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Realizing Flexible and Pervasive Information
Systems with HDS

Apgostino Poggi and Federico Bergenti

Abstract HDS (Heterogeneous Distributed System) is a software framework that
tries to simplify the realization of pervasive applications by merging the client-
server and the peer-to-peer paradigms and by implementing all the interactions
among the processes of a system through the exchange of typed messages and
the use of composition filters for driving and dynamically adapting the behavior of
the system. Typed messages and computational filters are the elements that mainly
characterize such a software framework. In fact, typed messages can be consid-
ered an object-oriented implementation of the types of message defined by an agent
communication language and so they are means that make HDS a suitable soft-
ware framework both for the realization of multi-agent systems and for the reuse of
multi-agent model and techniques in non-agent based systems. Composition filters,
in HDS called message filters, drive and adapt the behavior of a system by acting
on the exchange of messages. In fact, on the one hand, composition filters can con-
strain the exchange of messages (e.g., they can block the sending/reception of some
messages to/from some processes), they can modify the flow of messages (e.g., they
can redirect some messages to another destination) and they can manipulate mes-
sages (e.g., they can encrypt and descript messages). On the other hand, processes
can dynamically add and remove some composition filters to adapt the behavior of
a system to any hardware and software new configuration and to any new user re-
quirement. The use of typed message and message filters together with the use of
some multi-agent coordination techniques make HDS a suitable framework for re-
alizing flexible and pervasive information management and retrieval systems able
to adapt the system behavior both to the introduction of new kinds of information
producer and consumers (e.g., new kinds of devices and new kind of information
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and new kinds of access rules (e g., a producer offers information only to autho-
rized consumers and through encrypted messages). The paper will introduce the
HDS software framework and discussed its use for the realization of flexible and
pervasive information management and retrieval systems.
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Rethinking Search Engines in Social Network
Vision

Manuela Angioni, Emanuela De Vita, Cristian Lai, Ivan Marecialis, Gavino
Paddeu, Franco G. Tuveri
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Abstract 1In this paper we illustrate our vision about the evolution of search en-
gines, dealing with some ermerging questons related to the social role of the user
on the Web and to the actual approach to access the information. In this scenario,
is ever more evident the need to redefine the information paradigm bringing the
information to the user and not more the user to the information, with search en-
gines able to provide results without direct questions from users, anticipating their
needs. A Web in service of the user, automatically informed by the system with
suggested resources related with his life style and his common behaviour without
the need to ask for them. This approach will be applied to a starting project named
A Semantic Search Engine for a Business Network where the development of a
business network creates a point of contact between the academic and the research
world and the productive one by the introduction of Natural Language Processing,
user profiling, autornatic information classification according to users’ personal
schemas, contributing in such a way to redefine the vision of information and de-
lineating processes of Human-Machine Interaction.

1 Introduction

The Web’s evolution during the last few years shows that the advantages from the
users’ point of view are not so macroscopic. It is going more and more toward
tools able to follow and assist the user in networking activities through the use of
technologies related to natural languages, the classification of the information and
the user profile (Marcialis and De Vita, 2008). In this scenario changes carried out
by the great innovators in the ficld of information processing are emerging.
Google is still the frontier of search engines, but there are several efforts in order
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to exceed its capabilities, such as Bing, which provides good results on search
suggestons and allows natural language queries. Meta search engines try to re-
duce the time consumed on online search, allowing users to send queries simulta-
neously on more scarch engines and aggregating the results, such as Bin-
gandGoogle! or SortFix? , that searches Google, Yahoo and Twitter by means of a
drag-and-drop interface that allows the user to describe a detailed and precise
query.

In this paper we illustrate an overview and the ideas behind the starting project
named A Semaniic Search Engine for a Business Network. It involves the devel-
opment of a business network able to create a point of contact between the aca-
demic and the research world in general and the productive one, with the aim of
encouraging the cooperation and the sharing of ideas, of different point of views,
information material or needs, and in order to support the productive world and
the associated decision-making process. One of the project’s objectives is to an-
swer to the questions expressed in the following of the introduction.

Actually the online social networking is becorning more and more popular and
several experiments in social network-based Web search have been performed in
order to demonstrate the potential for using online social networks to enhance
Internet search (Mislove, 2006).

The introduction of queries in natural language is a commeon element that is al-
ready prefiguring the advent of the Web 3.0. An example is Twine (Wissner and
Spivack, 2009), able to improve the relevance of results by means of filters that try
to reduce the noise due to less relevant answers. Other emerging tools are the
computational knowledge engine Wolfram Alpha®, able to answer queries by
means of a vast repository of data organized with the help of sophisticated Natural
Language Processing algorithms, or Aardvark (Horowits and Kamvar, 2010) that
allows users, experts on certain topics, to answer to queries made by other users in
a more efficient mechanism for online search.

Despite information is still the primary element, is ever more evident the need
to redefine the information paradigmn so that the net and the information becorne
“really’” user-centric by an inverse process that brings the information to the user
and not more the user to information.

In our opinion, what each user needs is a specific private data strictly related to
his point of view, hizs way to classify and manage the information, his network of
contacts in the way everybody choose to live the Web, the net and the knowledge.
So, new tools able to reduce or even to eliminate the search phase performed by
the user are needed, but certainly commercial search engines, that make profit by
the number of access to their pages, are not interested in produce them.

! httpeffweww bingand poogle. com/
2 httpa/iwaw. sortfix.com/
? hitp: ifwww wolframalpha com/
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The passage from the unstructured to the structured information through the use
of ontologies has not produced the expected innovation in search engines due to
the lack of tagged resources.

The rethinking of search engines involves the emerging of some questions
about the method of search through repeated queries and their successive refine-
ment. Someone thinks that search engines should be considered “only a primitive
form of decision support” (Spivack, 2010). So, the vision of a Web where search
engines are able to provide results without direct questions from users, anticipat-
ing their needs, could be now plausible. A Web of user disposal, automatically in-
formed by the system with suggested resources related with to his life style and his
common behaviour without the need to ask for them. Such idea of Web and of
search engines above described is applied to a project in starting phase and will
converge in a system able to support and follow users in their activities. In particu-
lar the idea behind the project is the realization of a business network able to guar-
antee the maich and the cooperation of academic and research world with the pro-
ductive one in order to sustain related production and decisional processes.

The reminder of the paper is organized as follows: section 2 describes a use
case. In section 3 are described the aims of the project in a general way, section 4
analyzes the search engine, section 5 shows the set of modules; section 6 explains
the idea of business network and finally are described the conclusions.

2 Use Case

Companies and researchers meet on the Web using the usual navigation tools.

The following use case describes the effort to make comnpatible the needs of re-
searchers and companies, making easier the meeting of their common goals and
favouring the transfer between the research knowledge and the companies needs
that look for innovative ideas to apply to their own business model.

The user browses the Web with Mozilla Firefox, provided with a proper exten-
sion. The viewed pages are modified and displayed according to the user profile
and his preferences. An intelligent agent observes the user browsing in real time,
pointing cut all the information that better meet the definition of his profile as in-
teresting.

The user, after the registration, is identified by his account and access to his
homepage and to the social network notice board. The registration enables the sys-
tern to access to the notice board for the analysis of contents. The systemn analyzes
the user contacts list in order to generate a network of users unrelated to the pro-
files similarity. During his browsing activity the user highlights, annotates, inserts
tags and classities the interesting portions of the visited Web pages.

Moreover, the system shows information related to the current page. Informa-
tion could include profiles of people with similar interests, companies and projects
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profiles correlated to the user profile, annotations of parts of pages by similar us-
ers and friends and besides, similar pages.

Related to networks of expertize generated by users, the system is able to pro-
pose and present, automatically and in real time, the matches between demand and
supply of those intangibles (interests/ expertise/ know-how) that all companies
would like to sell.

The result of the activity converges in all the networks that intends to integrate
in the system (Facebook, Yammer, LinkedIn or Xing) and where the user is al-
ready connected to.

The user explicitly provides the systern with useful information for refining the
profile in order to put in evidence his interest in the received information.

The user can access his profile to verify if it is really consistent or if a distorted
image of his interests is emerging. The system is able to state the reason why a
specific correspondence has been proposed.

3 Goals of the Project

With social networks, blogs, RSS and new features in search engines are all news
in the ICT context it compared with some years ago. This changed the way to ac-
cess the information. The trend, hopefully, is the definition of new tools developed
in order to follow the user in his activity and support hirn with the automatic gen-
eration and delivery of contents without his explicit request and according to his
interests.

The automatic categorization of information through a predefined taxonomy, or-
ganized in a hierarchical category system, is often a restrictive and forced path.
The sarmne resource could be classified in different ways from different paople and
the same user could place the same page under different categories according to
the reading context or to the content of interest. The classification of a document
is, as well, depending on the personal culture, experience and context of life.
Moreover, documents are often achieved using heterogeneous contents, talk about
several topics and are obviously related to several categories.

Otherwise, with the Web 2.0, folksonomy, social tagging and social bookmarking
place the user as starting point in a categorization work where each user labels re-
sources. This step moves from a hierarchical logic to a more simpler way where
all tags are at the same level

Moving from the user management of information to an autornatic one, a classifi-
cation systemn should be able to categorize information according to user prefer-
ences and to relate his classification to a common set of categories based on a pre-
defined taxonomy. By means of a such categorization tool, each user manages in a
personal way his bookmarks, accedes to a quantity of Web sites, about scientific,
news, entertainment or other topics, selecting, choosing and categorizing through
the system. The systern has to be able to manage a flow of data coming from a big
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set of predefined channels and updatable depending on the user preferences.
Channels should be social networks, blogs, RSS services, news services, Web
sites and also search engines, selected by the user.

To categorize information from these channels and to deliver contents that meet
user preferences by means of a match algorithm based on the user profile and the
docurnent classification is a crucial point. The user can see categories associated
to each resource labeled and ordered according to his schema.

4 A Semantic Search Engine for a Business Network

The semantic search engine is intended as a support tool for users, an active assis-
tant able to give in real fime references for the use of the information, reporting as
more interesting the information that might match with the personal interest speci-
fied in the user profile.

There are two kinds of users: companier and the generic user, including employ-
ees, researchers, professionals, and people having specitic interests and skills, ac-
cording to the resources associated with them and emerging by their daily activi-
ties, that the systern is able to track.

The business network is a point of contact between the academic and research
world in general and the productive one and defines a communication level be-
tween users belonging to a comrmunity. The business network facilitates the shar-
ing of knowledge, ability, expertise, skills, interests and resources between users
belonging to the community that need or are interested in specific topics. In fact, it
is not always easy to rise these feature, especially the immaterial expertize. But
even publications or ongoing or past projects in which someone is involved, are
often dispersed between public databases, or can be found only in the intranet of
each company, or sometimes exists only in the head of someone, and it is not easy
to explicit them. All the members of the community are linked together by the net
of their skills: they are both depository of expertise in the service of users who
need it: on the other hand they can need skills (papers, suggestions, projects, con-
tacts) that other members can make available. This can be achieved with the de-
velopment of an application, running on the computer of the user, that filters his
activities and modifies his status, walls and links of the social network that the
user subscribed, according to his permissions. Simultaneously records the activi-
ties on the user database.

The aim is to encourage the cooperation and the sharing of ideas, of different point
of views, information material or needs, and to support the productive world and
decision-making connected with it.
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5 The Client Application

Users are organized as a community, configured according to their activities,
through the management and by reporting organized content, information dynami-
cally updated and personalized according to the specific user profile. The system
will provide access to sources of shared documentation, to monitoring data, to
support tools for sharing information between users, to networks of contacts ex-
plicitly specified in the comrmunity. The application shares this data with the other
users that subscribed the community so that each user, according to the settings
and the permissions, should know which resources have been visited, from whorn
and when. The application communicates these information to a plug-in installed
on the user's browser that alerts the user and updates the visualization of informa-
tHon according to his preferences.

The system manages the user profile in order to control how the user preferences
evolve during sessions of work. Information is monitored at time interval and new
sessions can modify user prefarences.

The system starts with a predefined user profile and evolves subsequently, using
text categorization tools in order to categorize resources that are actually read,
saved, commented. Only in these cases the system will modify the user criterion
of classification for subsequently analysis.

The system follows step by step the evoluton of user interests and suggests him,
through the analysis of his profile, topics of interest, documents, contacts, etc, ac-
cording to his interests. Moreover, the system is able to associate user profiles to
companies or project profiles, automatically generating in real-time networks of
expertise based on several configurable parameters and requirements.

e
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Figure 1 shows a general description of the client application and the flow of the
data coming from several distributed sources, such as social networks, blogs, RSS
pages, visited Web pages, etc. There are four main modules: the User Profiling
Module, the Collaborative Filtering and Recommendation System Module, the
Classifier and the Matching Module, sach responsible of the functionalities de-
scribed below.

The level of communication between the modules and the distributed information
is regulated by a layer that receives the data corning from the sources, and after an
analysis and an opportune elaboration, is able to deliver to each module the por-
tHon of information that they are able to manage. Each module performs his activ-
ity, sometimes collaborating with other modules, and the result of the process is
saved on a database. The interface allows queries in natural language and presents
results according to the user profile and preferences. The system will be able to re-
trieve information from several textual and multimedia sources, and from Web
services, even if conditionally.

Figure 2 shows in a summary way the data sources and a module named Informa-
tHon Wrapper that uniforms data coming from data banks (DBLP, ACM DL sites
or institutional databases) and, under particular conditions, from social networks.
Some sources such as news services, social networks, blogs, R5S feeds, will be
selected by the user or they will be automatically proposed by the system, by
means of the preferences expressed by default or defined by the user profile and
by the interests identified by the viewed pages.

Bogs

Clignt

= Secial Metworks

Datka Lanks

Flg. 2. The Informatlon wrapper

Other content will consist of personal and corporate profiles extracted from the
HTML home pages, abstracts of scientific publications, bibliographies extracts
from data banks.

More details of the modules involved in the systern are described below.
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5.1 Search Engine

The search engine module is contained in the Data Management Module, still un-
der definition. The search engine indexes information coming from data sources
and manages information related to the users, communities, companies, events,
etfc.

5.2 User Profiling

User profiling is a crucial process of the system because it has to define the user's
interest, allowing the collaborative filtering and the recormmendation tools to se-
lect and send information useful for the user itself. The module is able to classify
and manage user information through the analysis of the resources he visited: the
registration to rss resources, blogs, to social networks and the associated map of
contacts, the collection of feadback, atc.

A profile for both users, companics and researchers, is defined creating in such a
way a history depending on their activities and behaviour. So, the system will be
able to identify user requirements and to predict its future behaviour and interests,
in order to automatically propose resources useful to its actvities without the need
to search for them.

Data collected in this way are used by the system to find similarities, complemen-
tarities and links between companies and researchers, thus facilitating the match
between supply and demand, particularly for intangibles such as interest, exper-
tise, know-how.

The user should be able to access to its profile in order to check the reliability of
the image that the systemn is bringing out, providing a positive or negative feed-
back to the matching proposed by the system.

5.3 Collaborative Filtering

During his activities, the user is supported by a module that helps him through two
very important features: a collaborative filtering (De Vita et al., 2008) and a rec-
ommendation systern. This module filters information by means of parameters
based on the user preferences and his profile and gives advice to the user for news
regarding communities and network activities that should be of interest. Advices
are about:

® new activities
* users having similar interests
¢ companies having similar profile

10



DART2010 - Pallotta, Soro, and Vargiu (eds)

researchers having similar profile (based on their curticulum vitae)

events of the network: workshop, conferences

documents, papers, notes, projects, reviews classified that match users interests.
announcements of competition, calls, etc

By means of the indications given by the user to the system it is possible to refine
the profile.

5.4 Data Categorization

The system, with the user profile module, compares user profiles to company pro-
files through data categorization. It matches sitnilar profiles, compares curricula of
the user with request coming from companies, filters news and contents corming
from the search engine working on the semantic of texts.

