE+3PN”.
That is, this word is formed with, “payanpatu+kinRu+ana”

payanpatu “are useful” — Verb (V)

kinRu — Present tense (PRE)

ana -3" person, Plural, Neuter Gender (3PN)

The final output of the tagger is V+PRE+3PN

Example 2:

The word immaruntukal “the medicines” - is tagged as “N+COMP”
This compound word is formed with, “i+maruntu+kal.”

i (inta) “this” — Determiner (DET)

maruntu “medicine” — Noun (N)

kaL — Plural (PL)

When the combination of the basic tag increases, the tagset for viterbi increases.
This leads to sparse data problem [14]. To avoid this problem, we reduce certain
combination of tags to a single tag “COMP”.

Using the training corpus, the initial state matrix, transition and emission
probability matrices are calculated and the language model is built. There are many
paths in an HMM with S states. We try to find the path that maximizes the
observations given the HMM model [15].
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As the corpus is initially tagged using a rule-based system and corrected, it takes
care of the inflection to some level reducing the manual work, though compounding is
not dealt in detail.

4 Results and discussion

The system is tested against a data set of 5000 words. The system performs well and
gives a high precision and recall. Three different sets of test data are tagged and
evaluated. These sets are from different domains given below.

Set 1 — Recipes
Set 2 — Veterinary Diseases
Set 3 - Historical Events

Three different types of data are taken because the constituents in a sentence are
different in different domains. In recipes, multiple proper nouns occur continuously,
separated by a punctuation mark. They are written in a step-by-step manner and most
of the sentences are imperative. Whereas in veterinary diseases, there are considerable
number of foreign words, transliterated medicine names etc and the format in which
the text is written, mostly resembles textbooks. In historical domain, the paragraphs
are highly related to each other and it is written like a story. Here, we come across
many classical words from ancient Tamil. There are many compound words. Three
sets of data containing 1565, 1810 and 1616 words are taken from the above domains
for evaluation and the precision and recall is calculated. The precision for the 3 sets is
98.43% and the recall is 98.43%. The evaluation results are given in Table 1.

Table 3. Evaluation Results

Title No. Of Words Words tagged Correctly Tagged Precision _Recall

Set 1 1565 1565 1544 98.7%  98.7%
Set 2 1810 1810 1779 98.3%  98.3%
Set 3 1616 1616 1589 98.3%  98.3%

An advantage in using viterbi algorithm is the system is not influenced by small
errors. For example,

enna - “what”

Here, the actual tag for this is “INT” but in the manually tagged corpus, it W3S
wrongly tagged as “IND™ at one place. But that is not carried to the output. Even if
there is a small typological error in the tagged corpus, which changes the tag itself,
the machine tagged output is correct. Even if there is an unseen word, the system tri¢s
to find out the tag for that word depending on the context. This does not need 3"
exhaustive set of rules. As the training corpus increases, the system becomes robust-
As Tamil is an agglutinative language, each word may have different combination
of tags. Compound words are also used very often. The training corpus is tagged with
the combination of basic tags and tags for inflection of the word. So, the tagse!
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increases to 350, as the combinations become high. The basic tag set including the
inflection is 53.

[f any unseen word (which does not occur in the training corpus) occurs in the test
corpus, the emission probability of the word becomes zero. But when viterbi
algorithm is implemented, it tries to assume the tag for the unseen word depending on
the previous sequence of words. It explores all possible states for emitting the word. If
no tags are occurring after a particular tag, transition probability of that particular tag
becomes zero and there are no probable states after that. In that case, the whole
sentence is not tagged because the total probability becomes zero. When there is a
very small probability especially for special characters, the transition probability
becomes insignificant and it becomes zero, leading to the total probability to be zero.
When the insignificant output symbols such as “;”, “I”, etc. occurs in between a
sentence, the above-mentioned problem is faced.

Some of the sentences are not tagged because at some point for an unseen word, no
transition may be possible from the current state. So, no tags are assigned. Some
words are assigned wrong tags, because transition or emission probability is wrongly
calculated. This is because some forms of words do not occur in the training corpus
and the test corpus has those forms. So, there is a high probability of assigning a
wrong tag to those particular words. For example,

a. the word * eRiya” which means, “to throw” is tagged as “ADJ” by the machine.
But the actual tag for this is “ADV”.

b. the word irukkum which means “will be there” is tagged as V+FUT+3SN. But
the actual tag for this in that particular sentence is “V+AJP”.

S Conclusion

In this paper we have discussed a statistical part of speech tagger for Tamil which is
developed as a module in the Tamil- English Machine Translation system. In arriving
at the POS tagger we use HMM and Viterbi algorithm for tagging a new corpus. The
system performs well with high precision and recall. HMM emission probability for
an unknown word is calculated depending on the word order. As Tamil is a relatively
free word order language and morphologically rich, there is always a high probability
for an unseen word to occur. So the precision may vary according to the training
corpus. The system can be made more reliable and robust when trained with a bigger
corpus, which contains all types of words and its combinations equally distributed. A
high precision morphological analyzer is not needed in HMM; instead a compound
word analyzer will improve the performance considerably. Another advantage in this
system is even if there is any man made mistake in the training corpus, that is not
carried to the output. This POS tagging task for Tamil is useful and it plays a vital
role in language processing activities like information extraction, machine translation

etc. from Tamil to other languages.
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Extended Tagging in Requirements Engineering

Giinther Fliedl, Christian Kop, Heinrich C. Mayr,
Jirgen Vohringer, Georg Weber, Christian Winkler

University of Klagenfurt

Abstract. In this paper standard tagging mechanisms are discussed and partly
criticized. We propose a semantically and morphosyntactically enriched
mechanism in which many of the shortcomings of standard POS-taggers are
eliminated. Therefore rule based disambiguation steps are presented. They in-
clude mainly a specification of contextually motivated verbal subcategories. We
need this fine grained system for better preprocessing of requirements texts
which have to be highly explicit and non ambiguous. This linguistic preproces-
sor can support an interpretation tool used to extract semantic concepts and re-
lations for the requirements engineering step in software development.

1 Introduction

Classical tagging approaches use standardized (POS) tag sets. Such kind of standard-
ized tagging (e.g., Brilltagger [1], TnT [2], Q-Tag [11] Treetagger [8], [10] etc.),
however, show weakness in the following three aspects:

—  Tags like ‘“VAINF’ provide only basic categorial and morphological information;
- Ambiguity cannot be made explicit;
~  Chunking and identification of multiple tokens is not possible.

To avoid such deficiencies, we developed a system called NIBA'-Tag which al-
lows tagging of German with an extended tagset, and inheritance of morphosyntactic
and morphosemantic features. Morphosemantic tagging in our sense is labeling words
by morpho-syntactically relevant semantic classifiers (sem-tags like ‘tvag2’, ‘eV’,
‘indef, ‘poss’, etc.; see Appendix 1 for a rough comparison with the Treebank [7]
STTS [S*99]), It has proved to be an efficient method for extracting different types of
linguistically motivated information coded in text. The XML-Tagger-output t'or the
German PP (=P2) Bei Eintreffen des Auftrags in Table 1 shows how the tagging re-
sult is structured.

As can be seen in Table 1, our tagging system has the following linguistic compe-
tence:

" NIBA is a German acronym for Natural language based Requirer.nents Engineering.
The project NIBA is supported by the “Klaus Tschira Stiftung Heidelberg”.

© A. Gelbukh (Editor)
Advances in Natural Language Processing
Research in Computing Science 18, 2006, pp. 49-36
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Table 1. Categories and features generated by NIBA-TAG

Bei fon) Eintreffen (arriving) eines (of-the) Aufirags (order)
JowerCase="bei"  lowerCase="eintreffen" lowerCase="eines”  lowciCase ~"auftrags”
id "100713" il "352487" 1d-"976515" id "413424"
Catcgoiy - p0 Category — v0 Catcgory — det0 Catecgory - n0
tape-"temp” referlo="eintreffen" type="temp” relerlo="Auftrag"
referid="8264" referid-"18541"
base-form="eintreffen" hase-form="Auftrag"
ps3 sg praes_ind="trifft" num="sg" numerus="sg"
kas="gen" kasus="gen"
gen-"masc” cenus- "masce”

partikei="ein"
verbelass eV
verbelass-number- "2"
pp="eingetroffen”

1. The assignment of POS-tags enriched with morpho-syntactic features (e.g., Cate-
gory = p0/v0/n0);

2. Morpho-semantically motivated subclass tags for verbs (e.g., verbclass = eV)

3. Identification of unknown words through assignment of affix-rules (e.g., kas =
gen of Auftrags);

4. Extended lemmatizing (e.g., referTo = eintreffen).

This competence is used in the requirements engineering process. The rest of the pa-

per is structured as follows. In chapter 2 some verb classes with high frequency are

discussed. In chapter 3 we will represent the tagging rules. In chapter 4 we argue for a

multilevel interpretation process during requirements engineering.

2 Verbclasses Used by NIBA-Tag

Since a merely morphological classification of verbtags as commonly practised by
most taggers is not suitable for many tasks in the field of requirements engineering, a
subclassification of the respective tags with respect to the verb arguments is neces-
sary.

In our system German verbs are categorized with respect to the 26 verb classes.
which are divided into 12 main-verb classes [3]. In the following we list definitions
and examples of the top six most frequent tags for verb classes:

Verbclass 2 - eV: Ergative Verbs trigger non-agentive subjects (e.g., sterben — (o die).

Verbclass 3 - iV: Intransitive verbs which need only one argument (the subject) (€8
schlafen - to sleep)

Verbclass 6 — psychV: bivalent verbs with a psychologically motivated goal argy-
ment. No passivation is possible for that kind of verbs. (e.g., drgern — to annoy)

Verbelass 7 - tVag/2 verbs select two arguments: an agent role and a thema role-
These verbs allow passivation; (e.g., lesen — to read).
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Verbclass 7.2 — tVag2pp: Transitive Verbs with prepositional object. (e.g., hinein-
schneiden — cut into sth.)

Verbclass 8 — tV3: Ditransitive Verbs with an agentive subject and 2 objects (e.g.,
Der Kollege gab mir einen Rat - the colleague gave me an advice).

Verbclass 11 — tV2: Bivalent verbs with a non agentive subject and a thematic object
(e.g., Der Schwamm absorbiert die Flissigkeit — the sponge absorbs the liquid).

3 Substantial Characteristics of the Tagging System

The system can be characterized through the following features and components [4]:

— A fine grained categorization system for open and closed German word classes.
Lexicon categories are subdivided into semantically motivated subclasses, la-
belled with attributes. See Appendix 1;

— A fully functional lexical database with an integrated rule component for the op-
tional generation of full German word forms;

- Export — and import functionality providing the import of simple structured excel
sheets and export to XML, which can be converted to a tagger specific lexicon
LeXML, a Berkeley DB);

-~ An extended rule based Perl tagger, including different types of context rules.

Subsequently, much effort had to be spent in the definition of context rules facilitating
the disambiguation during the tagging process [5].
The following rule-types have been developed:

Feature filtering and generation rules;
Categorization rules;
Conversion rules;
Disambiguation and deletion rules;
Priorisation rules;
Chunk rules.
Feature filtering and generation rules Many features of lexical units are context-
dependent; e.g.,

Bei[loc] — Bei [temp]/[Verbal noun]

e.g., Bei Eintreffen des Auftrags (on arrival of the order)

[Aux0] — [pass)/[past participle of tvag2, tv3]
Categorization rules  Categorization rules are part of the lexicon component, ini-
tialized through inflectional expansion of basic word forms for the purpose of gener-
ating paradigms. NTMS based part-of-speech tags divide words into morphosyntacti-
cally and semantically motivated categories, based on how they can be combined to
build up sentences.
Conversion rules Conversion rules are typical local context rules. They operate on
lexically generated categorizations to transform them into different word classes, e.g.,
eintreffen (to arrive) v0 [eV]-> n0. In the XML-output, the original categorial grid
remains visible.

cUus LN -
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Disambiguation and deletion rules  They delete contextually not acceptable at-
tribute values. e.g.. the accusative in the context of ‘des’. Attributes which cannot be
disambiguated. are being deleted likewise.

Priorisation rules  During the tagging process attribute values are counted, whereag
those with high frequency are priorized.

Chunk-rules  Chunk rules refer to the results of the basic tagging process building
phrasal categories from lexical categories, mainly N3 (NPs) and P2 (PPs). NPs are
identified as expansions of nouns.

4 The NIBA Tag within Requirements Engineering

Niba Tag is currently used in the Requirements Engineering Project NIBA. In Soft-
ware Development, Requirements Engineering is an important phase with the objec-
tive to find out the structural, functional and dynamic aspects of the software [9]. Ex-
tracting of functional, structural and behavioural aspects is thus one of the main tasks
during this step. For the purpose of modeling requirements a modeling language
called KCPM (Klagenfurt Conceptual Predesign Model) with a small set of modeling
notions (thing type, connection types, operation types, conditions) is used to describe
aspects of software. The notions are presented in glossaries. Thing types and connec-
tion types cover the structural aspects of software development. Operation types and
conditions focus on the functional and behavioural aspect [6].

To extract these concepts out of the tagging results, two additional tools are neces-
sary. A NIBA Dynamic Interpreter and a NIBA Static Interpreter were developed.
This paper focuses on the Dynamic Interpreter since it also covers some structural as-
pects.

Before the interpreter can extract the concept it has to do some core linguistic
work. The interpreter must assign syntactic functions and semantic roles to those
word groups which are identified as syntactic phrases by NIBA-TAG. This is quite
difficult task for German sentences because of (morpho-) syntactic problems in Ger-
man (free word order etc.). The interpreter makes linguistically motivated default de-
cisions based on verb class related predicate argument structures (see Section 2). The
assignments of the syntactic functions and semantic roles are then used for the inter-
pretation process. The results are shown in the right upper and lower part of the win-
dow. The interpretation process presupposes decisions about the interpretability of the
tagged sentences. Currently a first and simple model of four levels (level 0 — level 3)
was introduced:

Level 0: No interpretation of the sentence is possible at all. This means that the sen-
tence is written in such a way that the interpreter cannot find any structur¢
within the sentence which can be used for interpretation (see level 1).

Level I: At least one of the two parts implication and/or condition is found.
Level 2:  Verbs are found, but cannot be associated with arguments.

Level 3: Candidates for verb arguments are recognized for the verb (if there is only
one in the sentence) or for at least one verb (if there are more of them in the
sentence).
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Fig. 1 Main window of the interpreter

If a sentence can be interpreted on level 3, it is possible to derive KCPM notions.
This can be controlled in the right lower corner of the window. For each verb and its
arguments in the implication section (upper right part) the end user receives a default
interpretation. If the verb is an agentive verb then it is mapped to an operation-type.
The noun which is the syntactic subject of the sentence is mapped to the acting actor.
The nouns which could be the syntactic objects are mapped to parameters. If the verb
is not an agentive verb then it is interpreted as a condition. All the arguments of the
verbs in the sentence are listed as candidates for involved thing-types. Those argu-
ments which are possible thing types are filtered out based on a default filtering
mechanism. If the sentence “a person owns a car” is taken as a condition, then both
“person” and “car” are candidates for the involved thing-type but only one of these
nouns is chosen as an involved thing-type (person). The rest of the sentence “owns a
car” is then treated as the property of that thing-type necessary to fulfill a condition.

All interpreter results are understood to be “default”, i.e., the user can always over-
rule default decisions. For example, the user can change the type of each thing-type
(parameter, calling actor, acting actor) if he thinks that the default assumption is not
appropriate.

Furthermore, the tool currently distinguishes between sentences (sentence parts)
that are useful for interpretation and sentences which are not (‘/ill-ins™). In fact, the
tool assumes that every sentence should be interpreted. However, there is a check bpx
“Activated” which is “on” by default. If the user disables this check box, then the in-
terpretation result will not be transferred into in the final schema.
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In some cases (where the sentence fits with some given implicational sentence pat-

terns e.g., if/then constructs) the tool can also derive cooperation-types. The user then
has the possibility to relate conditions and operation-types to logical operators (or,
and, xor). Where possible, the tool gives hints about which of these operators should
be chosen, otherwise, the user has to do this manually.

5 Conclusion

In this article we described some aspects of semantic tagging in NIBA. The capability
of processing complex information units on different levels is certainly the main ad-
vantage of our tagging system, which is characterized by the following features:

A fine grained categorization system for open and closed German word classes.
Lexicon categories are subdivided into semantically motivated subclasses, la-
beled with attributes;

A fully functional lexical database with an integrated rule component for the op-
tional generation of full German inflectional forms is implemented;

Integration Export — and import functionality of the database component facilitat-
ing the import of simple structured excel sheets and export to XML, which can be
converted to a tagger specific lexicon LeXML, a Berkeley DB;

The linguistic tasks done by the tools presented above are a first step during the
computer supported extraction process of concepts for software development.
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Appendix 1

STTS (Stuttgart-Tiibingen Tagset) vs. NIBA-Tagset and Feature-System (only some
example-verbtags are compared):

STTS Gloss Example NIBA tagset Attribute values

VVFIN finites Verb, [ich] lese tVag/2 Transitive [psl]. [sg].
voll [ind], [pres]

VVINF Infinitiv, voll gehen i\ Intransitive  [inf]. [statl]

VVINF Infinitiv. voll ankommen eV Ergative [inf]. [statl]

VVINF Infinitiv, voll trinken tVag/2 Transitive [inf]. [statl]

VVIZU Infinitiv mit zw,  auszuatmen iv Intransitive  [inf], [stat2]
voll

VVIZU Infinitiv mit ze,  anzukommen eV Ergative [inf], [stat2]
voll

VVIZU Infinitiv mit zu.  loszulassen tVag/2 Transitive [inf], [stat2]
voll

VVPP Partizip gegangen, gelesen [stat3]
Pertekt, voll

VAFIN finites Verb, [du] bist, [wir] AUX
aux werden )

VAIMP  Imperativ. aux  sei [ruhig!] Vcop [imp]

VAINF Infinitiv, aux werden, sein Vcop [inﬂ. [statl]

VAPP Partizip gewesen [inf]. [stat3]
Perfekt. aux

VMFIN  finites Verb, diirfen AUX [mod]. [ps1].
modal (p!] :

VMINF  Infinitiv, modal  wollen AUX [mod], [inf]

VMPP Partizip gekonnt, [er hat

Perfekt, modal

gehen] kénnen
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Abstract. We show a computationally efficient approximation (cf. [1])
of a full analogy model (2, 3], implemented in a computer program, and
tested on the CoNLL2000 chunk tagging task [4], putting clause bound-
aries around mainly np and vp phrases. Our implementation showed to be
competitive with other memory based learners. It deviates only slightly
from the theoretical model. First, it implements a version of homogene-
ity check, which does not account fully for nondeterministic homogeneity.
Second, it allows feedback of the last classification, and thirdly it allows
centering on some central feature positions. Positions containing a) those
parts-of-speech tags and b) those words that are to be given a chunk tag
are given a weight which is given by how many match patterns that are
equally or more general. A match on two centered features gives its pat-
terns an extra weight given by the number of features. The results can
be summarized as follows: a) using only lexical features performs below
baseline. b) The implementation without anything extra, performs as the
baseline for five parts-of-speech features, and centering improves the re-
sults. c) Feedback on its own does not improve results, while feedback +
centering improves results more than just centering. Feedback on its own
makes results deteriorate. The results exceed F=92, which is comparable
with some of the best reported results for Memory Based Learning on
the chunk tagging task.

1 Introduction

Analogical modeling (AM) is a (memory based) method to evaluate the ana-
logical support for a classification [2,3,5]. Chandler [6] suggested AM as an
alternative to both rule based and connectionist models of language processing
and acquisition. AM defines a natural statistic, which can be implemented by
comparisons of subsets of linguistic variables, without numerical calculations [5].
The natural statistic works as a selection mechanism, selecting those patterns in
the database which most clearly points out a class for a novel pattern.

The original AM model compares all subsets of investigated variables. This
may cause an exponential explosion in the number of comparisons, which has
made it difficult to investigate large models with many variables (> 10) combined
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with large databases. Johnsen and Johansson [1] gives an accurate approximation
of AM. which considers all analogical support from the database. The essentia]
simplification (ibid.) is that each exemplar in the database only contributes with
its most specific match to the incoming pattern to be classified. This provides a
basis for directly comparing Skousens model to other models of memory based
learning (MBL). In MBL, an example E is classified as belonging to category
C by computing the score of E by going through the whole database. Skousens
model requires the computation of the full analogical set for E, which we can
now show to be approximated with resources that are close to a linear search
through the database. The Johnsen and Johansson [1] approximation reduces
the time complexity of the full analogical algorithm, but it may also simplify the
addition of mechanisms such as feedback of the last. classification, and putting
focus on central features. The results imply that memory based learning methods
are related by their evaluations of the nearest match set, where typically MBL
only selects nearest neighbors. The AM model always considers all members of
the database.

We will demonstrate that the proposed approximation reaches a high level
of performance on a popular tagging task [4], if the algorithm is extended by
mechanisms to focus on relevant features, as well as a mechanism of feedback of
the latest classification. Without these additional mechanisim, analogical mod-
eling gives fairly low performance on this type of larger scale tasks that involve
ambiguity and selecting a best alternative.

The implementation deviates slightly from the discussed, theoretical model.
First, it implements a sloppy version of homogeneity check, which does not
account fully for nondeterministic homogeneity. Second, it allows feedback of
the last classification, and thirdly it allows centering on some central feature
positions. The positions containing a) the parts-of-speech tags and b) the words
that are to be given a chunk tag are given a high weight, and their immediate left
and right context are given a lower weight. The weights are multiplied together
for every matching feature position.

The results can be summarized as follows: a) using only lexical features per-
forms below baseline. b) The implementation without anything extra, performs
as the baseline for five parts-of-speech features, and centering improves the re-
sults. ¢) Feedback on its own does not improve results, while feedback + centering
improves results more than just centering. Feedback only makes results deterio-
rate. The results reach F=92, which is comparable with the best reported results
for Memory Based Learning on the task.

We can show a computationally efficient approximation of a full analogy
model, implemented in a computer program, and tested on the CoNLL2000
chunk tagging task. This showed to be competitive with other memory bas
learners.

An empirical confirmation of the compntational complexity showed a very
slow increase with an increased number of features, although processing times

increased with more demands on memory, an effect. which is likely due to limits
on internal memory.
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We are presently not using feature weighting, such as information gain, which
typically works on the level of individual feature values. Future research involves
working on a method for automatically finding the relevant variables, and finding
optimal weights (focus) for these variables.

2 Background on AM

We will not go into details of analogical modeling, beyond what is necessary for
comparing it with memory based learning. Johnsen & Johansson [1] showed that
the outcome in AM can be determined by summing up scores for each match
pattern, where we only have to match the input once with all the examples in
the database.

Examples in the database and each new input are expressed by a vector
of feature values, similar to standard MBL. The operation of AM depends on
matches. Each feature value may either match, between an example and the new
input, or not. This creates a match vector where matches are encoded with a 1
and non-matches with 0, for example < 0,1,0,1,1 > for five features.

We may imagine these vectors as a pointer to a box where we collect all
the corresponding outcomes in the database. After we have gone through the
database, we can look in all the non-empty boxes (which typically is of a much
lower number than the number of examples), and observe the distribution of the
outcomes. We are interested in those boxes that contain only one outcome. We
call these boxes first stage homogeneous. Boxes with more than one outcome are
less important, and may be discarded if we find homogeneous boxes pointed to
by a more specific context, i.e. a match vector with more matches. The remaining
(non-empty) boxes need to be sorted according to how many matches the index
pattern contains. A more general pattern (e.g. < 0,0,1 > is either homogeneous
for the same outcome as the more specific pattern that it dominates (e.g. <
1,0,1>,<0,1,1 >,0r < 1,1,1 >), or it is indeed heterogeneous and should be
discarded.

A score(f(z)) is summed up for the number of homogenecous elements it
dominates. Each part in the summation corresponds to looking in one of the
above mentioned "boxes” (x). Each score for each box has an associated constant
¢z, which would give us the exact value for full analogical modeling, if it was
known.

The scoring of the analogical set expressed in mathematical notation is:

Z cpscore(0(x)) (1)

reM

where M is the match set, and z is a context in the match set.

The implication of the work in [1] is that the match set M, which is simple
to calculate, contains all the results necessary for computing the overall effect,
without actually building the whole analogical structure. In order to accurately
weigh each context we need to estimate how many extensions each homogeneous
pattern has. Johnsen and Johansson [1] develops a maximum and minimum
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bound for this. and also discusses the possibilities for using Monte Carlo methods
for discovering a closer fit.

Let us start with a simple and hypothetical case where M has exactly two
members x and y with a different outcome. Any supracontextual label shared
between z and y will be heterogeneous. The number of these heterogeneous labels
are eractly the cardinality of the power set of the intersection between x and y.
To see this, consider an example

7= (c.a,t,e,g,0,1,y)
and let z and y be defined as (using supracontextual notation):

z=(c,—t,— — 0,7, )
with unique score(f(z)) = (3,0) =3 r

y=(ca,—,——,0,——) (2)
with score(f(y)) = (0,8) =8 e
Their common and therefore heterogeneous supracontextual labels are
(¢, —y—y=y—0, = —
T i @)

The total number of elements that dominate z is sixteen; the homogeneous
labels out of these sixteen are those that dominate = and no other element with
a different outcome: in this case y. The labels z shares with y are the four labels
in (3), and x has 16-4=12 homogeneous labels above it. How is that number
reached using sets?

Viewed as sets, the elements z and y are represented as:

T = {(‘1. t3, 0s, 7‘7} and y= {C],(l'z, 0(;}.

Their shared supracontexts are given by the power set of their common vari-
ables.

TNy = {L‘],[;;,()(,‘,l'7} n {(’1.0'_),()(3} = {Cl,()(;}
P(xny) = (4)
7)({("170(5}) = {0v {cl-,o(i} 3 {OG} 1{Cl}}

This set has four elements all in all, which all are equivalent to the labels
in (3). The sets in (4) represent the heterogeneous supracontextual labels more
general than either x or y and these are the only heterogeneous supracontexts
in the lattice A of supracontextual labels, given the assumptions made above.

The power sets for 2 and y have 16 and 8 elements respectively. so the total
number of homogeneous supracontextual labels more general than either z or Yy
is the value for the coeflicients ¢, and ¢, from (1) calculated as:

16—4:12} (5)

It

¢ = [P(x) = P(zNy)|
¢y = |[P(y) = Pz Ny)|

Il

8-4=4
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Plugging these numbers into the formula (1) gives the score of the analogical
set for this case:

Z cxscore(6(z)) =

reM

= 12score(8(x)) + 4score(6(y))

=12(3,0) +4(0,8) (6)
= (36,0) + (0,32)

= (36,32)

In the general case however, the set M consists of more elements, complicat-
ing the computation somewhat. Each r € M may share a number of supracon-
textual elements with other elements of M that have a different outcome. The
situation may be as depicted in the following table, where columns are labelled
by elements of M (in boldface) with their associated hypothetical outcomes (in
italics).

Table 1. Accessing disagreement in M x M

M a, B h, d/

a, Plans) Pland)
8. [Pgna) Pgnn)
h, P(hng) Pihnd)

dyPiana) Pang) Pann)

Each cell in Table 1 is associated with the power set P(z N y). This power
set is only computed if the outcome of x is not equal to the outcome of y, and
both outcomes are unique. The intersection is computed for all labels with a non-
unique outcome, even for those with identical outcomes. If two elements are non-
unique, any label that is a subset of both will match up with their respective and
disjoint data sets (see propositions 1 and 2 in [1]), thereby increasing the number
of (lisagreomen(s, and consequently turning any such label into a heterogeneous
label. Note that a and h have the same outcome in this table making their
intersective cells empty.

Each non-empty cell corresponds to the simple case above. The com'plicat.ion
Stems from the fact that different cells may have non-empty intersections, i.e.,
it is possible that

Plang)NPland) #0

Arithmetic difference of the cardinality of the cells may be way off the mark,
due to the possibility that supracontexts may be subtracted more than once.
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Something more sophisticated is needed to compute the desired coefficients ¢,
A couple of approximations are given in the following.
The approximations are gotten at by first collecting all subcontexts different
from ain a set d(a):
8(a) = {x € Mlo(a) # o(z)}
This equation represents the column labels for the row for a. The total number
of homogeneous supracontexts (=c,) more general than a is the cardinality of
the set difference
Pla) - |J Plana) @

r€6(a)

The second term in (7) corresponds to the value of the function H in [1], and
is the union of the power sets in the row for a. It represents the collection of
supracontextual labels more general than a, which also are shared with another
subcontext. thus making all of them heterogeneous. The first term, I1(a), is the
set of all supracontextual labels more general than a. Therefore, the difference
between these two sets is equal to the collection of homogeneous supracontextual
labels more general than a. However, it is not the content of these sets that
concerns us here; the goal is to find the cardinality of this difference.

The cardinality of P(a) is given the normal way as

IP(@)) = 2!

but how are the behemoth union to be computed? This raises the question of
computing the union of power sets:

U Penz) @)

T€6(a)

The exponential order of the analogical algorithm stems from the computa-
tional complexity of this set. The union is bounded both from below and above.
A lower bound is:

P(maz({anNz|z € §(a)})

and a higher bound is:

P( | anz)

r€d(a)

Both these bounds are fairly simple to calculate. In the implementation (writ-
ten in C). we have chosen a weighted average between the lower bound and the
higher bound as a good approximation. We found that values that are weighted
in favor of the higher bound gave better performance. This is not equivalent to
say that the true AM values are closer to the higher bound.
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3 Results from the Implementation

We have evaluated the performance of our implementation using the chunk iden-
tification task from CoNLL-2000 [4]. The best performance was obtained by a
Support Vector Machine [7, F=93.48]. This implementation has the disadvan-
tage that it is computationally very intensive, and it might not be applicable to
much larger data sets. Their results have later improved even more for the same
task. The standard for memory based learning on this task is an F value of 91.54
[8], a value which can be improved upon slightly, as is shown by using a system
combining several different. memory-based learners [9, F=92.5]. Johansson (10]
submitted an NGRAM model which used only 5 parts-of-speech tags , centered
around the item to be classified. That model (ibid.) used a backdown strategy
to select the largest context attested in the training data, and gave the most
frequent class of that context. It used a maximum of 4 look-ups from a table,
and is most likely the fastest submitted model. The table could be created by
sorting the database. The advantage being that it could handle very large data-
bases (as long as they could be sorted in reasonable time). The model gives a
minimum baseline for what a modest NGRAM-model could achieve (F=87.23)
on the chunking task.

3.1 Deviations from AM

The implementation deviates slightly from the discussed, theoretical model.
First, it implements a version of homogeneity check, which does not account
for non-deterministic homogeneity [2,3,5]. We tried a more extensive homo-
geneity check in an earlier version, but the results actually deteriorated. Second,
it allows feedback of the last classification, and thirdly it allows centering on
some central feature positions. The positions containing a) the parts-of-speech
tags and b) the words that are to be given a chunk tag are given a weight given
by how many more general patterns exist.

Giving Proper Weight on the Focussed Items The number of patterns
with a lower or an equal number of hits is given by:

hats hits hits ;
a) Z (71) b) n Z (”) c) Z ( 1) /n; (9)
k=0 k k=0 k k=0 k

The term hits refers to the number of matching features in the match pattern
we are considering. Formula a) in 9 refers to the case where we have found one
centered feature. Formula b) refers to when both centered features have been
found, and finally formula c) refers to when none of the centered features have
been found. In the case that none of the features have been found the effect is
spread evenly over the available variables (feature positions). If one matching
centered feature is found the effect is concentrated to one, and if both centered
features match we might have choosen the second centered feature in n — 1 ways.
We have added 1, in part to make the formulas more uniform.
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From Table 2 we can see that using only lexical features (i.e.

performs

(F=87.65), performs only slightly

speech features, and centering improves .
a small effect (87.39; 6 pos, 82.95 6 lex), while feedback + Cf%ntermg
) improves results compared to just centering. Feedback does
centering allows some of those

6 pos, 87.69; 6 lex

introduce some mistakes from the mechanism, and

to be corrected.

Table 2. Results: F-scores. # features, Feedback + Centering, Centering only, Feed-

back only, nothing extra. Results within () are results without the binomial weighting

from eqn. 9c¢

better than

5 lex and 6 lex),
below baseline (F=87.23). The implementation without anything extra
the base line for five parts-of-
that to 88.50. Feedback on its own has

# |F+C C F 0
5 lex 85.95 82.50 (80.40)
5 pos 88.50 87.65 (87.13)
6 lex|87.69 82.95 (83.17)
6 pos|89.03 87.39 (87.02)
10 91.45 89.69 (89.48)
11 [92.23 89.58 (89.41)

The model with only centering using both lexical and parts-of-speech features
approaches MBL results, and performs slightly better with feedback and center-
ing (F=92.23, see Table 3), although not as good as the SVM-implementation (7,
nor the system combining several memory based learners [9].

Table 3. Detailed results for each category. (11 F+C)

selected [precision| recall [Fp=)
ADJP | 72.91% (67.58%|70.14
ADVP | 77.87% |78.41%|78.14
CONJP | 36.84% |77.78%|50.00
INTJ 100.00% |50.00%|66.67
NP 92.15% 193.29%|92.72
PP 95.91% [97.38%96.64
PRT 71.72% (66.98%|69.27
SBAR | 87.82% |82.24%|84.94
VP 92.21% |92.74%92.48
accuracy|precision| recall | FB1
95.13% | 91.86% [92.60%)92.23
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We have also tried out an idea of providing a model for novel items by
constructing instances where low frequency words were replaced by a marker
common to unseen words in the test set. This idea resulted in the same, or
slightly worse results. This indicates that the algorithm does not get any new
information from these added constructions, i.e. the information was already
available, and it showed to be fairly hard to alter the classification by adding
items to the database.

3.3 Computational Performance and Expected Complexity

The time complexity of the abstract algorithm for the worst case was asserted
to be O(log(N)N [1]. The current implementation has a nested loop over the
match set, which in the worst case may grow to be as large as the database. This
would make the algorithm O(N?) in the worst case. We do not expect that to
happen in the average case. What was the performance on the CoNLL task?

The tests were made using a 867MHz PowerPC G4, with 1 MB L3 cache and
256 MB SDRAM memory using Mac OS X version 10.3.9.

When the number of variables changed, the number of unique patterns varied.
The time to process all test patterns were therefor divided by the number of
unique database items and reported as how many milliseconds per database
item the processing took.

The results are shown in Table 4. This shows an almost linear increase with
the number of variables, which has to do with a) that more comparisons are
made because there are more variables (and features values) to compare, and
b) that the match set M grows slightly faster when there are more variables. A
deviation from the linear marks this increase in match set growth.

Table 4. Processing time needed to solve the full task, per item in the database.

# D ms
5 lex|213532 17.44
5 pos| 92392 17.84
6 lex |213562 19.14
6 pos| 92392 19.80

10 213562 26.07

11 (213591 28.68

When the size of the database is accounted for, the main contribution to
complexity is proportional to the square of the size of the match set times the
number of variables. That time expenditure does not grow faster indicates that
the match set does not grow very fast for this task. The values in Table 4 are
approximated by the formula: time = 0.05 % f2 4+ f + 11.5, with R? > 0.98; f
= number of variables, and time is in ms per database item, for processing all
49393 instances in the test set.
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4 Future Research

The relevant features for focus can be found automatically in many cases, by
looking at how the variable in general correlates with the outcome. This may
expand the model to consider more than two focussed variables.

We are presently not using feature weighting, such as information gain, which
typically works on the level of individual feature values. This might give some
room for future improvement.

5 Conclusion

We have shown an outline of a theoretical reconstruction of Skousen’s Analogj-
cal Modeling of Language [2,3,5], this is described in more detail elsewhere [1,
11). This reconstruction led to a more efficient approximation of full analogy
modeling, and the results were implemented in a computer program, and tested
on the CoNLL — 2000 chunk tagging task. Our implementation showed to be
competitive with other memory based learners, after accounting for the speci-
ficity of the match patterns and how many patterns were more general than the
pattern under consideration.

Admittedly, non-naive implementations of a nearest neighbor model, such
as TIMBL [12], are already doing well for large data sets, which make it hard
to compete on combined accuracy and processing time. The main contribution
of this model is that it implements a memory based model without the need
to specify how many nearest neighbors (or neighbor distances) to consider. In
the spirit of AM there are no parameters to set, and no calculation of gain for
knowing some individual item. We have added the possibility to center on par-
ticular variables, to separate them from context variables. We have also provided
the possibility to use feedback of the last categorization. As there are some ap-
proximations involved, we have made it possible to alter the weights to make
it possible to optimize the results. The highest performance reached so far has
been F=92.25 (compared to the reported F=92.23 for the standard settings).

The implementation has reached its level of performance without calculating
the information gain of knowing some individual feature values. In this, the
implementation follows the philosophy of parameterless analogical modeling. It
should be interesting for linguistic models that a model based on selection can
reach fairly high performance without calculating any statistics based on the
individual items.

Acknowledgement Support by a grant from the Norwegian Research Council
under the KUNSTI programme (project BREDT) is kindly acknowledged. The
computer program will be made available for download from http://bredt.uib.no
with some example data.
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Abstract. Research in basic-level categories has provided insights that can be
beneficially used in word-sense disambiguation. Human beings favor certain
categories over others and this is reflected in their use of language. Parts and
functions categories are especially useful in providing contextual clues. The
disambiguation effort in this article concentrates on the two main senses of the
word “palm.” The results are encouraging and indicate that basic-level catego-
ries will have a role to play in computational linguistics.

1 Introduction

If a word has only one sense, a non-native speaker can confirm its meaning by a quick
look at a dictionary. Most of the words do have, however, more than one sense, and
both the native and the non-native speaker need to use the word context in order to
find its correct sense. For example, when we look at the sentence,

There was a large blister on the heel of his right palm.
it is obvious to us that the word palm refers to a body part rather than to a tree or a
handheld computer. The words blister, heel, his, and right when combined in a certain
way point us towards the correct meaning.

Most of the automated disambiguation techniques, one way or another, are con-
text-based, making use not only of the words themselves, but also of the part-of-
speech information, word order, document genre and so on. Generally, we can say
that these techniques are justified by our observations that certain words do co-occur
quite regularly with each other within certain contexts. This notion has been used
somewhat heuristically in automated word sense disambiguation, and often there is no
reference to any cognitive disambiguation mechanism that could have been involved.
Nevertheless, it is not disputed that context plays a very important part in the word
sense disambiguation by our cognitive faculties.

The question arises: what is this human disambiguation mechanism like if it exists,
and would it be possible to mimic and exploit it in automated word sense disambigua-
tion? Is it rooted in our biology, and consequently reflected in our cognitive abilities,
including our ability to categorize? The classical view of categories is often inter-
preted as meaning that things belong to the same category only if they have certain
properties in common. It might seem that car parts such as a wheel and an engine do
not share any properties, therefore should one assume that they cannot belong to the
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same category? On the closer inspection one can, however, discover, that they have y
least one common property, and that is that they are parts of a car. Sp partonomy cap,
create categories of things that apparently do not have much to do with each other. [
fact, we can divide and subdivide our universe in so many different ways that what
we know as classical categorization may prove inadequate for many tasks, m_CIUding
word sense disambiguation. Using the Family Resemblapce Theory [30], basic-leye]
categories [3] and experiments demonstrating th_ese theories [2.1 1, l.,akoff [13] Ch?llen.
ges the classical view of categorization, proposing to correct it with a move to 1_dea|-
ized cognitive models (ICMs) based, to a large extent, on p_rolotype-level categories,

Here we will demonstrate that the type of categorization, "a human view of the
world", that Rosch and Lakoff favour, may indeed be reflected in the l.anguage that
we use to describe things, and, therefore, can benefit word sense disamblguation. The
work is still at its preliminary stages, and the purpose of .thIS paper is merely to ex-
plain the theoretical basis behind it and illustrate it with a simple cxgmplc.

In what follows, we will go briefly through the concepts of basic-level categories
(Section 2), idealized cognitive models (Section 3) and ontology struclgres (Sec-
tion 4) before explaining how to use refined InfoMap [11] re§ults for creating an on-
tology that may be more suitable for word sense disambiguation (Section 5). Finally,
to exemplify our suggested approach, the two major senses of the word palm are
disambiguated (Section 6). A more extensive study is underway, the results of which
will be published shortly.

2 Basic-Level Categories

Roger Brown [3] explained his notion of a “first level” as a kind of category which
allows children to learn object categories and name them, but which, as a category,
falls somewhere between the most general and the most specific level. Later Rosch
[21, 22] designed a series of experiments in which she demonstrated that the basic-
level categories, as she started calling them, were somewhat inconsistent with the
classical theory of categories, and she explained their specific properties:

From the point of view of human cognition, the categories seem to be divided
roughly into three kinds: superordinate (furniture), basic-level (chair, table, lamp),
and subordinate ( kitchen chair, living-room chair / kitchen table, night table / floor
lamp, desk lamp). The basic-level objects have most of the attributes that are common
to all members of the category and they share the least number of attributes with
other, contrasting categories. Category membership is also influenced by family re-
semblances [30] to prototypical members. Archambault et al [1] in their brief review
of literature selected the following (most of it also investigated by Rosch or based on
her research) as the most important issues to note about basic-level categories:

—  Categories at the basic-level are verified fastest.

—  Objects are named faster at the basic than at the subordinate level.
—  Objects are preferentially named with their basic-level names.

— Basic-level names are learned before subordinate names.

—  Basic-level names tend to be shorter.
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Tversky and Hemenway [27, 26] propose that parts may play a major role in the
recognition of basic-level objects, which may have something to do with the so-called
Gestalt peception [12] related to part-whole configuration. In their proposal there is a
strong suggestion that our basic-level object perception may well be based around this
part-whole division. Parts, in turn, are related to functions, shape and interactions of
these basic-level objects. This gives rise to an interesting question: is the categoriza-
tion around parts reflected in the language we use?

3 Idealized Cognitive Models

Lakoff [13] believes that linguistics categories have the same character as other con-
ceptual categories: they show prototype effects and can be demonstrated to have ba-
sic-level categories. But he makes it clear that neither he nor Rosch advocate the view
that basic-level categories would explain any structural or procedural properties of
cognition. Rather, they both regard basic-level categories as a mere surface phenom-
ena related to cognition, and assume that below that surface there may be some other
more interesting structures and processes to be found.

Lakoff's main thesis is that our knowledge is organized by means of structures to
which he refers to as idealized cognitive models, or ICMs, and that category struc-
tures and prototype effects are their by-products. Each ICM is seen as a structured
whole, a gestalt, with four structuring principles employed:

— propositional structure (Fillmore's [7] frames)

— image-schematic structure (Langacker's [14] cognitive grammar)
- metaphoric mappings :
- metonymic mappings

These ICMs would then structure the mental space as described by Fauconnier [6].
As examples of ICMs, among others, LakofT refers to a Balinese calendar system with
three different "week" structures superimposed [9], the category defined by the Eng-

lish word bachelor [7] and other examples. )
The importance of Lakoff's ICMs to this research is in that he shows how, by ex-

tending the basic-level categories to the linguistic domain, we can end up with novel
categorical c:ructures, which may have not been considered at all in the creation of
ontologies that are widely used today. This, in turn, may be one of the reasons why
these conventional ontologies may prove inadequate for linguistics tasks such as word
sense disambiguation.

4 Example Ontology — WordNet

WordNet 2 defines itself as “a machine-readable lexical database organized by mean-
ings”. It organizes English nouns, verbs and adverbs into synonym sets representing
lexical concepts [8]. The sets are linked by relations such as hyperym, meronym,
synonym and antonym. WordNet has been critizised for not providing a useful organ-
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isational principle for information retrieval, reasoning, or knowledge management,
being based on linguistic rather than encyclopaedic coherence [2]. Concepts likely to
occur together in a domain are often found widely separated from each other in the
conceptual hierarchy [24].

However., the linguistic principles employed in WordNet's construction have made
it a useful tool for word sense disambiguation. WordNet has been used with many
different WSD techniques, the resulting disambiguation accuracies ranging from 57%
to 92% [4. 16, 19, 20]. To make it even more useful for WSD, some important cogni-
tive principles might need to be exphcut!y added. to its organization. These could be
implememed through pointers as ontological relations.

In fact, the authors of WordNet had this in mind when starting to construct it. As
an example, Miller pointed out that the word canary should be associated with at least
three types of distinguishing features: (1) attributes (small, yellow and other adjec-
tives), (2) parts (beak, wings and other nouns), and (3) functions (sing, fly. and other
verbs). The addition of the distinguishing features important to basic-level categories
was contemplated, but was not implemente.d explici!ly except for the pointers to the
parts [18]. Instead, glosses were added which c.ontam some of these features. Many
WSD implementations have used these glosses since for sense disambiguation.

In this research, feature sets incorporating these distinguishing features and also
other associations and collocations are used. Most of these are not explicitly expres-
sed in WordNet, and here we try roughly to gauge their relative importance to WSD.

5  Use of InfoMap as the First-Stage Disambiguator

To disambiguate with the help of context one needs a set of words that co-occur, more
often than would be the case by chance, with the word to be disambiguated. One way
to do this would be to collect co-occurrence statistics with whatever software were
available for the purpose, but the drawback of this method is that the statistics do not
discriminate between the senscs. A better way is to use an application that is based on
co-occurrences but which, nevertheless, can be made to discriminate, to some extent,
between the senses when a judicious selection of the search terms is performed. One
such application is InfoMap (http://infomap.stanford.edu), which is freely available
from the Stanford University site and is explained in detail in [25, 29].

The principle behind InfoMap was developed by Schiitze [23] and implemented
and modified principally by the InfoMap team at the Stanford University. The distri-
bution of word co-occurrences between a word and sets of content-bearing words
creates a profile of the words usage in a context, and thus a profile of the word mean-
ing itself. A similarity between two words can be calculated by comparing the profiles
of the words in question. It is possible to return related documents whose profiles are
close to each other even though they may not include the query words themselves.
The meaning can be narrowed down by the selection of search words and can thus be
used to disambiguate the key search term to some extent at least.

To get a set of word clusters related to the word palm in the sense of a hand (Ta-
ble 1) we can simply enter the words palm and hand together as search terms, to-
gether with any negative keywords. The web interface allows us to retrieve up to 200
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Table 1. Results of an InfoMap-query using palm and hand as keywords and_tree as a negative
keyword. 10 clusters were specified.

Prototypical Example Cluster Members

hand hand wrist elbow finger thumb forearm grasped glove holding squeezed grasping
firmly coin ear torch cigarette lever grasp isambard pencil verbal button squeeze
candle undone propped superiority mister tapped arm's

palm palm tapping held knuckles squeezing aloft wrapped knotted cradle shield caf
woven loom restraining cloth smacked clips begging salute raffle necklace delights
twists cane embroidered

fingers fingers cheek cupped clutched stroked grip touched stroking brushed gripped
lightly Kissed gently tenderly fingertips delicately hold flinched knife stretched
touch rubbing rested touching blade lifted pins dagger limp slid knelt shake caress
razor pressed gasping tip rope raised brush

shoulder  arm shoulder outstretched sleeve fist clasped clutching clamped thigh waved sword
knee patted foot hip gripping rein gesture hips trouser knob leg reins swinging
breast smoothing bend needle forward

pocket pocket put picked wallet handed bag tore crumpled briefcase pen drawer pad card-
board paw pockets parchment suitcases handbag putting lend packet

left left fork hemisphere edge side scars stile pictured
grabbed grabbed gun pistol snatched fumbled wrenched grab

lips tightly rubbed chin trembling clenched mouth handkerchief kiss boy's lips breath
gasped brow twitched

jar saucer basket teapot bottle plate crumbs biscuit jar tray

shoulders  forehead shaking bent resting waist arms jerked tugging tilting rolled curled chest
palms slapped knees wrists shoulders

words associated with the key search terms and divide them into 1-20 categories as
desired. A prototypical example is given for each category. Other search strategies
could also be used for the same end including contrasting pairs.

6 Basic-Level Categories and ICM's in WSD

The idea behind using InfoMap is to get a set of terms associated with the word to be
disambiguated and occurring together in the same context. InfoMap is based on co-
occurrence information and word vector relations and, therefore, seems suitable for
the purpose. The public web interface for the application at the Stanford University
site was included within the Java-based disambiguating application created for the
purpose. The mode of the operation was, shortly, as follows.

The parameters posted to the site were the search term palm + other keywords.,
(hand), negative keywords (tree), corpus (British National Corpus).' c.omm.and (asso-
ciate), and parameters specifying clustered results with 200 words dlyldcd in 10 cilus-
ters. The request to the site was sent separately for both of tl?e major senses of the
word to be disambiguated and the results received were combined to form a Disam-
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biguation Feature Cluster set consisting of 20 clusters, the first 10 for the first Major
sense of the word to be disambiguated (keywords: palm hand, neg. keyword: tree) the
second 10 for the second major sense (keywords: palm tree, neg. keyword: hand), The
returned information (Figure 1 showing half of the set) was then converted intq an
XML-format and indexed into a file database using Java Digester Libraries [S]. Tpe
context to be disambiguated was indexed to another data base using Digester and
Porter Stemming Algorithm. In the process of disambiguation, the context sentenceg
were iterated through and matched against the Disambiguation Feature Cluster gey.
each time a word in the context sentence matched the clusters 1-10 the first senge
increased its score, and when 11-20 were matched the second sense increased it
score. The maximum of these scores indicated the word sense. The matches were
indicated either as correct, undecidable (no matches), even, or wrong. For the query
matching, Java Lucene [10, 17] libraries were used.

First we tested our application with Mihalcea's sense tagged data for six words
with two-way ambiguities, previously used in word sense disambiguation research
and extracted from BNC [28]. We simply took her Meanings-labels as positive and
negative keywords to create the feature-sets with the help of InfoMap and then used
these feature-sets to disambiguate her examples. The results are shown in Table 2. As
expected, the results were variable, ranging from 47.3 to 82.2 % in accuracy, indicat-
ing that the selection of the keywords is significant. Changing fank's “vehicle™-
keyword to “military,” for example, increased the disambiguation accuracy to 64.7%.
Increasing the number of the keywords also had a significant effect on the result.

Table 2. Disambiguation accuracies reached using the
TWA dataset's Meanings-labels as keywords

Word  Meanings Examples Correct
bass fish/music 107 822 %
crane  bird/machine 95 68.4 %
motion movement/legal 201 49.8 %
palm hand/tree 201 72.0 %
plant living/factory 188 77.1 %
tank container/vehicle 201 473 %

However, our purpose was not to find out the maximum disambiguating power of
InfoMap , but to use it as a tool to help in our own experiments. We merely needed a
rough set of context words to modify using basic-level category information to s¢¢
how that information affected the disambiguation accuracy.

For our example, the word palm was selected, because it had an adequate number
of hand-tagged contexts (201) and the disambiguation accuracy (75.1%) achieved was
judged sufficient, but not too, high for our purpose. Moreover, we could extract.arl
adequate number of contexts (1000) with the word palm from the BNC against whic
to test this set. As both sets come from the BNC, they may partially overlap, but, as
said, the purpose of the experiment was to test the effect of the basic-level category
words on the overall disambiguation against normal context words. More extensive I
way tests will follow based on this experiment. After pruning out some minor senses:
193 contexts remained. The remaining TWA contexts were processed using the U™
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Table 3. R;sults for the two major senses (part-of-hand, tree) of the
word palm in 193 contexts when disambiguated with the unmodified
disambiguation feature cluster set (UDFC).

Wide context (paragraph) Narrow context (sentence)
correct: 139 72.0% correct: 130 67.4 %
undecidable: 0 0.0% undecidable: 0 0.0 %
equal: 24 124% equal: 22 11.4%
wrong: 30 15.5% wrong: 4] 212%

Total: 193  ~100.0 % Total: 193 ~100.0 %

Table 4. Results for the two major senses (part-of-hand, tree) of the
word palm in 193 contexts when disambiguated with the MDFC set.

Wide context (paragraph) Narrow context (sentence)
correct: 193 100.0% correct: 193 100.0 %
undecidable: 0 0.0% undecidable: 0 0.0%
equal: 0 0.0% equal: 0 0.0%
wrong: 0 0.0% wrong: 0 0.0 %

Total: 193 ~100.0 % Total: 193 ~100.0 %

modified InfoMap feature set for disambiguation. The results were as shown in Ta-
ble 3.

Even when disambiguating with the unmodified InfoMap results, the disambigua-
tion achieved is significantly better than what could be expected by chance. Our pur-
pose was to modify the feature set to see what the actual words were that played role
in disambiguation and what was their number, in order to be able to roughly catego-
rize the words participating in disambiguation. For this reason the words that had not
played any part in disambiguation, were pruned from the Disambiguation Feature
Cluster Set. Some words that were judged as missing were added, and to get a 100%
disambiguation result for the TWA contexts (Table 4) further S collocations
({"his","palm"}, {"read","palm"}, {"her","palm"}, {"my","palm"}, {"paim","tree"})
were added. The number of the words in the modified and unmodified set remained
roughly the same. We call the original, unmodified set the Unmodified Disambigua-
tion Feature Clusters (UDFC) set and the modified one the Modified Disambiguation
Feature Clusters (MDFC) set. In the MDFC the feature categories were rearranged to
create additionally a feature set for a) Parts, b) Objects Affected, and c) Functions in
order to roughly isolate the features that might be related to basic-level information.

1000 contexts containing the word palm were then extracted from the BNC out of
which 749 contained either of the major senses (part-of-hand, tree) and these were
then selected for disambiguation. First these contexts were disambiguated with the
help of the UDFC set (Table 5) and then with the help of the MDFC set (Table 6?.

As these results show, the disambiguation accuracy for the MDFC was considera-
bly higher than for the UDFC. The accuracy of UDFC increased when the number of
contexts was increased, whereas the accuracy declined for MDFC. This probably was
due to the fact that MDFC was optimized for TWA contexts whereas UDFC was not,
i.e., some of the pruned words might have proved useful in new contexts, etc.
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Table 5. Results for the two major senses (part-of-hand, tree) of the
word palm in 749 contexts when disambiguated with the UDFC set.

Wide context (paragraph) Narrow context (sentence)
73.4%

correct: 596 79.6 %  correct: 550
undecidable: 2 03 % undecidable: 0 0.0 %
equal: 71 9.5% equal: 76 10.1 %
wrong: 80 10.7%  wrong: 123 16.4 %
Total: 749 ~100.0% Total: 749 ~100.0 %

Table 6. Results for the two major senses (parttof-hand, tree) of the
word palm in 749 contexts when disambiguated with MDFC set.

Narrow context (sentence)

Wide context (paragraph)
correct: 702 93.7% correct: 692 92.4 %
undecidable: 11 1.5% undecidable: 32 43 %
equal: 13 1.7% equal: 12 1.6 %
wrong: 23 3.1 % wrong: 13 1.7 %
Total: 749 ~100.0 % Total: 749 ~100.0 %

Then a very rough estimation was made of the contribution that the feature-sets
(Parts, Functions) linked to basic-level information (hypemyms, parts, functions)
made towards the overall disambiguation. For this the 193 pruned contexts from
TWA were used. First, the parts and functions clusters from the MDFC were removed

and the remaining clusters only were used for disambiguation. As the word palm's

salience varied within the context, being sometimes in the foreground sometimes

the background, it was decided to conflate the part information between adjacent
levels: all tree parts were considered together and all body parts were considered
together. Similarly, all tree function words were considered together, and all body

function words were considered together.
The disambiguation accuracy exceeded the 50/50 (Table 7) with significant results,

but a lot of scope was left for improvement, which shows that the inclusion of parts
and functions in the clusters used in MDFC is essential for accuracy. This is shown
even clearer when we include only the parts and functions clusters and remove

others from MDFC (Table 8).

7 Discussion

Although, as the very first experiment with the unmodified set returned by InfoMap
shows, the disambiguating word set needs to be modified for more accurate function-
ing, the size of the set (200 words for each sense) seems adequate. Our preliminafy
experiments with other disambiguous words have shown that an ontology relating

words through structures including the novel categories would ideally suit for wor
sense disambiguation. We have previously successfully used WordNet for disambigy
ating words based on an artificial taxonomy (animals) [15] and expect that by avé’
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Table 7. Results for the two major senses (part-of-hand, tree) of the
word palm in 749 contexts when disambiguated with the MDFC set.
Two MDFC clusters, parts, and functions, are not used in this MDFC.

Parts and functions clusters not included

Wide context Narrow context
correct: 121 62.7% correct: 102 52.8%
undecidable: 49 25.4 % undecidable: 84 43.5%
equal: 13 6.7% equal: 1 0.5%
wrong: 10 52% wrong: 6 3.1 %
Total: 193  ~100.0 % Total: 193 ~100.0 %

Table 8. Results for the two major senses (part-of-hand, tree) of the
word palm in 749 contexts when disambiguated with the MDFC. Only
parts, and functions clusters are used in this MDFC.

With parts and functions clusters only

Wide context Narrow context
correct: 149 77.2% correct: 144 74.6 %
undecidable: 2 15.0% undecidable: 40 20.7 %
equal: 9 4.7% equal: 6 3.1%
wrong: 6 3.1% wrong: 3 1.6 %

Total: 193 ~100.0 % Total: 193  ~100.0 %

menting the relations within WordNet to include categorical relations that appear to
have some relation with basic-level categories and idealized cognitive models we
could make it more suitable for disambiguation purposes. However, there are many
questions to be solved about the basic-level categories, ICMs and their relations to
context before a more comprehensive system can be developed. For example, some-
thing perceived as basic level varies amongst individuals: for an expert eucalypt may
appear as a basic-level object, whereas for many ordinary city-dwellers it is free that
is seen as the basic-level object. The salience of the word within the context, i.e.,
whether it is in the background or in the foreground, affects the gestalt experienced
also. There may be hundreds of different types of ICMs judging by the variety of
examples given by Lakoff and others. Some of this information is already coded in
different ontologies, albeit referred to by different terms, such as thematic relations,
partonymy etc. It is likely, as Rosch and Lakoff have pointed out that basic-level
structures are a mere surface phenomena, and one needs to dig deeper to get to the
gist of what happens in the cognition when dealing with categories, in order to allow
us to build structures that can be used in disambiguation

Complex as it might seem considering the reservations above, the research is justi-
fied on the grounds that a human being can disambiguate linguistic context better than
a machine, and unless we are able to come up with a superior algorithm or mimic this
disambiguating behavior, we can never be sure whether the results that our machine
translation and other applications come up with are correct. We need to communicate
globally and rapidly and need to be able to do it without the fear of being misunder-
stood.
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Abstract. This paper describes the impact of the application of a Word
Sense Disambiguation (WSD) algorithm for nouns on AliQAn (16], the
Question Answering system with which we have participated in the
CLEF-2005. Applying the traditional WSD decreases the performance
in 4.7% on the Mean Reciprocal Rank (MRR). To solve this problem, we
propose two different uses of WSD: (1) to choose a set of synsets instead
of the traditional use of WSD, in which only one synset is chosen; (2) to
disambiguate the words not present in EuroWordNet (EWN). Using our
proposal of WSD the MRR increases a 6.3% with regard to the baseline
without WSD. Furthermore, our proposal of WSD increases the MRR
with regard to the traditional use of WSD in an 11%. Finally, the imple-
mentation of our approach of WSD is computationally efficient by means
of a preprocessing of EWN.

1 Introduction

In this paper we analyze the benefits of a Word Sense Disambiguation (WSD)
algorithm for nouns in AliQAn [16], a Spanish Question Answering (QA) system,
with which we have participated in the CLEF-2005' competition.

QA objective consists of identifying the answer of questions in large collec-
tions of documents. QA is not a simple task of Information Retrieval (IR), QA
tries to go beyond and returns a concrete answer in response to an arbitrary
query. For the users, it is very interesting to find accurate information, thanks
to the increment of available information. The QA systems are capable to answer
questions formulated by the users in natural language.
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Current approaches to QA are mainly based on NLP tools or machine learn-
ing. There are different and possible implementations for QA systems. Gener-
ally, most of them are based on NLP tools [1.2.9.13,15], like Part of Speech
(PoS) taggers. svntactic parsers, WSD, knowledge bases consisting of dictio-
naries. lexical-semantic data bases, ontologies and many others. Nevertheless,
other systems use machine learning techniques with statistical models (5], such
as Hidden Markov Models or Maximum Entropy. This is, in outline, the present
situation.

The AliQAn system uses the NLP techniques. Our system has been devel-
oped during the last two years in the Department of Language Processing and
Information Systems at the University of Alicante. It is based on complex pattern
matching using NLP tools. Beside, WSD is applied to improve the system.

WSD algorithm is used in the phases of indexation and the search. In the
first case, this algorithm allows disambiguation of the corpora words, and in the
second one, it resolves ambiguities in the question words.

WSD has several critical problems. The running time of WSD algorithms
makes difficult its use on huge corpora, as QA systems require. On the other
hand, the low precision of WSD algorithms makes that this technique is not
appropriated to be applied in QA systems. These two reasons do not allow
to obtain interesting results applying WSD in real time QA systems. In order
to solve these problems, we propose a concrete WSD algorithm that reduces
its running time in 98.9%, due to a preprocess of EWN and improves the QA
precision by means of: (1) selecting a set of synsets per word (instead of only
one); (2) disambiguating words that are not presented in EWN.

The rest of the paper is organized as follows; section two describes the back-
grounds of QA with regard to WSD; section three details AliQAn system with
a brief description; section four explains our proposal of WSD algorithm on the
AliQAn system: section five shows the evaluation results and finally, section six
exposes our conclusions and discusses future works.

2 Backgrounds of QA with regard to WSD

Most of current monolingual QA systems (7,10, 14, 18] do not apply any WSD
algorithm. Nowadays, the use of WSD algorithms on QA and IR usually produce
a decrease on the overall accuracy and an increase in time running.

Only in IR systems, the WSD techniques have been applied [8,19,17]. In
the first analyzed system (8], the indexation with wordnet synsets improves the
results of the IR system to 29% (from 30% up to 60%) but has the disadvantage
that is carried out manually.

The project MEANING [19]. has developed tools for the automatic acquisi-
tion of lexical knowledge that will help WSD. The obtained lexical knowledge is
stored in the Multilingual Central Repository [4], which is based on the design
of the EWN database. This implementation is based on the use of WSD with
domains {12]. The problem using this technique is that the domains have to be
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created in the previous phase. The observed precision in this system is 65.9%,
which means an increase of 2% (Table 1, System A) with WSD.

Finally, the last system [17], uses a combination of high precision techniques
and sense frequency statistics in an attempt to reduce the impact of erroneous
disambiguation on retrieval performance. The incremented precision in the final
result is 1.73% over 62.1% (Table 1, System B).

Table 1. Different IR systems results with the obtained improvements once WSD is
applied

System A System B
Without WSD 65.9% 62.1%
WSD Improvement 2% 1.73%

3 The AliQAn system

AliQAn (Figure 1), is a monolingual open-domain QA system based on the
intensive use of NLP tools. AliQAn has participated in the Spanish QA CLEF-
2005 competition [16], in which it was ranked third.

The AliQAn architecture is divided in two main phases: Indexation phase and
Search phase. In both phases, both in the document corpora and the questions,
the same NLP process is applied: PoS tagging, partial parsing and WSD.

In order to make the syntactic analysis, SUPAR (6] system is used, which
works in the output of MACO [1] PoS tagger. Beside, WSD is applied using
EWN.

AliQAn identifies the different grammatical structures of the sentence, named
syntactic blocks (SB). This is realized using the output of SUPAR, which per-
forms partial syntactic analysis. These blocks are verb phrases (VP), nominal
phrases (NP) or prepositional phrases (PP).

For example in the sentence: "Kim Il Sung died at the age of 80", the obtained
list of SB is: [NP,kimxilxsung][VP,to die][PP, at: age [PP. of: 80]].

Indexation phase, the first phase of AliQAn, consists of arranging the data
where the system tries to find the answer of the questions. Two different index-
ation are carried out: IR-n [11] and QA indexation.

In the second phase, the search, the following three tasks are sequentially
performed: question analysis, selection of relevant passages and extraction of
the answer.

In the first task the system detects the type and the case of the question.
The WordNet Based-Types and EWN Top-Concepts have been considered for
the question type. the question case determines the set of syntactic patterns to
use in the extraction of the answer.
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Fig. 1. AliQAn system architecture

Besides, the selection of the question terms (keywords) is carried out. These

keywords are used in the next task, the selection of relevant passages, which is
developed by the IR-n [11] system. IR-n returns a list of passages where the
system applies the extraction of the answer, the last task of AliQAn. where it
tries to extract the correct answer to the question using the syntactic patterns.

Next, an example (question 114, In Workshop of Cross-Language Evaluation

Forum (CLEF 2003)) of resolution of one question. where the system chooses
the correct solution.

— Question: A qué primer ministro abrié la Fiscalia de Mildn un sumario por cor-

rupcién? ( To whom prime minister the Office of the public prosecutor of Milan
opened a summary for corruption?)

— Type: person
— Case: 3
— List of SB:

e NP1: ([NP, primer*ministro])
o VP: ([VP, abrir])
e NP2:(|NP, fiscalia [PP, de: milan]))([NP, sumario [PP, por: corrupcion]])

— Text where the correct solution is: “[...] la Fiscalia de Mildn abrid, hoy

martes, un sumario al primer ministro, Silvio Berslusconi, por un supuesto
delito de corrupcién [...]"

- Text where the incorrect solution is: “[...] primer ministro y lider socialista,

Bettino Crazi, al que el pasado 21 de septiembre Paraggio abrié un sumario
relacionado con el proyecto Limen por supuestos delitos de corrupcién (41"

— Answer: Silvio Berlusconi



A New Proposal of Word Sense Disambiguation for Nouns... 87

4 The WSD algorithm

The WSD algorithm analyzed in this paper is the one proposed by Agirre and
Rigau [3]. This WSD algorithm is based on the use of conceptual distance in
order to try to provide a basis for determining the closeness in meaning among
words, taking as reference the hierarchical structure of EWN. The conceptual
distance is captured by a Conceptual Density (CD) formula. Given a concept ¢,
the CD is calculated using the next equations:

m-—1 i
% hynt
CD(c,m) = Lizo "hyp (1)
descendants,
h—1
descendants,. = Z nhyp' (2)
1=0

where nhyp is number of hyponyms, m is the number of marks of words
senses and h is the height of the subhierarchy.

Unlike the algorithm proposed by Agirre and Rigau [3], our implementa-
tion selects not just one synset, but a set of the most probable synsets. This is
because the algorithm attempts to discard only completely wrong synsets (keep-
ing related synsets) in order to improve the precision of the system. Moreover,
the proper nouns that are not in EWN are disambiguated too with respect to
the following synsets: 05369359 (person) 07451540 (object) 08229827 01218276
(place).

The behavior of our implementation is shown in the next example:

— In the sentence
e El presidente de Guinea, Obiang, sugirié hoy, viernes, que su Gobierno podria
rechazar la ayuda internacional (The president of Guinea, Obiang. suggested
today, Friday, that his Government could refuse the international help)
Synsets for the word “presidente” sorted by [3]
e 09400170 006140480 11176111 01090427 08956043
— Correct synset of the word “presidente” in this sentence
e 00614048
— Synset returned by Agirre tool (3]
e 09400170
— Set of synsets selected of the word “presidente” using our implementation
e (09400170 00614048

In this example, the word “Obiang” that is not in EWN is also disambiguated.
In this case, Agirre tool (3] returns the right synset: 05369359 (person).

Our proposals allow to improve the precision of our QA system as the evalua-
tion section will show, because the WSD algorithms usually have a low precision
(about 66%). It makes quite probable to discard the right synset, which is worst
than keeping all the synsets of the word. In this way, our proposal only dis-
cards completely wrong synsets, which are not used when the question terms
are compared with the document terms. For example, in the question *;Cudntos
muertos al ano causan las minas antipersona en el mundo? (How many deaths
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per vear are caused by the anti-personnel mines in the world?)”, the document
sentence that speaks about a “coal mine” will not be processed. Moreover, our
proposal overcomes the disambiguation that uses EWN domains [19] because it
does not require any grouping of EWN, which could also introduce errors in the
system.

The next example shows the improvement obtained when our WSD imple-

mentation is used.

— For the question:
o Quién es el director de la CIA? (Who is the director of CIA?)
— Without using disambiguation, AliQAn returns:
o Servicio Central de Informacién (Information Central Service)
e Servicio Central de Inteligencia (Intelligent Central Service)
o Servicio Central de Informacién de EEUU (Information Central Service of
USA)
— Using disambiguation, AliQAn Teturns:
e William Colby
e Robert Gates
o James Woolsey

The Agirre and Rigau [3] WSD algorithm presents a precision of 66%. Our
WSD implementation of this algorithm has been evaluated in the EFE corpora
(detailed in the evaluation section), where its precision stays at 60% when we
select only one synset. When a 40% of the synsets of a word is selected, its
precision stays at 76%. Regarding to the precision of our proposal for nouns
that are not in EWN, the precision stays at 65%. Finally, the running time of
the algorithm has been reduced by means of storing all the required information
shown in equations (1) and (2), such as the number of descendants, for each
synset in EWN. In this way, the running time has been reduced in a 98.9%
(from 1400 seconds to 15 seconds in disambiguating 9 files).

5 Evaluation

5.1 Dataset

The experiments described in this section have been carried out using the AliQAn
system with CLEF 2003 questions and corpora, i.e. Spanish corpora EFE 1994.
The collection, which was indexed by the IR-n system, contains approximately
215.738 documents for a total of 509 Megabytes.