The classifier is based on a hierarchy of categories proposed by WaordNet Do-
mains (Wagnini et al., 2002). These categories are the set of starting used by the
system for the text categorization of resources.

The classifier performs a semantic disambiguation through the identification of re-
lation between terms in order to identify composed termns, word sense disambigua-
tion, name entities, geographic location.

The main phases are:

¢ Parsing of the text of resources (Web pages, documents, notes, eic)

* Analysis and syntactc disambiguation (Sleator and Temperley, 1993) (Liu,
2004)

* Semantic disambiguation and identification of real senses of words in sentences
by means of a density function {Addis et al., 2009)

¢ Identification of name entities, geographic locations

* Classification of the textual resource by categories and values (Angioni et al.,
2008a)

¢ Identification of semantic relations between concepts (Angioni et al., 2008b)

5.5 Matching module

The module is responsible to perform the matching between the information com-
ing from the several data sources and by the users’ profile, identifying those of
real interest for each user.

It is able to organize data coming from users and companies profile, managing the
textual resources, such as notes, papers, comments, profile data, previously ana-

lyzed by the classifier and aggregate the information.

11
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Finally it sends notifications to users and the information as elaborated by the spe-
cific algorithm of matching.

Conclusion

The Web is changing and the way to access the information and the contents
themselves are evolving too. Social networks, blogs, rss and new users’ supports
based on NLP are defining new evolutionary scenarios and creating new expecta-
tHons for the Web. In this paper we illustrated a starting project named 4 Semantic
Search Engine for a Business Network that defines a scenario where the above
tools will converge in a systermn that, in our intention, will implement the use case
described as a step of the vision described in the paper. The approach described
aims at the development of the business network between the acadermic and the re-
search world and the productive one, allowing a point of contact between users
putting in evidence theirs skills and expertises.

The project aims both at implement the features described and at define and im-
plement the described scenario. A validation to support the value of the expressed
ideas will be one of the goal of the above mentioned project, where experimental
results will be product.

References

Addis, A., Angiend, M., Armano, G., Dementis, R., Tuverd, F, Vargin, E., 2008. A Novel Se-
mantic Appreach to Create Document Collections. In Antonie Palma dos Reis, editor, Pro-
ceedings Of Intelligent Systems And Agents Pages 53-60, 2008, IADIS Press. Selected for
the best paper award.

Angiond, M., Demeontis, R., Tuverd, F, 2008a. A Semantic Approach for Resource Cataloguing
and (uery Resolution. Commmnications of SIWN. Special Issue on Distributed Agent-based
Retrieval Tools, 5: 62-66.

Angiond, M., Dementis R., Derin, M., Tuverd, F.,, 2008b. SemanticNet: a WordNet-based Tool
for the Navigation of Semantic Information. In A Tanacs, D.Csendes, V.Vincze, C.Fellbaum,
and P.Vossen, editors, Proceedings Of GWC. University of Szeged.

De Vita, E., Deru, M., Marcialis, I, Padden, 3., 2008. Personalization and Collaborative Flter-
ing for Information Retreval on the Web. Communications of SIWN. Special Issue on Dia-
tributed Agent-based Retrieval Tools, 5(-): 51-56.

Marcialis, L, De Vita, E., 2003. SEARCHY: An Agent to Personalize Search Results. A, Mel-
louk, editor, Third International Conference On Internet And Web Applications And Ser-
vices. Volume -, Pages 512-517. TARTA. Institte of Electrical and Electronics Engineers
(IEEE). Authorized distributer of all IEEE proceedings.

Herowits, D, Kamvar, 3., 2010. The Anatomy of a Large-3cale Social Search Engine. Zubmit-
ted to WWW2010, Raleigh, NC, USA.

Lin, H., 2004. MontyLingua: An end-teo-end naniral langiage processor with commen sense,
viewed 30 March 2010, <http:/web media mit edu/~ige/montylingacs

12



DART2010 - Pallotta, Soro, and Vargiu (eds)

Magnini, B., Strapparava, C., Pezzule, G., Gliezzo, A., 2002. The Rele of Domain Information
in Word Sense Disambiguation. Natural Language Engineering, special issue on Word Sense
Disambiguation, 8(4), pp. 359 373, Cambridge University Press.

Misleve, A., Gummadi, K, Drschel, P., 2006. Expleiting Secial netwerk for Internet Search. In
Proceedings of the Sth Werkshop on Hot Topics in Networks, Irvine, CA.

Sleator, DD, Temperley, D, 1993, Parsing English with a Link Grammar. in Third International
Worksheop oo Parsing Technologies.

Spivack, N., 2010. Eliminating the Need for Search-Help Engines, viewed 30 March 2010,
<http:/www.novaspivack com/incategorze d'eliminating the-need-to-search>

Wissoer, I., Spivack, N., 2008, Case Study: Twine. In W3C, Semantic Web Use Cases and Case
Studies, viewed 30 March 2010,
<http :eww w3 org/ 2001 sw/isweo/pub i/ UseCases/ Twine=

13



DART2010 - Pallotta, Soro, and Vargiu (eds)

A Collaborative Web Application for Supporting
Researchers in the Task of Generating Protein
Datasets

Giuliano Armano and Andrea Manconi

Abstract The huge difference between known sequences and known tertiary struc-
tures has forested the development of automated methods and systems for protein
analysis. When these systems are learned using machine learning techniques, the
capability of training them with suitable data becomes of paramount importance.
From this perspective, the search for (and the generation of) specialized datasets
that meet specific requirements are prominent activities for researchers. To help re-
searchers in these activities we developed ProDaMa-C, a web application aimed at
i) generating specialized protein structure datasets and ii) favoring the collabora-
tion among researchers. ProDaMa-C provides a collaborative environment where
researchers with similar interests can meet and collaborate to generate new datasets,
Datasets are generated selecting proteins through user defined pipelines of meth-
ods/operators. Of course each pipeline can also be used as starting point for build-
ing further pipelines able to enforce additional selection criteria. Freely available at
the URL http://iasc diee unica.it/prodamac, ProDaMa-C has shown to be a useful
tool for researchers involved in the task of generating specialized protein structure
datasets.

1 Introduction

As the genome projects worldwide progress, the difference between known se-
quences and known tertiary structures increases exponentially. This huge discrep-
ancy has fostered the development of automated methods and systems for pro-

Giuliano Armano
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Andrea Manconi
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Supporting Researchers in the Task of Generating Protein Datasets

tein analysis. Systems to predict protein secondary structure (e.g. [1], [2]), trans-
membrane regions (e.g. [3]), and beta-turns (e.g. [4], [3]) are widely used. When
these systems are generated using machine learning techniques, the capability of
training them with suitable data becomes of paramount importance. From this per-
spective, the search for and/or the generation of specialized datasets that meet spe-
cific requirements are prominent activities for researchers. Different protein datasets
have been proposed in the literature. However, these datasets are designed to in-
vestigate specific problems and may not be in accordance with the needs of re-
searchers, or may not fit the specific nature of the problem. Owing to these lim-
itations, researchers are often involved in the task of generating protein datasets,
this task involves the problems of i) searching for, retrieving, and combining pro-
tein data from relevant specialized databases, ii) preprocessing and analyzing these
data with suitable tools, and iii) overcoming the limitations associated with the mi-
gration of data and with the methods available for managing them. In our opin-
ion, the social and collaborative nature of the Web 2.0, which encourages data
integration as well as data sharing and reuse, is expected to provide a signif-
icant contribution to overcome the problems previously mentioned. In this per-
spective, we devised and developed ProDaMa-C (Pmtein Dataset Management -
Collaborative), a collaborative web application aimed at generating and sharing spe-
cialized protein structure datasets. ProDaMa-C is available for non-commercial use
at httpr//iasc.diee.unica.it/prodamac/.

2 Methods

ProDaMa-C is a web application mainly aimed at making available a database of
protein data, providing a repository of specialized bioinformatics tools, and sup-
porting the collaboration among researchers involved in the task of generating spe-
cialized datasets. It has been developed using ProDaMa [6], a library of Python APIs
devised to provide full support for generating protein structure datasets.

2.1 Proicin Data

ProDaMa-C relies on a local database entrusted with storing information about pro-
tein data retrieved from a set of selected remote bioinformatics sowrces. In partic-
ular ProDaMa-C contains: {) protein data, downloaded from the Protein Data Bank
(PDB) [7], ii) information about their classification from the CATH [8] and SCOP
[9] databases, iif) information about membrane protein topologies from the MPTopo
database [10], and iv) other information from the PDBFINDER database [11]. The
local database has been pre-loadsd with the proteins from PDB, as well as with a
mumber of commonly used biological datasets (in particular RS126 [12], PDBSE-
LECT25 [13], the PDB clusters of structures based on 50%, 70%, %0% and 95%
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sequence identity, and the datasets of sequence structures used by WHAT IF [14]
based on sequence identity, resolution and R-factor). All information stored in the
local database is periodically updated.

2.2 Generating Datasefs

With ProDaha-C new datasets can be generated and made available starting from
the content of the local database or from any previously-generated dataset. In both
cases, the information sowrce flows through a pipeline of operators. Any existing
pipeline can be used as starting point to generate new pipelines able to provide fur-
ther selection criteria. To generate a pipeline, three groups of operators are available

off-the-shelf:

e Search methods, typically applied to select proteins that satisfy homology and/or
similarity constraints. In particular, FASTA [15] and PSI-BLAST [16] services,
useful to perform search by sequence similarity, are available, as well as PISCES
[17], aimed at performing search by sequence identity. Methods for CATH and
SCOP protein similarity searching, as well as for transmembrane protein topol-
ogy search, are also provided. Furthermore, proteins can be selected by imposing
constraints on their quality —i.e., on the experimental method that has been used,
on the X-ray resolution, as well as on their R-factor and free R-factor.

® Filter operators, aimed at selecting relevant proteins according to a unary or
binary predicate. In particular, given the input dataset, it is possible to select
proteins according to the following constraints: i) single / multiple chains, i)
sequence length (e g. length < 200), iii) protein structure (e.g. number and/or
length of alpha-helices or beta-strands, number of transmembrane segments), iv)
percent of identity (e.g. sequence identity < 25%).

e Ser operators, as the classical union, intersection, and difference.

2.3 Collaborating with Other Users

According to the Web 2.0 philosophy, ProDaMa-C has been devised to support
the collaboration among researchers with similar interests, in particular through-
out the creation of groups of work aimed at dealing with common projects. To this
end, users can build and modify their profile, manage a personal knowledge reposi-
tory, create new projects, and join projects created by other users. Each user has an
associated personal dashboard to manage pipelines and related databases, projects
(including membership in other projects), and documents uploaded to the system.
Users with similar interests can also create groups to work on common projects.
Each project has an associated knowledge repository, where researchers can share
ideas, documents, datasets, as well as pipelines useful to generate datasets in ac-
cordance with their needs. To facilitate the collaboration among researchers, a user
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can characterize her/himself with suitable tags (free-text keywords). The same tag-
ging strategy can also be used to categorize projects. In so doing, users can easily
discover other users and/or relevant projects related to their research interests, It is
worth pointing out that, while both registered and anonymous users can access all
resowrces of ProDama-C, only registersd users can update them.

3 Conclusions and Future Work

Protein sequence analysis is an important research area in bioinformatics, owing to
the huge difference between the mumber of known sequences and known tertiary
structures. This discrepancy has promoted the development of automated meth-
ods of analysis, the accuracy of these systems being related to the data used in the
training phase. From this perspective, researchers are often involved in the task of
searching for andfor generating specialized protein datasets. To help them in these
activities, we developed ProDaMa-C, a collaborative web application designed to
generate specialized dataset according to user-defined criteria, and to support the
collaboration among researchers. As for future work, we are planning to embed in
ProDaMa-C other specialized tools for protein sequence analysis and for dataset
management. In particular, tools for splitting the generated datasets into training
and test set, as well as for supporting £-fold cross validation, will be provided soon.
Furthermore, we plan to improve the collaborative environment of ProDaMa-C by
collecting from the community comments and feedbacks about shared datasets and
pipelines,
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Sensor Mining for User Behavior Profiling in
Intelligent Environments

A, Augello, M. Ortolani, G. Lo Re, and S. Gaglio

Abstract The proposed system exploits sensor mining methodologies to profile
user behaviors patterns in an intelligent workplace. The work is based in the as-
sumption that users’ habit profiles are implicitly described by sensory data, which
explicitly show the consequences of users’ actions over the environment state. Sen-
sor data are analyzed in order to infer relationships of interest between environmen-
tal variables and the user, detecting in this way behaviour profiles. The system is
designed for a workplace equipped in the context of Sensor9k, a project carried out
at the Department of Computer Science of Palermo University.

1 Introduction

Research in Ambient Intelligence (AmI) focuses specifically on users and on how
they relate to the swrounding environment; namely Aml systems attempt to sense
the users’ state, anticipate their needs and adapt the environment to their prefer-
ences [1]. Such systems usually rely on specific hardware in order to gather infor-
mation about the environment state; such data may for instance be collected via
pervasively deployed wireless sensor nodes [2], i.e small devices equipped with
sensors, a processor and a transceiver unit.

The idea presented here aims to investigate how such collected data might be
profitably used to identify and profile user habits. In this context, data mining tech-
niques allow for an intelligent analysis of environmental data in order to detect be-
havior patterns and classify them into profiles. Careful processing of sensory data
may be used to infer descriptive models showing the relationships of interest be-
tween environmental variables and the user, while predictive models may proved

Apnese Augello, Marco Ortolani, Giuseppe Lo Re and Salvatore Gaglio
DINFO Dept. of Computer Enpineering, University of Palermo, Viale delle Scienze, ed. 6 -
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reliable inference on future behavior of users populating the considered environ-
ment [3].

User profiling applications in AmI have targeted environment personalization as
for instance in [4], where a reinforcement learning algorithm is used to learn pre-
ferred music and lighting settings, adaptable to preferences changes. User profiling
can also be used to detect significant changes in resident’s behavior preserving their
safety [10][12]. Other applications regard personalization of building energy and
comfort management systems [11]. In [5], data collected by wireless sensor are used
to create profiles of the inhabitants, and a prediction algorithm allows the automatic
setting of system parameters in order to optimize energy consumption.

In this work sensor mining methodologies are exploited to profile user behav-
jors in an intelligent workplace. The workplace has been equipped in the context
of Sensor9k, a project carried out at our Department [6]. Our work is based in the
assumption that users’ habit profiles are implicitly described by sensory data, which
explicitly show the consequences of users’ actions over the environment state. The
system analyzes temporal data collected by the sensors located in the workplace
rooms, and through a data mining process tries to detect changes which can be con-
sidered as consequences of user actions, Moreover the sensory data and the recog-
nized events are arranged in appropriate models in order to highlight the existence
of relationships among environmental data or events and the users’ presence in the
office room. The emerging behavioral pattems may finally be grouped based on their
relative similarities by means of a clustering process in order to draw users profiles.

2 System Architecture

The proposed system aims to learn users’ behavior profiles in the context of a
smart workplace, such as that of the Sensor9k project [6]. Office rooms have been
equipped with sensor nodes monitoring indoor and outdoor physical quantities such
as relative humidity, temperature, and light exposure; additionally, RFId sensors
allow for detecting the employees’ presence in the workplace through the use of
personal badges.

The overall system architecture, shown in Figure 1, has been designed according
to a modular approach. A preprocessing module is used to improve the quality of
sensory data while an action detection module analyzes data trends to infer changes
which can be ascribed to human actions. The information extracted by sensors, and
the recognized actions are arranged in appropriate models also keeping into account
parameters of interest, such as temporal information or any particular environmental
conditions, A correlation module is devoted to find relationships among the infor-
mation described in the models; finally a clustering module allows to classify the
patterns extracted by the correlation module.

The following sections will outline the most relevant features of each of the men-
tioned components.
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2.1 Data Preprocessing

The data collected by the sensors are often affected by errors, due to imprecise mea-
surements or to environmental noise. This module is devoted to the detection and re-
moval of invalid values in raw sensory data and to possibly estimating missing data.
Initial filtering can be performed asswming that there exist some admissible ranges
for the values of the observed variables, and removing all values out of that range.
Moreover, spacial and temporal redundancy can be exploited to detect anomalies
in data, or to replace missing data. In particular temporal redundancy consists in
the correlation between consecutive observations read from a sensor, while spatial
correlation regards readings from neighboring sensors at a given time [3]. Temporal
correlation can be exploited for the estimation of missing data by means of a linear
interpolation between preceding and subsequent observations. Spatial correlation,
on the other hand, can be profitably employed in order to detect outliers, and to
replace them with the combination of neighbor sensors readings.

Subsequently, the set of observations is to undergo a dimensionality reduction
process, by means of PCA [13]. By a linear transformation of the original variables,
we extract the so-called principal components, by arranging them according to de-
creasing variance values. We can then easily remove information which contribute
less to the variance of data, and are thus less relevant. The information loss due to
the dimensionality reduction can be associated to noise in data. As an example, let
T = [T1,... T,] be a m x # matrix composed of a set of column vectors, each one
representing the set of observations regarding the temperature measured by # sen-
sors in an office room. After performing PCA we obtain a m x ¢ matrix, with ¢ < »,
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2.2 Action Detection

This module has the aim to perform a deeper analysis of the observed variables
trends and recognize those events that can be ascribed to human intervention, We
assume here that sudden changes in observed values can be consequence of users’
actions, such as turning on/off the light or changing the settings for the temperature
and humidity control systems. As an example, Figure 2 shows the daily trend of
the light exposure as measured by one of the sensor in an office room, and the cor-
responding relevant variations computed as derivative of the light function, which
presumably correspond to actions on part of some user.

Probabilistic models, based on dynamic Bayesian networks, are then used to esti-
mate which of those events may be in fact associated to human actions. As an exam-
ple, Figure 3 shows the Bayesian network used to estimate the user actions control-
ling ambient light. The actions are modeled as states of the UserAction t vari-
able, which depends on the state of the light (Light Trend t variable) and by in-
formation on the users presence (UserPresence variable) in workplace. The state
of UserfAction t variable and the state of the outdoor light CutdoorLight
t£+1 influence in turns the state of the light at the next istant (LightTrend t+1
variable).

2.3 Correlation

The correlation module is devoted to identifying potential relationships among the
extracted information. Matricial models are used to represent the values recorded

e
e
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Flg. 2 Light Relevant Events: red and blue functions represents respectively the trend of
Light variable and the recognized events
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by different sensors for what concerns a given physical variable during a specific
period (such as for instance an entire working day) and to represent the occurrences
of events such as user actions in specific instants. In particular we can represent
variables and events observations in a matrix X(m x 1), where a row X; represents
an observations at a specific time { and a specific column X; represents the entire
sample of observations of the j-th variable in the considered period.

In our specific case, matrix X is given by:

X=[U1, . UsTy, . Ty L. Ly

composed of a set of vectors, each one represents the set of observations of a
specific variable. In particular the set U= [U;},—1 g represents obsarvations about
the presence of & users in the considered period, while sets T = {T,},—1. s and
L= {L;};—1.; represent observations about temperature and light exposure, re-
spectively, related to the f and [ variables obtained after the application of PCA on
temperature and light matrices as described in Section 2.1,

The correlation matrix R(n x 1) is then computed in order to highlight the rela-
tionships among the variables. The i, j-th element of R is given by the correlation
coefficient r;; between the i-th and the /-th variable, as given by:

Ty

= Corr(X; X;) =
rij orr( ;) o,

where &;; is the covariance between X; and X; and ¢; and &; are respectively the
standard deviation of X; and X ;.

In this way is possible extract correlation patterns between the observations re-
lated to the presence of a the users in office rooms and values representative of
specific environment variables. In this way it is possible obtain a characterization of
users with respect to values of the observed variables in a specific period.
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2.4 Clustering

The clustering module allows to classify the pattern extracted by the correlation
module. The clustering leads to the subdivision of users’ behavior patterns into a set
of profiles based on their similarities. In this way we can group users with similar
preferences about variables setting, or users performing the same actions in similar
environment conditions. In particular the K-means [14] algorithm can be used to
classify data from the submatrices extracted from the correlation matrix R. In the
current implementation, this module is in a preliminary phase. The aim is to deter-
mine an appropriate number of clusters and to choose an adequate distance function
to evaluate distances between data points and cluster centers.

3 Conclusion and future works

In this paper we presented a sensor mining system aimed to profiling occupant be-
haviours. Environmental variables are monitored by a sensor network, and a set of
modules allow to extract useful information regarding user actions and habits, The
system is still under development, therefore future works will regard a deeper re-
finement of the system modules and the evaluation of the proposed approach for the
case of study of Sensor9k.
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Content novelty and group recommendation

Ludovico Boratto, Salvatore Carta, Michele Satta

Abstract Recommender systems usually propose items to single users. Howeverin
some contexts and domains it might be impossible to make recommendations for
each user, because of limitations imposed by the system. In [2] a group recom-
mender system able to detect intrinsic communities of users whose preferences are
similar was proposed. However, there are types of recommended items (like movies)
that should always be new, i.e., it wouldn’t make sense to recommended an item if
a great part of the group has already expressed a preference for it (e.g., a movie
already seen by a lot of users of the same group). This paper will focus on how
novelty of the recommended items affects the quality of the recommendations.

1 Introduction

Recommender systems aim to provide information itemns that are expected to interest
auser [3].
There are contexts and domains where, however, classic recommender systems
cannot be used. For example:
- inmultiple access systems with limited transmission capacity like Satellite Sys-
tems, it might not be possible to create personalized program schedules;
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- in a website’s homepage, the limited space available is usually divided into
sections that contain different types of content (e.g., sport, entertainment, etc)
to create interest for everyone.

Group recommendations have already been studied from several perspectives. In
[4] and [3] the state-of-the-art in group recommendation is presentsd and tech-
niques developed for different domains like web/news pages, tourist attractions,
music tracks, television programs and movies are described. Nearly all the existing
approaches take for pranted the presence of groups of users with similar opinions
but, in reality, this information is usually not available. In [2] an algorithm to gen-
erate group recommendations, able to automatically detect groups of users whose
preferences are similar, was proposed.

A group recommendation approach that recommends the same content previ-
ously evaluated by users would be useful for content that is always renswed and
ever-changing, like news items or TV series episodes. Users preferences for such
types of content can be used to recommend items of the same type (e.g., news about
the same topic or new episodes of the same serjes).

On the contrary, when a system produces group recommendations for types of
content like movies, a new issue arises: novelfy of the recommended items. In fact,
if an item was already evaluated by a great part of the group, the system should
limit its recommendation: users who already considered the item would be bored to
watch/read/listen to it often and it wouldn’t be a real recommendation for them.

This paper will present a study that shows how novelty of the recommended
content affects the quality of group recommendations. Recommending novel content
creates a trade-off that involves an improvement in satisfaction of the users and
a loss in the quality of the predicted ratings. Since proups of different sizes are
automatically detected by the system we used, this study would allow a content
provider to explore such a trade-off, considering also the level of personalization of
the recommended content. To the best of our knowledge, this is the first study of
this type.

The rest of the paper is organized in the following way: section 2 contains a
description of the system used in this study; section 3 describes the experiments we
conducted and outlines main results; section 4 will draw some conclusions.

2 Content novelty and group recommendation

Here we will briefly introduce the group recommendation algorithm used in this
study. The algorithm works in four steps:
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2.1 Users similarity evaluation

In order to create comnmunities of users, the algorithm takes as input a rafings matrix
and evaluates through a standard metric (cosine similarity) how similar the prefer-
ences of two users are. The result is a weighted network where nodes represent users
and each weighted edge represents the similarity value of the users it connects. A
post-processing technicue is then introduced to remove noise from the network and
reduce its complexity.

2.2 Communities detfection

To identify intrinsic communities of users, a Community Detection algodithm pro-
posed by [1] is applied to the users similarity network and partitions of different
granularities are generated.

2.3 Ratings prediction for itemns rated by enough users of a group

A group’s ratings are evaluated by calculating, for each item, the mean of the ratings
expressad by the users of the group. In order to pradict meaningful ratings, our
algorithm calculates a rating only if an item was evaluated by a minimum percentage
of users in the group. With this step it is not possible to predict a rating for each item,
so another step has been created to predict the remaining ratings.

2.4 Ratings prediction for the remaining items

For some of the items, ratings could not be caleulated by the previous step. In or-
der to estimate such ratings, similarity between items is evaluated, and the rating
of an item is predicted using a classic Item-Based Nearest Neighbor Collaborative
Filtering Algorithm proposed in [6].

3 Experimentation

The main objective of our experiments is to measure how much novelty of the rec-
ommended content affects the quality of the group recommendation, considering
different partitions of the users in groups. To make the study, we used the Movie-
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Lens! 10M/100K dataset (composed of 10 million ratings, expressed by 69878 users
for 10681 movies). We built a framework that extracts a subset of ratings from the
dataset, predicts group recommendations through the algorithm described in 2 and
measures the quality of the predictions.

3.1 Experimental methodology and setup

Around 20% of the ratings was extracted as a test set and the rest was used as a
training set for the algorithm. For each partition of the users in groups, ratings were
predicted and the quality of the predictions was evaluated through the Root Mean
Squared Error (RMSE). The metric compares the test set with the predicted ratings:
each rating r; expressed by a user ¥ for an item i is compared with the rating 7;
predicted for the item i for the group in which user u is.

RMSE is a metric widely used to evaluate the quality of recommendations. To
evaluate the RMSE values we obtained, we considered the range between recom-
mendations made for a single user and recommendations made for a single group
that contains all the users. Inside that range it is reasonable to compare the different
partitions, considering that recommendations predicted for a single user are the best
result that can be obtained (predictions are tailored to a user’s preferences) and a
broadeast recommendation for a single group with no novelty of the content is still
acceptable.

In each experiment we evaluated the system performances considering different
values of a novelty parameter, i.e., the minimum percentage of users in a group that
didn’t previously rate an item, in order for it to be recommended. For example, if
novelty was set to 50% and an item was rated by 60% of the group, the predicted
rating for that item would be discarded, since it wouldt be novel just for 40% of the
group.

To evaluate how the performances of the group recommendation algorithm var-
ied for different values of the »ovelfy parameter, we compared them with the results
obtained using a classic User-Based Nearest Neighbor Collaborative Filtering Al-
gorithm proposed in [6], where recommendations are produced for each user.

3.2 Experimental resulis

Fig. 1 shows RMSE for different values of content novelty for a group, considering
different partitions of the users in 1, 4 and 5 groups. Partitions in 4 and 5 groups
were the output of Step 3 presented in 2. As briefly explained, we wanted to con-
sider intrinsic communities of users, i.e., a real partition of the network without any
constraint given to the algorithm. However, it would be interesting to have a sce-

1 http:fiw ww.grouplens.org/
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nario with different partitions, so one of the future developements of this algorithm
will allow us to have more partitions of the network, by adding some constraints to
the algorithm used to identify the groups.

1,250000
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W1 100000 gy -1
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#r 69578
1,000000

0,950000 & = - = - .

0,900000
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content novelty

Flg, 1 RMESE for different values of novelty

The case in which there is a single group and the same content is recommended to
all the users is the worst (compared to the approach in which recommendations are
predicted for every user, worsening in RMSE values is between 17% and 30%). In
order to highlight our algorithm’s performances, the worsening percentage of RMSE
for 4 and 5 groups compared to the optimal case in which users are not grouped (the
green line in Fig. 1), is presented in Fig. 2. We can see that the partition in 5 groups
(worsening percentage between 0,71% and 1,19%) performs slightly better than
the partition in 4 groups (worsening percentage between 0,74% and 1,22%). We
can notice that in all the studied partitions performances drastically worsen when
novelfy = 40%. This is due to the large size of the groups for the partitions we
considered. In this case the number of movies that were not evaluated by a large
percentage of the users is very limited, so the movies available for the recommen-
dation suddenly decrease, limiting the quality of the recommendation. With smaller
groups, this novelty threshold (which now is around 40%) would be higher.

30



DART2010 - Pallotta, Soro, and Vargiu (eds)

Ludovico Boratto, Salvatore Carta, Michele Satta

1,30%
1,20%
= 1.10%
= Groups
£ 1.00% g
= &5
2 0.90%
or
0.80%

0.70% 2 e 2 <

0% 10%  20%  30% 40%  50% 60%  T0%

content novelty
Flg, 2 Performances with partitions in 4 and 5 groups

4 Conchusions and future work

This paper presented a study to evaluate how novelty of the recommended content
affects the quality of group recommendations. Experimental results show an inter-
esting scenario with different partitions of users in groups, that would help a content
provider configure the system, evaluating the trade-off between the different aspects.
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ABSTRACT

We assume that in order to properly caphure opinion and sentiment expressed in a
text or dialog any system needs a deep text processing approach. In particular, we
use Ontology matching and Concept search, based on SentiWordNet, but the sys-
tem is required to spot fundamental issues as the following ones: presence of
NEGATION at different levels of syntactic constimency; presence of
LEXICATIZED NEGATION in the verb or in adverbs; presence of conditional,
counterfactual subordinators; double negations with copulative verbs; presence of
modals and other modality operators.

In order to cope with these linguistic elements we propose to build a Flat Logical
Form (FLF) directly from a Dependency Structure representation augmented by
indices and where anaphora resolution has operated pronoun-antecedent substitu-
tions. We implemented these additions our the system called VENSES which has
been used for semantic evaluation purposes in the challenge called RTE. The out-
put of the system is an xml representation where each sentence of a text or dialog
is a list of attribute-value pairs, one of which is POLARITY.

1 Introduction

We assume that in order to properly caphure opinion and sentiment expressed in a
text or dialog any system needs a deep text processing approach. In particular, the
idea that the task may be solved by the use of Information Retrieval tools like Bag
of Words Approaches (BOWs) is totally flawed. BOWs approaches are sometimes
also camouflaged by a keyword based Ontology maiching and Concept search,
based on SentiWordNet, by simply stemming a text and using content words to
match its eniries and produce some result. Any search based on keywords and
BOWS; is fatally flawed by the impossibility to cope with such fundamental issues
as the following ones:

- presence of NEGATION at different levels of syntactic constituency;

- presence of LEXICALIZED NEGATION in the verb or in adverbs;
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- presence of conditional, counterfactual subordinators;

- double negations with copulative verbs;

- presence of modals and other modality operators.

In order to cope with these linguistic elements we propose to build a Flat Logical
Form (FLF) directly from a Dependency Structure representation augmented by
indices and where anaphora resolution has operated pronoun-antecedent substita-
tions. We implemented these additions our the system called VENSES which has
bean used for semantic evaluation purposes in the challenge called RTE. The out-
put of the system is an xml representation where each sentence of a text or dialog,
is a list of atiribute-value pairs, one of which is POLARITY. In order to produce
this output, the system makes use of the FLF and a vector of semantic attributes
associated to the verb at propositional level and memorized. Importani notions re-
quired by the computation of opinion and sentiment are also the distinction of the
semantic content of each proposition into two separate categories:

. OBIECTIVE vs SUBIECTIVE

This distinction is obtained by searching for FACTIVITY markers again at propo-
sitional level. In particular we take into account:

- tense, voice, mood at verb level

- modality operators like intensifiers and diminishers, but also modal verbs

- modifiers and atiributes adjuncts at sentznee level

- lexical type of the verb (in Levin's classes and also using WordNet classification)
- subject’s person (if 3 or not).