The our test set has been extracted from the CLEF 2003 competition task.
and it includes a total of 200 questions. The type of questions capable to contain
noun as answer are: definition, abbreviation, event and person. This correspond5
to the 65% of all questions and the 35% remaining corresponds to the follow-
ing type of questions: date. month, percentage, object, quantity, economic, age:
measure. period, year. Finally. the average ambiguity factor for each term in
EuroWordNet 1.6 is ZZ7Z
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5.2 Evaluation Measures

In order to be able to evaluate the system we need a measure that values the
general results of the system. Mean Reciprocal Rank (MRR) is the measure used
in the CLEF 2003 campaign for evaluating the systems.

Q
MRR= ()" 7

where @ is the number of questions (200 in our case) and far(i) indicates
the position of the first correct answer. The value of 1/ far(i) will be 0 if the
system has not found the answer.

5.3 Results analysis

The architecture and behavior of our system have been described in previous
sections. Now we are going to present the obtained results and the study about
the performance of the system when WSD is used in the corpora and questions.

The comparison will be performed using the AliQAn system with three algo-
rithms, which have different WSD levels. These algorithms are shown in Table 2.

1. Baseline without WSD: (first column of the Table 2) The baseline does
not have WSD algorithm, i.e. all the synsets per word are used. This base
system has got a MRR of 44.5%.

2. 1-Sense WSD algorithm: (second column of the Table 2). In this case,
the WSD algorithm used is the propose by Agirre et al. [3]. This algorithm
chooses one synset for disambiguating a word and the MRR obtained is
42.4%.

3. Our proposal of WSD algorithm: (third column of the Table 2). In this
case, the set of most probable synsets is chosen. The selected synsets are the
40% of total word synsets. The system has got a MRR of 47.3%.

Table 2. Results using different applications of WSD on 200 questions of CLEF 2003

1 2 3

Baseline 1-Sense WSD  Our proposal of WSD

with(\ng \WSD

MRR 44.5 42.4 (-4.75%) 47.3 (+6.3%)
% of First Correct Answer (FCA) 39 37.5 (-3.85%) 42.5 (-i~8..97%)
FCA Improvement (200 questions) 3 questions 7 questions

+11% of improvement in the MRR
with regard to the 1-Sense WSD
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Therefore. our WSD proposed has increased the MRR compared to the
1-sense WSD algorithm up to 11% and a 6.3% regarding the baseline (see Fig-
ure 2), it increases the number of queries answered in first place in 7.

Our proposal

1-Sense WSD Baseline of WSD
— } —
-4.7% +6.3%
— {
+11%

Fig. 2. Relationship with regard to percentages of the WSD system presented in Table 2

In comparison with the 42.4 of the 1-sense WSD algorithm, the percentage
of increment in the MRR is 8.3% when a 10% of the synsets is selected. It is
0.2% when a 20% is selected. It is 10.4% when a 30% is selected. Finally, it is
11% when a 40% is selected.

We have carried out an analysis of the number of the disambiguated nouns
in the 200 questions (159,778), where 46,194 nouns have only one synset in
WordNet. and the remaining nouns (113,584) have 3.9 synsets in WordNet on
average. Our proposal of WSD selects 1.9 synsets on average (in case of draw
in the score between 2 synsets, both are selected). Moreover, 44,247 nouns that
are not in WordNet have been disambiguated.

On the other hand, normally the time of carrying out the corpus processing
WSD is too long or at worst NP complete. Many researchers have been con-
fronted with this problem when they apply their approaches of WSD, for this
reason they only apply WSD to questions. With our WSD algorithm, we have
achieved to reduce considerably the running time required. Initially, we needed
1400 seconds for the processing of 9 files, now we do it within 15 seconds, which
supposes a decrease of 98.9%.

6 Conclusions and future works

In this paper we propose an algorithm that aims at enhancing WSD for nouns
on a QA system. This algorithm is based on the algorithm proposed by Agirre et
al. [3). The difference is that while it considers one synset for disambiguating 3
word, our proposal selects the most relevant synsets and adds the disambiguation
of the proper nouns that are not included in EWN 1.6. In order to evaluate
our algorithm. a number of comparisons have been carried out. Results confirm
the viability of our algorithm, showing an improvement up to 11% over the
traditional WSD algorithm and the 6.3% over the baseline. Furthermore. we have
greatly reduced the computational cost for WSD process by 98.9% by means of a
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preprocessing of EWN. It is important to emphasize that the algorithm proposed
does not require any previous grouping (such as domains) for the disambiguation
process, which may involve some error.

The contribution of our paper to the WSD research area is that the traditional
1-sense WSD algorithms do not improve QA, as it is stated in Table 2 and Figure
2 (-4.7% in the MRR). That is because of their low precision. Our proposal
allows selecting a percentage of synsets instead of only one, as the traditional
l-sense WSD algorithms do. In this way, the MRR of a 1-sense WSD algorithm
is improved in 11%, and it improves the MRR of a QA system without WSD
in 6.3%. Moreover, our proposal overcomes the traditional drawback of WSD
that is its high computational cost, which makes too difficult its application to
huge corpora. Our approach reduces the running time of the WSD algorithm in
a 98.9%.

The results are promising. Therefore we expect to analyze the results on
CLEF 2004 and CLEF 2005. In the future, we are going to develop other WSD
algorithm to prove that our proposal is validated independently of the WSD
algorithm itself.
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A bstract. In this paper we demonstrate that a number of challenging
problems in the semantics of natural language, namely the treatment of
the so-called intensional verbs and the semantics of nominal
compounds, can be adequately resolved in the framework of
compositional semantics, if a strongly-typed ontological structure is
assumed. In addition to suggesting a proper treatment of nominal
compounds and intensional verbs within the framework of
compositional semantics, we briefly discuss the nature of this
ontological type system and how it may be constructed.

1 The Semantics of Nominal Compounds

The semantics of nominal compounds have received considerable attention by a
number of authors, most notably (Kamp & Partee, 1995; Fodor & Lepore, 1996;
Pustejovsky, 2001), and to our knowledge, the question of what is an appropriate
semantics for nominal compounds has not yet been settled. In fact, it seems that the
problem of nominal compounds has presented a major challenge to the general
program of compositional semantics in the Montague (1973) tradition, where the
meaning of a compound nominal such as [N, N,] is generally given as follows:

(M INy N =F (INSLING])

In the simplest of cases, the compositional function F is usually taken to be a
conjunction (or intersection) of predicates (or sets) . For exam pk, assum ing that
red (x) and apple (x) represent the meanings of red and appk, respectively,
then the m eaning of a nom nal such as red appk is usually given as

(2) [red apple] = {x|r ed (x) A appl & (x)}

What (2) says is that something is a red appk if it is red and appX This simplistic
model, while seems adequate in this case (and indeed in many other instances of
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similar ontological nature), clearly fails in the following cases, all of which involve g,
adjective and a noun:

(3) fOmer senator

(4) fkegun

(5) albeged thief

Clearly, the simple conjunctive model. while seems to be adequate for situationg
similar to those in (2), fails here, as it cannot be accepted that something is form er
senator if it is Hrmer and senator, and similarly for (4) and (5). Thus, while
conjunction is one possible function that can be used to attain a compositional
meaning, there are in general more complex functions that might be needed for other
types of ontobgical categories In particular, what we seem to have is something
like the following:

) |red apple]| ={x|x isred andx is appl e}

(7)  |former senator|| = {x|x wes but is not now a senat or }
8) |[fake qun]| = {x|x looks like but is nct actudly a gun}
©) |alleged thief]| = {x|x couidpossibly tum out tobeat hief |

It would seem, then, that different ontobgical categories require different
com positional functionsto compute the meaning of the whole from the meanings of
the parts. In fact, the meaning (intension) of some compound might not be captured
without resorting to temporal and/or modal operators. This has generally been taken
as an argument against compositionality, in that there does not seem to be an answer
as to what the compositional semantic function F in [N, N,|| = F ([N, [, [N[|) might

be. We believe, however, that this is a fallacious argument in that the problem is not
due to compositionality but in ‘discovering’ a number of semantic functions that could
account for all nominal compounds of different ontological categories. Moreover, we
believe that the answer lies in assuming a richer type structure than the flat type
system typically assumed in Montague-style semantics.

2 Ontology and the Semantics of Adjectives

In (2) we stated that the meaning of some adjectives. The question however is what
“kinds” of adjectives are specifically intersective. It would seem that for constructions
of the form [A N] where A is a physical property (such as red, lJarge, heavy, etc.) and
N is a object of type Physialrhing (such as car, person, desk, etc.), the meaning of
[A N] can be obtained as follows:

(10) ”A N " = {X |APhyst2'Propmy(X) A NPhys(lehmg(X)}

Note here that the above expression is not a statement about the meaning of any
particular adjective. Instead, what (10) simply states is that some adjectives, such 2
large, heavy, etc. are intersective. Thus, in [large table]| = {x|l arge(x)tabl e(x))
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for example, it is assumed that the meaning of Broe, namely the predicate large(x)
has been deﬁx}ed. Although the semantics of such adjectives is not our immediate
concern here, it must be pointed out that semantics of such (intersective) adjectives,
which are presumably the simplest, can be quite involved, as these adjectives are very
context-sensitive — clearly the sense of ‘large’ in ‘large ekphant is quite different
from the sense of “Arge’ in ‘lrge bird. Assuming a predicate typical , 1 (x),
which is true of some object x of type T if xis a typical object with respect to one of
its attributes a is defined, then the meanings of such adjectives as large and heavy,
for example, could be defined as follows, where x :: T refers to an object xof type T:

(11) large = (V¥x :: PhysicalThing)(l ar ge (x) =,
AP [P (X) A (3y :: PhysicalThing) (P (y) A t ypical ,._ (y)
nsize(x,s,) Asize(y,s,) A (s, >> Sz))])

(12) heavy = (Vx :: PhysicalThing) (heavy (x) =,
AP [P (x) A (3y :: PhysicalThing) (P (y) At ypical bk
Aweight (x,w,) nweight (y,w,) A(w, >>w,)) )

What (1) and (2) say is the following: that some P object x is a Jarge (heavy) P, iffit
has a size (w eght) which is larger than the size (w eight) of another P object, y,
which has a typical size (w eight) as far as P objects go. It would seem, then, that
the meaning of such adjectives is tightly related to some attribute (large/size,
heavy/weight, etc.) of the corresponding concept. Thus, such adjectives, while they
are intersective, are context-dependent: their meaning is fully specified only in the
context of a specific concept.

One of the main points that we like to make in this paper is that, like intersective
adjectives, non-intersective adjectives also have a compositional meaning, although
the compositional function might be more involved than simple conjunction. For
example, we argue that the following are reasonable definitions for fake, former

and alleged:
(13)  (Vx ::PhysicalArtifact) (f ake (x) =

AP [ (3y = Physical) (P (x) A P () A SIMil &€ (06 g6y (<)) ]
(14)  (Vx ::Role)(former (x) =y

AP [(Bt)((t <now) AP (x,t) A =P (x,now))])

(15)  (¥x ::Role)(alleged (x) =
AP(3t)((t > now) A =P (x,now) A OP (x,t))]

That is, ‘fake’ applies to some concept P as follows: a certain physical object x is a
fake P iff it isnot a P, but Jooks ke (i certan respects) to som ething else, say
Y, which is actually a P.On the other hand, what (14) says is the follow ng:a
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certain x isa HrmerP iffxwasa P at some poit in tine in the past and is not
now a P.Fally, what (15) says is that som ething is an ‘allsged’ P iff it is not
now known to be a P, but could possbly tum out to be a P at som e point i
the future.

It is interesting to note here that the intension of fake and that of form er and
allsged was in one case represented by recourse to possible worlds semantics (the
case of (14) and (15)), while in (13) the intension uses something like structured

semantics, assuming that simil ar , A, (X.Y) which is true of some x and some

y if x and y share a number of important features, is defined. What is interesting in
this is that it suggests that possible-worlds semantics and structured semantics are not
two distinct alternatives to representing intensionality, as has been suggested in the
literature, but that in fact they should co-exist.

Additionally, several points should also be made here. First, the representation of
the meaning of fake given in (13) suggests that fake expects a concept which is of
type PhysiaRrifact and thus something like fake idea, or fake song for example,
should sound meaningless, from the standpoint of commonsense'. Second, the
representation of the meaning of form ex given in (14) suggests that form er expects a
concept which has a time dimension, i.e. is a temporal concept. Finally, we should
note here that our ultimate goal of this type of analysis is to discover the ontological
categories that share the same behavior. For example, an analysis of the meaning of
form ex, given in (14), suggests that there are a number of ontological categories that
seem to share the same behavior, and could thus replace P in (14), as implied by the

#agment hierarchy below.

it makes sense
/\ -, to say former P

etc.
Senator

Professor
President

3 Types, Predicates and Logical Concepts

In “Logic and Ontology” Cocchirarella (2001) argues for a view of bgic as @
Janguage in contrast with the view of bgic as a knguage In the latter, logic is

One can of course say fake an ik but this is clearly another sense of fake While fake 92
refers to a gun (w hich is of type Axtifact) that is not real, fake am ik refers to a dishones!
am ik or a an iethat is not genuine.
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viewed as an “abstract calculus that has no content of its own, and which depends on
set theory as a background framework by which such a calculus might be
syntactically described and semantically interpreted.” In the view of bgic as a
lnguage, however, logic has content, and “ontological content in particular.” This
view however necessitates the use of type theory, as opposed to set theory as the
background framework. It is this view that we advocate here, and in our opinion,
problems in the semantics of natural language cannot be resolved until a logic that is
grounded in type theory and predication (as opposed to set membership) is properly
formulated. In this section we discuss the building blocks of such a program.

3.1 Types vs. Predicates

In formal (programming) languages we write statements such as ‘int x', which is a
type declaration statement meaning that x is an object of type int. However, in
programming languages we do not have procedures that verify (somehow) if some
object is of a certain type - that is we do not have a predicate such as int () that takes
some object x and returns ‘true’ if x is an int and ‘false’ otherwise . Clearly, the type
and the corresponding predicate are related, and in particular, a predicate such as
int () is true of some object xif has all the properties of the type int.

Like objects in formal (programming) languages, commonsense objects have a
type, and a corresponding predicate that verifies if a certain object is of a specific
type. For instance, our ontology has a type hierarchy that contains the following
fragment:

(16) PiEnoD hemment > ... D Axdfact D ... D Physiallhing 5 Thing

Corresponding to these types there are predicates such as piano(x), instrument(x),
etc. Moreover, a predicate such as piano(x) is true of some object x just in case x
happens to be a piano. That is, such concepts correspond to what Cocchirarella (2001)
refers to as ‘first intentions’, i.e., concepts abstracted directly from physical reality.
The point here is that what makes some object xa piano, for example (or, what makes
piano(x) true of some object x) is determined directly from physical reality. Such
‘first intentions’ concepts should be contrasted with concepts that are about ‘second
intentions’, which, according to Cocchirarella are “concepts abstracted wholly from
the ‘material’ content of first intentions”, using the logical apparatus. Thus first
intention concepts are in some sense ‘ontological concepts’, while second intention
concepts can be thought of as ‘logical concepts'.

Continuing with our example, piano(x) would be an ontological concept, while
pianist(x), for example, is a concept that is bgically defined using the concept
piano(x), and perhaps other ‘first intention’ concepts. In other words, what makes
pianist(x) true of some x is not physical reality but some set of logical conditions.
This can be stated as follows:

(17) (vx :: Artifact)(piano(x) =, NueralNetPatternRecogProc(x))
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(18) (¥x :: Human)(pianist (x)
=, (3a:: Activity)(3p :: Artifact)(pl aying(a) A piano(p)
A agent (a,x)
A obj ect (a,Music)
Ainst rument (a,p))

That is, something is a piano if it looks like, sounds like, feels like, etc. what we call
‘piano’. On the other hand, what (18) says is the following: any Human x, is a
pianist, iff there is some playing activity and some Axtifact which is a piano
where the object of this playing activity is M ust and the instrument of this activity
isa piano.

3.2 Compound Nominals Revisited

The problem of compound nominals in the case of noun-noun combinations has
traditionally been due to the various relations that are usually implicit between the
nouns (see Weiskopf, forthecoming). For example, consider the following:

(19)  |[brick house] = {x|x is a house that is made of brick}
0)  |dog house| = {x|x is a house that is made for a dog}
1) |beer drinker| = {x|x often drinks beer }

(22)  |beer factory| = {x|x isafactory that makes beer }

Thus, while a brick house is a house ‘made of* bricks, a dog house is a house that is
‘made for’ a dog. It would seem, then, that the relation implicitly implied between the
two nouns differ with different noun-noun combinations. However, assuming the
existence of a strongly-typed ontology might result in identifying a handful of implicit
relations that can account for all patterns. Consider for example the following:

(23)

lbrick housel| = {x : Artifact [house(x) A (3y : Substance)(br ick (y) A madeOf (x,y))}
(24)

[paper cup| = {x : Artifact|cup(x)  (3y : Substance)(paper (y) A madeOf (x,y))}
(25)

|plastic knife| = {x : Artifact |k nif e(x) A (3y : Substance)(pl ast ic(y) A madeOf (x,y))}

It would seem, therefore, that the same semantic relation, namely madeO £, is the
relation that is implicit between all [N, N,] combinations when N, is an Axtifactand

N, is a Substance Similarly, it would seem that the same semantic relation underlies
all [N, N,] combinations when N, is a Human and N, is a Substance, where P

should be read as ‘it is often the case that P’, or ‘generally, P’:
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(26) |beer drinker|| = {x :: Human|(3y :: Substance)(beer (y) A A(dr inks(x.y) )}
(27) |cigar smoker || = {x :: Human|(3y :: Substance)(cigar (y) A A(smokes(x,y)))}

4 The So-Called Intensional Verbs

In (Montague, 1969) Montague discusses a puzzle pointed out to him by Quine which
can be illustrated by the following examples:

(16) |John painted a unicorn|| = (3x)(unicor n (x) A paint ed (j,x))
(17) |John found a unicorn|| = (3x)(unicor n (x) A found (i.x))

The puzzle Quine was referring to was the following: both translations admit the
inference (3x)(unicorn(x)) — that is, both sentences imply the existence of a unicorn,
although it is quite clear that such an inference should not be admitted in the case of
(17). According to Montague, the obvious difference between (16) and (17) must be
reflected in an ontological difference between find and paint in that the extensional
type (€ — (e = t)) both transitive verbs are typically assigned is too simplistic.
Montague was implicitly suggesting that a much more sophisticated ontology (i.e., a
more complex type system) is needed, one that would in fact yield different types for
find and paint One reasonable suggestion for the types of find and paint for
example, could be as follows:

(18) £nd :: (Banimal = (Erhing = 1))

(19) paint :: (E4uman —> (ERepresentation —> 1))

Thus instead of the flat type stucture inplied by(e — (€ = 1)) , the types of
find and paint should reflect our com m cnsense belief that we can alw ays speak
of som e Aninal that found something (i.e., any Thing whatsoever), and of a Human
that painted some illustration, or as we called it here a Representaton. Before we
proceed, however, we point out that throughout, we will use this Fant for concept
types in the ontology, and this font for predicate names. Thus, x:LvingThing means
x is an object/entity of type LiigThing and apple (x) means the predicate or
property apple is true of x Note, further, that in a flat-type system, the expression
(3x) (unicor n(x) A found (j.x)) is equivalent to the typed expression
(3x :: Entity) (unicor n (x) Afound (j :: Entity,x)) since in flat type system there
is only one type of entity. With this background, the correct translations of (18) and
(19) and the corresponding inferences can now be given as follows:

(20) @x:Thihg) unicorn x) A found (j:Ratinalx))

= (@x:Thig) unicorn x))
= (@x:Thig) (found (j:Ratinalx))
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(21) Bx:Representatin) (unicorn (x) A painted (j:Ratinalx))

= (Gx:Representatin) (unicorn (x))
= (Gx:Representatin) painted (j:Rattnalx))

Adding a rich type structure to the semantics, it seems, provides a reasonable solution
to Quine's puzzle, as the correct inferences can now be made: if John found-a unicorn,
then one can indeed infer that an actual unicorn exists?. However, the painting of a
unicorn only implies the existence of a representation (an illustration) of something
we call a unicorn! Stated yet in other words, (7) implies that a unicorn Thing
(including perhaps a unicorn Toy) exists, while (8) implies a unicorn Representatin
exists. There are two points that this discussion intends to emphasize: (3) is the need
for a rich type structure to solve a number of problems in the semantics of natural
language; and (i that this type structure is actually systematically discovered by an
analysis of how ordinary language is used to talk about the world.

5 Language, Logic, Ontology and Commonsense

Our work here has been motivated by the (rather strong) claim of Richard Montague
(see the paper on ELF in (Thomasson, 1974)) that there is no theoretical difference
between form aland natural languages If does turn out that Montague is correct (as
we believe to be the case), then there should exist a formal system, much like
arithmetic, or any other algebra, for concepts, as has been advocated by a number of
authors, such as Cresswell (1973) and Barwise (1989), among others. What we are
arguing for here is a formal system that explains how concepts of various types
combine, forming more complex concepts in a formal, strongly-typed system. To
illustrate, consnder the following:

(22) artificial :: NaturalKind — Artifact

(23) flower :: Plant

(24) flower :: Plant > LivingThing

(25) flower :: Plant > LivingThing > NaturalKind

(26) artificial flower :: Artifact

What the above says is the following: artificial is a function that takes a NataXnd
and returns an Axtifact (22); a foweris a Plnt(23); a foweris a PEnt which in turn
is a LivingThing (24); a fower is a Plnt, which is a Lxmgrhng, which in turn is a
NatwaXind (25); and, finally, an artificial fower is an Ardfact (26). Therefore,
‘artificial ¢, for some NatmaKid c should in the final analysis have the same

properties that any other Axtifact has. Thus, while a fower, which is of type PEnt, aﬂd
is therefore a LiigThihg grows, lives and dies like any other LiingThhg a

* Of course, in such a type system we would have Rational > Animal and therefore John, an
entity of type Rational, can be the subject of found which expects an entity of
type Animal .
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artificial flowex; and like any other Artifact; is something that is manufactured, does
not grow, does not die, but can be assembled, destroyed, etc. The concept algebra we
have in mind should also systematically explain the interplay between what is
considered commonsense at the linguistic level, type checking at the ontological level,
and deduction at the logical level. For example, the concept artificial car, which is a
meaningless concept from the standpoint of commonsense, is ill-typed since Caris an
Artifact, and Axtdifact does not unify with NaturaXnd — neither type is a sub-type of
the other.

The concept form ex father, on the other hand, which is also a meaningless concept
from the standpoint of commonsense, escapes type-checking since father, which is a
ROk is a type that form erexpects as shown in (29) below.

(29) former :: Role —» Role

However, although former father escapes type-checking, the fact that this a
meaningless concept from the standpoint of commonsense, is ultimately detected at
the logical level by resulting in a contradiction as shown in the appendix. Thus what
is meaningless at the linguistic level should be flagged at the type-checking level, or,
if happens to escapes type-checking, such as former father, it should eventually
result in a logical contradiction at the logical level (see the appendix concerning
form er father). The picture we have in mind can therefore be summarized as shown
in the figure below.

| language <—» commonsense

ontology  +—— type-checking |

logic _+—» deductions

6 Concluding Remarks

A number of problems in the semantics of natural language can be resolved in a
compositional semantic framework if a rich type system that models an ontology of
commonsense concepts can be assumed. If this where to happen, it would mean that
there is a formal system that underlies natural language and that a concept algebra
must exist. This subsequently means that the ontology we have in mind must be
systematically discovered and cannot be invented, as has been argued by Saba (2001).
In this paper we have shown that assuming such a rich type systems can help
resolving a number of challenging problems in the semantics of natural language. For
lack of space, in this paper we could not discuss the nature of this ontological
structure, the corresponding strongly-typed meaning algebra, and how this structure
might be discovered rather than invented, using natural language itself as a guide in
this process. Some of these issues are discussed in some detail in Saba (2006).
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Appendix: (Non-Sense — Logical Contradiction)

Using the logical formulation of the meaning of form er given above, we show here
how the concept ‘form er father' translates into a logical contradiction.

First, we reiterate the meaning of ‘former’ in (1). In (2) we state the fact that the
role type Father has an essential temporal property, namely that once someone is a
father they are always a father. The deductions that follow should be obvious.

(VX Role)(f or mer (x) =, AP [(Eit)((t <now) AP (x,t) A =P (x,now))])

I

2. (vx)((3t,)(fat her (x.t,) o (Vt,)((t, >t,) > fat her (x,t,))))

3. (3t)((t <now) A father (x,t) A =fat her (x,now)) (1) applied on father
4. (t <now)father (x,t) A —fat her (x,now) El of (3)
5. father (x,t) A — elimination of (4)
6. (3t,)(father (x.t,) > (Vt,)((t, >t,) > fat her (x,t,)))  UGof(2)
7. father (x,u) > (¥t,)((t, 2 u) > father (x.t,)) El of (6)
8. (Vt,)((t, >t) > father (x.t,)) (5), (7) and MP
9. (t, >t) o father (x.t,) UG of (8)
10. (t < now) A — elimination of (4)
11. fat her (x,now) (9), (10) and MP
12. —~fat her (x,now) A — elimination of (4)

134 (11)and (12)
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Abstract. Recently, personal digital assistants like cellular phones are
shifting to IP terminals. The encoding-decoding process utilized for trans-
mitting over IP networks deteriorates the quality of speech data. This de-
terioration causes degradation in speech recognition performance. Acous-
tic model adaptations can improve recognition performance. However,
the conventional adaptation methods usually require a large amount of
adaptation data. In this paper, we propse a novel acoustic model adapta-
tion technique that generates “speaker-independent” HMM for the tar-
get environment based on the learning-by-doing concept. The proposed
method uses HMM-based speech synthesis to generate adaptation data
from the acoustic model of HMM-based speech recognizer, and conse-
quently does not require any speech data for adaptation. By using the
generated data after coding, the acoustic model is adapted to codec
speech. Experimental results on G.723.1 codec speech recognition show
that the proposed method improves speech recognition performance. A
relative word error rate reduction of approximately 12% was observed.
Keywords: Speech Recognition, Model Adaptation, Codec Speech,
Speech Synthesis, Learning-by-Doing

1 Introduction

In recent years, telephone speech recognition systems encompassing thousands
of vocabularies have become practical and widely used [1,2]. These systems are
generally utilized by automatic telephone services for booking an airline ticket,
inquiring about stock, receiving traffic information, and so on. However, the
recognition accuracy of cellular phones is still inadequate due to compression
coding or ambient noise [3-5].

Recently, personal digital assistants like cellular phones are shifting to IP
terminals. For transmission over IP networks, speech data must be encoded at
the sending end and subsequently decoded at the receiving end. This coding
process deteriorates the quality of the voice data. Although most people can not
notice this deterioration, it seriously affects the performance of those speech rec-
ognizers not designed for low-quality voice data[6]. The major causes of speech
recognition performance degradation are : distortion in the transmission envi-
ronment (transmission error and packet loss), and low bitrate speech coding (loss
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of speech information). These distortions cause a mismatch between the feature
vectors of input speech and acoustic models(7, 4].

The best way to overcome this degradation is by collecting a large amount of
data in the target enviroment and training acoustic models using them. However,
this method requires huge costs. Adaptation methods, such as MLLR (Maxi-
mum Likelihood Linear Regression) [8] or MAP (Maximum A Posterior proba-
bility)[9] also require a large amount of adaptation data to estimate “speaker-
independent” models[3]. Actually, in [3] they used at least 1,000 utterances from
30 speakers to estimate codec-dependent HMMs.

We propose in this paper novel adaptation methods based on a learning-by-
doing concept, in which a speech recognition system utters sentences in a target
environment and adapts acoustic models by listening to them. This method does
not need codec speech data for adaptation because these data are generated by
speech synthesis from the acoustic model. By using the generated data after
coding, the acoustic model is adapted to codec speech. Consequently, this method
can adapt the acoustic model to various codec speech without any speech data
if the coding method is specified.

Presented in section 2 is the effect of the speech coder for use with IP tele-
phones on speech recognition. Section 3 presents our approach and section 4
presents our experiments, followed by conclusions and an outline for future work.

2 Infuluence of the speech codec on speech recognition

2.1 Baseline method

In codec speech recognition, the easiest and ideal method is to use an acoustic
model that is trained with codec speech. A diagram of this training method is
shown in Figure 1. This method requires a large quantity of codec speech for
training an accurate acoustic model.

In order to verify the effect of the speech coder on speech recognition. we
evaluated recognition performance using an acoustic model which was trained
with codec speech.

For the speech coder, we selected the G.723.1 Annex A (6.3 and 5.3 kbps)[10]
which has the lowest bitrate in the ITU-T H.323 recommendation[11].

2.2 ITU-T G.723.1 speech codec

The G.723.1 standard[10] is an analysis-by-synthesis linear predictive coder and
it provides a dual coding rate at 6.3 and 5.3 kbps. For the higher rate of 6.3kbps.
the encoder uses multipulse maximum likelihood quantization (MP-MLQ). For
the lower late of 5.3kbps, the encoder employs an algebraic code excited linear
prediction (ACELP) scheme. An option for variable rate operation is available
using voice activity detection (VAD), which compresses the silent portions.
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Fig. 1. A diagram of training method

Table 1. Acoustic analysis conditions

sampling rate | 8 kHz

window Hamming

FFT point 256

frame length | 25 ms

frame shift 10 ms

feature vector | 0-12 mel-cepstral coefficients[13](CMS)
+ delta + delta-delta (total 39)

2.3 Experimental conditions

The baseline acoustic models (baseline model) were trained with ASJ speech
databases of phonetically balanced sentences|15]. Training data consist of 5,168
utterances (sampled 8kHz and 16bit) from 103 male speakers. The codec speech
acoustic models (codec speech HMM) were trained with the same training data
but they were coded by G.723.1 Annex A (6.3kbps, 5.3kbps). For the open
test set, 100 utterances (1,578 words) from 23 male speakers, which are the
utterences of Japanese standard dictation task in Japanese newspaper article
sentence speech corpus (JNAS)(15], were used. The acoustic analysis conditions
are shown in Table 1. The speech signals were windowed by a 25ms Hamming
window with a 10ms shift, the mel-cepstral coefficients were obtained by mel-
cepstral analysis(12, 13]. The 39-dimensional feature vector was comprised of 13
mel-cepstral coefficients (0-12th with CMS) including their delta and delta-delta
coefficients. We utilized a SPTK[13] for acoustic analysis and HTK[14] for HNM
training.

Table 2 shows Japanese phoneme set in our system. The “silB” and “silE”
denote the silence at the beginning/end of the speech. For the acoustic model.
shared state triphone HMMs with sixteen Gaussian mixture components per
state were trained. The number of states was approximately 1.000. We used
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Table 2. Japanese phonemes in our system

vowels aiueo
long vowels a:i:u:e: o
bdgptkmnrwy

consonants chjshtsf{hsz

by gy hy ky my ny py ry
choked sound q
syllabic nasal N
silence silB silE sp

Table 3. Word accuracy of the baseline and codec speech HMM for G.723.1 codec
speech

Acoustic Model [bitrate of codec speech
6.3kbps  5.3kbps
baseline model 80.4 % 76.1 %
codec speech HMM| 83.0 % 80.7 %

a Julius[16,17] for the recognizer with a 20,000-word lexicon and the tri-gram

language model.
The recognition performance is evaluated by word accuracy using the follwing

equation :

N-D-8-1
AY
where N is the total number of words, D is the number of deletions, S is the

number of substitutions, and I is the number of insertions.

- 100 (%), (1)

Accuracy =

2.4 Evaluation of codec speech model

Table 3 shows evaluation results of the baseline model and codec speech HMM.
From the figure, the word accuracy of the codec speech is lower than that of
uncoded speech. Also, codec speech HMM achieved higher performance than
that of uncoded speech HMM (baseline model).

These results indicate that HMM trained with codec speech data can improve
the recognition performance for codec speech. However, it is difficult to obtain a
large quantity of codec speech data for every coding method. Therefore. HMM
adaptation methods that do not require large quantities of codec speech data

are desired.

3 Adaptation using synthetic speech

A problem of conventional HMM adaptation methods is that they require a large
quantity of training data for adaptation. The proposed method generates adapta-
tion data from the HMM using a HMM-based speech synthesizer. Figure 2 shows
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Fig. 2. Adaptaion method using speech synthesis based on HMM

a diagram of the proposed method. This method consists of HMM-based speech
synthesis and HMM adaptation by the codec synthetic speech. The proposed
adaptation process is : First, the HMM-based speech synthesizer generates (1)
503 phonetically-ballanced sentences[18], or (2) speech waveforms corresponding
to all output distributions of all states. Next. a speech coder encodes and decodes
these waveforms. Finally, baseline HMM is adapted using the encode-and-decode
waveforms. This method does not require speech data for adaptation and it is
applicable to any coder if the input and output of a waveform is known.

3.1 HMM-based speech synthesis

In this section, we describe the the HMM-based speech parameter generation
algorithm according to [12).

Let g = {q1,qs, -, gr} be the state sequence and o = [0}, 04, -, 0%4] be the
vector of the output parameter sequence generated along with a single path q in
the same manner as the Viterbi algorithm. The output distribution of each state
is assumed to be a single Gaussian distribution for convenience of explanation.

For a given continuous HMM . the output speech parameter sequence o is
obtained by maximizing P(q, o[\, T') with respect to q and o. Since all HMMs
used in the system were left-to-right models with no skipping, the probability of
state sequence q is determined only by explicit state duration densities Pqe(dy).
i.e., the probability of d, consecutive observations in state ¢. This HMM ) is the
baseline IIMM in Figure 2. Let a, be a scaling factor on state duration scores and
Const. be the normalization factor of Gaussian distributions. then the logarithm
of P(q.o|\,T) can be written as :

logP(q, 0|\, T)
= aqlog(q|\, T) + logP(o|q, N\, T)
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K
1
=ay ZIOEqu(qu) - Eloglzl

k=1
—%(o - p)' 2 Yo - p) — Const. (2)
where
B= (Bqrr Bgzr - *s Har) ®)
¥ = diag{Zq1, Tg2. - - » Tl (4)

and pg, and Xy, are the mean vector and the covariance matrix associated with
state g. respectively. We assume that the total number of states which have
been visited during T frames is K (Z,’;l dow = T).

By using a MLSA (Mel Log Spectral Approximation) filter(19] speech is syn-
thesized from the generated sequence o.

3.2 Acoustic model adaptation using synthesized 503 sentences

The first adaptation method is simple. First, the HMNM-based speech synthesizer
generates 503 phonet ically-ballanced sentences(18]. We consider that the synth-
sized speech was uttered by one “speaker-independent” speaker because it is
synthesized from a “speaker-independent” HMM. Next, a speech coder encodes
and decodes these utterances. Finally, a codec-speech HMM is estimated with
MLLR using these codec utterances. One full matrix for a global regression class
is used as a transformation matrix of MLLR(8).