2 The VENSES system

VENSES is a reduced version of GETARUNS (Delmonte, 2007 and
2008), a complete system for text understanding developed at the T.abora-
tory of Computational Linguistics of the University of Venice. The back-
bone of VENSES is LFG theory in its original version (Bresnan, 1952 and
2000). The system produces different levels of analysis, from syntax to
discourse. However, three of them contribute most to the opinion classifi-
cation task: the lexico-semantic, the anaphora resolution and the deep se-
mantic module.

2.1  The syntactic and lexico-semantic module

The system produces a c-structure representation by means of a cascade of
augmented FSA, then it uses this output to map lexical information from a
number of different lexica which however contain similar information re-
lated to verb/adjective and noun subcategerization. The mapping is done
by splitting sentences into clauses which are main and subordinate clauses.
Other clauses are computed in their embedded position and can be either
complement or relative clauses.
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The ouiput of the system is what we call AHDS (Augmented Head
Dependent Structure) which is a fully indexed logical form, with Gram-
matical Relations and Semantic Roles. The inventory of semantic roles we
use is however very small — 35, even though it is partly overlapping the
one proposed in the first FrameNet project. We prefer to use generic roles
rather than specific Frame Elements (FEs) because sense disambiguation at
this stage of computation may not be effective.

2.2 The anaphora resolution module

The AHDS structure is passed to and used by a full-fledged module for
pronominal and anaphora resolution, which is in turn split into fwo sub-
modules. The resolution procedure takes care only of third person pro-
nouns of all kinds — reciprocals, reflexives, possessive and personal. Iis
mechanisms are quite complex, as described in (Delmonte et al., 2006).
The first submodule basically treats all pronouns at sentence level — that is,
taking into account their position — and if they are left free, they receive
the annotation “external”. If they are bound, they are associated to an ante-
cedent’s index; else they might also be interpreted as expletives, i.e. they
receive a label that prevents the following submodule to consider them for
further computation.

The second submodule receives as input the external pronouns, and tries to
find an antecedent in the previous stretch of text or discourse. To do that,
the systems computes a fopic kierarcky that is built following suggestions
by (Sidner and Grosz, 1986) and is used in a centering-like manner.

2.3  The semantic module

The output of the anaphora resolution module is used by the semantic
module to substitute the pronoun’s head with the antecedent’s head. After
this operation, the module produces Predicate-Argument Structures or PAS
on the basis of previously produced Logical Form. PAS are produced for
each clause and they separate obligatory from non-obligatory arguments,
and these from adjuncts and medifiers. Some adjuncts, like spatiotemporal
locations, are only bound at propositional level.

This module produces also a representation at propositional level, which
for simplicity is just a simple vector of information containing 15 different
slots, each one devoted to contain a different piece of semantic informa-
tion. We encode the following items: modality, negation, focussing inten-
sifiers/diminishers, manner adjuncts, diathesis, auxiliaries, clause depend-
ency if any from a higher governing predicate — this is the case for
infinitivals and gerundives — and eventually a subordinator if any.
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2.4 The classification system

Differently from other systems, we use a three way classification for the
attribute “attitute” which encodes polarity: POSITIVE, NEGATIVE and
SUSPENSION. The latter is used when negation is present in the utterance
but the overall attitude is not directly negative. More on this below.
Bing(2004) uses a scale of three grades to indicate strength and distinguish
cases of real NEGATIVE/POSITIVE polarity from one another. In the re-
adme file associated to the datasets, Bing comments on this grading that
“... note that the strength is quite subjective. You may want to ignore it,
but only considering + and —*. It is a fact that annotation criteria are hard
to establish, but then the outcome is always subjective in a sense. For in-
stance in the example below taken from one of the datasets he makes
available on his website, that we evaluated (see below), the score [-1] indi-
cates a low negative polarity strength. We report at first Bing’s annotated
example under A. and then our system’s output, under B.

A, viewfinder[-1]##the lens iz visible in the viewfinder when the lens iz zef to the wide
angle , but since { uze the led most of the time | this iz not really much of a bother to me .

B. id="44", opredicate="be", topic="lens", attitude="suspension” factivity= "fac-
tive statement"

Here and elsewhere we annotated SUSPENSION, and the system correctly
labels the example: this label indicates an attitude which is not strongly
marked for either polarity value, and in some cases this may also be due to
the presence of double negation. As a consequence, we also use
SUSPENSION in the following example, where on the contrary, Bing an-
notates Positive with good confidence:

A, weight[+2]##at & ounces it iz pretty light but not as light as the ipod .
B. id="46", predicate="be", topic="light", attitude="suspension" factivity—= "fac-
tive_statement"

We assume that this case cannot be computed as a strong case for positive
attitude. In many other cases, Bing does not produce any annotation which
does not mean that the utterance is to be regarded as neutral, as for in-
stance in the following cases,

A, ##if you have any doubts about this player, well do n't.
B. id="32"predicate="have" topic="player" attitnde="zuspension" factivity= "opin-
jon_internal”

A, ffcan 't complain and i recommend it over all the other players , just hope that remote
will comie ont zoor .
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B. id="27", predicate="recommend", topic="player", attitude="suspension", factivity—=
"opinion/ factive_statement”

In many cases, however, it is hard to understand the reason why the anno-
tation has not been made available as for instance in,

A. do not buy this player .

A.apiece of junk .

A, don't waste your money .

A the g2 was better in this respect .

Here below we present a short made-up dialog which contains a certain
number of complex negative cases to solve.

Well, what do vou think? That's not so bad. I'm not complaining. That's not
true. Well, it has advantages and dizadvantages. Jack never confradictz my
opinfons. Mark always contradicted my ideas. Mark never accepted disadwvan-
tages. Nobody bought that product. I bought an awful product. T don't like that
product. I strongly criticize such a product. No zensible customer would buy
that product. Mary bought that product for an awful purpose. Mary bought that
product to kill erzelf. Mark didn't make a bad deal. That product doesn't seem
to be awful. Mary didn't buy that awful product. John didn't kill the bad feelings
of the customers about that awful product.

Here below is a schematic output from the xml representation of each sen-
tence:

id="1", Well, what, do, you, think, 7

predicate="say" attitude="positive" factivity="question"

id="2", That-z, not, so, bad.

predicate="be" attitude="suspension" factivity="opinion_internal"

id="3", I-m, not, complaining.

pradicate="complain",attitude="suspenzion” factivi="opinion statement"
id="4", That-z, not, true.

pradicate="be",attitude="negative" factivity="opinion staterment"
id="5"Jack', never, contradicts, my, opinions.

pradicate="contradict" attitude="suspenzion" factivity="factive statement">
id="6", Mark, always, contradicted, my, ideas.
predicate="contradict",attitude="negative" factivity="factive statement"
id="7", Mark, never, accepted, disadvantages.

pradicate="accept" attitide="negative" factivity="factive statement"
id="8", Nobody', bought, that, product.
predicate="buy",attitnde="negative" factivity="factive statement"
id="9",1, bought, ar, awful, product.

predicate="buy" attitide="negative" factivity="tactive_statement"
id="10"1, don-t, like, that, product.

predicate="like" attitnde="regative" factivity="Ffactive_statement"
id="11"1, strongly, criticize, such, a, product.
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predicate="criticize" attitude="negative",factivity="factive_statement"
id="12", No, sensible, customer, would, buy, that, product.
predicate="buy",attitude="negative",factivity="factive_statement"
id="13", Mary, bought, that, product, for, an, awful, purpose.
predicate="buy",attitude="negative", factivity="factive_statement"
id="14", Mary, bought, that, product, to, kill, herzelf.

predicate="buy",attitude="negative",factivity="factive_statement"

id="15", Mark, didn-t, make, a, bad, deal.
predicate="make",attitude="relevant",factivity="opinion_statement"

id="16", That, product, 'doezn-t ', zeem, to, be, awful.
predicate="gseem",attitude="suspension",factivity="opinion_internal"
id="17"Mary,didn-t, buy, that, awful, product.
predicate="buy",attitude="negative",factivity="factive_statement"

id="18",Joln didn"t kill the bad feelings of the customers about that awtul product.
predicate="kill",attitude="suspension" factivity="factive_statement"

2.5 Distinguishing FACTIVITY from POLARITY

As can be easily noticed, the problem constituted by the presence of nega-
tion is not solvable by a simple one way decision — yes/no. In many cases
the information about the attitude of the speaker is just not directly com-
municated and needs further specification. Sentence 16, for instance, is not
a straightforward admission of disagreement; the same applies to sentence
18. We also regard sentences 2, 3, 5 to be cases of indirect judgement
which however is not explicit enough to be assigned to a positive attitude.
For this reason, we decided to introduce a marker, we call SUSPENSION
which encodes all cases of indirect judgement, and other similar situations.
Coming now to clear cases of NEGATIVE attitude, we register sentences
liked, 6,7, 8,9 10, 11, 12, 13, 14 and 17. However, not all these senten-
ces are easily understood as such. In particular, 4 and 10 are simple cases
of negation at main verb level and may be computed safely as cases of
negative attitude. Sentences 6 and 11 are again cases of negative attitude
but there is no explicit negation expressed: just negatively marked verb at
lexical level. Examples 8 and 12 express negation at subject level: as can
be gathered, this can only be evaluated as a real negative attitude only in
case the main verb indicates positive actions. Apparently, these cases can
also be contradicted by the same speaker, by using BUT and other adversa-
tive discourse markers (even though nobedy likes it ...; nobody likes it,
but ...). Examples 9, 13, and 14 introduce negative attributes at object and
complement level. This is also computed by the system as a case of nega-
tive attitude. The system also computes as negative example 17, whichisa
case of double negation: in this sentence, negation is present both at verbal
level and at complement level. This might be understood as positive atti-
tude (if she did not do that then it is good...). However we assume that this
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is also intepretable as a report of something negative that might have hap-
pened.

Eventually we have cases of SUSPENSION envolving the presence of ne-
gation as example 18 shows.

An important subdivision of all semantic types involved regards
FACTIVITY which as said above can constitute an important indicator of
the speaker’s attitude in uttering a given judgement. It is important to men-
tion that sentences are in fact utterances which can be subdivided in at
least two main types: they constitute OBJECTIVE or FACTIVE STATE-
MENTSs reporting in this way some fact usually in third person subject; or
they may constitute SUBJECTIVE or NON-FACTIVE OPINIONs ex-
pressed by the speaker him/herself in first person or reporting on some-
body elses’s opinion. Opinions are always subjective but may report an in-
ternal thought, a wish, a hope, or else a definite state, event, activity by the
subject. In the former case, we OPINION INTERNAL, to highlight the
weight of subjective markers as in 2 and 16. In the latter case, we use
OPINION_STATEMENT because it is either the case that the utterance re-
fers acts or events of third persons, as in 15; or else, it reports the evalu-
ation of the speaker as in 3 and 4.

Other markers are QUESTION which can still be computed as either posi-
tive or negative, and RELEVANT, implying some indirect judgement as
shown by 16 and double negation and reinforcing on SUSPENSION.

Now consider a really hard utterance to evaluate:

*Poszitive-1 dvd - zo far the dvd works s0 i hope it doszn't break down like the reviews { ve
read .

This has been rightly annotated as Positive by Bing however for a system
to compute the dependence of the NEGATED sentence from HOPE one
needs a logical form and all the appropriate indices, to capture it.

2.6 The remaining semantic markers: CONDITIONAL and
COMPARATIVES

Eventually, there are important components of a semantic analysis which
may heavily influence the final output. I am now referring to two well-
known cases discussed in the literature: the presence of “conditional” dis-
course markers like IF, WHETHER which transform a statement into a
conditional clause which is usually accompanied by the presence of “un-
real” mood like conditional or subjunctive. And then we come to “com-
parative” constructions which are more frequent in consumer product re-
views than in blogs or social networks opinions. As far as comparatives are
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concerned, it is a fact that real utterances contain a gamut of usage of such
a construction which is very hard to come to terms with. We list some of
the most relevant cases here below and then make some comments. Fach
utterance is taken from Bing’s interview databases and has an evaluation at
the beginning of the line:

a. *Positive-2 player - [ did not want to have high expectations for this apex player because
of the price but it is definitely working out much better than what § would expect from an
expensive high-end player .

b, *Positive-2 look - without a doubt the finest looking apex dvd player that { 've zeen .

c. *Positive-2 dvd player - so sit back , relax and brag to all your friends who paid a moun-
tain of money for a dvd player that can't do half the things this one can , and for a fraction
of the price !

d. *Positive-3 camera - recent price drops have made the g3 the best bargain in digital cam-
eras currently available .

e. *Pocsitive-2 feel - you feel like you are holding something of substance , not some cheap
plastic oy .

£ *Positive-3 camera -  can't write enough positive things about thiz great little camera !

g *Positive-3 camera - this {s my first digital camera and { couldn't be happier.

h. *Positive-3 finish - its silver magnesium finish is stunning , and the sharp lines and ex-
cellent grip are better than any other camera i've seen .

i. *Positive-2 noise another good thing is that this camera seems to introduce much less
noise in dark places than others iwe seer .

k. *Poszitive-2 camera thizs {s by far the finest camera in it price and category i have ever
used.

As can be noticed, in many cases what is really the guiding principle is the
need of comparing the evaluative content of two opposing propositions, ra-
ther than simply measuring degree of comparison (superlative rathen than
comparative grade). In example a. the first proposition is negated and then
the second compared propesition marked by BUT is a really hard complex
sentence to compute. In b. one has to compute correctly “without a doubt”.
In c. the first proposition has a relative clause referring to a negative fact,
where however the governing verb BRAG can be understood both nega-
tively and positively. In d. the phrase “recent price drops” can be a nega-
tive fact but has to be understood positively together with the following
proposition where “best bargain” appears. Again in e. one needs to com-
pare two propositions one of which has an ellipsed VP. In f. the reviewer
uses a rthethorical devise “can’t write enough positive...” which however
introduces negation. The same applies to example g.

2.7 The experiment

In order to evaluate the system, we used Bing’s (2004) datasets which have
been collected and partially annotated in 2004 and are constituted by cus-
tomer reviews of 5 products downloaded from Amazon.com. In fact we
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used only three of them — Canon (digital camera), Creative (mp3 player)
and Apex (dvd player) - for perusal and for evaluation: the question was
that the annotated examples were just a small percentage - 1302 sentences
over 3300, so we had to annotate the remaining cases (60% of all utter-
ances) ourselves and make some corrections: the texts were full of typos
and had many nonwords, fragments, ungrammatical sentences etc. Overall,
we parsed 30,000 tokens and 3300 utterances.

Positive | Negative | Totals sents
apex 148 195 3143 840
canon 154 54 238 643
creative | 421 200 720 1811
totals 753 543 1301 3394

Table 1. Annotation data from Bing’s datasets

In Table 1. we report annotation data from the three datasets we used in
our experiment, where under SENTS we indicate the number of total utter-
ances present in each dataset. As can be easily gatherad, only 38.34% of all
utterances have besn annotated, which makes the comparison fairly diffi-
cult to draw. In particular, if we look at our annotation data below, the
overall number of NEGATIVE pelarity judgements constitute 58% of all
judgements when compared to 42% in Bing’s annotation. The final out-
come is then totally mistaken: in our case the judgements are more nega-
tive and in Bing’s they are more positive disregarding each separate pro-
duct. We computed the number of annotations in Bing’s datasets which
have been graded [+/- 1], thus indicating that the confidence of the annota-
tor is very low, and this makes up 16.37% of all annotations. In our case,
the SUSPENSION annotations constitute 23.22% of all annotations.