3.3 Acoustic model adaptation using waveforms corresponding to
mean vectors

The second proposed method uses synthetic speech segments corresponding to
the mean vector of each output distribution.
The output distribution of state i is defined as follows:

M

b,(0) = Y mN (0 pyy Zim) 1SiSN ()
k=1

N(o,p. X)

—_- __1_ _ 1y—1 _

~ e B -5l — ) B e =) (©)

where Al is the number of Gaussian mixtures, N is the number of states, Kim

the mean vector and X, is the covariance for the output probability functions

of mixture m at state i. ¢,m is the mixture weight of mixture m at state i
The toilowing process is performed on all output distributions:



Acoustic Model Adaptation for Codec Speech based on Learning-by-Doing Concept 111

)

e [ r
x
=iy | A A
>
U4 \-\ S
Z S
E’I_G
M) -eees
& (3 L O O A O TR
g 0[ a:
2
17\ Ih
Taf 0" e
o
£
MLS -ees,
o e [ T VT R T R VT R | EI I TTR T
Sor
2
=Py s
E' | ) TN
v
g°r
Yal dsa
=8 . e 16 T THEE] T i .
- ec:
Sor ‘ l I
x
20 ’ i
5 i ~
:é‘ 3 ‘W\' \rv-
&
<
& 8 e 3 13e 143 [g [(H e 11¢ e a8
i o aees —
z .
ey PV S— ]
E | 3
Taf 1V
£ I YAt Vv H
gt |
ML aesl
o e 1 ue e 1 e ¢ n I i

Fig. 3. Japanese vowel (/a/,/i/,/u/,/e/,/o/) spectrums and waveforms generated from
the mel-cepstral coefficients

- Generate L frame speech from the mean vector py,,,. using the speech syn-

thesis algorithm described in section 3.1.

- Encode and decode the synthetic speech by a speech coder and decoder.
- Analyze the mel-cepstral coefficients (c},cj, - - -, ¢} ) from the codec speech.
- Replace the mean mel-cepstral coefficients,

L
& = ZI:l < (7)

= y

L

with the mean vector p,,,, of the HMM. The delta and delta-delta parameters
are not adapted in this paper.

Figure 3 shows an example of the Japanese vowel (/a/,/i/,/u/./e/./o/) spec-

trums and waveforms generated from the mel-cepstral coeflicients of the HMM
Mmean vectors.
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4 Experiments

To evaluate the proposed methods, we compared the recognition performance of
the following HMMs :

1. the HMM trained by uncoded speech (baseline model),

2. the HMM adapted using 503 synthetic speech described in section 3.2 (508
sentences),

3. the mean-vector adapted HMM described in section 3.3 (mean-vector based),

4. the HMM trained with codec speech training data (codec speech HMM).

We consider that codec speech HMM shows the upper limit of the proposed
method.

4.1 Conditions

Acoustic analysis and HMM training conditions are the same as detailed in
section 2.3. The feature vector is comprised of 13 mel-cepstral cocfficients (0-
12th), and their delta and delta-delta cocfficients. For the acoustic model, shared
state triphone HMMs with sixteen Gaussian mixture components per state were
trained.

For the mean-vector based adaptation method, the adaptation data corre-
sponding to each distribution of each state, were generated at a 150 Hz pitch
frequency by the MLSA filter. From a preliminary experiment, the adaptation
data for unvoiced sounds were also excited with a 150 Hz pitch. For this exper-
iment the length of each data was 0.3 seconds.

4.2 Experimental results

The experimental results are provided in Table 4. As shown by this table, the
mean-vector based adaptation method improves the word accuracy of the base-
line model. The proposed method was effective in both G.723.1 Annex A coders
of 6.3kbps and 5.3kbps. We observed an improvement in word accuracy of ap-
proximately 1.5 points (8% relative error reduction) at 6.3kbps and about 3
points (12% relative error reduction) at 5.3kbps. The proposed method slightly
degrades the recognition performance of the codec speech HMM. However, the
proposed method did improve the recognition performance of the baseline with-
out any training speech.

On the other hand, the HMM adapted using 503 synthetic speech did not
improve the accuracy. One reson for this discrepancy may be that we did not
study the structure of MLLR transformation matrix sufficiently. We also expect
an essential problem is that the synthetic speech was one average speaker’s voice-



Acoustic Model Adaptation for Codec Speech based on Learning-by-Doing Concept 113

Table 4. Word accuracy of proposed method for G.723.1 codec speech

HMM or bitrate of codec speech
adaptation method| 6.3kbps  5.3kbps
baseline model 80.4 % 76.1 %
508 sentences 76.3 % 73.5 %
mean-vector based | 82.0 %  79.0 %
codec speech HMM | 83.0 % 80.7 %

5 Summary

In this paper, we propose novel acoustic model adaptation methods based on a
learning-by-doing concept, in which a speech recognition system utters sentences
in a target environment and adapts acoustic models by listening to them. The
proposed methods generate adaptation data from the acoustic models (HMMs)
by using HMM-based speech synthesis. By using the generated data after coding,
the system adapt the acoustic models using these data. Experimental results
of G.723.1 codec speech recognition indicated that the proposed mean-vector
based adaptation method improved the recognition accuracy of codec speech
when compared to the non-adaptation HMM. Additionally the word accuracy
of the proposed method approaches that of the codec speech HMM.

For this study, only the MFCC mean vectors of HMM were adapted. Cyp
rently we are trying to adapt the covariance matrix. In the future, the propc
method will be adapted to other coding and environments.
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Abstract. It is known that speech recognition performance varies pend-
ing when the utterance was uttered although speakers use a speaker-
dependent speech recognition system. This implies that the speech varies
even il a specific speaker ullers a specific sentence. Hence, we investigate
the speech variability of a specific speaker over short and long time pe-
riods for getting the stable speech recognition performances. For this in-
vestigation, we need a specific speaker’s speech corpus which is recorded
over long time periods. However, at present, we have not seen such a
Japanese speech corpus. Therefore, we have been collecting the Japanese
speech corpus for investigating the relationship between intra-speaker
speech variability and speech recognition performance. In this paper,
first, we introduce our speech corpus. Our corpus consists of six speak-
ers’ speech data. Each speaker read specific ullerance sels Lree times a
day, once a week. Using a specific female speaker’s speech data in this
corpus, we conduct speech recognition experiments for investigating the
relationship between intra-speaker speech variability and speech recog-
nition performance. Experimental results show that the variability of
recognition performance over different days is larger than variability of
recognition performance within a day.

1 Introduction

Recently, speech recognition systems, such as car navigation systems, and cellu-
lar phone systems have come into wide use. Although a speaker uses a speaker-
dependent speech recognition system, it is known that speech recognition per-
formance varies pending when the utterance was uttered. For this reason, we
consider that speech characteristics varies even though the speaker and utter-
ance remain constant. This intra-speaker variability is caused by some factors
including emotion and background noise. If the recognition performance is not
consistent, then products using speech recognition systems become less useful
for the end-user. As the relationship between intra-speaker’s speech variability
and speech recognition performance is yet unclear, we began to investigate the
nature of this relationship.
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In the field of speaker identification and verification, it has been reported that
speaker verification performance degraded for a standard set of templates after
only a few months[1][2]. However, we have not seen this evaluation applied to
Japanese speech recognition. At present, there are a lot of Japanese speech cor-
pora for studying speech recognition[3][4][5]. However, we have not seen a corpus
of Japanese speech data of a specific speaker over a long time period. Hence, we
have not been able to investigate the relationships between the intra-speaker’s
speech variability and speech recognition performance. In order to examine the
intra-speaker’s speech variability and its influence on speech recognition perfor-
mance, we need a new corpus. Consequently, we started collecting some specific
speaker’s read speech data. Data collection was initiated in October 2002. It is
still underway as of December 2005. In this paper, we describe the speech corpus
collected by us for investigating intra-speaker’s speech variability.

Because the initial speech data which were collected at one recording time
was one file, we need to divide one recorded file into separate utterances. This
process requires a lot, of time and effort. In this paper, we propose an automatic
utterance segmentation tool for dividing one recored file into separate utterances.

At present, we have some speech data which has been processed using this
segmentation tool. We conducted the speech recognition experiments using these
speech data. In this paper, we report phoneme accuracy on each speaking day
and at each speaking time.

In the following section, we introduce the our database. In section 3, we
propose the automatic utterance segment tool for processing our database. In
section 4, we show the experimental conditions and results. In the last section
(section 5), we describe the summary of this paper and future works.

2 A Japanese speech corpora

There are a lot of Japanese speech corpora for studying speech recognition[3][4](5).
Most of these speech corpora are designed for studying speaker independent
speech recognition systems. Hence, the amount of speech data from one speaker
is limited and often collected on one day. Using these speech corpora, it. is difficult
to investigate the speaker’s speech variability over long time periods and relation-
ships between speaker’s speech variability and speech recognition performance.
In addition, these corpora lack information about speakers, such as physical con-
dition of speaker, environmental condition of recording, and so on. To investigate
what caused the variability of the speaker’s speech, we need this information.
Consequently, we began collecting speech data of some specific speakers uttered
over a long time period. In our corpus, the speaker fills out a questionnaire which
is described in section 2.5 at each recording session. Since September 2002, we
have been collecting speech data for investigating the relationships between the
speech variation and speech recognition performance. In this section, we describe
our Japanese speech corpus.
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2.1 Speakers and recording days

Our corpus consists of six speakers’ speech data. The number of male speakers
and the number of female speakers are four and two, respectively. Each speaker
read utterance sets, described in section 2.3, three times a day, once a week. The
length of each recording was about fifteen minutes.

2.2 Recording environments

Our corpus was collected in one of the two following types of recording environ-
ments,

— Schoolroom
We used a quiet school room for recording from November 2002 to October
2003.

— Silent room
We used a silent room for recording from October 2003 to the present.

2.3 Utterance sets

We used the two utterance list sets for recording. In this paper, we call these
Common recording set and Individual recording set. The contents of each are
described below:

— Common recording set
e Japanese phonetically balanced sentences (The number of sentences is
50. These sentences are called Aset.)
Isolated words (The number of words is 10.)
e Name words (The number of words is 10.)
4 digit strings (The number of items is 10.)
Checked sentences (The number of sentences is 16.)

— Individual recording set
e Japanese phonetically balanced sentences
e Isolated words
e 4 digit strings
e Japanese newspaper sentences
The items in the individual and common recoding set, differ.

All speakers uttered the common recording set at every recording session. The
length of this recording set, which included non-voice sections and mistaken
sections, is about thirteen minutes. The contents of the individual recording set
were different at each recording session.
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2.4 Recording file format

We used the head set microphone, Sennheiser HMD410, and the DAT recorder,
Sony TCD-D100, for the recording system. The DAT’s sampling rate is 48 kHz.
Using DAT link, we copied the recorded speech data from DAT to the computer.
At that time, the number of recorded speech data files was one because this data
included the non-voice sections and the mistaken sections. Then, we divided this
speech data file to individual speech data. Finally, we resampled the speech data
at 16kHz.

2.5 Questionnaire

For investigating the reason of intra-speaker’s speech variability, the speaker
filled out a questionnaire at every recording session. The contents of the ques-
tionnaire are listed below:

— Physical conditions
Body temperature
Weight
Percentage of body fat
Pulse rate
Blood pressure
Feeling or Mood
e Condition of nose and throat
— Environmental conditions
e Outdoor temperature
e Outdoor humidity
e Temperature in recording room
e Humidity in recording room
[ ]
[ ]

Day of recording
Time of recording

In addition, after the last recording session in a day, the speaker answers
some questions about today’s activities and the hours of sleep yesterday.

3 Automatic utterance segment tool

The speaker has to check each utterance each time if we collect the utterances
individually. In general, the speech is recorded as one file from recording start t0
recording end. Hence, there are some noises, non-voiced sections and mistaken
sections in this file. For our speech corpus, we have to segment. this file into
individual utterances and select the useful utterances. However, this process
requires a lot, of time and effort. In this paper, we propose an automatic utterance
segmentation tool for dividing the recorded speech files.

Figure 1 illustrates the flow of the proposed automatic utterance segmenta-
tion tool. Below, we explain each part of the proposed method.
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Fig. 1. The Now of the automaltic utlerance segment Lool.

1. End point detection using power
First, we find the end point of each utterance in the speech data using power.
The power of m-th frame (P(m)) is calculated as follows,

Zn ()( ((7"*5)+77)) r (1)
T

P(m) =

where T, S, and s(n) are the the frame length, the frame shift, and speech
signal, respectively. Using this, we detect the end point. In this paper, the
frame length and frame shift are set at 5 msec and 2 msec, respectively. If the
power of a frame following a silence is bigger than the threshold, this frame
is the start of the speech section. Using the threshold selection method[6], we
determine the threshold for detecting the end point. After the start section,
we find the next silint segment using power then we define the end point of
the speech section. However, we ignore sections shorter than 300msec. We
added a 1 second silence to speech sections.
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2. Speech recognition for labeling the initial utterance label
We made on initial label of each speech section using speech recognition. For
the acoustic models, we used the gender dependent shared-state triphone
HMMs with sixteen Gaussian mixture components per state. The number
of states of these acoustic models is about 2000. We use a dictionary and
grammar which are based on the spoken list. The utterance sections are
labeled the initial utterance labels which are included speech list. In addition,
we modify the silent period to 0.5 second using recognition result.

3. Utterance labeling using DP matching
After speech recognition, we conducted DP matching between the spoken
list, which is a corrected list, and the recognition results. This process re-
moved the mistaken sections from the separate utterances. In this process,
if an utterance is uttered more than once, we assume the last utterance to
be the correct utterance.

4 Experiments

For investigating speech recognition variability over long and short time periods,
we conducted a speaker-dependent continuous speech recognition experiment
using our speech corpus. In this experiment, we used speech data which were
downsampled from 48kHz to 16kHz. The collected speech data were recorded in
two types of environments: a schoolroom and a silent room. Hence, we conducted
two experiments under the condition of the recording environments.

4.1 Experimental Conditions

Training data 502 Japanese phonetically balanced sentences were used for the
training for schoolroom recording environment and 503 Japanese phonetically
balanced sentences were used for training for the silent room recording environ-
ment, respectively. These training sentences were uttered on following days:

— Schoolroom recording environment

2002.11.12, 19, 26, 2002.12.3, 10, 17, 24, 2003.1.14, 21
— Silent room recording environment

2004.11.9

Testing data For the testing data, we used 50 kinds of Japanese phonetically
balanced sentences. These sentences were uttered three times in a each recording
day. These sentences were recorded on the following days:

— Schoolroom recording environment
2002.11.19, 26, 2002.12.3, 10, 17, 24, 31, 2003.1.7, 14, 21, 28, 2003.2.4, 11,
18, 25, 2003.3.4, 12, 18, 26, 2003.4.2, 7, 14, 21, 28, 2003.5.6, 12, 19, 26,
2003.6.3, 10, 17, 24, 2003.7.1, 8, 15, 22, 2003.8.5, 11, 17, 30, 2003.9.1, 10, 16,
23, 2003.10.03
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— Silent room recording environment
2003.10.10, 17, 24, 31, 200311.07, 15, 21, 28, 2004.1.5, 9, 16, 23, 30, 2004.2.6.

For the testing set, we used 6,747 and 2,099 utterances in the schoolroom
recorded environment and the silent room recorded environment, respectively®.

Feature vector and acoustic model The feature vector for the experiment
was 25 MFCCs (12 static MFCCs + 12 of their deltas + one delta-logpower). For
the acoustic model, shared-state triphone HMMs with sixteen Gaussian mixture
components per state were trained. We set the number of states at about 270.
We used the same conditions in both recording environments.

Decoder and evaluation For the decoder, we used the one-pass Viterbi algo-
rithm with the phonotactic constraints of Japanese language expressed. Recog-
nition results are given as phoneme accuracy. We use HTK version 3.2.1(7] as
acoustic modeling and recognition tools.

We calculated the variance of recognition accuracy for investigating the vari-
ability. For investigating the influence of speaking time, we calculated the vari-
ance of the recognition accuracy in equation (2).

_ Ldedate(ACCur — AVE,)?
- Ivdatz'

Vi ) (2)
where, date indicates all speaking days, ACCy4, and AVE, are the recognition
accuracy of speaking day d and speaking time ¢ and the average recognition
accuracy of speaking time ¢. Ngqre is the number of speaking days. To investi-
gate the influence of the speaking time, we also calculated the variance of the
recognition accuracy in equation (3).

B Z:dEdalc ZlEtimu(ACCd.f. = AVE{{)Q (3)

v
Nda{.c * thimc

where, time indicates the all speaking times. AVE, indicates the average recog-
nition accuracy of the speaking day d. Nyime is the number of speaking times in
a day.

4.2 Experimental results

In this section, we present the experimental results in order to investigate the
influence of speaking days and speaking time. Tables 1 and 2 show the speech
recognition performance on the schoolroom recording environment and on silent
room recording environment, respectively. Table 3 shows the variances which
were calculated by equation (2) and equation (3).

4 For recording mistakes, the number of testing sentences is 49 in afternoon on
2003.1.14, morning on 2003.4.28, morning on 2003.7.1. and evening on 2003.11.28
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Table 1. Schoolroom cnvironment (phoneme accuracy (in %))

Rccording days

2002 2003

1119 1126 1203 1210 1217 1224 1231 0107 0114 0121 0128 0204
Morning 78.5 765 764 73.8 756 773 178.6 75.0 75.1 729 724 744

Afternoon | 78.1 76.6 81.6 73.8 767 763 759 726 73.3 72.7 72.7 709
Evening | 76.9 756 76.6 755 774 775 76.3 75.2 74.0 753 75.0 69.4
Avcrage 779 762 782 744 1766 77.0 769 743 741 73.6 734 71.6

2003 -

0211 0218 0225 0304 0312 0318 0326 0402 0407 0414 0421 0428
Morning | 69.5 67.4 71.6 73.6 677 71.4 729 743 747 738 754 719

Afternoon | 67.9 68.4 702 71.2 711 734 71.7 74.1 68.7 71.2 715 714
Evcning 714 696 71.5 73.4 707 73.0 751 73.6 724 74.5 73.5 728
Avcrage 696 685 71.1 727 698 726 732 740 719 73.1 735 72.0
2003

0506 0512 0519 0526 0603 0610 0617 0624 0701 0708 0715 0722
Morning | 69.4 72.7 625 725 762 75.0 73.9 76.2 1756 77.1 733 749

Afternoon | 72.5 71.7 644 742 732 703 711 75.0 74.5 76.2 732 755
Evcning 735 726 686 74.0 749 739 73.0 757 759 74.9 75.0 74.5
Avcrage 718 723 651 73.6 748 73.1 727 1756 753 76.1 73.8 75.0

2003 Avcragce
0805 0811 0817 0830 0901 0910 0916 0923 1003
“Morning | 76.3 734 754 1756 745 706 74.3 73.8 73.1 73.7
Afternoon | 747 746 754 T71.8 73.1 728 747 71.8 70.9 73.0
Evening 76.1 76.7 739 736 748 754 739 74.1 74.7 74.1
Avcrage 757 7490 749 173.7 741 1730 743 732 729 73.6

Comparison of recognition performances

Table 1 shows that the recognition performances from 2002.11.19 to 2003.1.21
are higher than other days. These are the days when the training data was
recorded. Because the recording days of the training data and the testing data
were the same, we consider that there are few acoustic mismatches between the
training data and the testing data. However, we can see from this table that the
recognition performances on other days degraded compared to the training data
recording days. I believe that the speech variability on different days was greater
than the speech variability within a day.

We can see from Table 2 that the recognition performances are consistent
compared to the schoolroom recording environments. We consider that the speak-
ers became used to speaking utterances. Hence, the acoustic feature vectors vary
little in testing periods.

Compared to Table 1 and 2, we can see that the phoneme accuracies of the
silent room environment are lower than those of the schoolroom environment.
We suppose that the reason is that the period between testing and training data
in the silent room recording environment is 7 months. .

On the other hand, we can see from Table 1 that the recognition perfor-
mances of 2003.5.19 are lower than that of other days. Hence, we investigated the
questionnaire of 2003.5.19. This questionnaire showed that the speaker caught
a cold. From this result, we can confirm that the physical condition influences
the recognition performance. We will investigate the detail of this result and
the relationships between the emotion and recognition performance from the
questionnaires.
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Table 2. Silent room environment (phoneme accuracy (in %))

Recording days
2003 2004

1010 1017 1024 1031 1107 1115 1121 1128 0105 0109 0116
Morning | 72.0 70.6 685 684 71.7 67.9 706 70.6 71.5 70.7 729
Afternoon | 72.2 73.4 673 708 72.0 735 732 706 708 73.3 73.6
Evening | 72.1 702 751 729 723 732 707 74.6 714 720 73.7
Average | 72.1 714 703 70.7 720 715 715 71.9 71.2 720 734
2003
0123 0130 0206 | Average
Morning | 72.1 69.4 68.7 70.4
Afternoon | 72.3 70.9 70.2 71.7
Evening | 73.7 70.4 72.1 72.4
Average | 72.7 70.2 70.3 71.5

Table 3. Variance of the recognition accuracy against speaking day and speaking time

recording
environment| V |V, V, V.
schoolroom (1.60(8.88 8.36 4.01
silent room (2.32(2.91 2.12 2.38

Comparison of variances

From Table 3, we also see that the difference between the variance of the speaking
time in the silent room (Vi,,V,,V,) is smaller than in the schoolroom. The
training data for the silent room was collected in one day although the training
data for the schoolroom was collected in two months. Hence, the acoustic model
for the schoolroom may be able to be trained using the variation of the speech
resulting from a longer collection period.

5 Summary

In this paper, we described a Japanese speech corpus for investigating speech
variability in a specific speaker over long and short. time periods. This corpus
has been collected by us since October 2002. The data collection is still ongoing.
We have collected six speakers’ utterances. Each speaker spoke three times in a
day once a week. In addition, we proposed an automatic utterance segmentation
tool for dividing one recorded file to individual useful utterances.

Using a part of our speech corpus, we conducted speaker dependent speech
recognition experiments. Experimental results show that recognition performance
degraded when there are acoustic mismatches between testing and training data
collected over different periods.

In the future, we will continue to collect speech data and enhance our speech
Corpus. We will conduct speech recognition experiments using otner speaker’s
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speech data and investigate the influence of recording period on the recognition
performance.
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Abstract. This paper illustrates our examination of the “E-nightingale
Project,” reports the results manually obtained from task analyses of
nursing activities using spoken corpora, and describes the possibility of
automated task analyses using natural language processing technologies.
Recently, medical malpractice has become a serious social problem and
safety measures to prevent and decrease medical malpractice are being
taken in some hospitals, for example, by building computerized database
in new systems.

The Japanese Nursing Association states in its guidelines that nurses
are encouraged to make nursing reports, including medical malpractice
reports, and to analyze the cause of accidents, which is helpful for pre-
venting recurrences.

However, it is very difficult for nurses to produce detailed records during
their working hours except for malpractice reports. Furthermore, it is
hard work for nurses on duty to analyze the recorded data in detail.

As a solution, we have launched the “E-nightingale Project,” in which
some systems using wearable computers are being developed for the pur-
pose of preventing and reducing medical malpractice.

As part of this project, we built spoken corpora using voice data that
were monitored and recorded daily nursing assignments in hospitals with
our developed devices. 800 hours of voice data were accumulated, and 70
hours of those were transcribed as the spoken corpora. Then we started
analyzing nursing tasks using the spoken corpora, and considered the
possibility of automated task analysis using natural language processing
technologies.

1 Introduction

Recently, medical malpractice has become a serious social problem [1]. The
Japanese Ministry of Health, Labor and Welfare has reported that nursing teams
are most frequently involved in medical accidents in hospitals [2]. The Japanese
Nursing Association also states in its guidelines that nurses are encouraged to
make nursing reports and to analyze the cause of accidents by comparing medical
Malpractice reports, which is helpful for preventing recurrences. Some nursing

© 4. Gelbukh (Editor)
ances in Natural Language Processing
Research in Computing Science 18, 2006, pp. 125-136
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tasks in particular are closely associated with the occurrence of medical mal-
practice. In other words, if the nursing reports and medical malpractice reports
are analyzed according to nursing tasks, it can be understood why and when a
medical malpractice event happened. By using the results, medical malpractice
can be reduced and prevented. However, it is very difficult for nurses to make
detailed records during their working hours; furthermore, it is hard work for
nurses on duty to analyze the recorded data in detail.

We launched the “E-nightingale Project” to develop a nursing service support
system based on multimedia data in the real field that monitors and records
nursing activities in detail using wearable computers. We can obtain multimedia
data from our developed devices such as video data, sensed data of body actions,
and voice data. Since video data can only be obtained in a narrow range, it is
not possible to analyze all of the nursing activities. In fact, we are still analyzing
sensed data so we cannot yet determine nursing behaviors from the sensed data.
On the other hand, nurses have to confirm task names aloud every time they start
their tasks, and we can use this information to analyze their tasks. Therefore,
we focus on voice data to analyze nursing activities. In addition, since we need
to develop dictionaries for an automatic speech recognition, we have decided to
build corpora on nursing activities. This is the first attempt to develop special
devices, to create spoken corpora for understanding nursing assignments, and to
analyze nursing tasks by using the spoken corpora.

We monitored nurses in a hospital for several days, and recorded multimedia
data using our wearable computers. The multimedia data include video data,
voice data, sensor data and so on. We tried to analyze these data automatically;
however, there arose some problems with analyzing them automatically. For ex-
ample regarding voice data, nurses usually use technical terms with various ex-
pressions. We have some databases that can be regarded as standard dictionaries,
such as JNPSM (Japan Nursing Practice Standard Master) built by MEDIS-DC
(Medical Information Center Development Center) [3], and ICNP (International
Classification for Nursing Practice) [4], but since they include written language,
it is difficult to match their terms and the spoken terms collected in our project.
Furthermore, concrete definitions of nursing tasks in actual working places do
not exist in the research area of nursing task analysis.

In this paper, we report a way to accurately monitor nurses’ activities in ac-
tual working places, and propose a method to effectively analyze nursing tasks
from nurses’ activity data. We first illustrate our examination of developing cor-
pora of voice data for understanding nurses’ activities, then report results from
task-analyses of nursing activities manually, and finally explain the possibilit)’
of automated task analyses using natural language processing technologies such
as text-clustering methods.

2 E-nightingale Project

As previously mentioned, preventing medical malpractice is a very important ré”
search issue. To do so, it is vital to recognise the reality of hospital situations, a%
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to understand nursing activities. It is also important to make accurate nursing
reports.

To fully understand nursing activities, a one-day schedule of nursing tasks
should be recorded and analyzed. In the traditional method, nurses have re-
ported their activities after their work using their memories. Alternatively, one
researcher has followed a nurse all day and taken meticulous notes of the nurse's
activities. The traditional method, called a “Time Study Survey,” is expensive
and cannot fully describe their daily activities with sufficient accuracy (7], which
1s why we started the E-nightingale Project. The project has the following pur-
poses:

— to develop wearable computers for easy recording of daily nursing assign-
ments,

— to obtain multimedia data of nursing assignments in the hospital,

— to analyze the data to accurately grasp nursing tasks and to build a database
of nursing tasks efficiently,

— to utilize the database by better understanding the activities and comparing
malpractice reports to prevent future malpractice.

Though we can obtain multiple data types, in this paper we focus on voice
data for the following reasons:

— natural language processing technologies are evolving and can be applied in
the real field,

~ speech recognition technologies are also evolving and can be applied in noisy
fields (5, 6],

— much text information can be utilized by the diffusion of electronic charts,

— nursing activities and situations can be understood easily if the speech of
nurses can be grasped.

This is to say we are developing a method and system for automatic “Time
Study Survey.” As the first step, we recorded the voice data of nursing activities
along with cue words and cue sentences such as “I will start A task,” that are
regarded as annotations by nurses using our devices. In the next section, we
explain how to obtain the voice data.

3 Experiments to Collect Data

We recorded voice data in some hospitals using our wearable computer. The voice
data contained daily nursing assignments with many types of sounds, including
talks with patients, and/or doctors, noise during nursing care, and other tasks.

First, we explain the wearable computer used in this investigation. To obtain
voice data in hospitals, we used a special device comprising of an ICrecorder,
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Microphone
with event button.

Fig.1. Our Devices

a microphone with an event button, and an intermediate control box with a
buzzer, as shown in Fig. 1.

The event button is used for explicit voice annotation when nurses start or
complete a task. Recently, to decrease medical malpractice, nurses have had
to confirm a medicine’s name aloud when they start mixing medicines into an
intravenous drip. If the voice is recorded by our device, we can correlate the voice
with the nursing task “Medication Administration” manually. Furthermore, if
conversations between nurses and patients can be recorded, the task performed
at that time can be easily understood.

When the button is pushed, the buzzer sounds once and its sound is recorded,
and then nurses record their tasks of the moment by speaking short sentences
that include words of confirmation and conversations with patients. The buzzer
is also set to sound periodically (every 10 minutes) to prompt nurses to make
voice inputs about their ongoing tasks. Simple signal processing can extract and
classify task-driven and periodic voice records as well as nurse call rings.

In two departments of a hospital, we conducted experiments on collecting
data of nursing tasks through voice annotation. The nurses worked in three
shifts, assigned to the primary patients of each ward. All nurses were given
instructions on how to use our devices. The entire recording time was about 800
hours. Data were gathered from 163 trials for a 14-day experiment involving 39
nurses using our devices.

Next, we transcribed the voice data to text to build nursing spoken corpora
— the Nursing Task Corpus and the Nursing Dialogue Corpus. The following
section will include a detailed explanation of the corpora.

4 Nursing Spoken Corpus

We transcribed the voice data to text to build the nursing spoken corpora that
are used for understanding nurses’ tasks and collecting nursing technical terms
in the daily nurse assignments, especially in clinical meetings.
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The process of creating the corpora is as follows:

1. Data of the sounds, including buzzer and short sentences, are broached by
the signal processing.

9. Transcriptions of each broached data are made manually.

3. Task names in a job category list are manually attached as tags to each
transcription of short sentences for the Nursing Task Corpora.

4. For the Nursing Dialogue Corpora, words not included in the IPA dictionary
[8] but included in voice data in conferences or clinical meetings are tran-
scribed and tagged as “unknown words.”

The transcription was made by four staff members, including an experienced
specialist in making transcriptions, a nurse who had worked in hospitals for three
years or longer, a pharmacist, and a part-time employee, and it was assumed that
the latter three had no experience working in the field of transcription.

Two types of corpora were built from the transcribed data. One was the
Nursing Task Corpus, the other the Nursing Dialogue Corpus. The Nursing
Task Corpus includes transcriptions of voice data for 10 seconds with a buzzer
that were extracted by simple signal processing from the voice data of a one-
day assignment. The Nursing Task Corpus includes all activities by a nurse
in one day. This is useful for making accurate nursing reports. If the Nursing
Task Corpus is analyzed together with medical malpractice reports in detail,
nurses can find when malpractice events happen, what nurses do, and how such
events occur and so on. The Nursing Dialogue Corpus includes all conversations
during clinical meetings. We can thus easily understand the communications
among nurses, and collect technical terms in the real field for automatic speech
recognition from the Nursing Dialogue Corpus.

In the next section, we briefly explain the Nursing Dialogue and Nursing
Task Corpora.

4.1 Nursing Dialogue Corpus

During nurses’ shift changes, they hold clinical meetings to discuss patient in-
formation, and in the process, they modify and confirm this information. Fur-
thermore, if problems occur in their work area, they hold brief conferences to
solve them by discussing their experiences.

We think dialogue in the clinical meetings includes cue words of nursing
activities, their work flows, nursing technical words, and so on, and consider
the cue words to be very useful for understanding their tasks. In addition, it is
also useful as a language model to transcribe the voice data automgtically l?y
using speech recognition tools. We collected technical terms from dialogues in
clinical meetings, especially medicine names, and medical test names. Because
these names are treated as “unknown words,” they do not exist in commonly
used dictionaries. An example from the corpus is shown in Table 1. In this case,
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“ENTO”3 is an unknown word and should be treated as a cue word. Because
“ENTO” helps to confirm nursing activities [9].

Table 1. Example from the Nursing Dialogue Corpus

Time Nurse-ID Utterance

00:50:19 A Kogure-san will be discharged tomorrow.
Please do not forget the ENTO sheet.

00:50:20 B Yeah, .. ENTO sheet..

00:50:40 C The drip infusion is still being given, isn’t it?
00:50:42 A Yes. It’s still dripping now.

00:50:44 B Ah. until when?

00:50:45 A Until tomorrow. Until 6 o’clock.

Supporting communication between doctors and patients is vital when doc-
tors give informed consent. As such, some researchers have implemented special
communication support systems tailored for communication between doctors
and patients [10]. We think our corpora are helpful for clarifying communication
mechanism in hospitals.

However, the nurses’ dialogues have not only a complex communication mech-
anism, but also many expressions such as nursing technical terms. For instance,
in general “# A4, (sengan)” means “Zi#i (washing face),” but if it is nar-
rated before surgery in ophthalmology, it means “#tiig (washing eye).” “H3LF
% (jiritsu-suru)” means “standing walk” if it is narrated in a conversation among
nurses, but it means “to earn one’s living by oneself” in general, as when it is nar-
rated in a conversation between a nurse and a patient’s family. Thus some words
have multiple meanings according to the situation. As a result, sometimes nurses,
especially novice nurses, experience misunderstanding in their communications.
Another exampleis “1a H i 5 (horyu),” which means “suspend giving medicine”
or “keep a sting stung.” Therefore, we think it will be possible to gather many
words that have multiple meanings when we check the corpus. This will allow us
to build or extend the contents of a dictionary of multiple-meaning expressions.
We consider these expressions to include cue words that are nursing technical
terms, and as such they are useful as language models to automatically recognize
speech and to prevent malpractices due to misunderstanding.

4.2 Nursing Task Corpus

J11rer
For the Nursing Task Corpus, when nurses started or completed a task, they
pushed the event button and recorded their tasks of the moment by speak-
ing short sentences. These sentences include confirmation messages for nursing

E)

“ENTO” means “to discharge from hospital,” originating from the German word
“Entlassen.”.
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tasks, conversations with patients, and so on. First, we transcribed these short
sentences and related them to nursing tasks associated with each one. To ef-
fectively build the Nursing Task Corpora, we also annotated job categories for
each nursing task. We used terms for job categories included in Kango Gyoumu
Shishin (Ba¥EH1E8t) published by the Japanese Nursing Association (HAE
#tf4>) [11) and Classification of Nursing Practice (HfT#MaE54H) published
by the Japan Academy of Nursing Science ( HABEIFF2) [12]. These anno-
tations were tagged by one ex-nurse who had worked in hospitals for three years
or longer, just like for making transcriptions. An example from the corpora is
shown in Table 2.