Posit | Negat | Suspen | Quest | Totals

apex 253 1370 205 15 843
canon 219 1295 134 13 661
creative | 558 782 430 37 1797

totals 1030 | 1447 [ 769 65 3311

Table 2. Evaluation results from Venses

The first interesting data to notice is the slight difference in Recall, where
we see that of all the utterances present we only got 97.55%. It is important
to highlight the difference in the approach. Our system’s output refers real
utterances which sometimes do not coincide with each line or record in the
input file. The system computes an utterance everytime it finds a sentence
delimiting punctuation mark. As a result, in some cases, as in “canon”
dataset, we end up with additional utterances to evaluate.
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Fact Opin Opin_ Fact/Opin Total
Inter
apex 308 265 &7 100 850
canon 300 226 47 75 648
creative 772 609 195 219 1795
totals 1470 1100 329 394 3293

Table 3. Evaluation results from Venses

Data related to SUBJECTIVITY and FACTIVITY show a balanced subdi-
vision of all data between the two categories.
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ABSTRACT

‘We present an experiment evaluating the contribution of a system called GReG for
reranking the snippets returned by Google’s search engine in the 10 hits presented
to the user and captured by the use of Google’s API. The evaluation aims at estab-
lishing whether or not the introduction of deep linguistic information may improve
the accuracy of Google or rather it is the opposite case as maintained by the ma-
jority of people working in Information Retrieval and using a Bag Of Words ap-
proach. We used 900 questions and answers taken from TREC & and 9 competi-
tions and execute three different types of evaluation: one without any linguistic
aid; a second one with tagging and syntactic constituency contribution; another
run with what we call Partial Logical Form. Even though GReG is still work in
progress, it is possible to draw clear cut conclusions: adding linguistic information
to the evaluation process of the best snippet that can answer a question improves
enormously the performance. Tn another experiment we used the actal texts asso-
ciated to the QQ/A pairs distributed by one of TREC’s participant and got even
higher accuracy.

1. Introduction

We present an experiment run using Google API and a fully scaled version
of GETARUNS, a system for text understanding (see Delmonte 2007;
2003), together with a modified algorithm for semantic evaluation pre-
sented in RTE3 under the acronym of VENSES (Delmonte 2007). The aim
of the experiment and of the new system that we called GReG
(GETARUNS ReRANKS Google), is that of producing a reranking of the
10 hits presented by Google in the first page of a web search. Reranking is
produced solely on the basis of the snippets associated to each link — two
per link.

GReG uses a very “shallow” linguistic analysis which nonetheless ends up

with a fully instantiated sentence level syntactic constituency representa-
tion, where grammatical functions have been marked on a totally bottom-

44



DART2010 - Pallotta, Soro, and Vargiu (eds)

up analysis and the subcategorization information associated to each gov-
erning predicate — verb, noun, adjective. More on this process in the sec-
tions below.

At the end of the parsing process, GReG produces a translation into a flat
minimally recursive Partial Logical Form (hence PLF) where besides gov-
erning predicates — which are translated into corresponding lemmata — we
use the actual words of the input text for all linguistic relations encoded in
the syntactic structure. Eventually all matching processes are carried out
coupling semantic similarity measures over the words involved, depend-
ency labels and logical relations.

The evaluation will focus on a subset of the questions used in TREC made
up of 900 questionfanswers pairs made available by NIST and produces
the following data:

- how many times the answer is contained in the 10 best candidates re-
trieved by Google;

- how many times the answer is ranked by Google in the first two links —
actually we will be using only snippets (first two half links);

- as a side-effect, we also know how many times the answer is not con-
tained in the 10 best candidates and is not ranked in the first two links;

- how many times GReG finds the answer and reranks it in the first two
snippets;

- how much contribution is obtained by the use of syntactic information;
- how much contribution is obtained by means of LF, which works on
top of syntactic representation;

- how much contribution is obtained by modeling the possible answer
from the question, also introducing some meta operator — we use OR and
the *.

The metric we adopt is very similar to the one proposed in Bouma et al.
2005, where they use what they call d-score for dependency relations ev-
aluation, and t-score for syntactic dependency evaluation. The additional
information we compute is related to the way we match head words or
predicates, which are checked not only for equivalence but alse for seman-
tic similarity using the set of semantic relations made available by Word-
Net; the two words may also belong to the same semantic fisld as com-
puted by Roget’s Thesaurus and other similar lexical resources.
Eventually, we compute accuracy measures by means of the usual Re-
call/Precision formula.

1.1 State of the Art
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There is now general consensus on the usefulness of linguistic processing
for (/A open/closed domain tasks. However, the need to keep the process-
ing to a feasible amount of CPU time has led many researchers into the
idea that dependency parsing is the only technology able to cope with the
task. In fact, dependency word level parsing can become a too poor lin-
guistic representation in many relevant cases. Some of the problems have
been overcome by introducing “equivalence paraphrases” which are used
to account for syntactic variations (Wang et al. 2007; Bouma et al. 2005).

Some other problems are more related to semantic completeness and facti-
tivity. We are referring here to the problem of recovery of implicit argu-
ments, either by means of binding of syntactic variables or by attaching the
appropriate label to underlying object of passive sentences, or again bind-
ing the subject of untensed clauses, like gerundives, participials or infini-
tives. The other problem is related to the need to account for the presence
of modality and negation operators which may affect the truth of the an-
swer recovered and thus jeopardize the comrectness of the results. These
problems are coped with at the level of text entailment evaluation.

In our system, we address different levels of representations — syntactic
and (quasi) logical/semantic, and measure their contribution if any in com-
parison to a baseline keyword or bag of words computation. Together with
linguistic representation, we also use semantic similarity evaluation tech-
niques already introduced in RTE challenges which seem particularly ad-
equate to measure the degree of semantic similarity and also semantic con-
sistency or non-contradictoriness of the two linguistic descriptions to
compare. This is partially also proposed by others (Wang et al. 2007) when
they introduce the use of WordNet to do answer expansion.

Differently from the majority of the systems in this field, we don’t use any
training, nor do we adopt a specific statistical model. The reason being
simply the fact that we want our system to be highly performing in every
situation and this may be only guaranteed by a solid and robust linguistic
architecture.

2. The Parser

The architecture of the parser is commented in this section. It is a quite
common pipeline: all the code runs in Prolog and is made up of manually
built symbolic rules.

We defined our parser “mildly bottom-up” because the structure building
process cycles on a procedure that collects constituents. This is done in
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three stages: at first chumks are built around semantic heads — verb, noun,
adjective, adverbials. Then prepositions and verb particles are lumped
together. In this phase, also adjectives are joined to the nominal head they
modify. In a third phase, sentential structure information is added at all
levels — main, relative clauses, complement clauses. In presence of
conjunctions, different strategies are applied according to whether they are
coordinating or subordinating conjunctions.

An important linguistic step is carried out during this pass:
subcategorization information is used to tell complements — which will
become arguments in the PLF — and adjuncts apart. Some piece of
information is also offered by linear order: SUBJect NPs will usually occur
before the verb and OBJect NP after. Constituent labels are then
substituted by Grammatical Function labels. The recursive procedure has
access to calls collecting constituents that identify preverbal Arguments
and Adjuncts including the Subject if any: when the finite verb is found the
parser is hampered from accessing the same preverbal portion of the
algorithm and switches to the second half of it where Object NPs, Clauses
and other complements and adjuncts may be parsed. Punctuation marks are
also collected during the process and are used to organize the list of
arguments and adjuncts into tentative clauses.

The clause builder looks for two elements in the input list: the presence of
the verb-complex and punctuation marks, starting from the idea that
clauses must contain a finite verb complex: dangling constituents will be
adjoined to their left adjacent clause, by the clause interpreter after failure
while trying to interpret each clause separately.

The clause-level interpretation procedure interprets clauses on the basis of
lexical properties of the governing verb. This is often non available in
snippets. So in many cases, sentence fragments are built.

If the parser does not detect any of the previous structures, control is
passed to the bottom-up/top-down parser, where the recursive call
simulates the subdivision of structural levels in a grammar: all sentential
fronted constituents are taken at the CP level and the IP (now TP) level is
where the SUBJect NP must be computed or else the SUBJect NP may be
in postverbal position with Locative Inversion structures, or again it might
be a subjectless coordinate clause. Then again a number of ADJuncts may
be present between SUBJect and wverb, such as adverbials and
parentheticals. When this level is left, the parser is expecting a verb in the
input string. This can be a finite verb complex with a number of internal
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constituents, but the first item must be definitely a wverb. After the
{(complex) verb has been successfully built, the parser locks for
complements: the search is restricted by lexical information. If a
copulative verb has been taken, the constituent built will be labelled
accordingly as XCOMP where X may be one of the lexical heads,
PN,A Adv.

The clause-level parser simulates the sentence typology where we may
have verbal clauses as SUBJect, Inverted postverbal NPs, fronted that-
clauses, and also fully inverted OBJect NPs in preverbal position.

2.1 Parsing and Robust Techniques

The grammar is equipped with a lexicon containing a list of fully specified
inflected word forms where each entry is followed by its lemma and a list
of morphological features, organized in the form of attribute-value pairs.
However, morphological analysis for English has also been implemented
and used for Out of Vocabulary (hence OOV) words. The system uses a
core fully specified lexicon, which contains approximately 10,000 most
frequent entries of English. Subcategorization is derived from FrameNet,
VerbNet, PropBank and NomBank. These are all consulted at runtime. In
addition to that, there are all lexical forms provided by a fully revised
version of COMLEX. In order to take into account phrasal and adverbial
verbal compound forms, we also use lexical enfries made available by
UPenn and TAG encoding. Their grammatical verbal syntactic codes have
then been adapted to our formalism and is used to generate an
approximate subcategorization scheme with an approximate aspectual and
semantic class associated to it — some information is derived from LCS
from the University of Maryland. Semantic inherent features for OOV
words, be they nouns, verbs, adjectives or adverbs, are provided by a fully
revised version of WordNet — 270,000 lexical entries - in which we used
75 semantic classes similar to those provided by CoreLex. In addition to
that we have a number of gazetteers and proper nouns lists including Ara-
bic names, which amount to an additional 400,000 fully classified lexical
entries.

3. Default Semantic Matching Procedure

As said above, the idea is to try to verify whether deeper linguistic pro-
cessing can contribute to question answering. As will be shown in the fol-
lowing tables, Google’s search on the web has high recall in general: al-
most 920% of the answers are present in the first ten results presented to
the user. However, we wanted to assume a much stricter scenario closer in
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a sense to TREC’s tasks. To simulate a TREC task as close as possible we
decided that only the first two snippets — not links - can be regarded a
positive result for the user. Thus, everything that is contained in any of the
following snippets will be computed as a negative result. We take two
snippets to be similar to one sentence which is then the basis for the actual
answer string.

The decision to regard the first two snippets as distinctive for the experi-
ment is twofold. On the one side we would like to simulate as close as
possible a TREC /A task, where however rather than presenting precise
answers, the system is required to present the sentence/snippet containing
it. The other reason is practical or empirical and is to keep the experiment
user centered: user’s attention should not be forced to spend energy in a
tentative search for the right link. Focussing attention to only two snippets
and two links will greatly facilitate the user. In this way, GReG could be
regarded as an attempt at improving (Google’s search strategies and tools.

In order to evaluate the contribution of different levels of computation and
thus get empirical evidence that a deep linguistically-based approach is
worth while trying, we organized the experiment into a set of conceniric
layers of computation and evaluation as follows:

- at the bottom level of computation we situated what we call the “default
semantic matching procedure”. This procedure is used by all the remain-
ing higher level of computation and thus it is easy to separate its contribu-
tion from the overall evaluation;

- the default evaluation takes input from the first two processes, tokeniza-
tion & multiword creation plus sentence splitting. Again these procedures
are quite standard and straightforward to compute. Se we want to assume
that the results are easily reproducible as well as the experiment itself;

- the following higher level of computation may be regarded partly system
dependent, but most of it is easily reproducible using off-the-shelf algor-
ithms made available for English by research centers all over the world. It
regards tagging and context-free PennTreebank-like phrase-structure syn-
tactic representation as well as dependency parsing. Here we consider not
only words, but word-tag pairs and word-as-head of constituent N pairs.
We also take into account their grammatical function label;

- the highest level is constituted by what we call Partial Logical Form,
which builds a structure containing a Predicate and a set of Arguments
and Adjuncts each headed by a different functor. In turn each such struc-

49



DART2010 - Pallotta, Soro, and Vargiu (eds)

ture can contain Modifiers. Each PLF can contain other PLFs recursively
embedded with the same structure. More on this below. This can also be
reproduced by algorithms available off-the-shelf at the DELPH-IN web-
site.

3.1 A walkthrough example

We now present three examples taken from TRECS question/answer set,
no. 3, 193, 195, corresponding respectively to ours 1,2,3. For each ques-
tion we add the answer and then we show the output of tagging in Pen-
nTreebank format, then follows our enriched tagset and then the syntactic
constituency structure produced by the parser and the grammatical labels.
Eventually, we show the Partial Logical Form where the question word
has been omitted. The question word will be transformed into its corres-
ponding semantic type. In some cases, it can be reinserted in the analysis
when the matching takes place and may appear in the other level of repre-
sentation we present which is constituted by the Query in answer form
passed to Google. Question words are always computed as argument or
adjunct of the main predicate, so GReG will add a further match with the
input snippets constituted by the semantic types of the wh- words. One
such type is visible in question no.3 when the concept “AUTHOR” is
automatically added by GReG in front of the verb and after the star. More
on answer typing below.

(1) What does Peugeot company manufacture? — Cars
(2) Who was the 16™ President of the United States? — Lincoln
(3) Who wrote “Dubliners”? — James Joyce

Here below are the analyses where we highlight the various levels of lin-
guistic representation relevant for our experiment only — except for the de-
fault word level:

(1) Tagging and Syntactic Constituency
what-wp, does-md, the-dt, Peugeot-nnp, company-nn, manufacture-vin, ?
—pun

[what-int, does-vsup, the-art, Peugeot-n, company-n, manufacture-vin, 7 -
puntint]

cp-[cp-[what], f-[subj-[the, company, mod-[Peugeot]], ibar-[does, manu-
facture]], fint-[?]]
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Partial Logical Form
pred{manufacture)arg([company, mod([Peugeot D) adj([[], med([[1D])

Query launched to Geogle API
Peugeot company manufacture *

(2) Tagging and Syntactic Constituency
who-wp, was-vbd, the-dt, 16th-cd, President-nnp, of-in, the-dt,
United States-nnp, 7 — pun

[who-int, was-vc, the-art, 1 6th-num, President-n, of-p, the-art,
United States-1, 7 - puntint]

fint-[ cp-[who], ibar-[was], sn-[the, 16th, President, mod-[of, the,
United States]], fint-[?]]

Partial Logical Form
[pred{be) arg([President, mod{[united, States, 16th])]) adj([])]

Query launched to Geogle API
United States 16th President was *

(3) Tagging and Syntactic Constituency
who-wp, wrote-vbd_vbn, "-pun, Dubliners-nns, "-pun, 7 - pun

[who-int, wrote-vt, "-par, Dubliners-n, "-par, 7 - puntint]
cp-[ep-[who], ibar-[wrote], fp-["], sn-[Dubliners], fp-["], fint-[?]]

Partial Logical Form
pred(write) arg([Dubliners, mod([]]) adj{[])

Query launched to Geogle API
* author wrote Dubliners

3.2 Defanlt Semantic Matching Procedure

This is what constitutes the closest process to the BOWSs approach we can
conceive of. We compare every word contained in the Question with
every word contained in each snippet and we only compare content words.
Stopwords are deleted.

We match both simple words and multiwords. Multiwords are created on
the basis of lexical information already available for the majority of the
cases. The system however is allowed to guess the presence of a multi-
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word from the information attached to the adjacent words and again made
available in our dictionaries. If the system recognizes the current word as
a word starting with uppercase letter and corresponding to one of the first
namses listed in one of our dictionary, it will try to concatenate this word to
the following and try at first a match. If the match fails the concatenated
word is accepted as a legitimate continuation — i.e. the name — only in case
it starts by uppercase letter. Similar checking procedures have been set up
for other NEs like universities, research centres, business related institu-
tions etc. In sum, the system tries to individuate all NEs on the basis of the
information stored and some heuristic inferential mechanism.

According to the type of NE we will licence a match of a simple word
with a multiword in different ways: person names need to match at least
the final part of the multiword, or the name institutions, locations etc. need
to match as a whole.

3.3 Tags and Syntactic Heads

The second level of evaluation takes as input the information made avail-
able by the tagger and the parser. We decided to use the same approach
reported in the challenges called RTE where the systems participating
could present more than one run and use different techniques of evalu-
ation. The final task was — and is — that of evaluating the semantic simi-
larity between the question and the input snippets made available by
Google. However, there is a marked difference to be taken into account
and is the fact that in RTE questions where turned into a fully semanti-
cally complete assertion; on the contrary, in our case we are left with a
question word — applies to wh- questions - to be transformed into the most
likely linguistic description that can be associated with the rest of the ut-
terance. As most systems participating in TREC challenge have done, the
question has to be rephrased in order to predict the possible structure and
words contained in the answer, on the basis of the question word and
overall input utterance. Some of the questions contained in the TREC list
do not actually constitute wh- questions (factoid or list), but are rather im-
peratives or iussive utterance, which tell the system — and Google — to
“describe” or to “name” some linguistic item specified in the following
portion of the utterance.

As others have previously done, we classify all wh- words into semantic
types and provide substitute words to be place in the appropriate sentence
position in order to simulate as close as possible the answer. In other cases
the semantic type will be used to trigger the appropriate general concept
associated to the corresponding word matched in the snippet. In particular,
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whenever a number is required, be it a date, or other, the type
QUANTITY is used to trigger the appropriate type. We distinguish be-
tween: DISTANCE, REPEAT, DURATION, DATE, POPULATION and
a generic QUANTITY. In the latter case, however, a specific procedure
checks for special cases of quantity definition, which may be SHARP,
LESS, MORE, ABOUT, INCLUDES. Each subtype will compute the
similarity accordingly.

However, this is only done in one of the modalities in which the experi-
ment has been run. In the other modality, Google receives the actual
words contained in the question.

As to experiment itself, and in particular to the matching procedure we set
up, the wh- word is never used to match with the snippets. Rather we use
the actual wh- words to evaluated negatively snippets containing them. In
this way, we prevent similar and identical questions contained in a snippet
and pointed by a link to receive a high score. We noticed that Google is
unable to detect such mismatches.

We decided to use tag-word pairs in order to capture part of the contextual
meaning associated to a given word. Also in the case of pairs word-as-
head-of-constituent/ constituent label we wanted to capture part of the
contextual import of a word in a structural representation and thus its syn-
tactic and semantic relevance in the structure. As will be clear in the fol-
lowing section, this is different from what is being represented in a Logi-
cal Form for how partial it may be.

3.3 Partial Logical Form and Relations

The previous match intended to compare words as part of a structure of
dependencies where heads played a more relevant role than non-heads,
and thus were privileged. In the higher level match what we wanted to
check was the possible relations intervening between words: in this case,
matching regarded two words at a time in a hierarchy. The first and most
relevant word was the PREDicate governing a given piece of PLF. The
PRED can be the actual predicate governing at sentence level, with argu-
ments and adjuncts, or it can be just the predicate of any of the Argu-
ments/Adjuncts which in turn governs their modifiers.

Matching is at first applied to two predicates and if it succeeds, it is ex-
tended to the contents of the Argument or the Adjunct. In other words, if it
is relations that this evaluation should measure, any such relations has to

53



DART2010 - Pallotta, Soro, and Vargiu (eds)

involve at least two linguistic elements of the PLF representation under
analysis.

Another important matching procedure applied to the snippet is consti-
tuted by a check of the verbal complex. We regard the verbal compound
as the carrier of semantically important information to be validated at
propositional level. However, seen the subdivision of tasks, we assume
that we can be satisfied by applying a partial match. This verbal complex
match is meant to ascertain whether the question and the answer contain
positive polarity items; and in case they contain negative polarity items
then they should be both containing one such item —not to convey contra-
dictory information. It is also important to check whether the two verbal
complexes are factitive or not: this is checked by detecting the presence of
opaque or modality operators in the verb complex and at propositional ad-
junct level. This second possibility is matched carefully.

4. Evaluation

Here below we show the output of GRe@ in relation to one of the three
questions presented above, question n.2

google”

Evaluation Score from Words and Tags : 31

Evaluation Score from Syntactic Constituent-Heads : 62
Evaluation Score from Partial Logical Form : 62
google8

Evaluation Score from Words and Tags : 35

Evaluation Score from Syntactic Constituent-Heads: 70
Evaluation Score from Partial Logical Form : 0
google?

Evaluation Score from Words and Tags : 33

Evaluation Score from Syntactic Constituent-Heads : 66
Evaluation Score from Partial Logical Form : 66

Snippet No. google9

16th President of the United States ( March 4 , 1861 to April 15, 1865 ).
Nicknames : “ Honest Abe “ “ Illinois Rail - Splitter “. Born : February 12
, 1809, ...

Snippet No. google7

Abraham Lincoln , 16th President of the United States of America, 1864 |
Published 1901 Giclee Print by Francis Bicknell Carpenter - at AllPosters
. com .
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The right answer is : Lincoln
Google's best snippets containing the right answer are:

googlel
Who was the 16th president of the united states 7 pissaholic . . . . Abraham
Lincoln was the Sixteenth President of the United States between 1861 -
1865 ...

google7
Abraham Lincoln , 16th President of the United States of America, 1864 |

Published 1901 Giclee Print by Francis Bicknell Carpenter - at AllPosters
.com .

Google's best answer partially coincides with GReG.

T e R T T

Passing Questions to Google filtered by GReG’s analysis produced a posi-
tive result in that 755 questions contained the answer in the 10 best links.
On the contrary, passing Questions to Google as is, produces as a result
that only in 694 questions contain the answer in the 10 best links. In other
words, GRe(’s analysis of the question triggers best results from Google,
in fact improving the ability of Google to search for the answer and select
it in the best 10 links.

In fact, Google exploits the linear order of words contained in the question.
So in case there is some mismatch the answer is not readily found or per-
haps is available further down in the list of links.

With GRe(s's | Without
preanalysis GReG’s anal.

Google’s 10 Best links | 755 694

contain the answer 83.01% 77.12%

Google’s 10 Best links | 145 206

do not contain the an- 16.9% 22.8%

SWer

Google Rank answer 216 168

in first 2 snippets 28.61% 24.21%

Google Rank answer 684 732

not in first 2 snippets 76.00% 82.34%

Table 1: Google outputs with and without the intervention of GReG’s question an-

alysis

GReG reranks Only word | Tagging and Partial Logi-
the answer in match Syntactic cal Form
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first 2 snippets heads

With GRe(G’s 375 514 543
analysis 5841% 68.08% 71.92%
Without GRe(’s | 406 493 495
analysis 55.09% 66.89% 67.16%

Table 2: GReG’s outputs at different levels of linguistic complexity

4.2 Discussion

The conclusions we may safely draw is the clear improvements in per-
formance of the system when deep linguistic information is introduced in
the evaluation process. In particular, when comparing the contribution of
PLF to the reranking process we see that there is a clear improvement: in
the case of reranking without GReG’s question analysis there is a slight
but clear improvement in the final accuracy. Also, when GReG is used to
preanalyse the question to pass to Google the contribution of PLF is al-
ways apparent. The overall data speak in favour of both preanalysing the
question and using more linguistic processing.

If we consider Google’s behaviour to the two inputs, the one with actual
questions and the one with prospective answers we see that the best results
are again obtained when the preanalysis is used; also the number of appro-
priate candidates — the recall - containing the answer increases remarkably
when using GReG preprocessing (83% vs. 77%).

4.3 GReG and Question-Answering from Text

In order to verify the ability of our system to extract answers from real text
we organized an experiment which used the same 900 question run this
time against the texts made available by TREC participants. These texts
have two indices at the beginning of each record line indicating respec-
tively the question number which they should be able to answer, and the
second an abbreviation containing the initial letters of the newspaper name
and the date. In fact each record has been extracted by means of automatic
splitting algorithms which have really messed up the whole text. In addi-
tion, the text itself has been manipulated to produce tokens which however
do not in the least correspond to actual words of current orthographic
forms in real newspapers. So it took us quite a lot of work to normalize the
texts (SMb.) to make them as close as possible to actual orthography.

Eventually, when we launched our system it was clear that the higher lin-
guistic component could not possibly be used. The reason is quite simple:
texts are intermingled with lists of items, names and also with tables. Since
there is no principled way to tell these apart from actual texts with senten-
tial structure, we decided to use only tagging and chunking.
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We also had to change the experimental setup we used with Google snip-
pets: in this case, since we had to manipulate quite complex structures and
the choice was much more noisy, we raised our candidate set from two to
four best candidates. In particular we did the following changes:

- we choose all the text stretches — usually corresponding to senten-
ces - containing the answer/s and ranked them according to their
semantic similarity;

- then, we compared and evaluated these best choices with the best
candidates produced by our analyses;

- we evaluated to success every time one of our four best candidates
was contained in the set of best choices containing the answer;

- otherwise we evaluated to failure.

In total, we ran 882 questions because some answers did not have the cor-
responding texts. Results obtained after a first and only run — which took 1
day to complete on an HP workstation with SGB of RAM, 4 Dual Core In-
tel processors, under Linux Ubuntu — were quite high in comparison with
the previous ones, and are reported here below:

GReG finds the Tagging and
answer in first 4 Syntactic heads
text stretches
Without GRe('s 634 /882
analysis 77.55%

Table 3: GReG’s results with TREC8/9 texis

With respect to the favourable results, we need to consider that using texts
provides a comparatively higher quantity of linguistic material to evaluate
and so it favours better results.

5. Conclusions and future work

We intend to improve both the question translation into the appropriate
format for Google, and the rules underlying the transduction of the Syntac-
tic Structures into a Partial Logical Form. Then we will run the experi-
ments again. Considering the limitations imposed by Google on the total
number of questions to submit to the search engine per day, we are unable
to increase the number of questions to be used in a single run.

We also intend to run GReG version for text Q/A this time with question
rephrasing. We would also like te attempt using PLF with all the text
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stretches, after excluding manually all tables and lists. We are aware of the
fact that this would constitute a somewhat contrived and unnatural way of
coping of unrestricted text processing. At the same time we need to check
whether the improvements we obtained with snippsts are attested by the
analysis of complete texts.

Ovwverall, we believe to have shown the validity of our approach and the
ussfulness of deep linguistically-based evaluation methods when compared
with shallower approaches. Structural and relational information consti-
tutes a very powerful addition to simple tagging or just word level seman-
tic similarity measures.
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Sentiment Analysis of French Movie Reviews

Hatem Ghorbel and David Jacot

Abstract In sentiment analysis of reviews we focus on classifying the polarity
(positive, negative) of conveyed opinions from the perspective of textual evidence.
Most of the work in the field has been intensively applied on the English language
and only few experiments have explored other languages. In this paper, we present
a supervised classification of French movie reviews where sentiment analysis is
based on some shallow linguistic features such as POS tagging and word semantic
orientation extracted from the lexical resource SentiWordNet. Since SentiWordNet
is an English resource, we apply a word-translation from French to English before
polarity extraction. We show moreover in this article the problems derived by such
a translation and their consequences on the word semantic orientation.

1.1 Introduction

Sentiment analysis is an emerging discipline whose goal is to analyze textual content
from the perspective of the opinions and viewpoints they hold. A large number of
studies have focused on the task of defining the polarity of a document which is
by far considered as a classification problem: decide to which class a document is
attributed; class of positive or negative polarity.

Most of the work in the field has been intensively applied on the English lan-
guage. For this purpose, English resources and corpora (such as MPQL [WWHOS5],
Movie Review Data [PLV02], Product Review [YNBNO3], Book Review [GAOS],
SentiWordNet [ES06], WordNet-Affect [SV04, VSS04], the Whissell's Dictionary
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of Affect Language [Whi89]) have been constructed to aid in the process of auto-
matic supervised and unsupervised polarity classification of textual data. Neverthe-
Iess, still very few experiments are applied on other languages.

In this context, we address in this paper the issue of polarity classification but
applied on French movie reviews. We used a supervised learning approach where
we trained the classifier on annotated data of French movie reviews extracted from
the web. As classification features, beyond the word unigrams feature taken as the
baseline in our experiments, we extracted further linguistic features including lem-
matized unigrams, POS tags and semantic orientation of selected POS tags. The
latter feature is extracted from the English lexical resource SentiWordNet after ap-
plying a word-translation from the French to English.

The main goal of our experiments is firstly to confirm that the incorporation of
linguistic features into the polarity classification task could significantly improve
the results, Secondly, to address the problem of loss of precision in defining the
semantic orientation of word unigrams from English lexical resources, mainly due
to the intermediate process of word-translation from French to English correlated
with further issues such as sense disambiguation.

In the rest of the paper, we first shortly describe the previous wortk in the field
of sentiment analysis and polarity classification. Then we describe the set of ex-
tracted features used in polarity classification of French movie reviews. Finally we
provide and discuss the obtained experiment results and end up by drawing some
conclusions and ideas for future work.

1.2 Previous Work

So far, researchers have been used the same classification methodologies and tech-
niques as topic-based categorization [PLWVO02] with special emphasis on linguis-
tic features in order to increase the performance. As linguistic features, [GamO4,
MTO05, NDAO6] present syntactically motivated features, most of them based
on dependency path information and modeled as high n-grams. Further linguistic
features such as part of speech, negation, verbs modality, and semantic informa-
tion (from WordNet for instance) are recently explored [MPIO7, WKO09, TNKS09,
ABMO9].

Moreover, statistical approaches have been coupled with semantic approaches
in order to achieve better results [KHO4, PLO4, WWHO5, OshO8]. Semantic ap-
proaches aim at classifying sentiment polarity conveyed by textual data using com-
monsense, sentiment resources, as well as linguistic information. For instance,
[HLO4, ES05, N3307, Den08] classify polarity using emotion words and seman-
tic relations from WordNet, WordNet Gloss, WordNet-Affect and SentiWordNet
respectively.

An important theoretical issue in the semantic approach is still how to define the
semantic orientation of a word in its context. Some studies showed that restricting
features to those adjectives would improve performance. [HM97] have focused on
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defining the polarity of adjectives using indirect information collected from a large
corpus. However, more researches showed that most of the adjectives and adverbs, a
small group of nouns and verbs possess semantic orientation [TTC09, AB06, ESO5,
GAOS, MTO05, TLO3].

Only very few work [Den08, ACS08] have explored sentiment analysis in a mul-
tilingual framework such as Arabic, Chinese, English, German and Japanese. Their
methodology is based on standard translation from target language to English in
order to reuse existing English corpora and resources for polarity classification,

1.3 Feature Design

Similarly to previous sentiment analysis studies, we have defined three categories
of features. These include lexical, morpho-syntactic and semantic (word polarity)
features. Lexical and morpho-syntactic features have been formulated at the word
level, whereas semantic features have been formulated at the review level.

1.3.1 Lexical features

This is the baseline of our experiments and is mainly composed of word unigrams.
The global assumption in this choice is that we tend to find certain words in positive
reviews and others in negative ones. Each unigram feature formulates a binary value
indicating the presence or the absence of the corresponding word at the review level,
In order to improve the relevance of unigram features, we propose below further
variants.

Stop words The French language contains a lot of stop words like “de”, "du”,
“a”, "le” and "la”. Generally, these words don’t hold polarity information so they
aren’t relevant for the classifcation. A stop list for removing those words may im-
prove the results.

Lemmatization Grouping all inflected forms of a word in a single term may be
usefull in sentiment analysis. For example, consider the words "aimé”, "aimait”,
“aimer”, "aiment” and “aime”, all these words share the same polarity but will be
considered as five seperate features during the classification. When applying lemma-
tization, we would obtain a unique feature. Features reduction would improve the
tuning of the training process.