Table 2. Example from the Nursing Task Corpora

Time Utterance Job Category
11:01:00 I'm going to join a short conference. 18-106 conference
11:20:48 The short conference is finished. 18-106 conference
11:28:11 I’'m going to prepare a drip infusion set 13-63-6A0502

for Abe-san. intravenous infusion

11:32:01 D've finished preparing the drip for Abe-san. 13-63-6A0502
intravenous infusion

In this paper, since we focus on task analysis, we will discuss task analysis
using the Nursing Task Corpus in the following sections.

5 Results and Discussion of Task Analysis

In this section, we show a task analysis using the spoken corpora, consider the
results. and discuss our study in relation to automatic task analysis.

5.1 Term Definition for Task Analysis

To make a task corpus such as that shown in Table 2, we used task names (task
terms), explained previously, as job categories. Table 3 shows an example of the
job category list. It is difficult to find direct relations among these categories
and nursing task corpora in the real field because they have lexical ambiguity,
various expressions, and are too detailed for analysis of the relation between
nursing tasks and medical malpractice. We defined some task terms for the
nursing assignments, and correlated the task terms with the job category list.
The task terms are defined as follows: One-day nursing jobs, called Daily
Nursing Assignments, are divided into many tasks that are determined by
the job categories list etc. Daily Nursing Assignments consist of many Nursing
Tasks, for example, assistance with meals, instillation of drips, preparation of

infusions, and so on. Nursing Tasks are divided further into two categories, i.e.,
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Table 3. A Part of the Job Category List
No Job List 1 No Job List 2 Cord No Term of CNPBook
(Major Division) (Minor Division)

1 Hygiene (SHADHIR) 1 Bed-bath () 2D0301 Hand-bath (F#)
2D0302 Foot-bath (2#)
2D0601 Body-bath (£87R)

2 Hair-care (#t8, %&8) 2D0401 Washinghair (#82)
2D0301 Stylinghair (B8, £552)

6 Patient mover 26 Patient mover 2G0201 Move to wheelchair

(BFOBR) (I F~DBIE)
2G0301 Move with assistive device
(HEBhRRE F v 7c B O NE))
2G0401 Other transfer (%)
13 Doctor’s assistant 58 Rounds (EZ)
(B8, Taf O N 8h)
59 Change bandage (‘@A%) 6C0101 Injurycare (fil{7 7)
60 Brace (¥7%)
63 IVH-care 6A0502 Intravenous infusion
(IVH, fise s niE i) ( HFEARERATESY)
18 Takeover among nurses 105 Changeover (LD )
(BT DL, B LYEY) 106 Conference
(hv7Z7VLvR)
34 Control of staff’ health care 162 Meal (&¥)
(BRADRHNEE) 163 Rest, Break Time (K8, k%)
Daily Nursing Assignment Other Jobs

Nursing Activities

ASVL

Direct Care

50
[l - Nursing Practice
Indirect |
Care
) l

A

Fig.2. A model of Term Definition of Nursing Tasks
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Nursing Activities and Other Tasks. Nursing Activities include jobs that

nurses have to do, and are again divided into two categories, i.e., Nursin

Practices and Indirect Care. Nursing Practices include jobs ,direc‘tly 1'elat,edg

to patients, consist of Direct Care and Auxiliary Tasks that support doctors

A standardized model of the term definition of nursing tasks is shown in Fi 2.

s b’fhz relations of our term definition and the job categories list are showi' in.
able 4.

Table 4. Relation of the Term Definition and the Job Categories List

Term Definition No of Job example
Job Category List

Direct. Care 1-12 Bedside-bath, Care of hospitalization and release
Allfiliar_\' Tasks 13 - 16 Doctor assistance, Vital care, Medical tests

Indirect Care 17 - 27 Report of medical condition, Conference among nurses
Other Tasks 28 - 35 Messenger tasks, Communication with other sections

5.2 Results of Task Analysis from Nursing Task Corpora

We created the Nursing Task Corpora to analyze nursing tasks for the whole day.
\’.Ve annotated job categories for each transcribed sentence, analyzed the working
time taken for the four categories (Direct Care, Auxiliary Tasks, Indirect Care,
and Other Tasks) using the Nursing Task corpora. Example results are shown in
Table 5. These results are average values of task analysis using all data in each
shift in one department.

Indirect Care in the Nursing Activities, such as takeover among nurses, and
preparing medicines, takes a long time in all shifts. The time for Direct Care
and Auxiliary Tasks is unexpectedly short in all shifts. Therefore, we think we
can provide some practical methods to concentrate attention on only the time
for Direct Care and Auxiliary Tasks.

Table 5. Example Results of Job Analysis using the Nursing Task Corpora

Job Categories Dayshift Twilightshift Nightshift

Direct Care 0:59:06 0:54:12 1:36:27
Auxiliary Tasks 1:40:19 1:26:28 1:53:22
Indirect Care  2:52:11 2:10:53 3:15:50
Other Tasks 0:53:24 0:16:53 1:05:45
Unspecified 1:30:08 0:50:14 1:23:40

:55:08 5:38:39 9:15:04

=1

Total Time
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5.3 Discussion of Task Analysis

The time periods for Direct Care and Auxiliary Tasks are very important ones
for preventing medical malpractice because nurses give medical treatment to
patients directly. If nurses can focus their attention on these time zones, we
think there will be great success in preventing medical malpractice.

To realize this, we need to know which tasks nurses are doing as they do
them. This can be done by making transcriptions with the aid of speech recogni-
tion tools [13-15]. For the next step, we need methods to analyze nursing tasks
automatically. One solution could be applying text classification technologies to
task analysis; that is, if transcribed sentences are classified into the same job cat-
egory, the sentences will include at least one of the same terms. We investigated
the features of the task corpora in detail to explore the possibility of applying
text classification to the nursing task analysis. We checked about 6,000 utter-
ances in a part of the task corpora as a trial. Thirty-nine nurses participated
in the trail experiment. They were divided into 35 job categories within the
major divisions?, such as 1-1-2D0401 (Hygiene/Hair-care/Washing-hair %£%),
13-58 (Doctor assistance/Rounds [@]), as shown in Table 3. All transcriptions
in the trial data were analyzed by the morphological analysis tool Chasen [16].
The frequency of nouns in the transcriptions was 18,737 times ( 1,590 words ),
and the frequency of verbs was 6,321 times ( 530 words ). In fact, one utterance
includes one verb and two or three nouns, suggesting that each sentence is short
because of spoken language.

In the data, the most frequently occurring verb is L (do). With 1,400 appear-
ances this word appears in every transcription of every job category. Verbs, how-
ever, are of limited use for understanding nursing tasks. On the other hand, the
most frequently occurring noun is & A, (Mr, Miss, Mrs.), occurring 1,948 times.
This is also useless for understanding the tasks, but nouns of high frequency
are terms that are easy to associate with the Job Categories, such as ¥ = v 7
(Check), # 17 (Medical chart), 5| % # & (Takeover). We checked the relation
between high-frequency nouns and job categories. The features are shown in
Table 6.

We randomly checked the features of each shift in one department, the fre-
quent appearance of nouns divided in the same categories. This means that the
surface co-occurrence relations between nouns of utterances and job categories
are useful for task analysis. Though our corpora include very few data for one
department in a certain hospital for analyzing general nursing tasks, we think
it is possible to understand nursing tasks automatically using the surface co-
occurrence relations between nouns and job categories.

6 Conclusion

We introduced our project and explained the process of task analysis using the
nursing task corpora and showed how to analyze daily nursing assignments effi-
ciently using a wearable computer. We have now obtained 800 hours of voice data

PR ! e :
There are about 460 job categories in the minor division.
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Table 6. Features of Relations with High-Frequency Nouns and Job'Categories

Noun Frequency Job Categories Appearance Rate %
Fzv? 410 18-109 iR 4ETE 58.2 (1 239/410 )
(Check) ‘(Summary of medical chart)

ANT 353 18-109 fiiD%H 68.6 ( 242/353 )
(Medical chart) (Summary of medical chart)

CIE:2 134 212 18-105 HLED 89.6 (1190/212)
(Takeover) (Changeover)

2% 254 13-63-6A0502 mmiffiRINIES  68.5 (1174/254 )
(Drip) (Intravenous infusion)

iR 171 15-T4 XA ZAF 2 v 7 84.8 ( 145/171 )
(Temperature check) (Vital check)

to produce a 20-hour task corpus and a 50-hour dialogue corpus. As a first step,
we have been manually transcribing the spoken corpora, and classifying the job
categories. Furthermore, we found a correlation between high-frequency terms
and job categories. If we can build or extend the contents of a concept-based,
a multiple-expression dictionary, and an abbreviated-expression dictionary, we
can produce additional corpora and analyze nursing tasks automatically using
technologies of speech recognition, morphological analysis. and classification.

Utilizing the spoken corpora, we can expect to understand nursing assign-
ments in detail and the structure of communication among nurses. As a result,
it should be possible to prevent medical malpractices due to miscommunication,
and to call nurses’ attention to certain tasks correlated with medical malprac-
tice. We think a method that makes spoken corpora can produce nursing reports
more easily and accurately than “Time Study Survey” can. In future work we
will clarify the method in detail and apply it to many hospitals.

In this paper, we only analyzed data from one department in a hospital.
However, we have plans to obtain data from some other departments using our
devices. Furthermore, by incorporating detailed spoken corpora with other mul-
tiple data, we will pursue the exact cause of medical malpractice in hospitals
and undertake work to build a nursing ontology.
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Abstract. This paper presents 1Q-Learning, a new focused crawling
algorithm based on incremental Q-learning. The intuition is to extend
previous reinforcement learning based focused crawler with the incre-
mental learning mechanisms so that the system can start with a few
initial samples and learns incrementally from the knowledge discovered
online. First, a sample detector is used to distill new samples from the
crawled Web pages, upon which the page relevance estimator can learn an
updated estimation model. Secondly, the updated page relevance infor-
mation is fed back to the @ value estimator constantly when new pages
are crawled so that the @ value estimation model will be improved over
time. In this way, the reinforcement learning in focused crawling becomes
an incremental process and can be more self-adaptive to tackle the com-
plex Web crawling environments. Comparison experiments have been
carried out between the /Q-Learning algorithm and other two state-of-
the-art focused crawling algorithms. The experimental results show that
IQ-Learning achieves better performance in most of the target topics.

Keywords: Focused Crawler; @-Learning; Incremental Learning; Web

1 Introduction

A Web crawler is an information gathering system that traverses the Web by
following the hyperlinks from page to page and downloads Web pages that are
interested. General Web crawlers visit the Web in an unselective mode. They aim
at collecting Web pages as many as possible to build search engines. Different
from the general crawler, a focused crawler (1] is an intelligent Web crawler that
traverses the Web selectively to download pages in some predefined target topics.
Given a search topic and a predefined maximum download number, the goal of a
focused crawler is to collect as many relevant pages as possible while retrieving
as fewer irrelevant pages as possible in the crawling process.

Focused crawlers are very useful in several Web applications [2], such as col-
lecting Web pages with specific topics for domain-specific search engines, arch.iv-
ing specific page collections for a digital library, and gathering systematic infor-
lation in some specific topics for market research or survey of literature on the
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Web for a scientific research. Therefore, it has attracted much attention in recent
years. Several useful methods for building focused crawlers have been proposed,
such as the PageRank value based crawling strategy (3], reinforcement learning
[4], the evolutionary multi-agent system [5], the statistical modeling method (6],
the ‘critic-apprentice’ learning paradigm (7], to name a few.

Among previous works, reinforcement learning has been testified to be a very
effective method for focused crawling (4, 7). From an agent perspective, a focused
crawler is an intelligent agent that interacts with the environment (the Web)
and attains goal states (picks up relevant pages). It’s natural to fit the crawling
process into a reinforcement learning framework: the crawling process is to search
an optimal decision making strategy which can be modeled as a discounted
function of state, action and reward, where the number of relevant pages collected
is the state of the crawler, following a hyperlink is an action, and finding a
relevant page is an immediate reward. In [4], Rennie and et al. gave a first
solution to design a focused crawler based on reinforcement learning, and their
experiments showed good results. However, their method has two limitations:

1) the reward function is learned offline from manually labeled sample pages,
which is too time-consuming as the training set may contain thousands of
pages that collecting and labeling of them is costly:

2) as the action-reward model is built by offline learning and the model
stays unchanged during crawling, the static learned models cannot quickly
adapt to the diverse Web environment where the content of Web pages as
well as the link structure for different topics are very diverse, and different
target topics may require different crawling strategies. The essence of these
problems lies in the lack of incremental learning capabilities.

In this paper, we present a new focused crawling algorithm IQ-Learning, to
enable the focused crawler to learn incrementally from online crawling informa-
tion so that the reward-action model can be adapted and improved over time. In
its incremental Q-learning learning framework, the crawler system learns incre-
mentally from the knowledge discovered online through two mechanisms. First,
a sample detector is used to distill new page samples from the crawled pages,
upon which the page relevance estimator can learn an updated estimation model.
Secondly, the updated page relevance information is fed back to the @ value €s-
timator constantly when new pages are crawled so that the @ value estimation
model will be improved over time. With incremental learning, the algorithm can
start, from a few initial samples and be self-adaptive to different crawling envi-
ronments. Moreover, the reinforcement learning framework also endows it with
the ability to make tradeoff between exploiting immediate rewards and exploring
future rewards efficiently.

We have compared IQ-Learning algorithm to other state-of-the-art focused
crawling algorithms. Experimental results showed that IQ-Learning got better
performance in English topics as well as Chinese topics. It’s also testified that
the combination of incremental learning capability with reinforcement learning
is a very effective approach to improving the performance of focused crawlers:
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The rest of this paper is organized as follows. In section 2, we formalize
focused crawling in a Q-learning framework. Section 3 describes the details of /Q-
Learning. Experimental results and analysis are presented in Section 4. In Section
5 we draw some conclusions about our work and point out some directions for
future work.

2 Focused Crawling as Q-learning

In [4], Rennie and et al. have presented a framework to formalize focused crawl-
ing as reinforcement learning. This section gives a brief summary of the main
idea, and discusses the disadvantages of Rennies’s method that can’t perform
incremental learning during the crawling process.

Reinforcement learning addresses the problem of how an autonomous agent
can learn to choose optimal actions to achieve its goals through trial-and-error inv
teractions with a dynamic environment (8]. Unlike supervised learning, its learner
is never told the correct action for a specific state, but is simply told how good
and bad the selected action is, expressed in the form of a scalar ’reward’. In the
standard reinforcement learning model, the task of the agent can be defined as
follows: the agent exists in an environment with a set of possible states S, and it
can perform a set of actions A; when performing an action the state of the agent
wili change to another state defined by a transition function as: § : § x A — S,
and for each action the agent will get a reward defined by a reward function
as: 7 : § x A — R, the task of the agent is to learn a policy 7 : § — A
that maximizes the sum of its rewards over time (when the agent takes a set of
actions).

Q-learning (8] is one of the most popular learning algorithms in reinforcement
learning. It simplifies the policy learning as the estimation of the Q value for
each state-action pair.The value Q(s,a) (namely Q value) is defined to be the
expected discounted sum of future rewards obtained by taking action a from
state s and following an optimal policy thereafter. Once these values have been
learned, the optimal action from any state is the one with the highest Q value.
(8] gives a detailed explanation of Q-learning.

The goal of a focused crawler is to selectively seek out pages that are relevant
to the predefined target topics. An ideal focused crawler retrieves the maximal
set of relevant pages while simultaneously traversing the minimal number of
irrelevant documents on the Web. From an agent perspective, a focused crawler
is an intelligent agent that interacts with the Web environment to achieve its goal
of getting maximum relevant pages. It's natural to fit. the crawling process into
a Q-learning framework: the crawling process is to search an optimal decision
making strategy which can be modeled as a discounted function of state, action
and reward, where the number of relevant pages collected is the state of the
crawler, following a hyperlink is an action, and relevant page are immediate
fewards (Q values).

To fit. focused cawling in the Q-learning framework, two approximations are
needed [4]: (1) the number of relevant. pages on the Web is infinite and the state
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is independent of it; (2) the distinction between the hyperlinks can be captured
by the texts in the neighborhood of the hyperlinks, that is, the action is described
as the link context of the corresponding hyperlink. With the first approximation,
the state space becomes one single state, otherwise it will contain 2" states, a
very huge and insoluble number, where n is the actual number of relevant pages.

Based on the two approximations, the task of focused crawling in @Q-learning
framework is to follow a list of actions (hyperlinks) such that the cumulative
Q value (the number of relevant pages) can be maximized. This can be further
divided into three steps based on the two approximation as: (1) assigning the
appropriate @ value to each hyperlink in the training set; (2) build @ value
estimation model from the sample pair of hyperlink and its corresponding link
context (such as the anchor text); (3) using the estimation model to compute a
Q value for each candidate hyperlink (URL) in the URL queue to be crawled,
where the Q value represents the crawling priority for the candidate URL.

In previous work, the step of assigning Q value is done by manually labeling
which is too time-consuming and inefficient. Moreover, the estimation model
remains the same and can’t be self-adaptive in the crawling process. This is
problematic for two reasons: (1) the initial samples for training the model are
never sufficient to build an accurate model; (2) as the content of Web pages as
well as the link structures for different topics are very diverse, and different target
topics may require different crawling strategies, the static learned models cannot
quickly adapt to the diverse Web environment. These problems are addressed in
the IQ-Learning crawling algorithm, which effectively combines the incremental
learning with Q-learning.

3  Focused Crawler Based on Incremental Q-Learning

3.1 An Incremental Q-Learning Framework

The IQ-Learning crawling algorithm is based on an incremental Q-Learning
framework, as shown in Fig.l. In this framework, the crawling module gets
URLs from the URL queue and downloads (crawls) the corresponding Web
pages through HTTP/HTTPS protocols. The crawled pages will be analyzed
to extract URLs which will be added to the URL queue as new candidate URLS
to be crawled. Similar to general focused crawlers, the framework uses a pageé
relevance estimator (page classifier) and a link predictor to make the crawler
focus on the target topic (i.e., crawling selectively to get maximum relevant
pages). The relevance of the crawled pages are computed by the page relevance
estimator, which employs a TF*IDF (9] relevance evaluation model to compute
a continuous relevance value for each crawled page. The Q value learner has
two functions: one is to compute the Q value for each pages in the training set
based on the relevance information provided by the page relevance estimator:
the other is to build the @ value estimation model from the training samples
through the mapping between link contexts and Q values. According to the

value estimation model, the link predictor computes and assigns a @ value to
each URL in the URL queue, where the @ values denote the visiting priority
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(i.e. the probability of being relevant) for the candidate URLs, and the URLs
with higher @ values will be crawled first.

QValue | ——~ s Link
Leamer Predictor

y Q Value
Estimation Mode)

URL
Queue

Page Rclcvancc 4—|Emplc Dctector
Estimator

y Y URL Sorting

Crawling I
Module |

Fig. 1. An incremental Q-Learning framework for focused crawling.

There are two incremental learning processes in this framework. First, the
page relevance estimator is an incremental learner. It is based on the ‘soft’ clas-
sification method from our work [10]. It needs only a few initial training samples
and uses a sample detector to analyze the crawled pages to distill new samples
automatically. The new samples are fed back to the page relevance estimator to
learn a new relevance estimation model incrementally. This process will improve
the accuracy of page relevance estimation over time, which has been testified in
the previous work [10]. Details about this process were discussed in [10,11].

Secondly, the @ value learner (and in turn the link predictor) also works
in an incremental manner. Initially, the learner has a very limited training set.
As the crawling proceeds, the crawled pages and their relevance information
will be transferred to the @ value learner as the new learning resources. New
training samples will be distilled based on predefined relevance thresholds. For
‘old’ training samples, their @ values will be updated as well. The Q value learner
will learn from the training set, which is updated constantly during crawling, to
improve its estimation model incrementally.

3.2 The Definition of An Updatable Q Value

The Q value for each new URL in the URL queue represents the crawling priority
of the URL. Given a sample hyperlink (URL), the Q value learner computes the
corresponding @ value according to the function defined as follows:

QY= R 0" dy==- 3 " eum (1)

n
k=1ur€d;

Where u; is a crawled URL, d; is the corresponding page for u;. Q(w;) is the
Q value for u;, which is a dynamic value updated constantly during crawling.
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R(d;) is the relevance of d; with regard to the target topic, and is calculated by
the page relevance estimator. uy is a crawled child URL of d;, that is, d; links to
the page corresponding to ux. The value n is the total number of the children
URLs of d; which have been crawled. v is a discount factor for converting the
future rewards.

Formula (1) is a recursive definition that considers both immediate rewards
(R(d;)) and future rewards (vQ(d;)). This definition will enable the focused
crawler to make a flexible tradeoff between exploitation (immediate rewards)
and exploration (future rewards), which is essential for an agent to achieve the
global optimal state.

According to formula (1), the @ value of each URL in the training set is
calculated online using the updated relevance information of the crawled pages.
Fig.2 gives an illustration of the computing process, which is called ‘relevance
feedback’. For each sample page, its Q value is determined by the Q values of
its children pages recursively. When new pages are crawled (or the relevance
values of the pages have been updated), the new relevance information will be
propagated back to their ancestor pages along the link paths so that the ancestor
pages can re-compute their @ values agilely. For instance, in Fig.2 the link path
for page G (corresponding to the URL u) is A — B — E — G. The left
part of Fig.2 denotes the link graph before the page G is crawled, while the right
part shows the link graph after visiting G. During the feedback, the relevance of
G is back-propagated along the link path G — E — B — A, so that the @
value for each page on the path is recalculated according to formula (1).

Relevance
Feedback

Fig. 2. An illustration of the relevance feedback along link path.

3.3 Mapping Link Context to Q Value

After computing the Q values for the sample URLs in the training set, the Q
value estimator needs to build the Q value estimation model that can be used
to predict the @ value for a candidate URL given the link context of the URL-
The prediction of Q value is a regression problem because the @ value is con-
tinnous. Directly solving this regression problem is difficult as training samples
are limitted. Similar to Rennies’s method [4], we solve this problem by casting
the regression problem into a classification prolbem through the discretization of
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the @ value [8], and employ the Naive Bayes (NB) as the classification method
to map link contexts into the discretized Q values.

For each training sample (I"(u;), Q(u;)), the link context I'(u;) for URL u;
is constructed by concatenating all the anchor texts from its parent pages. We
use the Vector Space Model to represent I'(u;) as a TF*IDF vector as:

F("i) = (Wliywm"n-awki7~-~ywni) (2)

where wy; represents the TF*IDF weight of the term ¢ in the link context of u;.

However, as Q(u;) is a continuous value, it can’t be used directly by NB
classifier and should be discretized and normalized as follows: all @ values are
normalized into an interval [0,1] which is then discretized into k sub-intervals as:
C1,Cs,...Ci,...,Ck. Each sub-interval C; represents a class, and the @ value
of a class is computed as the average value of all the @ values in the sub-zone.
After the discretization, the initial training sample (I'(u;), Q(u;)) is represented
as (I'(u;), Cy). )

NB classifier is a probabilistic classifier based on the statistical independence
assumption that features in learning instances are considered conditionally inde-
pendent given the target label. For onr mapping problem, the task of the classifier
is to predict the class C* for the link context of a candidate URL I'(u;), where
the Q value of the class C* will be assigned to the URL u;. In NB classifier,
this can be formalized as: to find a class C* for I'(u;) such that the conditional
probability P(C*|I'(u;)) will be maximized:

C* = argmax P(C;|'(w:)) = arg max P(C;) P(I'(w)|C;) (3)

Directly computing P(I'(u,;)|C;) is difficult since the number of possible vectors
for I'(u;) is too high. However, according to the independence assumption of NB
that the occurrence of term ¢ in a link context is independent of the occurrence
of any other term, the formula (3) can be replaced by formula (4) as:

| (ui)|
C* = argmax P(C;)P(I'(u;)|C;) = arg mcaxP(CJ-) H P(wi;|C5)  (4)
C; i kel
Thereby, learning a NB classifier is to estimate P(C;) and P(wg;|Cj) from
the training set.P(C;) can be calculated as the fraction of the @ value number
of class C; in the entire training set. The posterior probability P(w;|Cj) is
calculated as:

1+ Y2 wn 5)
VI+ Tl w

where |V| is the vocabulary size and serves for Laplace smoothing of the non-
occurring terms, wy; is the total TF*IDF weight of term t; that occurs in the
link context I'(u;) of class Cj, and w is the total weight of all term occurrences
in the link context I'(u;) of class C;.

P(wi;|C5) =
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According to the above definitions, the NB learner will be trained incremen-
tally during crawling, and the link predictor in Fig.1 uses the learned NB classi-
fication model to compute the Q value for each candidate URL as: the classfier
classifies a candidate URL u; into a certain class C*, where the corresponding
Q value of the class C~ is assigned to u; as its Q value.

3.4 The Algorithm

The pseudo-code of IQ-Learning crawling algorithm is presented in Fig.3. The
focused crawler starts from some seed URLs to crawl the Web selectively. At the
initial stage. the page relevance estimator and Q value estimator need only a
few training samples, which the user can easily provide. As the crawling process
proceeds, new samples will be distilled automatically and fed back to the learn-
ers to build new estimation models, as shown in the step 11 and 13. As the page
content and the link structure on the Web are diverse, this self-adaptive func-
tionality will enable the focused crawler to learn an optimal crawling strategy
quickly, so that it will not be restricted to the limited initial samples, and will
greatly improve the performance and robustness of the system.

Ideally. the incremental learning should be performed continuously. However,
as the learning process is computationally expensive, in practical implementa-
tions the crawler always executes the learning process in a batch mode, that is,
every X pages (where X can be 100). This is a tradeoff between the crawling
accuracy and the efficiency.

Input: K-keywords; W *-initial samples; S-seed URLs;
mazDownload-maximum pages to be crawled

Output: D- the crawled page repository

1. Insert S into the URL queue H as the initial URLs for the crawling module:

2. Page relevance estimator learns from w” initially;

3. while ((D.size< maxDownload) and (H.size> 0)) do:

4. Fetch the URL u with highest Q value from H;

5. Crawl the page d corresponding to u;

6. D= D | d;

7. Extract new URLs U* from d;

8. Insert U~ into H;

9. Page relevance estimator computes the relevance of d: R(d);

10. Feed back R(d) along the link paths to recalculate the Q values
for the ancestor pages of d basced on formula (1);

11. Re-training the naive Bayes Q-value-mapping classifier with the new Q
values got from step 10;

12. Using the new classifier to re-estimate Q values for candidate URLs in H;

13. Page relevance estimator learn incrementally from d using sample detector;

14. Sort the URL queue H based on the new Q values;

15. end while

Fig.3. The pseudo-code for the IQ-Learning algorithm.
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4 Experiments

4.1 Experiment Setup

We have implemented the IQ-Learning algorithm in our focused crawler sys-
tem iSurfer. A high-performance crawling module was used to download Web
pages from the Web. The system also included an efficient HTML document.
parser to parse and analysis the pages. The well-known Porter stemming algo-
rithm was used to stem English words. To experiment on Chinese Web pages, we
used Maximized-Matched Chinese word segmentation algorithm to extract Chi-
nese words from Chinese text blocks, as unlike English text there is no explicit
delimiters like space between Chinese words.

Target topics were defined by the keywords and a few sample pages in our
experiments. The initial samples were obtained through meta-searching the Ya-
hoo! search engine. Keywords were sent to Yahoo! search, and the result pages
were parsed to extract the hit URLs, which were presented to the system as the
seed URLs as well as the initial samples for page relevance estimator.

In traditional information retrieval research, the precision and recall are the
main evaluation metrics. However, it is difficult to get the recall for focused
crawlers, as measuring the size of relevance set from the enormous Web is almost
impossible. We employ the precision, which is named ’harvest rate’ in focused
crawler community [1], as the main performance metric. Harvest rate is defined
as the percentage of the crawled pages that are relevant w.r.t the target topics.
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Fig. 4. The final harvest rates for the three algorithms.
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4.2 Comparison Experiments

In our experiments. we compared /Q-Learning to the other two state-of-the-art.
focused crawling algorithms: (1) the best-first algorithm {12], which has been
testified as one of the best-performed crawling strategies in previous compar-
ison studies; (2) the LocalPulse algorithm [10.,11], which was used in iSurfer
previously. LocalPulse has incremental learning capability, but it’s not based
on reinforcement learning, and it can’t perform online relevance feedback along
the link path, which affects its self-adaptive ability. The three algorithms were
tested on more than 50 topics covering a variety of domains. These topics had di-
verse topical broadness, both in English and in Chinese. For each topic, crawlers
started with 10 seed sample URLs.

Fig.4 shows the final harvest rates of the algorithms on some topics after
crawling one thousand pages. Both /Q-Learning and LocalPulse outperformed
the best-first crawler in all topics. This illustrates that incremental learning is
very effective for improving the performance of focused crawler. Another im-
portant observation was that the /Q-Learning got higher harvest rate than Lo-
celPulse although both of them can learn incrementally in the crawling process.
To explain this phenomenon, we investigated their harvest rates during crawling.
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Fig. 5. The dynamic harvest rate movement of the three algorithms.

Fig.5 shows the dynamic harvest rates of the three algorithms on the Chi-
nese topics "Huang Mountain Travel’ and 'Beijing Travel’. At the early stage of
the crawling. LocalPulse got more relevant pages than 1Q-Learning. However, as
the crawling proceeds, IQ-Learning catch up with LocalPulse very quickly. This
is due to the fact that LocalPulse employs a greedy strategy in selecting can-
didate URLs. which always focuses on the crawling area with more immediate
rewards and does not consider future rewards, therefore it is very easily to st ick
into local optimal states. On the contrary. 1Q-Learning makes a good tradeofl
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between immediate rewards and future rewards, through which the crawler can
get more relevant pages in the long run and can achieve global optimal states.
This testifies that combining reinforcement learning with incremental learning
is a more effective method for focused crawling.

4.3 The Tradeoff between Immediate Rewards and Future Rewards

According to formula (1), the parameter « is a bias factor between the immediate
rewards and future rewards. The value of it will greatly affect the performance of
the system. We used different values of 4 to do the crawling experiments. Fig.6
shows the experimental results on the topic 'Huang Mountain Travel’.
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Fig. 6. The ellect of the discount factor v on [Q-Learning.

As the figure illustrates, the harvest rate will become higher in the early stage
of the crawling process if v is set to a smaller value, such as v = 0.1 in Fig.6.
which means the crawler is more 'greedy’ and biased for the candidate URLs
with immediate rewards. However, as the crawling process continues, the ones
with bigger value of ~ get higher performance because their early consideration
of future rewards is paid for soon. On the other hand. the value of 5 can't be
set too high as well. Otherwise, the future rewards will be over-weighted w.r.t
the immediate rewards. and the focused crawler may fall into topic-drift. As
the figure shows. when ~ is set to 0.8, the harvest rate of the crawler drops

dramatically. In our experiences, a value between 0.3 0.4 for ~ is a proper choice.

5 Conclusions

This paper presents IQ-Learning, a new focused crawling algorithm based on
incremental Q-learning. Both the page relevance estimator and the Q value es-
timator are endowed with incremental learning ability to learn improved models
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from the online crawled pages over time. With incremental learning, 1Q-Learning
can start with a few initial samples and self-adapt to diverse crawling environ-
ments, which will result in a more optimized crawling strategy. Our experimental
results testifies that the combination of incremental learning with reinforcement
learning is effective for improving the performance of focused crawler.

In the future, we plan to extend our work with a knowledge base which will
enable the system to accumulate crawling knowledge from different crawling
processes. We will also employ semantic-based Web page segmentation algo-
rithms to enrich the link context with more relevant neighborhood text.
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Abstract. In modern information retrieval systems, effective indexing can be
achieved by removal of stop words. Till now many stop word lists have been
developed for English language. However, no standard stop word list has been
constructed for Chinese language yet. With the fast development of information
retrieval in Chinese language. exploring Chinese stop word lists becomes
critical. In this paper, to save the time and release the burden of manual stop
word sclection, we propose an automatic aggregated methodology based on
statistical and information models for extraction of the stop word list in Chinese
language. The novel algorithm balances various measures and removes the
idiosyncrasy of particular statistical measures. Extensive experiments have been
conducted on Chinese segmentation for illustration of its effectiveness. Results
show that the generated stop word list can improve the accuracy of Chinese
segmentation significantly.

1. Introduction

In information retrieval, a document is traditionally indexed by words [10, 11, 17].
Statistical analysis through documents showed that some words have quite low
frequency, while some others act just the opposite. For example, words “and”, “of”,
and “the” appear frequently in the documents. The common characteristic of these
words is that they carry no significant information to the document. Instead, they are
used just because of grammar. We usually refer to this set of words as stop words
[10,11,21].

Stop words are widely used in many fields. In digital libraries, for instance,
elimination of stop words could contribute to reduce the size of the indexing structure
considerably and obtain a compression of more than 40% [10]. On the other har.1d, in
information retrieval, removal of stop words could not only help to index effectively,
but also help to speed up the calculation and increase the accuracy [2.()]‘ s

Lots of stop word lists have been developed for English language in lhg past, which
are usually based on frequency statistics of a large corpus [21]. The English stop word
lists available online [22, 23] are good examples. However, no commonly accepted
stop word list has been constructed for Chinese language. Most current researches_on
Chinese information retrieval make use of manual or simple statistical stop word.llsls
[1, 2, 3], some of which are picked up based on the authors experiences consuming a
lot of time. The contents of these stop lists vary a lot from each other. With the fast
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growth of online Chinese documents and the rapid increase of research interest in
Chinese information retrieval, constructing a general Chinese stop word list together
with an applicable generating methodology becomes critical. In order to save the time
and release the burden of manual stop word selection, an automatic aggregated
methodology would be a better choice.

One of the difficulties for automatical identification of stop words in Chinese
language is the absence of word boundaries. Different from texts in English and other
western languages, which are segmented into words by using spaces and punctuations
as word delimiters, Asian languages, such as Chinese, do not delimit words by space.
Usually a Chinese word consists of more than one character and the number of
characters contained varies. Meanwhile, Chinese characters carry a lot of different
meanings. They could be interpreted differently when used together with different
characters. The character “f”", which is equivalent to the word “of" in English, is
taken as an example. It could carry a different meaning in the combination with
different characters, such as “[[J#fi"(certainly), 1] L(taxi), etc.

Although identification of stop words is quite a hard work without a correct
segmentation of text [4], stop words play an important role during segmentation. In
English, as an instance, texts are segmented into phrases with the help of stop words
and punctuations. Researches show that using effective stop word list can improve
the accuracy of Chinese segmentation as well [4].

In our paper, we propose an automatic aggregated methodology for construction of
the stop word list in Chinese. Stop words are extracted from TREC 5 and 6 corpora
which are widely accepted as standard corpora for Chinese processing. The stop word
list is extracted based on statistical and information models. The statistical model
extracts stop words based on the probability and distribution. The information model
measures the significance of words by using information theory. Results from these
two models are aggregated to generate the Chinese stop word list.

To demonstrate the effectiveness of the stop word list, we propose a novel Chinese
segmentation algorithm based on it. Experiment has been conducted using the dataset
of a recent competition on Chinese segmentation [15]. Results have shown that the
stop word list can improve the accuracy of Chinese segmentation significantly. The
outstanding performance illustrates the effectiveness of our Chinese stop word list.

The rest of the paper is organized as following. Section 2 covers the methodology
for the discovery of the Chinese stop word list. Section 3 analyzes the result of the
stop word list extraction experiments. To better prove the effectiveness of this
methodology, in Section 3, we also propose an application of the stop word list in the
field of segmentation, which is an important step for Chinese information retrieval.
Section 4 paints the conclusion.

2. Construction of the Stop Word List in Chinese

Stop words, by definition, are those words that appear in the texts frequently but do
not carry significant information. As a result, we propose an aggregated model to
measure both the word frequency characteristic by statistical model and its
information characteristic by information model. A proper segmentation of Chinese
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texts is required before construction of, because the word boundaries are not clear in
Chinese texts. In this section, the texts in a large corpus of Chinese documents are

first segmented, and then a standard Chinese stop word list is constructed based on the
aggregated model.

2.1 Word segmentation

The difficulty of Chinese word segmentation is mainly due to the fact that no obvious
delimiter or marker can be observed between Chinese words except for some
punctuation marks. Segmentation methods existing for solving this problem of
Chinese words include dictionary-based methods [18], statistical-based methods [8].
Other techniques that involve more linguistic information, such as syntactic and
semantic knowledge [7] have been reported in the natural language processing
literature. Although numerous approaches for word segmentation have been proposed
over the years, none has been adopted as the standard. Since segmentation is not the
main objective in our methodology, in our paper, we focus on a statistical approach
using mutual information, called the boundary detection segmentation, which has
been already proved to be effective [19].

Mutual information is to calculate the association of two events. In Chinese
segmentation, mutual information of two characters shows how closely these
characters associated with each another. Equation (1) shows the computation of
mutual information of bi-grams “AB”, where P(A,B) denotes the joint probability of

two characters, and P(A), P(B) denote probabilities of character ‘A’ and ‘B’
respectively.

P(A,B
I(A, B):logz(m(ir()m] (l)

If the characters are mutually independent, P(A, B) equals to P(A)xP(B), so that
I(A, B) equals 0. If ‘A’ and ‘B’ are highly correlated, I(A,B) will have a high value.

We first calculate the bi-grams and tri-grams mutual information of all the
characters in documents. Based on these values and the change of values of the
mutual information in one sentence, one can detect the segmentation points with the
threshold value chosen manually.

2.2 Statistical model (SM)

A statistical analysis was conducted on a corpus of 423 English arti;les ip TIME
magazine (total 245,412 occurrences of words), top 50 words of W.thh with their
frequency are shown in Table 1. Stop words are ranked at the top with much larger
frequency than the other words. On the other hand, stop words are also.th(.)se Yvords‘
Wwith quite a stable distribution in different documents. Statistics of the dlstnbut.non of
word frequencies in different documents (Table 2) offers a good demonslratlon._A
combination of these two observations redefines the stop words as those words with
stable and high frequency in documents.
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Traditional models extract stop words only based on the accumulated frequency
without considering the distribution of words among documents. With the statistical
results illustrated in table 1 and table 2, we propose to extract the stop words
according to the overall distribution of words. Since mean and variance are two
important measurements of a distribution, we extract stop words based on these two

criteria.

Table 1. Top 50 words with their frequencies from 423 short TIME magazine articles (245,412
word occurrences, 1.6 MB)

Word  Freq. Word  Freq. Word  Freq. Word Freq. Word Freq.

The 15861 his 1815 U 955 Were 848 Britain 589
of 7239 Is 1810 Had 940 Their 815 when 579
To 6331 he 1700 Last 930 Are 812 out 577
A 5878 As 1581 Be 915 One 811 would 577
And 5614 on 1551 Have 914 Week 793 new 572
In 5294 by 1467 Who 894 They 697 up 559
That 2507 At 1333 Not 882 Govern 687 been 554
For 2228 It 1290 Has 880 All 672 more 540
Was 2149 from 1228 An 873 Year 672 which 539
With 1839 but 1138 S 865 Its 620 into 518

Table 2. Top 50 words with their variances from TREC 5 English corpus

Word  Var. Word Var. Word  Var. Word Var. Word Var.

The 33.04 Type 82.14 At 111.7 Their 150.2 Hi 186.6
To 47.94 Language 82.58 Have 112.5 Government 155.5 Would 190.4
or 49.27 With 8439 Which 1169 Been 156.2 About 190.7
In 5232 By 85.24 From 119.8 But 156.5 More 195.4
A 57.15 article 88.06 Not 120.1  Other 157.5 After 196.0
And 5855 It 90.13  Will 120.5 All 162.9 Between 196.5
On 70.84 Be 93.87 Was 125.4 Country 163.4 Up 197.6
For 7537 As 95.92 Also 127.6  Who 175.3 There 198.2
That 76.67 An 110.5 English 1304 Out 1843 Or 198.7
Is 81.57 Said 111.7 He 143.6 Were 185.2 online 202.4

1§

First, we measure the mean of the probability (MP) of each word in individual
document. Suppose there are M distinct words and N documents all together. We
denote each word as w, (j=1, ... , M) and each document as D, (i=1, ... , N). For each
word w,, we calculate its frequency in document D, denoted as f,, . However, the
document has different length. In order to normalize the document length, we
calculate the probability P;; of the word w; in document D, which is its frequency in
the document D, divided by the total number of words in document D;. For each word
w,, the MP among different documents is summarized as following:

2.7,

MP(w,) = '-—NN— (2)

An experiment has been conduced on a 153MB Chinese corpus consisting both of
People's Daily news and Xinhua news from TREC 5 and 6. The top 10 words with
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highest mean of probability are shown in Table 3.

Table 3. Top 10 words with highest mean of MP.

Word _ Equvilent Word in English  Mean Variance

89 of 0.5926 71.56
0 And 0.1324 72.78
7 In 0.1169 72.23
T -ed 0.1075 72.98
4[F China 0.0784 75.88
.. One 0.0726 74.52
po For 0.0670 74.01
E=3 Have 0.0661 79.79
- Three 0.0535 80.46
-, etc. 0.0491 74.86

Since stop words should have high MP as well as stable distribution, the variance
of probability (VP) of each word is calculated secondly. Based on the calculation of
probability, the VP is defined by the standard formula:

Z(PI/ _—P"/ )2

VP(w,) =t 3)

The top 10 words with highest Variance of Probability are shown in Table 4.

Table 4. Top 10 words with lowest VP.

Word  Equvilent Word in English  Mean  Variance
#9 of 0.5926 71.56
7= In 0.1169 72.23
0 And 0.1324 72.78
T -ed 0.1075 72.98
] For 0.0670 74.01
— One 0.0726 74.52
ch in/middle 0.0523 74.79
E above/on/up 0.0431 74.80
& etc. 0.0491 74.86
3tk Active 0.0117 75.04

Intuitively, the probability of a word to be a stop word is directly proportional to
the mean of probability, but inversely to the variance of probability. A combination of
these two criteria comes to the final formula. We call it the statistical value (SAT) of
word w;.

MP(w))

SAT(WI) = m

4

With all these values, a descending ordered lists will be generated. Those ranked in
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the top will have a larger chance to be considered as stop words in this model.

Table 5. Top 10 words with highest SAT.

Word  Equvilent Word in English __Mean __ Variance

D] of 0.5926 71.56
£ In 0.1169 72.23
0 And 0.1324 72.78
e -ed 0.1075 7298
5 For 0.0670 74.01
= One 0.0726 74.52
rh in/middle 0.0523 74.79
F etc. 0.0491 74.86
2 above/on/up 0.0431 74.80
th[E  China 0.0784 75.88

In table 3 and 4, words like “_:” (three) and “F34K” (active), with only high MP or
lower VP, will not show up at the top of table SAT. On the contrary, words like “f{
"(of) “H1”(and) “7£"(in) ranked at the top of all the tables, have both high MP and
low VP.

2.3 Information model (IM)

From the viewpoint of information theory, stop words are also those words which
carry little information. Entropy, one of the fundamental measurements of
information [5], offers us another method for better describing stop word selection.

The basic concept of entropy in information theory is a measure to count that how
much randomness is in a signal or in a random event. An alternative way to look at
this is to talk about how much information is carried by the signal. As an example,
consider some English text, encoded as a string of letters, spaces and punctuation (so
our signal is a string of characters). Since some characters are not very likely (e.g.
*z’) while others are very common (e.g. ‘e’) the string of characters is not really as
random as it might be. On the other hand, since we cannot predict what the next
character will be, it does have some ‘randomness’ and the randomness of each
character will be different. Entropy is a measure of this randomness, suggested by
Claude E. Shannon in his 1948 paper [14]. This could easily be applied to the
Chinese text processing. Consider the distribution of each word over documents as an
information channel. The high the entropy of this information channel is, the less
random the character would be in all documents. Thus we measure the information
value of the word w, by its entropy.

The probability P, is its frequency in the document D, divided by the total number
of words in document D, We calculate the entropy value (H) for word w, as
following:
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1
Hw,)= ) P *log(—
DI ! °8(5) ©

Similarly to statistical model, one ordered list is prepared for further aggregation.
The higher entropy the word has, the lower information value of the word is.
Therefore, the words with lower entropy are extracted as candidates of stop words.

Table 6. Top 10 words with highest /.

Word _Equvilent Word in English _Entropy

i0] of 0.0177
1 And 0.0059
1E In 0.0054
T -ed 0.0050
diE  China 0.0039
== One 0.0037
5 For 0.0034
=] Have 0.0034
= Three 0.0028
o In/middle 0.0028
In Table 6, words like “=" (three) and “4}” (of), have lower H compared with

those words such as “fJ”(of) “1”(and) “Z£” (in), which have high H. It is obviously
that “f4”(of) “F1”(and) and “7E” (in) would have better chances to be considered as
stop word candidates.

2.4 Aggregation

The ordered lists generated according to two models reveal the features of stop words
in different manners, which are all quite reasonable. How to get an aggregation of
them? What kind of rules could assure the fairness of the final result? One of the
popular solutions to it should be Borda’s Rule [12], which covers all the binary
relations even when many members of a population have a cyclic reference given a
set of voters.

The sorted lists from each model {S,, S,} are treated the voters' preferences and all
the words {1, t,, ..., t,,} are considered as alternatives. Each model gives out a list
{6, 42 ....t;m} of all words in non-increasing order. We associate the number | with
the most preferred word 1, on the list, 2 with the second 7,, and so on. For all the
words, we assign to each of them the number equal to the sum of the numbers all the
models assigned to it. The ranking of all the words according to these weights is
proposed finally.
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3. Experiment and Analysis

To demonstrate the effectiveness of our methodology and to achieve a common
Chinese stop word list, we experiment with TREC 5 and 6 Chinese corpora, which
contain news reports from both Xinhua newspaper and People's daily newspaper,
These corpora cover different aspects of our daily life which ensures the general
applicability of our stop word list. The comparison of the list generated by our
algorithm with an English stop word list shows that the intersection rate is very high.
To clearly show the benefit of our stop word list to Chinese information retrieval, an
experiment on segmentation using the Chinese stop word list we extracted is
proposed. Experiment tells that our Chinese stop word list facilitates the process of
word segmentation in Chinese information retrieval by increasing the accuracy of
segmentation, which will result in a better performance in retrieval as well.

3.1 Generation of the Stop Word List

Experiments are conducted on a 153MB Chinese corpus consisting both of People's
Daily news and Xinhua news from TREC 5 and 6. We eliminate all the non-Chinese
symbols in the preprocessing step. Each uninterrupted Chinese character sequence is
kept on one line in the transformed data. On the other hand, phrases like “#r 4L
“(Xinhua News Agency), “ A B H 4" (people’s daily) and “5&”(end), that are parts of
the news’ format of Xinhua and People’s Daily corpora, are removed. We apply our
methodology on these preprocessed documents and collect two ordered lists before
aggregation, namely, statistical list and information list. These two lists are
aggregated together to generate the final one.

From the viewpoint of linguistics, similar to English stop words, Chinese stop
words are usually those words with parts of speech like adjectives, adverbs,
prepositions, interjections, and auxiliaries. Adverb “ffJ”(of), preposition “{£(in),
conjunction “[F ™ (because of) and “ffT LL”(so) are all examples. According to
different domains, we could classify all stop words into two categories. One kind is
called “generic stop words", which are stop words in the general domain.Another kind
is document-dependent stop words. We call them “domain stop words". For example,
words “Britain” and “govern” in the Zipf list (Table 1) are not included in most
generic stop word list, because they are domain stop words of TIME magazine. That’s
why in our preprocessing, we eliminated those words such as “H#4t” (Xinhua
News Agency), which are domain stop words in our news articles.

3.2 Comparison of English and Chinese Stop Word Lists

We compare of our Chinese stop word list with a general English stop word list in
table 7. We find that most of the Chinese stop words have corresponding words in
English stop word list. For example, word “ffJ”(of) with “of”, “f{1”(and) with “and”.
However, the specialty of sChinese stop word lists is that some words might have the
same meaning, like “f1”(and) and “5” (and), both of which means “and”. Another
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aspect worth mention is that Chinese stop word lists should be treated differently
compared with English stop word lists. As known, the meaning of Chinese word
might change a lot according to the neighbors. This phenomenon changes the usage of
Chinese stop word lists a little bit. Recommended usage of Chinese stop word lists
here in further task is to use a factor weakening the weight of these words instead of
eliminating at one time. The advantage of this usage will be demonstrated in the
segmentation application afterwards.

A detail comparison between the Chinese stop word list generated in our algorithm
and the stop word list of Brown corpus [6], which is a well known and widely used

Table 7. Partial of theChinese Stop List and the general English Stop List

Chinese Stop Words English Stop Words
f9(of). fi(and), 7£(in), T (-ed), —(one), Fy(for), f(have), the, of, and, to, a, in,
rf(in/middle), ZF(etc.), % (is), k- (above/on/up), 5 (and), that, is, was, he, for,
4 (year), X(to), FF(will/shall/would), E(at/to), M(from), it, with, as, his, on, be.
A (not), i5i(say), H fij(now/nowadays/present), at, by, I, (‘his, had, not,
B 43:Z(percent), i (also/and), th(-ly), Jf(also/else), ALS; Rul, fimeior,

el have, an, they, which,
{#i(cause/make), ftli(he), Z(many/more/much), i#7(-ing), you, were, hgr. all,

Xt (these), {HJZ(but), [E](and/with), —/>(an/one), she, there, would,
i/M(the/this), Z fS(after), T (below/down), # % (about), their, we, him, been,
F-J&(so/therefore/thus), fij(moreover), {HZ(buthowever), has, when, who, will,

th1(also), [A(to), ...

Table 8. Overlapping Comparison of the Chinese Stop List
and the general English Stop List

No. of Stop Words at the Top of List _ Overlapping of English and Chinese Stop List

100 81%
200 89%
300 92%

corpus in English ,is done (Table 8). The result shows that the percentage of stop
words intersected among two stop word lists is very high, which means that our stop
word list in Chinese is comparable with English.

3.3 Stop Word Lists in Segmentation

The importance of word segmentation in Chinese text information retrieval has drawn
attention of many researchers. Experiments prove that the effect of segmentation on
retrieval performance is ineluctable. Better recognition of a higher number of words
generally contributes to the improvement of Chinese information retrieval
effectiveness.

As we mentioned, numerous methods have been proposed for segmentation, while
none of them took into consideration of Chinese stop word lists. Either because of no
Standard list is available up till now, or nobody pays attention to these little words.
Study on Chinese segmentation found that a large percentage of segmentation errors
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come from common single-character words, such as “ffy”(of), “A&"(be), and “1(ge)
[4]. Therefore, we implemented a Chinese segmentation method using our stop word

list to demonstrate its effectiveness.
We implemented the segmentation method by boundary detection, which is the

same as the segmentation method we used in the construction section. The major
modification is that while calculating the bi-grams and tri-grams mutual information,
we will multiply the final values with factor 0.5, if any proper substring of exists in
the stop word list. On the opposite, the values will be multiplied by a factor of 1.5 if
the whole string is matched with entries in the stop word list. The reason for this
modification is mainly because of the ambiguity of Chinese words or characters. Our
motivation is to avid wrong elimination.
The mutual information equations will be modified as following:

[I'(a. b) = I(a,b)x0.5 if propersubstring of Se Stop List
I'(a,b) =1(a,b)x1.5 if SeStop List )
ll‘(a.b) =I(a,b) Otherwise

This approach purposes to detect the segmentation points. If any proper substring
of a bi-gram or tri-gram appears to be a stop word means that it might be quite
possible that it is not a word, so that the value of the point should be reduced and less

than original.

o B A R R A Rk SRR T T ARG

(The progress of reformation and development of China keeps stable)

Without stop words:

[H ) [P & R (W] (42 ) (4REE) (BRHF T [FE]

With stop words:
(R [B235) [AN) [RE] [H9] (42 63) (4R4E] [RHF] (T (2]

Fig. 1. Comparison of segmentation results with and without using stop words.

In order to measure the accuracy of the segmentation result, we have measure the
precision and recall of our segmented text against manually segmented texts. These
training texts and test data are taken from a recent international Chinese segmentation
competition. A sentence is taken as an example to show the difference of the
segmentation results of our method and the original segmentation method (Figurel).
Differences occur in the identification of words like “#4” (of), “f1” (and) and “ 1" (-
ed). With the help of the stop word list, we could figure out those tiny words and
segment correctly. In our experiment, the segmentation recall and precision is greatly
improved from original 65.3% and 71.1% to 95.24% and 90.1% respectively. The
competition has reported an average precision between 84.2% and 89%, and an
average recall between 87.2% and 92.3%. The advantage of our segmentationy
compared with other methodology [13], is that we make use of our stop word list in
simple segmentation method and improve the performance quite a lot.
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4. Conclusion

Chinese stop word lists are indispensable in the research of information retrieval. In
the paper, we purpose an automatic algorithm for construction of stop word lists in
Chinese and generate a generic Chinese stop word list as well. Comparison between
our Chinese stop word list and a standard stop word list in English shows that the
percentage of stop words intersection is very high, which verifies the effectiveness of
our model. Extensive experiments have been conducted on Chinese segmentation to
investigate the effectiveness of the stop word list extracted. The results showed that
the stop word list can improve the accuracy of Chinese segmentation significantly.
Our stop word extraction algorithm is a promising technique, which saves the time for
manual generation. It could be applied into other languages in the future.
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Abstract. We developed an algorithm for quickly searching sequences of
hierarchically structured data, such as tagged corpora where each word
includes information on its part of speech (POS) and minor POS and
the word itself. Using our method, we first make a data item where each
data item in a lower level is surrounded by two data items in a higher
level. We then connect these data items to make a long string and store
the string in a databasc. We use suffix arrays to query the database.
Our experiments showed that our method was 194 times faster than
a conventional method at fastest and 24 times faster on average. Our
method can be used for other kinds of hierarchically structured data,
such as Web applications. Methods that can be used on such data are in
high demand. For example, our method can be used to retrieve Web text
that includes hierarchical information of low, middle, and high semantic
levels. If we use our method for such Web text, we can query using the
terms, “High semantic level: method”, “Word: in”, and “Low semantic
level: group”; in other words, our retrieval method is more useful and
convenient than conventional Web retrieval.

1 Introduction

We developed an algorithm for quickly searching sequences of hierarchically
structured data.3 For example, in the Kyoto Text Corpus [1], each word has
information on its part of speech (POS) and minor POS and the word itself.
(A minor POS is a more specific POS.) The POS, minor POS, and word can
be considered data of the highest layer, the second-highest layer, and the low-
est layer. Hierarchically structured data, as explained below, has data from the
lowest to the highest layers. The Kyoto Text Corpus has such a structure, so it
can be considered to be sequences of hierarchically structured data. The algo-
rithm we propose is for quickly searching sequences of such data. Our algorithm

3 We obtained a Japanese patent for the algorithm.

© A. Gelbukh (Editor)
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Table 1. Example of sequences of hierarchically structured data.

Word Minor POS | POS
The definite article|article
technology|common noun |noun
in preposition particle
Japan proper noun [noun
is copula verb

can be used not only for the Kyoto Text Corpus, but also for any sequences of
hierarchically structured data.

An application of our algorithm is to search sequences of hierarchically struc-
tured data, such as a tagged corpus where each word includes information on its
POS and minor POS and the word itself, as mentioned above. Our algorithm is
useful for quickly searching a natural language processing system that uses such
a tagged corpus. Linguists or users (i.e., learners) that would like to use linguis-
tic information would want to quickly search the database using grammatical
information such as POSs as mentioned above. Our algorithm is also useful for
this case. Our method can be used for other kinds of hierarchically structured
data, such as Web applications. Methods that can be used on such data are in
high demand. For example, our method can be used to retrieve Web text that
includes hierarchical information of low, middle, and high semantic levels. If we
use our method for such Web text, we can query using the terms, “Higher se-
mantic level: method”, “Word: in”, and “Low semantic level: group”; in other
words, our retrieval method is more useful and convenient than conventional
Web retrieval.

2 Algorithm

2.1 How to store data in a database

In our algorithin, we use suffix arrays [2] for retrieval. We can perform fast
searches by storing data in a database in a special form.

Data are stored in the following form. In our algorithm, we first create a data
item where each data item in a lower level is surrounded by a pair of higher-level
data items. We then connect these data items to make a long string and store the
string in a database. We make indexes for fast searches by using suffix arrays.

For example, assuming that we were going to store the sentence in Table 1 in a
database, we would first transform the word “The” into the appropriate form for
the database. For this data item, the lowest level data is “The”, and the second
lowest data level is “definite article”, so we put “definite article” on both sides of
“The” and obtain the expression “definite article:The:definite article”. We use
“:" as a boundary between the data items. The third lowest data item is “article”,
so we put “article” on both sides of “definite article:The:definite article” and
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obtain the expression, “article:definite article:The:definite article:article”. This
is the complete expression for the data item “The” stored in the database. We

transform the words “technology”, “in”, “Japan”, and “is” in the same way and
obtain the following string.

/article:definite article:The:definite article:article/
noun:common noun:technology:common noun:noun/
particle:preposition:in:preposition:particle/
noun:proper noun:Japan:proper noun:noun,/
verb:copula:is:copula:verb/

We store this string in a database with a “/” between expressions. Above, the
string is separated into words, and each expression is on a separate line for easy

viewing. However, in the database, we do not separate the expressions. Instead,
we connect them into strings.

2.2 Method of retrieval

When we query the database, we transform the query into a string as explained
above because the database is constructed from hierarchically structured data.
However, we transform data items at the beginning and end of a query in different
ways. Data items at the beginning of a query are put in order from the lowest
layer to highest. Data items at the end of a query are put in order from the
highest layer to lowest.

For example, assume that we make the following query.

common noun, noun
in, preposition, particle
proper noun, noun

That is, the POS of the first word in the query is noun, and its minor POS is
common noun; the second word is “in”, its POS is particle, and its minor POS
is preposition; the POS of the third word is noun, and its minor POS is proper
noun.

In this case, the data item at the beginning of the query is transformed to
“common noun:noun/” in order from the lowest layer to highest. The data item
in the middle of the query is transformed to “particle:preposition:in:preposition:
particle/”, where each data item in a lower level is surrounded by a pair of
higher-level data items. The data item at the end of the query is transformed to
“noun:proper noun” in order from the highest layer to lowest. As a result, we
construct the following string from the query.

common noun:noun/
particle:preposition:in:preposition:particle/
noun:proper noun
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We scarch for this string in a database by using a suffix array.

Suffix arrays arc known broadly as algorithms for quickly scarching for a
substring in a string. The algorithm has log(n) steps when the length of the
string is n.

Our algorithm can search for a complicated hierarchically structured datum
by searching only once using a suffix array.

Although we showed the case where the query is a sequence of three data
items (words) and three layers are used for a hierarchical structure, our method
can handle sequences of more than three items and more than three layers.

Now, we assume that we query the following.

common noun, noun
particle

That is, the first word’s POS is noun, its minor POS is common noun, and the
second word’s POS is particle. In this case, the data item for the first word is
transformed into “common noun:noun” in order from the lowest layer to highest.
The data item for the second word is transformed into “particle” in order from
the highest layer to lowest. The transformed query is as follows:

common noun:noun/particle

In this case, too, our algorithm can search for a hierarchically structured datum
by searching only once using a suffix array.

2.3 Supplement

In our algorithm, higher-level data items are put on both sides of lower-level
data items. If we adopt another method where higher-level data items are put
on one side of lower-level data items, our algorithm cannot be used to search.
For example, when we adopt the wrong method, the data in Table 1 is stored as
follows.

/The:definite article:article/
technology:common noun:noun/
in:preposition:particle/
Japan:proper noun:noun/
is:copula:verb/

In this case, the query that the first word’s POS is noun, its minor POS is
common noun, and the second word’s POS is particle as in the following cannot
be retrieved using a single scarch with a suffix array.

common noun:noun

particle

This is because an obstructive string, “in:preposition:”, is between “common
noun:noun” and “particle”, and a query cannot be expressed with an unsplit
string. Instead, in our algorithm, the data sequence is stored as follows.



Fast Search Algorithm for Sequences of Hierarchically Structured Data 167

/article:definite article:The:definite article:article/
noun:common noun:technology:common noun:noun/
particle:preposition:in:preposition:particle/
noun:proper noun:Japan:proper noun:noun/
verb:copula:is:copula:verb/

In this case, what separates “common noun:noun” and “particle” is a separation
symbol, “/”, only. Therefore, when we would like to search the following query,
we make the transformed query, “common noun:noun/particle”.

common noun:noun
particle

We can make the query by searching only once using a suffix array.

2.4 Notice for the algorithm

In our algorithm, a data sequence that can be searched for using a one-time
retrieval must fulfill the following conditions: The data items in the middle of
the query must have data for all the layers, from the lowest to highest, and the
data items at the beginning or end of the query must have data for all the layers
that are higher than a certain layer. A data sequence must consist of consecutive
items, so in a data sequence, there must not be gaps. A data sequence that does
not satisfy the above conditions cannot be expressed with a connective string
and cannot be searched for using one-time retrieval.

For example, the query specifying that the first word’s minor POS is common
noun and the second word’s POS is particle, as follows, cannot be searched for
using one-time retrieval.

common noun
particle

A string in the database is as follows.

noun:common noun:technology:common noun:noun/
particle:preposition:in:preposition:particle/

The word “noun” is between “common noun” and “particle”. Therefore, the
query cannot be expressed with a connective string and cannot be searched for
using one-time retrieval.

To solve the problem, we should use our knowledge of hierarchically struc-
tured data and complement data items in higher layers before making the query.
For example, the data item in the layer above “common noun” is “noun”. There-
fore, when the query is the following,

common noun
particle,
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Table 2. Average retrieval time.

Retrieval time Retrieval time| Ratio of
in conventional method|in our method|retrieval time
0.410 s 0.017 s 24.3

“noun” is the complement of “common noun”?, so we assume that the query is
the following.

common noun, noun
particle

The transformed query is “common noun:noun/particle”, and we can make the
query by using a one-time retrieval.

3 Experiments

Our algorithm is very fast because it uses suffix arrays, a fast scarch algorithin,
only once. We experimented to determine by how much our algorithm is faster
than a conventional method. In the experiments, we used our algorithm and the
following conventional method.

In the conventional method, we first divide a query into two parts. We next
search for the first part of the query using a suffix array. We then check whether
each result of the first search has the second part of the query and output the
results having the second part of the query as the final retrieval results.

We used Sun UE420R (450 MHz) systems as the computers for the experi-
ments. We used C to program them.

We used the Kyoto Text Corpus Version 2.0 1] (which has about 20,000
Japanese tagged sentences) as a database. We used the POS information as the
data in the highest layer, the minor POS information as the data in the middle
layer, and the word information as the data in the lowest layer. For example, in
the data item “technology, common noun, noun”, “noun” is treated as the data
item in the highest layer, “common noun” is treated as the data item in the
middle layer, and “technology” is treated as the data item in the lowest layer.

The experimental results are shown in Tables 2 to 4. In the experiments,
we used the 24 expressions shown in the first column of Table 3 as the first
parts of our queries and used the 51 expressions shown in the first column of
Table 4 as the second parts. We made 1224 (= 24 x 51) queries by making
all the combinations of the first and second parts and used the queries for the
experiments. In our method, we connect the first and second parts of a query

* In some cases, a data item in a lower layer has plural data items in a higher layer. In
such a case, we have to make queries using all the data items and make OR retrieval
using the queries, have the user select one of the data items and make the retrieval
using the query made using it, or use word sense disambiguation techniques to select
an appropriate data item and make the retrieval using a query made using it.
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Table 3. Retrieval time for first part of query.’

First part of query Number ’Z‘ime (s)[Time Ss) Ra?io
ol items|(conven-| (our [¢]

output | tional) |method)| time

verb 48692 11231 0.017] 65.
adjective 11213 0.274 0.018| 15.5
prefix 31501  0.082| 0.017| 4.7
adnoun 532 0.025 0.016] 1.5
pronoun 4513 0.120 0.017] 7.1
noun 178487|  3.955|  0.020]194.0
verbal noun:noun 45110 1.103 0.019| 58.6
common noun:noun 87130 2.085 0.017|120.8
formal noun:noun 4704 0.130 0.015| 8.5
person name:noun 6845 0.172 0.015| 11.7
location name:noun 10196 0.257 0.016] 16.0
organization name:noun 3249 0.091 0.019] 4.9
proper noun:noun 97 . 0.020{ 0.018| 1.1
prime minister:common noun:noun 4471 0.030{ 0.018] 1.7
goverment:common noun:noun 529 0.033| 0.019] 1.7
expectation:verbal noun:noun 152  0.018] 0.016] 1.1
hito (human):common noun:noun 542|  0.030 0.015| 2.0
Murayama:person name:noun 232 0.021 0.016| 1.3
Tokyo:location name:noun 390 0.023 0.014| 1.7
mono (thing):formal noun:noun 681 0.035| 0.017] 2.0
koto (matter):formal noun:noun 2255 0.088| 0.019| 4.7
no (thing):formal noun: noun 1350 0.061 0.015| 4.1
omou (think)::verb 120  0.020f 0.015| 1.4
aru (exist)::verb 1228|  0.054] 0.018] 3.0

into one string and search for it in a database. Using the conventional method,
we first search for the first part of a query in a database and check whether each
result of the first search has the second part of the query. We then output the
results having the second part of the query as the final retrieval results.

Table 2 shows the average retrieval times for the conventional method and our
method and the ratio of the average retrieval time of the conventional method
to that of our method. Our method is very fast (0.017 s), and the conventional
method is slower (0.410 s). Our method is 24 times faster than the conventional
method. This indicates that our method is effective.

Table 3 shows the average retrieval time for the queries where the first part
of the query is the corresponding first part in the first column of the table and
the second part is any of the second parts from Table 4. Table 4 shows the
average retrieval time for the queries where the second part of the query is the
corresponding second part in the first column of the table and the first part i.s
any of the first parts from Table 3. In the tables, “Number of items output”
indicates the number of items output using only the first or second part of the
query. (That is, “Number of items output” indicates the number of expressions
matching the first or second part of the query.) “Time (conventional)” indicate.s
the average retrieval time for the conventional method. “Time (our‘ metl.lod)'
indicates the average retrieval time for our method. “Ratio of time” indicates



170

Murata M., Utivama M., Kanamaru T. and Isahara H.

Table 4. Retrieval time for second part of query.

Second part of query oNfuir&t;gg ’&l(r)rrllev egﬂ Tl(gSrSS) Rg?no

output | tional) |method)| time

verb 48692 0.396 0.015] 27.2
aux. verb 4074 0.417 0.018| 23.3
adjective 11213 0.406 0.015| 26.4
postfix 37322| 0.420| 0.020| 20.6
copula 4616 0.403 0.018| 22.5
noun 178487 0.408 0.020( 20.4
noun:verbal noun 45110|  0.400 0.016] 24.6
noun:common noun 87130 0.425 0.018| 24.3
noun:formal noun 4704 0.407 0.015( 27.1
noun:person name 6845 0.425 0.014| 30.9
noun:location noun 10196 0.405 0.017| 23.7
noun:organization noun 3249 0.420 0.017| 25.2
noun:proper noun 97 0.392 0.018| 21.4
particle 125877| 0.417| 0.022| 18.5
particle:case particle 68951 0.410 0.018| 22.3
particle:postfix particle 860 0.422 0.015| 27.4
particle:sub particle 24565 0.394 0.019| 21.0
particle:connective particle 31501 0.410 0.020| 20.9
particle:case particle:kara (from) 2286 0.419 0.017| 24.5
particle:case particle:ga (sub.) 12240 0.404 0.014| 28.5
particle:case particle:de (in) 6901 0.400 0.014( 29.1
particle:case particle:to (with) 11248 0.402 0.021| 18.9
particle:case particle:ni (to) 15697| 0.416 0.018( 23.8
particle:case particle:no (sub.) 1601 0.421 0.018]| 24.1
particle:case particle:ha (sub.) 1| 0.394| 0.015] 25.5
particle:case particle:he (to) 883| 0.426 0.018| 23.3
particle:case particle:made (to) 795 0.395 0.016( 24.9
particle:case particle:yori (from) 232 0.426 0.020| 20.9
particle:case particle:wo (obj.) 17064 0.411 0.016{ 25.3
particle:postfix particle:ka 699 0.407 0.013| 31.5
particle:postfix particle:ne 47 0.405 0.019( 21.6
particle:postfix particle:yo 41 0.406 0.019| 21.2
particle:postfix particle:wa 4 0.407 0.017| 24.4
particle:sub particle:kurai (about) 19| 0.412 0.014| 29.9
particle:sub particle:gurai (about) 17 0.422 0.022| 19.5
particle:sub particle:koso (even) 87| 0.417[ 0.016| 26.3
particle:sub particle:sae (even) 52 0.403 0.015| 27.7
particle:sub particle:shika (only) 127|  0.404 0.015( 26.9
particle:sub particle:sura (even) 41 0.404 0.015( 27.7
particle:sub particle:dake (only) 580| 0.415 0.016| 25.5
particle:sub particle:datte (even) 11 0.417 0.016| 25.7
particle:sub particle:demo (even) 482|  0.407 0.017( 24.4
particle:sub particle:nado (etc.) 1555 0.417| 0.018| 23.3
particle:sub particle:nomi (only) 24 0.412 0.018| 23.5
particle:sub particle:bakari (only) 49 0.408 0.016| 25.1
particle:sub particle:made (also) 6] 0.408/ 0.015| 26.5
particle:sub particle:mo (also) 4663| 0.422| 0.016| 26.6
particle:connective particle:to (and) 15|  0.417 0.013| 32.3
particle:connective particle:no (of) 25739  0.400 0.015| 25.9
particle:connective particle:ya (or) 1530  0.409 0.019| 21.8
particle:connective particle:mo (too) 7| 0.419] 0.017] 24.5
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the ratio of the average retrieval time of the conventional method to that of our
method.