Moreover the lemmatization is quite important for our experiments because

WordNet and SentiWordNet use lemmatized words in their dictionary.
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1.3.2 Morpho-syntactic features

Definitely not all the words are relevant to the sentiment classification. Some studies
showed that restricting features to adjectives would improve performance [HM97],
for instance. Part-of-speech (POS) tags are used to add information to word uni-
grams features in order to disambiguate words that share the same spelling but not
the same polarity. For example, it would distinguish the different usages of the word
“négatif” that can either be a neutral noun (“un négatif”) or a negative adjective
(“un commentaire négatif”). Moreover POS is also important to aid word sense
disambiguation before polarity extraction in SentiWordNet.

1.3.3 Semantic features

As it is shown is previous work [HLO4, ESOS5, NSS507, Den08], the incorporation of
corpus and dictionary based resowrces such as WordNetAffect, SentiWordNet and
Whissell's Dictionary of Affect Language contributes in improving the sentiment
classification. Based on such results, we use the lexical resource SentiWordNet!
to extract word polarity and calculate the overall polarity score of the review for
each POS tag. SentiWordNet is a corpus-based lexical ressowrce constructed from
the perspective of WordNet. It focuses on describing sentiment attributes of lexi-
cal entries describe by their POS tag and assigns to sach synset of WordNet three
sentiment scores: positivity, negativity and objectivity.

Since SentiWordNet describes English lexical resources, we go through a word-
translation from French to English before polarity extraction. Words are lemnmatized
before being passed through the bilingual dictionary. We use POS information as
well as the most frequently? used sense selection to disambiguate senses and predict
the right synset. We only considered the positivity and the negativity features for the
four POS tags noun, adjective, verb and adverb for this task.

More specifically, we added for each review and for each POS tag two features
holding the scores of negativity and positivity as extracted from SentiwordNet,
These two scores are calculated as the sum of polarities over all the words of the
review respecting POS categorization.

1.4 Experiments

Since we didn’t find any available sets of annotated data (already classified as nega-
tive or positive) of French movie reviews, we collected our own data from the web? |

1 SentiWordNet 1.0.1
2 This choice i3 based on the assumption that reviewers spontaneously use an everyday langnage,
? We extracted spectators’ reviews from ht tp: //www.allocine.com

62



DART2010 - Pallotta, Soro, and Vargiu (eds)

1 Sentiment Analysis of French Movie Reviews

Table 1.1 Performance of Different Feature Sets.

Features # of features Results [%]

Neg. Acc,
{1y  Unigrams 14635 92.00  91.00 91.50
(2)  Uniprams + stop list 14270 92,00 9150 9175
(3)  Unigrams + lernmatisation 10624 92.00  93.00 92.50
(4)  Unigrams + lenma. + POS 12229 93,00 9230 92775
(3)  Unigrams + lemma. + POS (N, V, ADI, ADV) 10350 90.00 9250 91.25
(6)  Unigrams + lemma. + POS (ADT) 2109 79.50 92.00 8575
(7)  Unigrams + lemma. + polarity 10632 93,00 93.30 93.25
(8)  Unigrams + lemma. + POS + polarity 12237 92.00 9350 92775

We extracted a corpus of 2000 French movie reviews, 1000 positive and 1000 nega-
tive, from 10 movies, 1600 were used for training and 400 for testing. We included
reviews having a size between 500 and 1000 characters,

Prior classification of the corpus is elaborated according to user scoring: positive
reviews are marked between 2.5 and 4 whereas negative reviews are marked between
0 and 1.5% This prior classification is based on the assumption that the scoring is
correlated to the seatiment of the review.

For our experiments, the data was preprocessed with the TreeTagger®, a French
POS tagger and lemmatization tool.

We used Support Vector Machine (SVM) classification method to train and clas-
sify French movie reviews. We used SVMLER [J0a98] classification tool with its
standard configuration (linear kernel) to implement a series of experiments where
each time we define a set of combined features and evaluate the accuracy of the
approach.

1.4.1 Results and Discussion

The results of the following experiments are summarized in Table 1.1 above. For
each experdment labeled from (1) to (8), we present the number of used features and
the accuracy mesured on the test corpus.

4 Scaores are bounded between 0 (for very bad)and 4 (excellent) with a step of 0.5, Reviews acored
with 2 are not considered in the construction of our corpus since it is hard to mamally classify
them as positive or negative opinions.

3 TreeTagper was developed by Helmnt Schmid at the Institute for C omputational Linguistics of the
University of Stuttpart. http ://www.ims.uni-stuttgart.de/projekte/corplex/
TreeTagger/
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1.4.1.1 Lexical features

Similarly to [PLV02] we encoded all words featwres as binary features indicating
the presence or the absence of a word in a review. As a first step, we included the
entire set of words without applying any specific filtration method.

The accuracy (1) using the entire set of words is 91.50%. Comparing this results
to [PLVO2] reporting an accuracy of 82.90% on English movie reviews classification
using similar features, we find that our results are approximately 10% higher. We
believe that this gap is due to the nature of our corpus and size of our reviews (the
collected French reviews are shorter).

When using a stop list (2) we increase the performance by approximately 0.25%
up to 91.75%. Although the size of the feature set is reduce by approximately 2.40%,
results are not significantly improved. Indeed, stop words seem to be already ignored
by the classifier. Therefore a stop list is not useful.

However using the lemmatization (3), we increase the accuracy by 1.00% up
to 92.50% and reduce the feature set by approximately 27.00%. These results are
quite encouraging for the rest of our experiments because we need to work with
lemmatized unigrams to query SentiWordNet.

In order to understand the misclassification of some reviews, we looked deep in
their content and noted the following problems.

Neutral reviews Reviews manually interpreted as neutral such as “ie film est vi-
sueliement réussi mais le scénario est d 'une banalité affligente”™ are randomly clas-
sified according to the dominant sentiment of contained words.

Ironic expressions We noticed that ironic expressions such as “rrop fort les gars”
that has a negative polarity although it is composed of positive words.

Negation Some reviews that use negation such as “il n'y a plus rien & extraordinaire™
are misclassified. However if we look at the corpus, there are many reviews contain-
ing negation and are well classified. For example among about 640 reviews which
contain the regex “re [a-z}* pas” there are only 7 misclassified ones. Generally this

is a good result,

Prior classification Only one annotation error was found in the test set. Therefore
we can consider that our approach for the prior classification works well.

Misspellings Misspellings are not standard unigrams and hance could not regularly
be present in the training data. Reviews containing a large number of misspellings
would have their features significantly reduced and so provide very poor information
for the classification. We noted that isolated and common misspellings don't affect
much the classification but reviews which contain relatively many misspellings tend
to be misclassified.

Sometimes misspellings could be volontary to express a kind of stress and in-
tonation such as "émmorme”. The problem with such kind of words is that they
are irregular in the corpus. For example, “émmmorme™ is highly positive but it is
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not present in the feature set so it is not useful. Quite misspelled reviews tend to be
misclassified

Out of scope span Some reviews contain subjective sentences that describe other
satellite subjects that do not concern the reviewer opinion about the movie. For
example we could find a description of a particular scene that does not necessarily
reflect the global opinion about the movie such as “Monsieur X est frés gentil dans
le film.”. Such out of scope sentences may affect the classification.

1.4.1.2 Morpho-syntactic features

In further experiments, we appendsd POS tags to every lemmatized unigram so as
to disambiguate same unigrams having different senses. However, the effect of this
information seems to be irrelevant, as depicted on line (4) of Table 1.1, the accuracy
is only increased by approximately 0.25% up to 92.75%.

When filtering unigrams to retain only nouns, adjectives, adverbes and verbs
features, we intuitively expect a better classification since we might assume that po-
larity of a review is substantially hold by such POS categories. Results, shown on
line (5) are disappointing since performance is decreased by 1.25% downto 91 25%
comparing to the lemmatized unigrams (3). Furthermore, when restricting unigrams
features to only adjectives (6), the performance is getting worse; accuracy is de-
creased by 6.75% down to §5.75% comparing to (3) and the feature set is reduced
by approximately 80%. In order to understand such inconsistency, we look deeper at
the accuracy of positive and negative reviews separately. On a one hand, we notice
that negative reviews are better classified than positive ones. On the other hand, we
found, in additional experiments, that negative reviews contain relatively an impor-
tant number of positive adjectives (generally in the negative form). Since we didn’t
take into account the negation, these positive adjectives are assumed to negative
features in the training model, which induces a further difficulty when classifying
positive reviews containing these positive adjectives. This Iast experiment is in con-
tradiction with the results of [HM97] but confirms the results of [PLV02].

1.4.1.3 Semantic features

A part from the lexical and the POS features, we extend in our experiments the
features set to words polarity extracted from SentiWordNet and formulated as a
score representing the overall negativity and positivity of words in the reviews. As
shown on the table 1.1, results are improved by only 1.75% up to 93.25% compared
to lemmatized unigrams experiment (3). The main reason of such an expectedly and
barely perceptible improvement is the failure of extracting polarity information of
words from SentiWordNet: among 2000 adjectives, we got the polarity information
of only 800 entries in SentiWordNet (40% of success). This extraction problem is
mainly due to the following problems.

65



DART2010 - Pallotta, Soro, and Vargiu (eds)

Hatem Ghorbel and David Jacat

Translation errors We translate words from French to English to be able to work
with SentiWordNet. However, the quality of translation significantly affects the re-
sults of semantic polarity extraction and this is due to the following reasons:

¢ The bilingual translator doesn’t preserve the POS of words. For example, the
noun “méchant” is translated into “wicked " which is implicitly an adjective and
not a rour. Since the translator does not reveal information about the POS change
after translation, wicked is assumed to be a noun, However, the noun “wicked”
doesn’t exist in SentiWordNet.

* Moreover, even if the translation is correct, it happens that the two parallel words
do not share the same semantic orientation across both languages due to a dif-
ference in common usage, for instance the French positive adjective “fédrigues”
is translated into the regafive English adjective “magical”; the French positive
adjective “magigue” is translated into the regative adjective “magic” as found
in SentiWordNet,

Lemmatization and POS tagging errors Misspellings are not standard unigrams
and hence could not be found in SentiWordNet. Reviews containing a large num-
ber of misspellings would have their overall polarity uncorrect. In addition, mis-
spellings and other lexical errors (for example punctuation, use of parenthesis “per-
manente(c’est” and composed words "a-fu-vue') could significantly affect the re-
sults of lemmatization and POS tagging tasks elaborated by TreeTagger. In fact,
TreeTagger is not implemented to cope with everyday French language as found in
spontaneous movie reviews.

Negation As previously mentioned, the negation was not processed. In principle,
the polarity of negated words should be inverted: a negative review which contains
many positive words in the negative form should show an overall negative polarity
and vice-versa.

Adverbs high negativity Some adverbs like ne, pas, rien et plus have a very high
negativity (about 0.73 over 1). Reviews which abundantly contains these adverbs
tend to be classified as negative, We can distinguish two entailments:

e When these words are used in negative reviews, they accentuate the negativity of
the document. In fact, this may be useful for negative reviews which relatively
contain a large number of positive words in the negation form. Such high neg-
ativity may compensate the absence of negation processing and contributes to
the improvement of the classification of negative reviews as we have seen in the
current experiment.

¢ However, when these adverbs are used in positive reviews, they tend to inverse
the global polarity, mostly for reviews which are weakly positive. In this experi-
ment, some positive reviews are slightly affected by such a problem.

To sum up, we believe that it would be more relevant to eliminate the polarity
processing of such adverbs and instead process the negation form.
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1.5 Conclusions

In this paper, an unsupervised approach to sentiment analysis of French movie re-
views in a bilingual framework was described. It has been shown that the combi-
nation of lexical, morpho-syntactic and semantic features achieves relatively good
performance in classifying French movie reviews according to their sentiment po-
larity (positive, negative). Several problems having an effect upon the results of the
classification were highlighted and potential solutions were discussed.

In order to extract the semantic orentation of words from SentiWordNet, we
went through a standard word-translation process. Although translation does not
necessary preserve the semantic orientation of words due to the variation of lan-
guage common usage especially when it comes to spontaneous reviews on the web,
and in spite of all its side effects, it has been argued that dictionary-based approach
could contribute to achieve better results. Even if our first experiments showed little
significance, further improvements have been proposed accordingly.

In future evaluations, the method will be analyzed within alarger training and test
sets. Further linguistic analysis will be elaborated such as misspelling correction,
negation, WSD and elimination of out of scope text spans from reviews, in addition
to the improvement of the translation task.
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Motivating Serendipitous Encounters in
Museum Recommendations

Leo Iaquinta, Marco de Gemmis, Pasquale Lops, Giovanni Semeraro, and Piero
Molino

Abstract Recommender Systems try to assist users to access complex information
spaces regarding their long term needs and preferences. Various recommendation
techniques have been investigated and each one has its own strengths and weak-
nesses. Especially, content-based techniques suffer of overspecialization problem.
We propose to inject diversity in the recommendation task by exploiting the content-
based user profile to spot potential surprising suggestions. In addition, the actual
selection of serendipitous items is motivated by an applicative scenario. Thus, the
scenario concarns with personalized tours in a museum and serendipitous items are
introduced by slight diversions on the context-aware tours.

1 Background and motivation

Recommender Systems (R3s) try to assist users to access complex information
spaces. They provide the users with personalized advices based on their needs,
preferences and usage patterns. Moreover, common expectations concern with rele-
vance, novelty and surprise. Various recommendation techniques have been investi-
gated and each one has its own strengths and weaknesses. Especially, content-based
techniques suffer of the over-specialization problem. Indeed, sometimes RSs can
only recommend items that score highly against the user’s profile and, consequently,
the user is limited to obtain advices only about items too similar to those she already
knows. Thus, the user can perceive the recommend items as obvious advices that are
not so novel nor surprising. Indeed, novelty occurs when the system suggests anun-
known item that the user might have autonomously discovered and a serendipitous
recommendation helps the user to find a surprisingly interesting item that she might
not have otherwise discovered (or it would have been really hard to discover) [5].

Leo Iaquinta, Marco de Gemmis, Pasquale Lops, Giovanni Semeraro, and Piero Malino
Universitd depli Studi di Bari “Aldo Moro™ - Dipartimento di Informatica, via E. Orabona 4, Bari
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According to André et al. [1], the belief of serendipity as a valuable part of cre-
ativity, discovery and innovation is the main motivation of the interest of computer
scientists about serendipity. Consequently, they have attempted to develop systems
that deliberately induce serendipity and celebrated when it appeared as a side ef-
fect in systems built with other purposes in mind, for example the serendipitons
discovery of something when browsing rather than searching hypertext documents
[7]. However, most systems designed to induce or facilitate serendipity focus on the
accidental nature of the serendipity and they neglect the breakthrough or discovery
made by drawing an unexpected connection. Truly, the connections, though they
may be guided, must remain unlooked for specifically to be considered serendipi-
tous. Computer systems, however, may be able to help potential discoverers be as
primed as possible to make unexpected connections in such a way that they are able
to take advantage of them.

Ouwr objective is to try to feed the user also with recommendations that could
possibly be serendipitous. Thus, we propose to inject diversity in the recommen-
dation task by exploiting the content-based user profile to spot potential surprising
suggestions. In addition, the actual selection of serendipitous items is motivated by
the real-world situation when a person visits a museum and, while she is walking
around, she finds something completely new that she has never expected to find, that
is definitely interesting for her. Thus, the applicative scenario concerns with person-
alized towrs in a museum and serendipitous items are introduced by slight diversions
on the context-aware tours. Indeed, the basic content-base recommender module al-
lows to infer the most interesting items for the active user and, therefore, to arrange
them according the spatial layout, the user behavior and the time constraint. The
resulting tour potentially suffers from over-specialization and, consequently, some
items can be found no so interesting for the user. Therefore the user starts to divert
from the suggested path considering other items along the path with growing atten-
tion. On the other hand, also when the recommended items are actually interesting
for the user, she does not move with blinkers, ie. she does not stop from seeing
artworks along the suggested path. These are accidental opportunities for serendip-
itous encounters. The serendipity-inducing module perturbs the optimal path with
items that are programmatically supposed to be serendipitous for the active user.