From Table 3, we found that when the number of items output using the first
part of a query is larger, the time ratio of the conventional method to that of our
method is also larger. That is, when the number of items output using the first
part of a query is large, the conventional method needs much more time than
our method for retrieval. For example, when the first part of a query is “noun”,
the number of items output is very large (178487). Therefore, the conventional
method needs 4 s. On the other hand, our method is very fast (0.020 s). The
ratio of time is 194, so our method is 194 times faster than the conventional
method. This indicates that our method is effective.

On the other hand, when the number of items output using the first part of
a query is small, the ratio of time is not so large. For example, when the first
part of a query is “proper noun:noun”, the number of items output is small (97).
In this case, the retrieval times of the conventional method and our method are
0.020 and 0.018 s and are very similar.

Next, let us examine the results for the second parts of the queries using
Table 4. In this case, the conventional method needs almost the same time for
each query. We found that the retrieval time of the conventional method does
not depend on the second part of a query.

For a more detailed examination, we used the results in Tables 3 and 4 to
graph the relationships between the number of items output and retrieval time
of the conventional method, between the number of items output and retrieval
time of our method, and between the retrieval time of the conventional method
and that of our method. The graphs are shown in Figure 1.

Using Figure 1(al), we found that the retrieval time of the conventional
method is roughly proportional to the number of items output using the first
part of a query. The reason is that the conventional method has to check whether
each result in the first search has the second part of the query.

Next, using Figure 1(a2), we can see that the retrieval time of the conven-
tional method does not depend on the number of items output using the second
part of a query. The reason is that the conventional method has to check whether
each result in the first search has the second part of the query, and the retrieval
time does not depend on the number of data items in a database corresponding
to the second part of the query.

Using Figures 1(bl) and 1(b2), we can see that the retrieval time of our
method is slightly longer when the number of items output using the first or
second part of a query is larger.

Next, we examined the ratio of the retrieval time of the conventional method
to that of our method using Figures 1(cl) and 1(c2). Because the ratio is the
retrieval time of the conventional method divided by that of our method, the
values in Figures 1(al) and 1(a2) divided by the values in Figures 1(bl) and
1(b2) are the values in Figures 1(cl) and 1(c2). Because the values in Figure
1(al), which form a straight line from the lower left side to the upper right side.
are divided by the values in Figure 1(b1), which form a straight line tilted down
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Fig. 1. Retrieval times for first or second part of query.

slightly on the left, the values in Figure 1(c1) go up to the right but curve down
slightly compared to a straight line. Because the values in Figure 1(a2), which
form a straight line from left to right, are divided by the values in Figure 1(h2),
which form a line going down slightly to the left, the values in Figure 1(c2) go
down slightly to the right.

From these results, we found that our method is especially effective when the
number of items output using the first part of a retrieval is large. We also found
that when the number of items output using the second part of a retrieval is
small, the speed of our method is slightly reduced, and the difference between
the speeds of our method and the conventional method is slightly smaller.

In the conventional method described above, we always used the first part of 2
query first and checked whether each result of the first search had the second part
of the query to more easily analyze experimental results. However, in general,
we first determine whether the first or second part of a query has the smaller
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Table 5. Average retrieval time

Retrieval time Retrieval time| Ratio of
of conventional method 2|of our method |retrieval time
0.112 s 0.017 s 6.65

Table 6. Example of data sequence that includes semantic information.

Word  [Semantic Level 2[Semantic Level 1
The None None
technology[Method Abstraction
in None None
Japan Country Group
is None None

number of items to output, then use the part with the smaller number for the
first retrieval, and check whether each result in the retrieval has the other part of
the query. This is because when the number of the outputs in the first retrieval
is smaller, the conventional method is faster. Therefore, we experimented using
this method. We call it conventional method 2. The results are shown in Table
5. The retrieval time of conventional method 2 is 0.112 s, which is faster than
the conventional method (0.410 s). However, the retrieval time of conventional
method 2 is 6.2 times slower than that of our method.

We can use SQL to handle hierarchically structured data, so we experimented
using it. However, when we used MySQL, we needed a few seconds to search for
only one word®, and we needed a few minutes to a few hours to search for a
combination of two words®. Therefore, our method is much faster at retrieving
one word (100 times faster than the method using SQL; our method needs 0.02
s, and the method using SQL needs a few seconds) and even faster at retrieving
a pair of words (6000 to 360000 times faster than the method using SQL; our
method needs 0.02 s, and the method using SQL needs a few minutes or a few
hours) than the method using SQL.

4 Application

Our algorithm can be used not only for the Kyoto Text Corpus, but also for any
sequences of hierarchically structured data.

For example, our method can be used for data sequences using the semantic
information of a hierarchical thesaurus such as in Table 6. In this case, the data
sequence in the table is transformed into the following string to store it in a
database.
® The retrieval time for “noun” was 3.59 s.

% The retrieval time of the pair “noun:common noun” and “de (in):particle” was 3.5
hours.
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/None:None:The:None:None/
Abstract.ion:Method:technology:Method:Abst.raction/
None:None:in:None:None/
Group:Count'ry:Japan:Country:Group/
None:None:is:None:None/

In the data, we can retrieve a query using the terms, “Semantic level 2: Method”,
“Word: in”, and “Semantic level 1: Group”; that is, we can retrieve the semantic
query of “Method in Group”. In this case, we complement the query with some
data items using our knowledge of hierarchical thesauruses such as WordNet (3]
and make the string “Method: Abstraction/None:None:in:None:None/Group”.
By using this string, we can make the query using a one-time retrieval.

5 Conclusion

We developed an algorithm for quickly searching sequences of hierarchically
structured data, such as a tagged corpus where each word includes information
on its part of speech (POS) and minor POS and the word itself. To determine
the offectiveness of our method, we experimented to compare the retrieval time
of our method with that of a conventional method. The conventional method
was the method dividing the query into two parts, making the first retrieval
using one of the two parts, and checking whether each of the results in the first
retrieval included the other part or not. The experimental results showed that
our method was 194 times faster than the conventional method at fastest and
24 times faster on average. We also found that our method is especially effective
when the number of items output using the first retrieval is large.

Our algorithm can be used for other kinds of sequences of hierarchically
structured data. We showed sequences of hierarchically structured data where
each word has a higher semantic label and a lower semantic label and described
how to transform a sequence of such data into a string to store the data in a
database.

Our technique for putting semantic information into text can be used for
Web text. Our method can therefore be used for Web retrieval, which is in
high demand. If we use our method for Web text, we can query using the terms,
“Semantic level 2: Method”, “Word: in”, and “Semantic level 1: Group”; in other
words, our retrieval method is more useful and convenient than conventional Web
retrieval.
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Abstract. This paper outlines the BRILI cross-lingual English-Spanish-
Catalan Question Answering (QA) system. The BRILI is being designed
at University of Alicante and will be capable to answer English, Spanish
and Catalan questions from English, Spanish and Catalan documents.
The starting point is our monolingual Spanish QA system [11] which was
presented at the 2005 edition of the Cross-Language Evaluation Forum
(CLEF). We describe the extensions to our monolingual QA system that
are required, especially the language identification module and the strat-
egy used for the question processing module. The Inter Lingual Index
(ILI) Module of EuroWordNet (EWN) is used by the question process-
ing modules. The aim of this is to reduce the negative effect of question
translation on the overall accuracy of QA systems.

1 Introduction

The aim of a Question Answering (QA) system is to localize the correct answer
to a question in natural language in a non-structured collection of documents,
also the situations where the system is not to able to provide an answer should
be detected. In the case of a Cross-Lingual QA (CL-QA) system, the question is
formulated in a language different from the one of the documents, which increases
the difficulty. Nowadays, multilingual QA systems have been recognized as an
important issue for the future of Information Retrieval (IR).

In this paper we present BRILI (Spanish acronym for " Question Answering
using Inter Lingual Index Module”). It is a CL-QA system for Spanish, English
and Catalan. It is designed to localize answers from documents, where both
answers and documents are written in the three languages. The system is based
on complex pattern matching using NLP tools (1,4,7,12]. Beside, Word Sense
Disambiguation (WSD) is applied to improve the system (a new proposal of
WSD for nouns based on [2]).

BRILI is fully automatic, including the modules of language identification
and question processing. The main goal of this paper is to describe these modules

*  This research has been partially funded by the Spanish Government under project
CICyT number TIC2003-07158-C04-01 and by the Valencia Government under
project number GV04B-268.
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and the use of the ILI Module of EuroWordNet (EWN) in order to reduce the
negative effects of question translation on the overall accuracy of QA systems.

The rest. of this paper is organized as follows: section 2 describes effects of
question translation on the precision of QA systems. Afterwards, the architecture
of the system is shown and discussed in section 3 (specially the modules of
language identification and question processing) and finally, section 4 details
our conclusions and future work.

2 Negative effects of question translation

Nowadays, most of the implementations of CL-QA systems are based on four
different. approaches. The first one uses a translation system to translate ques-
tion into the language in which the documents are written (this technique is
the most used). On the other hand, other systems base their implementations
on cross-lingual IR (CL-IR) systems. These implementations use the language
of the question to generate queries to a CL-IR system. Besides, some systems
translate all the documents into the language of the question. Finally, there are
sophisticated implementations [6] where English is used as pivot language.

The low quality of machine translation provides results worse than those
obtained in the monolingual task.

The precision of a CL-QA system is mainly affected by a correct translation
and analysis of the questions that are received as input. An imperfect translation
of the question causes a negative impact on the overall accuracy of the systems
[3,5,6,10,13]. As Moldovan [9] stated, Question Analysis phase is responsible
for 36.4% of the total of number of errors in open-domain QA.

For CL-QA, translations are often inexact and quite fuzzy, this fact causes
an important decrease on the precision of the systems. For instance, on-line Ma-
chines Translation systems generate errors such as translations of names that
should be left untranslated. The impact of this kind of mistakes should be con-
trolled and valued.

The number of correct answers is always lower for CL-QA. Usually, the preci-
sion on cross-lingual task is approximately 50% lower than for monolingual task
[14]).

3 Architecture Overview

The starting point of BRILI is our monolingual Spanish QA system, called
AliQAn (11], which was presented at the 2005 edition of the Cross-Language
Evaluation Forum (CLEF).

AliQAn is based fundamentally on syntactic analysis of the questions and
the Spanish documents, where the system tries to localize the answer. In order
to make the syntactic analysis, SUPAR [4] system is used, which works in the
output of a PoS tagger [1]. SUPAR performs partial syntactic analysis that lets us
to identify the different grammatical structures of the sentence. Syntactic blocks
(SB) are extracted, and they are our basic syntactic unit to define patterns.
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Using the ontput of SUPAR, AliQAn identifies three types of SB: verb phrase
(VP), simple nominal phrase (NP) and simple prepositional phrase (PP).

In the step of the extraction of the answer, AliQAn takes the set of retrieved
passages by IR-n(7] and tries to extract a concise answer to the question. In
order to extract the answer, the following NLP techniques are used:

— Lezical level. Grammatical category of answer must be checked according to the
type of the question. For example, if we are searching for a person, the proposed
SB as possible answer has to contain at least a noun.

— Syntactic level. Syntactic patterns have been defined. Those let us to look for the
answer inside the recovered passages.

— Semantic level. Semantic restrictions must be checked. For example, if the type
of the question is city the possible answer must contain a hyponym of city in
EuroWordNet. Semantic restrictions are applied according to the type of the ques-
tions. Some types are not associated with semantic restrictions, such as quantity.

The next example (question 38, In Workshop CLEF 2003) shows the used
pattern and the behavior the extraction of the answer:

- [SOL([PP, sp: NP11] [...] [VP][...] [NP2]

First, NP2 (or PP2) and VP are searched by the system, afterward the NP1
with the answer must be found. Next example shows the process:

— Question: ;Qué presidente de Corea del Norte murié a los 82 anos de edad? (What
North Korea’s president died at the age of 827 )

Type: person

List of SB: NP, northskoreaspresident] [VP, to death] (PP, at: age [PP, of: 80|
Text: [...] Kim Il Sung, presidente de Corea del Norte, murié ayer a los 82
anos [...] ([...] Kim Il Sung, president of North Korea, died yesterday at the
age of 82 |...])

List of SB of sentence: [...] [NP, kimsils sung [PP, apposition: president (PP,
of: northekorea]] [VP, to death] [PP, at: age [PP, of: 82| |.. J

Answer: Kim Il Sung

|

BRILI (the architecture is shown in Fig.1) is an automatic and complete
system for CL-QA tasks. The system carries out an indexation phase where all
the documents are analyzed each one in its own language, in which syntactic
and semantic information is stored.

The module of language identification have been developed to automatically
distinguish the correct language of the question and documents. It is based on
two main techniques: the use of dictionaries (joined dictionaries, specific per-
language stopwords) and the use of part-of-word terminology (for example, "ing"
in the case of English). This philosophy presents a good precision 8] in Spanish,
English and Catalan text.

The phase of Question Analysis is made up of two tasks, the first one con-
sisting on detecting the type of information that the answer has to satisfy to be
a candidate of answer (proper name, quantity, date, etcetera), while the second
one has as objective selecting the question terms (keywords) that make possible
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to locate those documents that can contain the answer. The expected answer
type is achieved using different sets of syntactic patterns according to the lan-
guage that is being processed. Beside, WSD is applied to obtain the synset for
each keyword.

The next example shows the behavior of question analysis in a question of
type person:

— Question:
o Which French president inaugurated the Eurotunnel?
— Information used (syntactic blocks) to detect the type of the question and key-
words:
e interrogative pronoun - Which
* nominal phrase - French president - synset in English
e verb phrase - to inaugurate - synset in English
e nominal phrase - Eurotunnel - this word does not exit in EuroWoedNet

The inputs of the Inter Lingual Reference (ILR) module are the detected
keywords in the question and the type of the question. In addition to the syn-
tactic blocks and the type of the question, the ILR module returns for each
keywords its synsets in the three languages, using the ILI Module of EWN. The
words that are not in EWN are translated into the rest of the languages using a
machine translation system. Our approach does not achieve a translation of the
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question, it indexes the words using the ILI of EWN reducing the negative effect
of question translation on the overall accuracy. For instance, using the previous
example the ILR module selected the synset in Spanish and Catalan for the word
“French”, on the other hand the word “Furotunnel” which is not presented in
EWN is translated into Spanish and English using machine translation.

The behavior of this module is shown using the previous example.

— Input of ILR module:
French synset in English
president synset in English
to inagurate synset in English
Eurotunnel this word does not exit in EuroWoedNet
— Output of ILR module:
e French synsets in English, Spanish and Catalan
e president synsets in English, Spanish and Catalan
e to inagurate synsets in English, Spanish and Catalan
e Eurotunnel this word does not exit in EuroWoedNet
» translations into Spanish and Catalan

The phase of Selection of relevant passages uses IR-n system (7). The inputs
of IR-n are the detected keywords and the translated word that are not in EWN.
For instance, using the previous example, IR-n receives as input the words: “in-
augurate” with its synonymous; “inaugurar” (in Spanish) with its synonymous
and “inaugurar” (in Catalan) with its synonymous. The translated words have
been obtained indexing the synsets of words using ILI Module of EWN without
using any machine translation. IR-n returns a list of passages where the system
applies the extraction of the answer according to the language in which each
passage is written.

The final step of BRILI is the phase of Extraction of the Answer which is
composed of three monolingual modules. BRILI uses the syntactic blocks of the
question and different sets of syntactic patterns (according to the language) with
lexical, syntactic and semantic information to find out the correct answer. Next,
an example of syntactic pattern for Spanish is shown which captures solution in
Spanish sentence.

— Sentence:
“ .. el Presidente Francés, Jacques Chirac, inauguré el Eurotunel ...” (...
the French President, Jacques Chirac, inaugurated the Eurotunnel ..)

— Syntactic pattern:
[NP ( “French president”), apposition [NP (SOLUTION)]] + [VP (‘“to inau-
gurate”)] + [NP “Eurotunnel”)|

In order to decreased the effect of incorrect translation of the words that
are not in EWN, the matches using these words in the search of the answer are
valued less than the words obtained from the TT.T Module of EWN.
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Conclusions and Future Work

The main objective pursued by our proposal is a cross-lingual QA system that
reduces the use of machine translation. Reducing the decrease of the precision
that is caused by the question translation will be achieve by means of the use
of the ILI Module of EWN and WSD. Nowadays, BRILI is being implemented.
For this reason, results are not presented in this paper.
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Abstract. This paper discusses an important characteristic of restricted-
domain question-answering (RDQA): the issue of low precision in find-
ing good answers. We propose methods for improving precision using
domain-specific terminology and concept hierarchy to rearrange the can-
didate list and to better characterize the question-document relevance
relationship. Once this relationship has been well established, one can
expect to obtain a small set of (almost) all relevant documents for a
given question, and use this to guide the information retrieval engine
in a two-level search strategy. The methods proposed here have been
applied to a real QA system for a large telecommunication company,
yielding significant improvements in precision.

1 Introduction

This paper presents our research in the development of a question-answering
(QA) system for a restricted domain. The system’s goal is to reply to customer’s
questions on services offered by Bell Canada, a major Canadian telecommunica-
tion corporation. Although grounded within a specific context, we try to reveal
general problems and develop a general methodology for restricted-domain QA
(RDQA). ‘

Although work in RDQA dates back to the early years of Artificial Intelli-
gence, the domain has only recently regained interest in the research community.
RDQA performs QA on a specific domain and often uses document collections
restricted in subject and volume. Often integrated in real-world applications,
RDQA, especially systems working on free text corpora (rather than on struc-
tured databases), provides many interesting challenges to natural language en-
gineering. Real questions have no limit on form, style, category, and complexity.
In addition, 2 RDQA system often has to deal with the problem of low precision
in finding a correct answer for a given question.

In this paper, we discuss the main characteristics of RDQA, and present a
series of methods to improve the precision performance of our system. These
methods were not developed specifically for our project at hand but always
considered in a general perspective of RDQA.

© A. Gelbukh (Editor)
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2 Restricted-Domain QA (RDQA)

In the early days of Artificial Intelligence, work in QA typically addressed
restricted-domain systems working over databases (e.g., [1] and [2]). However, at
the end of the last decade, interest in QA has been stirred up by the availability
of huge volumes of electronic documents, especially the WWW, and of power-
ful search engines. Within this context, researchers have been most attracted
to open-domain QA, driven by the TREC and DARPA initiatives. Most work
has been performed on finding precise and short answers to factoid questions.
However, as QA is applied to more practical tasks, it has become apparent that
this orientation cannot satisfy the requirements of practical applications. It is
RDQA, re-emerging recently, that brings out a set of new directions to the do-
main. Expected to carry out QA principally in real-life contexts, particularly in
industrial and commercial applications, RDQA has to deal with real and very
diffienlt problems. It is no surprise that RDQA is regaining attention these days
at the research level, as evidenced by, e.g., [3-5]. Some typical work on RDQA
include the LILOG project that answers questions on tourist information [6], the
ExtrAns system working on Unix manuals [7], WEBCOOP also on tourist in-
formation [8], and the system of [9] working on the telecommunications domain.

Techniques developed for open-domain QA, particularly for TREC competi-
tions, are not that helpful in RDQA. Indeed, RDQA has several characteristics
that make it different from open-domain QA:

Restricted Document Collection In RDQA, the document collection is typi-
cally restricted in subject and in volume. By definition, the domain of knowledge
and information of interest is predefined, and often very narrow. The working
document collection is normally much smaller in size than that of open-domain
QA systems. In addition, it is often homogeneous in style and structure.

Scarcity of Answer Sources A consequence of a restricted document collec-
tion is the scarcity of answer sources. Redundancy of answer candidates for a
given question is exploited extensively in open-domain QA systems as one prin-
cipal method to determine the right answer. The situation is contrary in RDQA.
As the documents often come from only a few sources, they do not likely have
repeated contents. Information about a specific issne is typically referred to in
only a few areas of the documents, and the system will not have a large retrieval
set abundant of good candidates for selection. [10] shows that the performance of
a system depends greatly on the redundancy of answer occurrences in the docu-
ment collection. For example, they estimate that only about 27% of the systems
participating in TREC-8 produced a correct answer for questions with exactly
one answer occurrence, while about 50% of systems produced a correct answer
for questions with 7 answer occurrences. (7 is the average answer occurrences
per question in the TREC-8 collection.) Scarcity of correct answers explains why
low performance on precision is a general concern for RDQA systems.
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Domain Specific Terminology A RDQA system normally has to work with
domain-specific terms and meaning. As these will not be found in a general
dictionary or thesaurus, lexical and semantic techniques based on the use of
these resources (consider the wide use of WordNet in open-domain QA) may not
apply well here. Instead we need specialized knowledge, such as a technical term
dictionary, an ontology of entities in the domain, etc. Nonetheless, building these
resources from scratch may be costly and problematic, because it often requires
domain expertise.

On the other hand, as in any specialized domain, word sense disambiguation
may be a smaller issue in RDQA. Most “important” words will only have a few
possible senses. For instance, the word card in our corpus seems to have only one
sense (telephone card), compared to 11 senses in WordNet 2.1.

Complex Questions If a QA system is to be used for a real application, e.g.
answering questions from clients of a company, it should accept arbitrary ques-
tions, of various forms and styles. Contrarily, current open-domain QA systems
generally suppose that the questions are constituted by a single, and often sim-
ple, sentence, and can be categorized into a well-defined and simple semantic
classification (e.g. Person, Time, Location ...). Complexity of questions can be
studied at different levels: representational level: syntax, number of sentences,
style, ...; semantic level: entities in the question and their relationships; logical
level: hypotheses, presuppositions, inferences, ..., and intentional level: expec-
tations, objectives, ... For example, let’s consider a question from our corpus:

It seems that the First Rate Plan is only good if most of my calls are in
the evenings or weekends. If so, is there another plan for long distance calls
anytime during the day?

This is a rather complex question at the representational level, because it is
made up of two sentences, both, syntactically complex. Semantically, it asserts
something about the First Rate Plan, and asks for another plan for long distance
telephone calls. At the logical level, one can discover that the client has presup-
posed (correctly) that First Rate Plan is a long distance telephone call plan, that
this plan is not economical during the day. At the intentional level, she wants to
know whether there is another similar but less expensive plan, and expects to
receive various information about it (how to register, its price structure ...).

Complex Answers Answers in real-life QA cannot be restricted to simple
phrases or short snippets. They should contain as much information as needed
in order to answer the true intention of the question. This may imply clarifying
the context of the problem posed in the question, explaining different sitnations,
providing justifications and inferences, giving instructions or suggestions, ... For
the example above, it would be a business disaster for the company if the QA
system only returned a specific plan name, e.g. “First Rate 24 !” with no further
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explanations or details. Finding an answer that contains the necessary informa-
tion (completeness), but only the necessary information (conciseness) is far more
difficult with non-factual questions where the answer is not simply defined as a
grammatical constituent. An ideal answer may be as follows:

A: First Rate 24

$4.95/month

If most of your long distance calling is within Canada or to the United
States during the day or if you want convenience of calling anytime during
the day or night, then the First Rate 24 hours plan may be a good option
for you. With the First Rate 24 hours long distance plan you will receive
the following benefits.

- Now you never have to worry about the time when you’re calling friends,
relatives, or following up on an important business call.

- For a low fee of $4.95 a month, you can call anywhere in Canada for just
10 cents a minute, and to the U.S. for just 20 cents a minute, 24 hours a
day, everyday.

- You'll also be able to take advantage of our 24 hour flat overseas rates on
direct dialled calls to our 28 most popular overseas calling destinations.

Evaluation Finally, evaluation of a RDQA system cannot be performed using
the same techniques as in open-domain QA. In open-domain QA, answers are
often very short, hence one can look for a specific pattern in the answers and
automate the evaluation process, in order to compute various measures (e.g.
MRR, confidence-weighted score, etc). In the case of complex questions and
answers, a more complete evaluation is necessary. As an example, [11] present a
novel and comprehensive way to evaluate a system as a whole, but approaches
inspired by the evaluation of automatic summarization systems can also be used.

3 RDQA for Bell Canada

3.1 The Corpus

In our project, the document collection was derived from Bell Canada’s website
(www.bell.ca) in 2003. It contains descriptions of the company’s wide-range
products and services in telecommunication (telephone, wireless, Internet, Web,
etc.). As the documents were in various formats (e.g. HTML, PDF) they were
saved as plain text, sacrificing some important formatting cues. The collection
comprises more than 220 documents, for a total of about 560K characters.

The available question set has 140 questions, whose form and style vary freely.
Most questions are composed of one sentence, but some are composed of several
sentences. The average length of the questions is 11.3 words (to compare, that
of TREC questions is 7.3 words). The questions ask about what a service is, its
details, whether a service exists for a certain need, how to do something with
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a service, etc. For the project, we divided the question set at random into 80
questions for training and 60 for testing. Below are some examples of questions:

Do I have a customized domain name even with the Occasional Plan of
Business Internet Dial?

With the Web Live Voice service, is it possible that a visitor activates a
call to our company from our web pages, but then the call is connected over
normal phone line?

It seems that the First Rate Plan is only good if most of my calls are in

the evenings or weekends. If so, is there another plan for long distance calls
anytime during the day?

3.2 Initial Evaluation: Using a naive QA system

Although our collection was not very large, it was not so small either so that a
strategy of searching answers directly in the collection could be obvious. Hence
we first followed the classic two-step strategy of QA: information retrieval (IR),
and then candidate selection and answer extraction. The well-known generic IR
engine OKAPI (www.soi.city.ac.uk/ andym/OKAPI-PACK/, also [12]) helped us
to do both steps. For each question, input as such, OKAPI returns an ordered
list of answer candidates, together with a relevance score for each candidate and
the name of the document containing it. An answer candidate is a paragraph
which OKAPI considers most relevant to the question!. OKAPI is thus more than
just a traditional IR engine; it can be regarded as a naive QA system returning
paragraphs.

The candidates were then evaluated by a human judge using a binary scale:
correct or incorrect. This kind of judgment is recommended in the context of
communications between a company and its clients, because the conditions and
technical details of a service should be edited as clearly as possible in the reply
to the client. However we did also accept some tolerance in the evaluation. If a
question is ambiguous, e.g., it asks about phones but does not specify whether
it pertains to wired phones or wireless phones, all correct candidates of either
case will be accepted. If a candidate is good but incomplete as a reply, it will be
judged correct if it contains the principal theme of the supposed answer, and if
missing information can be found in paragraphs around the candidate’s text in
the containing document.

Table 3.2 shows OKAPI's performance on the training question set. We kept
at most the 10 best candidates for each question, because after rank 10 a correct
answer was very rare. C(n) is the number of all candidates at rank n which are
judged correct. Q(n) is the number of questions in the training set which have
at, least one correct answer among the first n ranks. As for answer redundancy.
among the 45 questions having at least a correct answer (see Q(10)), there were

! A paragraph is a block of text separated by two newline characters. As formatted
files were saved in plain text, original “logical” paragraphs may be joined up into
one paragraph, which may affect the precision of the candidates.
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33 questions (41.3% of the entire training set) having exactly 1 correct answer,
10 questions (12.5%) having 2, and 2 questions (2.5%) having 3 correct answers.
Table 3.2 also gives OKAPI’s precision on the test question set.

Table 1. Performance of OKAPI on the training question set (80 questions), and the
test question set (60 questions).

n 1 "2 3 4 5 6 7 8 9 10
Training Set

C(n) 20 11 5 4 9 3 1 1 4 1
%C(n) 25% 13.8% 6.3% 5% 11.3% 3.8% 1.3% 1.3% 5% 1.3%
Q(n) 20 26 28 32 39 41 42 43 44 45
%Q(n) 25% 32.5% 35% 40% 48.8% 51.3% 52.5% 53.8% 55% 56.3%
Test Set

C(n) 18 8 7 2 4 3 3 2 1 1
%C(n) 30% 13.3% 11.7% 3.3% 6.7% 5% 5% 3.3% 1.7% 1.7%
Q(n) 18 23 28 29 32 33 35 36 36 37
%Q(n) 30% 38.3% 46.7% 48.3% 53.3% 55% 58.3% 60% 60% 61.7%

The results show that OKAPI’s performance on precision was not satisfying,
conforming to our discussion about characteristics of RDQA above. The precision
was particularly weak for n’s from 1 to 5. Unfortunately, these are cases that the
system aims at. n=1 means that only one answer will be returned - a totally
automatic system. n=2 to 5 correspond to a more practical scenario of a semi-
automatic system, where an agent of the company chooses the best one among
the n candidates, edits it, and sends it to the client. We stopped at n=>5 because
a greater number of candidates seems too heavy psychologically to the human
agent. Also note that the rank of the candidates is not considered important
here, because they would be equally examined by the agent. This explains why
we used Q(n) to measure the precision performance rather than other well-known
scoring such as mean reciprocal rank (MRR) or confidence-weighted score.

Examining the correct candidates, we found that they were generally good
enough to be sent to the user as an understandable reply. About 25% of them
contained superfluous information for the corresponding question. while 15%
were lacking information. However, only 2/3 of the latter (that is 10% of all)
looked difficult to be completed automatically. Generating a more concise answer
from a good candidate (an extracted paragraph) therefore seemed less important
than improving the precision of the IR module. We therefore concentrated on
how to improve Q(n) for n= 1 to 5.

4 Improving Precision

The first obvious approach to improve the precision performance of the system
is to use a better IR engine or tuning the current one to the specific domain and
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task, e.g. by adjusting the parameters, modifying the weighting formulas of the
engine. However, this approach is neither general (an engine may work well with
one application but not with another), nor interesting at the theoretical level.

The second approach consists in improving the results returned by the IR
engine. One main direction is re-ranking the candidates, i.e. pushing good can-
didates in the returned candidate list to the first ranks as much as possible, thus
increasing Q(n). To do this, we need some information that can characterize
the relevance of a candidate to the corresponding question better than the IR
engine did. The most prominent kind of such information may be the domain-
specific language used in the working domain of the QA system, particularly its
vocabulary, or even more narrowly, its terminological set.

While implementing re-ranking methods, we found that domain-specific se-
mantic information could be used to filter documents according to their relevance
to a given question. This led us to another approach: concept-based two-level
search. In the following, we will present our development of a series of strategies
for precision improvement and their results.

4.1 Re-ranking Candidates

In this approach, we experimented with two methods of re-ranking: one with a
strongly specific terminological set, and one with a concept hierarchy allowing a
good document characterization.

Re-ranking using terminology We noted that the names of specific Bell ser-
vices, such as Business Internet Dial, Web Live Voice, etc., could be used as
a relevance characterizing information, because such terms occurred very often
in almost. every document and question, and a specific service was often pre-
sented or mentioned in only one or a few documents, making these terms very
discriminating. Luckily, these domain terms occur typically in capital letters in
the corpus, and could easily be extracted automatically. After a manual filtering,
we obtained more than 450 domain terms.

We therefore designed a new scoring method which increases the score of
candidates containing occurrences of domain terms found in the corresponding
question. Of course, the system also combine Okapi’s scoring in the computa-
tion. Due to space limit, we refer readers to [13] and [14] for the details of the
experiment.

The new terminology-based scoring gave very encouraging improvements on
the training set, but just modest results when running with optimal training
parameters on the test set (see Table 4.1). What encouraged us here was that
improvement was shown to be possible; we just had to look for better charac-
terizing information. The scoring system devised here was also used as the basic
model for the next set of experiments.

Re-ranking using a concept hierarchy To better re-rank the candidates, we
now focused on how to guess which documents most probably provide a good



190 Hai D. and Kosseim L.

Table 2. Best results of the terminology-based scoring on the training set, and results

of applying it with optimal training parameters on the test set.
Note: AQ(n) = System’s Q(n) - OKAPI's Q(n); %AQ(R) = srademy-

n 1 2 3 4 5
Training Set

Q(n) 30 40 42 43 44
AQ(n) 10 14 14 11 5
%AQ(n) 50% 53.8% 50% 34.4% 12.8%
Test Set

Q(n) 22 29 32 33 34
AQ(n) 4 6 4 4 2
%AQ(n) 22.2% 26.1% 14.3% 13.8% 6.3%

candidate for a given question. For this purpose, we tried to map the documents
into a system of concepts. Each document refers to a set of concepts, and a
concept is discussed in a set of documents. Building such a concept system is
feasible within closed-domain applications, because the domain of the document
collection is pre-defined, the number of documents is in a controlled range, and
the documents are often already classified topically, e.g. by their creator. If no
such classification existed, one can use techniques of building hierarchies of clus-
ters (e.g. [15]). In our case, a concept hierarchy and the mapping between it
and the document collection was easily built based on the original document
classification of Bell Canada. Below is a small excerpt from the hierarchy:

Bellall
Personal
Personal-Phone
Personal-Phone-LongDistance
Personal-Phone-LongDistance-BasicRate
Personal-Phone-LongDistance-FirstRate

The use of the concept hierarchy in the QA system was based on the following
assumption: A question can be well understood only when we can recognize the
concepts implicit in it. To be precise, we should measure the relevance of a con-
cept to a given question. For example, the concepts Personal-Phone-LongDistance-~
FirstRate and Personal-Phone-LongDistance are highly relevant to the ques-
tion “It seems that the First Rate Plan is only good if most of my calls... ” men-
tioned in section 2. From that measure, it is easy to compute the relevance of 2
document to a question using the concept-documents mapping. If we keep only
the concepts and documents having a positive relevance measure with a question,
we have a question-concepts and a question-documents mapping, respectively.

Now it seems that we can better re-arrange the candidates with a new kind
of information: a candidate will be ranked higher if its containing document is
more relevant to the question. Details of the implementation of this strategy,
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including how to measure concept-question and document-question relevance,
are given in (14]. The uniformly good improvements (see Table 4.1) show that
the approach is appropriate and effective.

Table 3. Best results of the concept-based scoring on the training set, and results of
applying it with optimal training parameters on the test set.

n 1 2 3 4 5
Training Set

Q(n) 32 41 44 44 44
AQ(n) 12 15 16 12 5
%AQ(n) 60% 57.7% 57.1% 37.5% 12.8%
Test Set

Q(n) 30 32 35 35 36
AQ(n) 12 9 7 -6 4
%AQ(n) 66.6% 39.1% 25% 20.7% 12.5%

4.2 Concept-Based Two-Level Search

As the concept-based mappings in the previous section seem to be able to point
out the documents relevant to a given question with a high precision, we tried to
see how to combine it with the IR engine. In the previous experiments, the IR
engine searches over the entire document collection. Now search will be carried
out in two levels: at the semantic level, the system determines a subset of most
promising documents for each question; at the IR level, the engine just searches
in this subset. We hoped that search could achieve higher precision in working
with a much smaller document set, which usually contains no more than 20
documents in our case. As we use the concept-based mappings at the semantic
level, we will call this strategy conceptual-mapping-then-IR.

Conceptual Mapping then Okapi We first experimented our two-level search
strategy with OKAPI, where indexing and search were performed for each ques-
tion on its relevant document subset. The results were not better than when
OKAPI worked with the entire document collection. We then applied the scoring
system devised in the previous section to rearrange the candidate lists. Although
the results on the training set were generally better than those of the previous
section, results on the test set were worse, which led to an unfavourable conclu-
sion for this method. Details of the experiments here can be found in [14].

Using a new IR engine The precision of the conceptual mappings was good,
but the performance of the two-level system using OKAPI was not convincing.
This may be because OKAPI cannot work well with very small document sets.
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We therefore implemented another IR engine, which is simple but adapted for
working with small document sets. It tries to identify an excerpt in a given
document that is most likely to answer the input question. Details of the system
is presented in [14]. Note that if the relevant document subset for a given question
is empty, the system takes the candidates proposed by OKAPI as results (i.e. okapi
as last resort).

Also in this implementation, if the searched document is “small”, i.e. contains
less than 2000 characters, the system simply takes the entire document as the
candidate. This reflects the nature of the collection and of our current task: in
fact, those small documents are often dedicated to a very specific topic, and it,
seems necessary to present its contents in its entirety to any related question
for reasons of understandability, or because of important additional information
in the document. Also, a size of 2000 characters (which are normally 70% of a
page) seems acceptable for a human judgment in the scenario of a semi-automatic
system. We call this case “candidate ezpansion”, because whatever a candidate
may be, it is expanded to the whole document.

The results (Table 4.2) show that except for the case of n=1 in the test
set, the new system performs well for precision. What is interesting here is that
although simple, the engine is quite effective, because it does searching on a well
selected and very small document subset.

Table 4. Best results of the new IR engine on the training set, and results of this
method (with optimal training parameters) on the test set.

n 1 2 3 4 5
Training Set ;

Q(n) 42 55 60 60 61
AQ(n) 22 29 32 28 22
%AQ(n) 110% 112% 114% 88% 56%
Test Set

Q(n) 23 37 41 42 42
AQ(n) 5 14 13 13 10
%AQ(n) 27.8% 60.9% 46.4% 44.8% 31.3%

Expanding Answer Candidates The previous experiment has shown that
extending the size of answer candidates can greatly ease the task. This can be
considered as another method belonging to the approach of improving precision
by improving the results returned by the IR engine. To be fair, it is necessary
to see how precision will be improved if this candidate expansion is used in
other experiments. We thus performed two further experiments. In the first one,
any candidates returned by OKAPI (cf. Table 3.2) which came from a document
of less than 2000 characters were expanded into the entire document. In the
second experiment, we similarly expanded candidates returned by conceptual-
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mapping-then-okapi. Results showed that improvements are not as good as those
obtained by other methods. See details in [14]. The two experiments suggest that
expanding candidates helps improve the precision, but not so much unless it is
combined with other methods. We have not yet, however, carried out experiments
of combining candidate expansion with re-ranking.

5 Conclusion and Future Work

RDQA, working on small document collections and restricted subjects, seems to
be no less difficult a task than open-domain QA. Due to candidate scarcity, the
precision of a RDQA system, and in particular that of its IR module, becomes a
problematic issue. It affects seriously the entire success of the system, because if
most of the retrieved candidates are incorrect, it is meaningless to apply further
techniques of QA to refine the answers.

In this paper, we have discussed several methods to improve the precision of
the IR module. They include the use of domain-specific terminology and con-
cept hierarchy to rearrange the candidate list and to better characterize the
question-document relevance relationship. Once this relationship has been well
established, one can expect to obtain a small set of (almost) all relevant docu-
ments for a given question, and use this to guide the IR engine in a two-level
search strategy.

Also, long and complex answers are a common characteristic of RDQA sys-
tems. Being aware of this, one can design an appropriate system which is more
tolerant to answer size to achieve a higher precision, and to avoid the need of
expanding a short but insufficient answer into a complete one.

Good improvements achieved when applying our methods to a2 QA system
for Bell Canada shows that these methods are applicable and effective. Although
the experiments were grounded in a real-world situation, we have tried to build
the strategies as general and as modular as possible in order to develop a general
methodology for the task of RDQA.

Many problems on the precision performance of 2 RDQA system have been
suggested in this paper. First, there is the problem of how to build a good answer.
We have worked with finding correct answers. However, a correct answer may not
be good, because it may be vague, lengthy, superfluous, etc. The ultimate goal of
QA is to find answers that satisfy the questioner’s needs rather than just correct
ones, and we are currently working on this problem. Second, there is the problem
of how to analyze an arbitrary question into semantic and logical parts (entities
mentioned in the question and their relationships, pre-suppositions, problem
context, question focus, etc.) so that the system has a better understanding of
what is being asked. Third, the general problem in Natural Language Processing,
of analysing free text at any level. Here, work performed in automatic topic
detection and content segmentation may be helpful to identify relevant answers.
Certainly, these also constitute problems of open-domain QA if one wants to
explore the domain further than the typical factoid questions.
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Abstract. Text summarization is an important problem since it has numerous
applications. This problem has been extensively studied and many approaches
have been pro-posed in the literature for its solution. One such interesting ap-
proach is that of posing summarization as an optimization problem and using
genetic algorithms to solve this optimization problem. In this paper we present
elegant randomized algorithms for summarization based on sampling. Our ex-
perimental results show that our algorithms yield better accuracy than genetic
algorithms while significantly saving on time. We have employed data from
Document Understanding Conference 2002 and 2004 (DUC-2002, DUC-2004)
in our experiments.

1 Introduction

Document summarization has been the focus of many researchers for the last decade,
due to the increase in on-line information and the need to find the most important
information in a (set of) document(s). There are different approaches to generate
summaries depending on the task the summarization is required for. Summarization
approaches usually fall into 3 categories (Mani and Maybury, 1999):

—  Surface-level approaches tend to represent information in terms of shallow fea-
tures, which are then selectively combined together to yield a salience function
used to extract information;

—  Entity-level approaches build an internal representation for text, modeling text
entities and their relationships. These approaches tend to represent patterns of
connectivity in the text (e.g., graph topology to help determine what is salient);

—  Discourse-level approaches model the global structure of the text, and its relation
to communicative goals.

Some approaches mix between two or more of the features of the above mentioned
approaches, and the approaches discussed in this paper fall in that category, since they
involve both surface and entity levels’ features.
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Abstract. Text summarization is an important problem since it has numerous
applications. This problem has been extensively studied and many approaches
have been pro-posed in the literature for its solution. One such interesting ap-
proach is that of posing summarization as an optimization problem and using
genetic algorithms to solve this optimization problem. In this paper we present
elegant randomized algorithms for summarization based on sampling. Our ex-
perimental results show that our algorithms yield better accuracy than genetic
algorithms while significantly saving on time. We have employed data from
Document Understanding Conference 2002 and 2004 (DUC-2002, DUC-2004)
in our experiments.

1 Introduction

Document summarization has been the focus of many researchers for the last decade,
due to the increase in on-line information and the need to find the most important
information in a (set of) document(s). There are different approaches to generate
summaries depending on the task the summarization is required for. Summarization
approaches usually fall into 3 categories (Mani and Maybury, 1999):

—  Surface-level approaches tend to represent information in terms of shallow fea-
tures, which are then selectively combined together to yield a salience function
used to extract information;

—  Entity-level approaches build an internal representation for text, modeling text
entities and their relationships. These approaches tend to represent patterns of
connectivity in the text (e.g., graph topology to help determine what is salient);

—  Discourse-level approaches model the global structure of the text, and its relation
to communicative goals.

Some approaches mix between two or more of the features of the above mentioned
approaches, and the approaches discussed in this paper fall in that category, since they
involve both surface and entity levels’ features.
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2 Background and Related Work

2.1 ExtraNews

In our study, we considered the work done at LARIS laboratory (Fatma et al., 2004).
In this approach (called ExtraNews) summarization is considered as an optimization
problem. A set of summaries is generated randomly and then a Genetic Algorithm is
utilized to come up with a good summary. They use a fitness function that depends on
three different factors. The first factor wl is related to the length of the summary, in
which the length of the summary is tested against the required target length, as shown
in the following equation:

(m
D L(ph) 4
£ if Y L(ph)<09xL,
o=y I, : ; (ph) o (1)
0 if Y L(ph)>L,
i=l

where L(ph)) is the length of sentence i; Ly is the target summary length set by the user
and m is the number of sentences in the summary.

The second factor w, pertains to the coverage criterion. It calculates how many of
the original keywords have been captured in the target summary:

M
s Z ext )

Y M,

where M,,, represents the keywords in the summary and M, represents the keywords
in the source document-set.

The last factor w; is associated with the weight criterion. It is the fraction of the
sum of weights of all sentences in the summary to the maximal summary weight in the

population:
2.y
= (3)

—_—

W, =
Max(P,,,)

,

where P, is the weight of a sentence of the summary and Max(P,,,) is the maximum
summary weight in the population. It was not mentioned, however, in (Fatma et al.,
2004) how the weight of the sentence is calculated. For this reason, we choose to use a
cosine similarity measure (Salton et al., 1997) to weight each sentence, in which the
summary and each sentence in the summary are represented as vectors of terms and
then the weight is calculated from the following formula:
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where: D;, D, are documents 1 and 2 respectively, and d,, d; are the term vectors of
documents 1 and 2 respectively.

It is also important to note that (Fatma et al., 2004) did not mention how the above
three coefficients were composed together to form the fitness function. So, we as-
sumed that the fitness function is the product of all coefficients.

ExtraNews system ranked very well in tasks 4 (creating a short summary for Eng-
lish translations of a document cluster) and 5 (creating a short summary from a docu-
ment cluster answering the question “Who is X?” where X is a name of a per-
son/Group of people) of the Data Understanding Conference (DUC-2004) tasks. It
ranked above average in task 2 (creating a short summary for each document cluster)
and in task 3a (creating a very short summary for automatic English translation of a
document cluster). However, it ranked badly in tasks 1 (creating a very short summary
for English translation of a document cluster) and 3b (creating a very short summary
for manual English translation of a document cluster) (Over, 2002). They attributed
the last bad results to the fact that the phrases considered in the segmentation process
are not very well suitable for very short summaries.

2.2 Our Randomized Algorithms

Randomized algorithms have played a vital role in the past three decades in solving
many fundamental problems of computing efficiently. Many problems have been
shown to be better solvable using randomization than determinism. For examples see
(Horowitz, Sahni and Rajasekaran 1998). Algorithms such as simulated annealing that
have proven very effective in solving some intractable problems in practice are exam-
ples of randomized algorithms. Both in practice and theory randomization has resulted
in the design of efficient algorithms.

One popular theme in randomization has been that of sampling. In its simplest
form sampling can be defined as follows. Say we want to measure a certain character-
istic C from a dataset D. We could do this by processing all the points in D. Alterna-
tively we could pick a random subset D’ (called the sample) of D, measure the same
characteristic in D', and from this sample measurement infer the value of the charac-
teristic in D. Preferably, we should be able to infer this value with high probability.
For a survey of sampling techniques see (Rajasekaran and Krizanc 2001). Our algo-
rithm for summarization is based on sampling. Before presenting our algorithm, we
briefly describe the approach taken in the ExtraNews system. This sys-tem employs
genetic algorithms.

The genetic algorithm for solving any optimization problem has been motivated
by Darwin’s theory of evolution and works as follows. A population of random points
from the feasible space is chosen at the beginning. The ‘fitness’ of each point is com-
puted. A new population is obtained from the old one using two operators, namely,
crossover and mutation. A crossover operation refers to taking two points in the popu-
lation and producing an ‘offspring’ point similar to the way an offspring chromosome
is produced from two parent chromosomes. Crossovers are per-formed typically be-
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tween pairs with high fitness values (with the hope that the offspring will be fitter).
The above process of producing a new population from an old one is repeated until
certain conditions are satisfied. For example, the algorithm could terminate after pro-
ducing a certain number of populations or when the best solution in the population
does not change significantly (from one population to the next).

Fatma er al. have employed genetic algorithms in the context of summarization as
follows. They first produce a population of random points. Each point is nothing but a
summary formed by random sentences picked. Fitness of each point is calculated. A
new population is then produced by using the GA operators (crossover and mutation)
from the older population and the newer population replaces the older one, and so on.
Every time a new population is formed, the best summary is kept in a safe place until a
better summary is found, then the better summary will replace the poorer summary.

We propose a randomized algorithm based on sampling. We pick a random sample
as in (Fatma er al.) and choose the best summary in this sample. The process stops
after two generations only. We employ the three criteria that Fatma ef al. have em-
ployed for measuring fitness of summaries.

It is important to mention that our approach uses the same fitness function used
with the GA as a built-in function. So, the GA is not required to run in conjunction
with our approach.

3 Data and Experimental Design

3.1 Data

We used multi-document extracts from DUC-2002 and from DUC-2004 (task 2) in
our experiment. In the corpus of DUC-2002, each of the ten information analysts from
the National Institute of Standards and Technology (NIST) chose one set of news-
wire/paper articles in the following topics (Over 2002):

— A single natural disaster event with documents created within at most a 7-day
window;

- Assingle event of any type with documents created within at most a 7-day win-
dow;

- Multiple distinct events of the same type (no time limit);

— Biographical (discuss a single person);

Each assessor chose 2 more sets of articles so that we ended up with a total of 15
document sets of each type. Each set contains about 10 documents. All documents in a
set are mainly about a specific “concept.”

The corpus of DUC-2004 (task 2) is composed of 50 TDT English news clusters.
Each cluster contains about 10 documents chosen by NIST about one single event
(Over and Yen, 2004).



Efficient Randomized Algorithms for Text Summarization 199

3.2 Experimental Design

A total of 59 document-sets from DUC-2002 and 50 document-sets from DUC-2004
have been used in our experiment to investigate the performance of our randomized
algorithm. We ran the Genetic Algorithm (GA) on both corpuses. Since we are com-
paring our algorithm’s performance to that of the GA, we found it more meaningful to
use the fitness function (Fatma et al., 2004) used in their GA to evaluate the quality of
our summaries as well.

4 Results

Tables 1 and 2 show a comparison between the results obtained using DUC-2002 and
DUC-2004, respectively, of GA and our RA performance in terms of quality, number
of times summaries produced faster, average quality and average time spent by each
algorithm, respectively. The experimental results show that the randomized algorithm
produced competitive results in much less time than the Genetic Algorithm.

Table 1. Comparison between GA and RA results
from the DUC-2002 data.

GA RA
# of best summaries 5/59  54/59
# of summaries produced faster 0/59  59/59
Average quality 0.129 0.152
Average time (sec) 231 136

Table 2. Comparison between GA and RA results
from the DUC-2004 data.

GA RA
# of best summaries 8/50 42/50
# of summaries produced faster 0/50  50/50
Average quality 0.041 0.051
Average time (sec) 8.4 3.5

5 Conclusions

In this paper we have presented an elegant randomized algorithm for text summariza-
tion. This algorithm is based on sampling. Our algorithm has been compared with the
Genetic Algorithm of (Fatma et al. 2004). This comparison shows that our randomized
algorithm produces summaries that are comparable in quality to those produced by
GA while taking much less time. An important open problem is to study if sampling
can be used in conjunction with other text summarization approaches to obtain similar
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speedups. We are also planning on testing our approach against the GA approach on
the DUC-2004 collection when it is ready for experimentation.
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Abstract. Arabic is a Semitic language that is rich in its morphology and syn-
tax. The very numerous and complex grammar rules of the language could be
confusing even for Arabic native speakers. Many Arabic intelligent computer-
assisted language-learning (ICALL) systems have neither deep error analysis
nor sophisticated error handling. In this paper, we report an attempt at develop-
ing an error analyzer and error handler for Arabic as an important part of the
Arabic ICALL system. In this system. the leamers are encouraged to construct
sentences freely in various contexts and are guided to recognize by themselves
the errors or inappropriate usage of their language constructs. We used natural
language processing (NLP) tools such as a morphological analyzer and a syntax
analyzer for error analysis and to give feedback to the learner. Furthermore, we
propose a mechanism of correction by the learner, which allows the learner to
correct the typed sentence independently. This will result in the learner being
able to figure out what the error is. Examples of error analysis and error han-
dling will be given and will illustrate how the system works.

1 Introduction

Computer-assisted language learning (CALL) addresses the use of computers for lan-
guage teaching and leaming. CALL emerged in the early days of computers. Since the
early 1960's, CALL systems have been designed and built. The effectiveness of
CALL systems has been demonstrated by many researchers [6, 7}. More than a dec-
ade ago, Intelligent Computer-Assisted Language Leaming (ICALL) started as a
separate research field, when artificial intelligence (Al) technologies were mature
enough to be included in language learning systems. The beginning of the new re-
search field was characterized by intelligent tutoring systems (ITS), which embedded
some NLP features to extend the functionality of traditional language learning sys-
tems. The continuous advances in ICALL systems have been documented 1n several
publications (2, 3, §, 9].

On of the weaknesses of current Arabic ICALL systems is that learners cannot key
in Arabic sentences freely. Similarly, the system cannot guide the learner to correct
the most likely ill-formed input sentences. The leamer just accepts the information,

© A. Gelbukh (Editor)
Advances in Natural Language Processing
Research in Computing Science 18, 2006, pp. 203-212



204 Shaalan K. and Talhami H. g

which has been pre-programmed into the system. For these systems to be useful, more
research to combine NLP techniques with language leaming systems is needed [8].
Parsing, the core component in ICALL systems, allows the system both to analyze the
learner’s input and to generate responses to that input [4]. Allowing learners to phrase
their own sentences freely without following any pre-fixed rules can improve the ef-
fectiveness of ICALL systems, especially when the expected answers are relatively
short and well-focused [1]. Both the well- and ill-formed structure of the input sen-
tence can be recognized. The learner should be allowed to correct the typed sentence
independently.

This paper describes error analysis and handling in an Arabic ICALL system using
NLP techniques, which is a step towards enhancing current Arabic ICALL systems.
The current system guides learners to recognize by themselves the errors or improper
usage of their language constructs. In other words, it helps learners to learn from their
own mistakes. It doesn't give them the correct answer directly but it enables them to
try over and over again. In this system, we use NLP tools such as a morphological
analyzer, a Syntax analyzer, and an error analyzer to give feedback to the learner. Fur-
thermore, we propose a mechanism of correction by leamers which allows the learner
to correct the typed sentence independently.

The rest of the paper is organized as follows: Arabic ICALL framework is summa-
rized in Section 2. This is followed by a description of the Arabic sentence analysis in
Section 3. Nexl, the proposed feedback component responsible for error analysis and
error handling is described in Section 4. Finally, a conclusion and recommendations
for further enhancements are given in Section 5.

2 The Arabic ICALL Framework

Figure 1 shows the overall framework of the proposed Arabic ICALL system by [8].
This system consists of the following components: user interface, course material,
sentence analysis, and feedback. The user interface provides the means of communi-
cations between the learner and the Arabic ICALL system. The course material in-
cludes educational units, an item (question) bank, a test generator, and an acquisition
tool. The sentence analysis includes a morphological analyzer, a syntax analyzer
(parser), grammar rules, and a lexicon. The feedback component includes an error
analyzer and error handler that are used to parse ill-formed learner input and to issue
feedback to the learner.

3  Arabic Sentence Analysis

The sentence analysis in Arabic ICALL includes a morphological analyzer, a syntax
analyzer (parser), grammar rules, and a lexicon. The sentence analysis works as fol-
lows. The learner writlen input is first fed into the interactive preprocessor, where it is
grouped into words. The words in the input are then decomposed into roots and af-
fixes by the morphological analyzer, which obtains information about the subparts
from the lexicon (e.g., part of speech, number, case). The subparts so identified are
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Figure 1. Overall Framework of the Proposed Arabic ICALL System

then reunified into whole words and passed along to the syntactic parser. The Arabic
parser, which is based on Definite Clause Grammar (DCG) formalism, tries to build a
structure (usually, ‘parse tree’) based on the information from the lexicon concermning
the grammatical relations between the words. The parser then applies a set of rules
representing the grammar of Arabic until it finds the structure represented by the input
sentence. This structure is passed to the feedback component that is equipped with an
error analyzer and an error handler. The error analyzer identifies and records any er-
rors made in the structural description which is generated. The error handler applies
the error handling mechanism on the ill-formed leaner input to produce the appropri-
ate feedback message.

3.1 The Grammar Formalism

Arabic grammar in Arabic ICALL is written in the DCG formalism. There two types
of grammars that have been used for learning Arabic: Grammar rules for grammati-
cally correct sentence and grammar rules for linguistic analysis (larab).

In the following, we show an excerpt of DCG rules used for parsing a grammati-
cally correct Arabic verbal sentence.

(1) verbal_ sentence --> simple_verbal_sentence.

(2) verbalZsentence --> prefixed_verbal_sentence.

(3) verbal_sentence --> special_verbal sentence.

(4) simple_verbal_sentence --> verb, subject, object,
unrestricted_object.

For simplicity, these rules do not include linguistic features such as gender, number
and definition, which are assigned to each non-terminal. Rule (4) illustrates a gram-
mar rule for parsing a simple verbal sentence that consists of four constituents: a verb,
a subject, an object and an unrestricted object "s»—¥ sJ sl 3". An unrestricted object is
a noun that originates from the infinitive verb. This kind of repetition is considered a
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mark of good style. In Arabic, repeating the verbal noun after the verb makes the sen-
tence more emphatic. This is explained by the following example:
s Al e
He helped me a great deal of help

In the following, we show an excerpt of DCG rules used for the linguistic analysis
of the words between brackets. These words are an object that is followed by an ad-
jective such that the adjective agrees with the object (the noun it modifies) in number,
gender, definition, and end case.

object (Words_bet_brackets, Rest, Analysis) -->
[Object], [Adjective],
{get_analysis (Object, Gender, Num, Def,
Words_bet_brackets, Restl, End_case,
Analysisl, 'adgsd wo'),
get analysis(Adjective, Gender, Num, Def, Restl,
7 Rest, End_case, Analysis2, 'ggo').,
append (Analysisl, Analysis2, Analysis)
¥

As an example, this rule can be used with the following question:
l&_}_: ol =s0 Id_‘gwo i Id:,-ed‘o Uiq:;;;
i 1dp 31 (Bl Siis j5).
Give the linguistic analysis of the words between brackets in the following sentence:
Al-aakad authored (many books).

The parser produces a parse representing the linguistic analysis of the Arabic word
that consists of a quadruple abstract representation of the canonical form:

dosme + gdididig e+ gl +  1dpsdg 1diE s
Reason + Analyticsign  + Endcase + Analytic location

4 The Feedback Component

Feedback 1s the computer's response to answers made by learners. We have aug-
mented the Arabic grammar with heuristic rules (buggy rules) which are capable of
parsing ill-formed input and which apply if the grammatical rules fail. The feedback
system compares the analysis of the leamer's answer with the correct answer that is
generated by the system. If there is a match, a positive message will be sent to the
learner. Otherwise, a feedback message will be sent to the learner. In the following
subsections, we show how the system catches the leamner's errors and how it handles
the 1ll-formed natural language input.

4.1 Rules for Error Analysis

In our implementation, we have augmented the Arabic grammar with heuristic rules
which are capable of parsing ill-formed input (buggy rules) and which apply if the
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grammatical rules fail. As an example, consider the following question to complete a
sentence with a suitable unrestricted object "ldp—ig sJ 1dpbd 3"

ielod i s o123 0l

I s

Complete the following with the correct unrestricted object:
I am kind to my father

The following is an analysis of the possible learner's answer along with the corre-
sponding feedback:

- A word that is not a noun. Issue a message describing that the unrestricted object
should be a noun.

- A word that is a noun but does not originate from the infinitive verb. Issue a mes-
sage describing that the unrestricted object should be the infinitive of the verb.

— A word that is both a noun and originates from the infinitive verb but is defined.
Issue a message describing that the unrestricted object should be undefined.

- A word that is a noun, originates from the infinitive verb but needs the end case
"Alef Tanween", and is undefined. Issue a message describing that a missing end
case of the unrestricted object.

— A Correct answer. Issue a posilive message.

4.2 Error Handling Mechanism

Learner's responses which have special handling mechanisms in case of ill-formed
learner input are: linguistic analysis, classification into categories, sentence transfor-
mation, and completing a sentence.

Handling of linguistic analysis. Linguistic analysis questions can apply either for an

entire sentence or a part of it. The latter is usually a sequence of words between

brackets. The following description outlines the steps for handling of linguistic analy-

sis:

- Parse the given sentence (or the sequence of words between brackets) and gener-
ate its linguistic analysis in a quadruple abstract representation form

- Convert learner answer into the abstract representation form

- Compare the learner's answer with the generated answer Lo issue the appropriate
feedback message

Example:
oJ g =gl !&)lu__-sgl sl 50 |d‘3w3(.'
S SRS ) U)é_'. (e,
— i lde 1 ga (el iz e,
What's the difference in linguistic analysis of the words in parentheses?
— I enjoved the country weather (very much)
— 1go to the countryside (to enjoy) its weather

The parser is used to analyze each of the input sentences. The generated correct lin-
guistic analyses of the words in parentheses are the following:
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—  First word: [ s sJ abd3, e, ' ¥, ‘s ] [unrestricted object, accusa-
tive, fat-hah, singular] :

—  Second word:[' s=i sJ Jizds', 'aia s, \ig®, 'ed ] [causative object, accusa-
tive, fat-hah, singular]

The difference, in this case, is in the analytic location (i.e. the first argument in the

quadruple abstract representation). The learner's answer is also converted to the quad-

ruple abstract representation. The comparison between these representations will issue

the appropriate feedback that describes the source of the error. The possible source of

the errors could be: incorrect analytic location, incorrect end case, incorrect reason, or

a partially correct answer.

Handling of classification into categories. Classification into categories questions can

apply either for identifying morphological categories or for identifying syntactic con-

stituents (possibly, a complete sentence). The following description outlines the steps

for handling classification into morphological categories:

- Morphologically analyze the words in the given sentence and determine the
words features.

—  Generate N lists, a classification of the words according to the questions words.

- Assign the learner answer to N Lists.

—  Compare the learner's answer with the generated answer to issue the appropriate
feedback message

Example: !
s Wlmp Jdpd Sl i ks Mo g
plaall Ll ial >0l i

Identifv the category of each of the words in following sentence
The students stood up respecting the teacher

The morphological analyzer 1s used to analyze each inflected Arabic word to recog-
nize its category. Then, according to the word category, the words are classified into
three lists. The following is the generated correct answer:

—  Verb: [['s3—' verb,male,singular,past,...]] (stood)
- Noun:[[''dsg J¢',noun,male singular,def,...], ['&!_%l' noun, male singular,undef, ...],

- ['J=Jlxs¥ noun, male,plural,def, ...]] (the teacher, honoring, the students)
—  Particle: [["J'particle,def_article,...]] (the)

The leamner's answer is also assigned to three lists containing verbs, nouns, and parti-
cles, respectively. The comparison between the corresponding lists will issue the ap-
propriate feedback that describes the source of the error. The possible source of the
errors could be: missing words from the respective morphological category, or assign-
ing a word to an incorrect morphological category.

The following description outlines the steps for handling of classification into syn-
tactic constituents:

- Parse the given sentence and determine the parse tree.

- Generate N lists, a classification of the sentence's constituents according to the
questions words

—  Assign the learner answer to N Lists.
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Compare the learner's answer with the generated answer to issue the appropriate feed-
back message.

Example:

£0 el JldFa ) s Ofd s Izpds 1isi:

Wz Uiz lo somua, 0
Identify the inchoative and enunciative, and the type of the enunciative in the fol-
lowing sentence.
the brave soldiers fought to victory

The parser is used to analyze the input sentence into a parse tree as follows:

nominal sentence(

inchoative (noun('!Jzpss',noun, male,plural,def,..),

adj (''Jpeze'!' o', noun,
male,plural,def,adj,..)), ]
enunciative (verbal sentence(verb('goow)ysy',verb, male,
plural,present,..)))
)

Then, according to the parse tree, the words are classified into three lists. The follow-
ing 1s the generated correct answer:

inchoative: [noun('\Jzo s, noun, male,plural def,...),adj("'d%z¢ ', noun,
male,plural,def,adj,...)] (the brave soldiers)

enunciative: [verbal_sentence(verb( ==, verb,male, plural present,...))]
(make victory)

enunciative type: [verbal_sentence]

The leamner's answer is also assigned to three lists containing inchoative, enunciative,
and enunciative type, respectively. The comparison between the corresponding lists
will issue the appropriate feedback that describes the source of the error. The possible
source of the errors could be: incorrect constituent type (analytic location), or assign-
ing a syntactic constituent to an incorrect calegory.

Handling of transformation of a sentence. Transformation questions require the
learner to change/rewrite the form of a sentence. The following description outlines
the steps for handling of transformation of a sentence:

Parse the given sentence and determine the parse tree; apply a tree-to-tree trans-
formation to generate the transformed parse tree

Parse the learner's answer to determine the parse tree.

Compare the parse tree of the learner's answer with the parse tree of the generated
answer to issue the appropriate feedback message.

Example:

g ads 1l s Iompst Iz ol S Jigh:
et dp i 1do e
Change the following nominal sentence into verbal sentence:
The teacher teaches the lesson
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The parser is used to analyze the input sentence into a parse tree as follows:

nominal sentence (
inchoative (noun (' JpgJlp' ,noun,male, singular,def,..j),
enunciative (verbal_sentence(verb ('gyye', verb,male,
singular,present,..) ,object (noun('! Js ', noun,
male,singular,def,..))))
)

Then, the parse tree of the nominal sentence is transformed to the following verbal
sentence.
verbal sentence(
verb (_' seoe',verb,male, singular,present,..),
subject (noun (' JpgJp', noun, male, singular,def,..)),
object (noun('iJs,w"', noun,male,singular,def,..))
)

In addition, words of the transformed parse tree is grouped in a list as follows:

List of words: [verb('sui_z', verb,male,singular,present,...), noun("dagda',
noun,male,singular,def,...),noun("'J* ', noun,male,singular,def,...)]

The learner's answer is also analyzed into a parse tree and words are grouped into a
list. The comparison between the corresponding representations will issue the appro-
priate feedback that describes the source of the error. The possible source of errors
could be: extra words, missing words, grammatically incorrect sentence, or incorrect
transformation of a word (incorrect verb: tense, number, gender,...; incorrect noun:
number, gender, definition,...).

Handling of Fill-in-the-blanks. Fill-in-the-blank questions can apply for the genera-
tion of isolated words with a particular form, or to the generation of words to com-
plete a sentence that achieves feature agreement among its constituents. The follow-
ing description outlines the steps for handling of rewriting of isolated words with
particular morphological form:

- Morphologically generate the given words and determine their features.

- Morphologically analyze the learner's answer and determine the words features.

- Compare the parse tree of the leamer's answer with the parse tree of the generated
answer Lo 1ssue the appropriate feedback message.

Example:
o gl Sildal 138 1y g
= Moo
R S L

= oL _)‘G

What is the correct dual and regular plural of the following words?
- Engineer

- Fruit

—  Desert



Arabic Error Feedback in an Online Arabic Learning System 211

The morphological generator is used to synthesize the given words into the dual and
plural forms taking into consideration the possible end case. The following is the gen-
erated correct answer:

—  Dual list: [["Jpcsus noun, male,dual def nominal,...], [['/Jecrossc,noun, male,
dual,def,accusative, ...], ['d<s =1, noun,female,dual def,nominal, ...],
[ s, noun, female,dual def,accusative, ...], ['wez )5\, noun, female,dual,
undef,nominal, ...],['vez J' 552, noun, female,dual,undef, accusative, ...]]

—  Plural list: [[''dpec a0, noun, male, plural, def,nominal, ...], [[Jeissd,
noun,male plural def,accusative, ...], ['d= = noun,female,plural def, ...],
['wez )15, noun, female, plural,undef,...]]

The morphological analyzer is used to analyze each inflected Arabic word of the
learner's answer. These words are classified into two lists containing dual and plural
forms, respectively. The comparison between the corresponding lists will issue the
appropriate feedback that describes the source of the error. The possible source of er-
rors could be: different word, incorrect word category (switch dual forms with plural
forms), incorrect generation of a word (incorrect verb: tense, number, gender,...; in-
correct noun: number, gender, definition,...).
The following description outlines the steps for handling of fill-in-the-blank to

achieve agreement among sentence constituents:

- Analyze the sentence and determine its constituents.

- Morphologically generate the missed words.

- Parse the learner's answer to determine the parse tree.

—  Compare the parse tree of the learner's answer with the parse tree of the gen-

erated answer (o issue the appropriate feedback message.

Example:
oo it ol s dp
oy g ;
Complete the sentence with an unrestricted noun that makes the sentence more

emphatic:
I am kind with my father

The parser is used to analyze the partial inpul sentence and determine its constituents
as follows:

verbal sentence (
verb('io,',verb, male, singular, present, intrans, 'uy'..),
subject (noun(' iog', noun,male, singular,undef,..))
)

The morphological generator uses the infinitive verb "<’ (kindness) of the main
verb to synthesize the unrestricted object "=\ (extremely kind). The learner's answer
is also analyzed into a parse tree. The comparison between the corresponding repre-
sentations will issue the appropriate feedback that describes the source of the error.
The possible source of errors could be: different word (sense or category), incorrect
morphological generation of a word (incorrect verb: tense, number, gender, ...; incor-
rect noun: number, gender, definition,...), incorrect syntactic generation of a word (s
not in emphatic form, does not originates from the infinitive verb, ...).
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5 Conclusions and Future Work

In this paper, we have discussed issues related to the development of error analysis
and error handling in Arabic ICALL systems. NLP tools can be useful for ICALL and
in particular for giving meaningful feedback to the learner. Learner-system communi-
cation in free natural language is computationally the most challenging and pedagogi-
cally the most valuable scenario in Arabic ICALL. The deep syntactic analysis of the
learner's answer, whether correct or wrong, is compared against a system-generated
answer. This enables feedback elaboration that helps learners to understand better and
fill in the knowledge gaps.

The rule-based approach is used to give some freedom o the language learners in
the way they phrase their answers. This also enables the exercise author to enter only
one possible correct answer, thus saving much time compared to the previous pattern
matching answer coding approach. The present system has been implemented using
SICStus Prolog. The system is transportable and capable of running on an IBM PC
which allows the learner to use it to learn Arabic language anywhere and anytime.

We plan to enrich the present system, e.g. make the system available on the Inter-
net o serve remote learners worldwide (especially learners of Arabic as a second lan-
guage), and extend the grammar coverage to include more advanced grammar levels.
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Natural Language Processing is an area of Artificial
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