The paper is organized as follows: Section 2 introduces the serendipity issue and
covers strategies to provide serendipitous recommendations; Section 3 provides a
description of our recommender system and how it discovers potentially serendipi-
tous items in addition to content-based suggested ones; Section 4 provides the de-
scription of the experimental session carried out to evaluate the proposed ideas;
finally, Section 5 draws conclusions and provides directions for future work.

2 Serendipitous recommendations

The idea of serendipity has a link with de Bono’s “lateral thinking™ [3] which con-
sists not to think in a selective and sequential way, but accepting accidental aspects,
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that seem not to have relevance or simply are not sought for. This kind of behavior
helps the awareness of serendipitous events, especially when the user is allowed to
explore altematives to satisfy her curiosity as in the museum scenario.

Moreover, serendipitous encounters depend on personal characteristics, e.g. the
open minded attitude, the wide culture and the curiosity [9]. Therefore, the sub-
jective nature of serendipity makes hard its conceptualization, its analysis and its
implementation [4]. Anyway, programming for serendipity is feasible [2], for in-
stance, by by allowing the users to expand their own knowledge and by preserving
the opportunity of serendipitous discoveries.

Toms [10] suggests four strategies to introduce the serendipity: 1) Role of chance
or ‘blind luck’, implemented via a random information node generator; 2) Pasteur
principle (“chance favors the prepared mind”), implemented via a user profile; 3)
Anomalies and exceptions, partially implemented via poor similarity measures; 4)
Reasoning by analogy, whose implementation is currently unknown,

In [6] we propose an architecture for hybridizing a content-based RSs by the
“Anomalies and exceptions” approach to provide serendipitous recommendations
alongside classical ones. Thus, the basic idea underlying the proposed architecture
is to ground the search for potentially “serendipitous” items on the similarity be-
tween the item descriptions and the user profile. More specifically, the problem of
learning user profiles is managed as a binary Text Categorization task, since each
document has to be classified as interesting or not with respect to the user prefer-
ences. Therefore, the set of categories is restricted to POS, that represents the posi-
tive class (user-likes), and NEG the negative one (user-dislikes). The content-based
recomnmendations come of the matching of the concepts contained in the semantic
profile and the concepts contained in the descriptions of items to be recommended.
The recommended items are ranked according to the classification score against the
POS and NEG classes. Thus, the list will contain on the top the most similar items
to the user profile, i e. the items high classification score for the class POS. On the
other hand, the items for which the a-posteriori probability for the class NEG is
higher, will ranked lower in the list. The items on which the system is more uncer-
tain are the ones for which difference between the two classification scores for POS
and NEG tends to zero. The uncertainty on the classification is used to spot items
that are not known by the user, since the system was not able to clearly classify them
as relevant or not.

3 Personalized museum tours

R3Ss traditionally provide a static ordered list of items according to the user assessed
interests, but they are not aware about context facets concerning the user interaction
with environment. Besides, if the suggested tour simply consists of the enumeration
of ranked items, the path is too tortuous and with repetitive passages that make the
user disoriented, especially under a time constraint. Fig. 1 shows a sample tour con-
sisting of the £ most interesting items, where the & value depends on how long should
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be the personalized tour, e.g., it deals with the overall time constraint and the user
behavior. Moreover, different users interact with environment in different manner,
e.g. they travel with different speed, they spend different time to admire artworks,
they divert from the suggested tour. Consequently, the suggested personalized tour
must be dynamically updated and optimized according to contextual information on
user interaction with environment. The optimization task is performed by a genetic
approach with a fitness function that relies on the user-sensitive time constraint, the
user behavior (i.e., speed and stay times), the user learned preferences and the item
layout.

Flg. 1 A sample tour consisting of the ranked & most interesting items

Flg. 2 Optimized version of the tour in Fig. 1

Once the personalized tour is achieved, as shown in Fig. 2, serendipitous dis-
turbs are applied. The diversity injection is pursued by serendipitous disturbs to
the the personalized tour. Indeed, the previous personalized tour is augmented with
some items that are along the path and that are in the ranked list of serendipitous
items according to the learned user profile and context facets [8]. The resulting path
most likely has a worse fitness value and then a further optimization step is per-
formed. However, the fuuther optimization step should cut away exactly the disturb-
ing serendipitous items, since they compete with items that are more similar with the
user tastes, Therefore serendipitous items are differently weighed from the fitness
function: their supposed stay time is changed. This implementation expedient also
deals with the supposed serendipitous items should turn out not so serendipitous
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Flg. 3 The “good enough” aupmented version

and the user should reduce the actual stay time in front of such items. Fig. 3 shows
a “good enough” personalized tour consisting of the most interesting items and the
most serendipitous ones. Itis amazing to note that some selected serendipitous items
are placed in rooms otherwise unvisited.

4 Experimental session

The goal of the experimental evaluation is to evaluate the serendipity augmenting
effects on personalized tours. The dataset was collected from the official website of
the Vatican picture-gallery and it consists of of 45 paintings and 30 users took part
in the experiments.

The learned profiles were used to obtain personalized tours with different time
constraints and different serendipitous disturbs. Five time (Tig, Tis, Do, s, Tzo)
constraints were chosen so that tours consisted approximately of 10, 15, 20, 25, 30
items. Serendipitous items ranged from O to 7 (labels Sy, .. ., S7).

The Table 1 reports the average of sums and means of POS values of tours. The
serendipitous item augmenting causes the exploiting of items less similar to the user
tastes according to her profile and this effect is particularly evident when there are
too many serendipitous items. On the other hand, there is also a decrease when many
items are selected according to the user profile, since they are progressively less
interesting. When there are many items, the serendipitous item augmenting seems
to have no effects over POS mean, but probably this comes from the not very large
dataset used.

Table 2 reports percentages of walking time over the tour. Data show that, in-
creasing the time constraint, less time is (relatively) spent to walk. Indeed, if few
items are selected, they are scattered around (proportionally) many rooms and the
user visits room with very few and even no one suggest item. The serendipitous item
augmenting seems to increase the relative walking time. This resultis quite amazing
according to the selection serendipitous item strategy, i.e., items that are along to a
previously optimized path. Actually, the walking time percentage mainly increases
because serendipitous items are introduced as new genes of a “good enough” chro-
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Table 1 Sums and means of POS values of towrs

Tio Tis Ton Tos T
Sp [7.18|0.711)10.69|0.714|14.02|0.70517.21|0.679|19.94|0.671
51 |7.15|0.708|10.61{0.709(14.00|0.704|17.20|0.679|19.89(0.670
Sz [7.12|0.705|10.59|0.708|13.98|0.702|17.20|0.679|19.88|0.669
53 [7.08|0.701)10.60|0.708|13.96|0.702|17.19|0.679|19.87|0.669
Sq [7.03|0.696|10.58|0.707|13.96|0.701|17.19|0.678|19.87|0.669
Sg |6.88|0.681|10.52|0.703|13.95|0.70117.17|0.678|19.85|0.668
S¢  |6.54|0.647|10.42(0.696(13.90|0.698(17.11|0.676|19.75|0.665
Sy 617|611 10.19|0.681(13.76|0.69216.99(0.671(19.64|0.661

Ttems| 10.10 14.97 19.90 25,33 29.70

mosome (solution). However, the augmented chromosome tends to evolve toward
the previous one. Thus the new genes should be promoted with a benefit over the
fitness function: the reduction in their supposed stay time. This approach is simple
and intuitive, but it makes difficult the interpretation of expected walking time per-
centage. Indeed, the variation on walking time becomes from path variations, but the
total tour time is also changed on account of the technical issue about the genetic
approach fitness function,

Table 2 Percentapes of walking time

Tio | Tis | Too | Tos | oo
55(39.9|34.0|34.6|31.6|30.2|34.1
51|42.6(36.3(36.0|32.8(31.3|35.8
53 (45.0/38.1|37.4|34.0(32.2|374
57(49.7\40.1|38.3|34.5|33.5|39.2
54(52.7|42.0|39.9|36.3|34.6|41.1
S5(56.0\45.5141.9|37.8|35.9|434
Sg|60.0|147.5143.7|39.7|37.2|45.6
S57(65.2|51.7]45.6|41.7|39.0|48.6

Moreover, the effects of serendipitous items on expected walking time are ana-
lyzed with respect to the starting optimized tours (Sp), i.e. the previously discussed
drawback is partially cut off. Table 3 shows that few distwbs cause a quite uniform
increase of the walking time percentage: the ground becomes from the slight devi-
ations on Sy tour. On the other hand, growing the number of serendipitous items,
the deviations are amplified. This is more evident for the shortest Sy tours, since
many serendipitous items can encourage the “exploration” of rooms untouched by
So. about Figure 3.
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‘Table 3 Increment of walking time for tours with serendipitons items
T1o| 715 | Too| Tos | Tao
51| 106 106|104 103{103
Sp(112(112|108 | 107|107
53(124({119(112|110(111
54(131|126|117|115|115
5S¢ 141136123 |121|120
S| 130143130 127|125
S57|164{155]135|134(|131

5 Conclusions and future work

This paper presents a beginning effort to apply some ideas about serendipity to in-
formation retrieval and information filtering systems, especially in RSs, to mitigate
the over-specialization issue. Serendipity has a valuable part of creativity, discovery
and innovation, but its subjective nature is problematic when trying to conceptual-
ize, analyze and implement it. The attempts to develop systems that deliberately in-
duce or facilitate serendipity often focus on the accidental nature of serendipity and
the delight and swrprise of something unexpected. On the other hand, they neglect
the breakthrough or discovery made by drawing an unexpected connection. Thus,
André et al [1] stressed the importance of making use of serendipitous encounters
in a productive way.

Hence, the evaluation of recommendations has to be further investigated. Indeed,
the recommendation process relies on the provided ratings and they should be also
interpreted according to the serendipity point of view. Used ratings are often too
synthetic and, consequently, they conceal the user rating motivations that affect the
meaning evaluation of finding unknown and possibly interesting things, and not
simply interesting ones. For instance, a poorly rating for suggested items should
come from the experience of the user (the user already knows the item), from her
lack of interest (the user already knows the item and is not interested in it), from her
lack of interest in finding new things (the user does not know the item and has no
interest in knowing something new), from the conscious expression of dislike (the
user did not know the item before, now she knows it but she does not like it or is not
interested in it) or from a serendipitous encounter (before-unknown item that results
o be interesting for the user).

The museum scenario is particularly inreresting because items are arranged in a
physical space and users interact with the environment. Thus disregarding context
facets makes useless recommendations.

Similar remarks are still valid in domains (different from cultural heritage fruition)
in witch a physical or virtual space is involved and it represents a pragmatic justifi-
cation to explain (supposed) serendipitous recommendations. Item descriptions are
the starting point to exploit content-based methods to implement a hybrid RS that is
aware of contextual facets and that uses them, in concwrence with semantic profiles,
to spot serendipitous items.
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Asfuture work, we expect to carry out more extensive experimentation with more

users and wider item collections. We plan also to gather user feedback and feeling
by questionnaires focused on qualitative evaluation of the recommendations and the
idea of getting suggestions that should surprise them. That is really important for the
need to understand the effectiveness of the module in finding unknown items rather
the ones that result best rated. Experimentation with users with different cultural
levels and with different information seeking tasks are also important to find out
which kind of user would like most serendipitous recommendations and to whom
they are more useful.
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Abstract. In this paper, we present RefGen, a reference chain identification mod-
ule for French. ReflGen is part of a topic detecton system, used to improve a
search engine by topic indexing. RefiGen algorithm uses genre specific properties
of reference chains and (Ariel 1990)'s accessibility theory. It applies strong and
weak filters (lexical, morphosyntactic and semantic filters) to awomatically iden-
tify coreference relations between referential expressions. We evaluate the results
obtained by Keflien from a public reports corpus.

1. Introduction

We present a project aiming at automatic topic detection, by com-
bining statistical methods and linguistic methods. We use several
linguistic cues to detect topic changes: discourse markers, reference
chains and theme/theme positions. In this paper, we focus on the
reference chain identification module RefGen, one of the main mod-
ules of our topic detection system, integrated into a topic search en-
gine. The search engine uses topic indexing to help users to retrieve
relevant documents from the archives.

Beside the use of explicit discourse cue phrases, we assume that top-
ics will be mainly discovered from linguistic markers as reference
chains and anaphora pairs (Cornish 1995), (Schnedecker 1997). Af-
ter the identification of reference chains, we propose local candidate
topics for each document segment, selecting them from the first
elements of the reference chains. While our goal is to select a global
topic associated to the document, we select it from these local topics,
by applving selection criteria as frequency (several chains referring
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to the same entity), as position in the document, as topic continuity
among several segments (Goutsos 1997).

Identifying reference chains is a key process for many NLP applica-
tions as topic detection, text summarisation. To solve the reference,
the systems identify the various referential expressions (e.g. pro-
nouns, definite noun phrase, possessives) referring the same dis-
course entity. This is a criterion to form a reference chain in the
document. A reference chain includes at least three reference ex-
pressions (e.g. Barack Obama... il... {ui) which denote the same ref-
erent (Schnedecker 1997). This referent is common to several sen-
tences of the same paragraph and it represents a potential topic
candidate. Coreference resolution methods either apply heuristic
rules manually defined (which select the most suitable candidates for
a given anaphor) or rules learned from annotated corpora. While su-
pervised learning methods (Ng and Cardie 2002), {(Hoste 2005) are
effective in the processing of coreference relations, they require
large, manually annotated training corpora. However, there is cur-
rently no large reference corpus annotated with reference chains in
French! (Salmon-Alt 2001) that might be used to apply machine
learning techniques.

To identify reference chain expressions, we propose a new knowl-
edge poor method as adopted for pronoun (Mitkov 1998) and
coreference resolution (Hartrumpf 2001), (Popescu-Belis 1999),
(Bontcheva et al. 2002). We select the coreference chain elements
using criteria about accessibility and information content of various
categories of referring expressions (Accessibility theory (Ariel
1990)), their syntactic function, but also some genre-dependent
properties of reference chains. The RefGern algorithm proceeds in
two steps: it first selects the starting element of a reference chain and
then it selects the next elements of the reference chain from a list of
antecedent-anaphor potential pairs. These pairs verify strong and
weak constraints (lexical, syntactic and semantic) (Gegg-ITarrisson
and Byron 2004) between antecedent-anaphor potential pairs.

The paper is organised as follows. In section 2 we present the archi-

! For example, SemEval 2010 task#1 Coreference Resolution in Muliiple Languages campalgn
provides training data for different languages except French.
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tecture of our topic detection system. In section 3 we describe the
RefGen module: the genre-dependent parameters used to identify
chains and the corpus analysis, the annotation module and the algo-
rithm. We then discuss the RefGen results obtained from a compari-
son with manually annotated corpora. In section 4 we conclude and
we present future developments.

2. The Architecture of the Topic Detection System

For our project, we consider that the topics are aggregates of the sen-
tence themes (Goutsos 1997), while sentence themes are actors,
ideas or events. To detect topics, we use the global properties of the
text: cohesion and coherence (Halliday and Hasan 1976), but also
genre-specific properties (Biber 1994). Thus, we combine statistical
methods (Choi et al. 2001) and linguistic markers identification. Be-
side the use of explicit discourse cue phrases (Charolles 1997), we
assume that topics will be mainly discovered from cohesion mark-
ers, as reference chains (Schnedecker 1997) and anaphora pairs
(Kleiber 1994).

We present our topic detection system’s architecture, which is still
under development. First, we convert the documents available in
various formats (PDF, XML, etc.) to raw text. Then, we segment the
documents into several homogeneous units, using C99 algorithm
{Choi et al. 2001). This module detects the boundaries of the topic
homogeneous units using lexical-based cohesion measures, but it
does not explicitly extract topics from the unit. To associate topic
candidates to each segment, we apply several heuristic rules exploit-
ing linguistic information. Thus, we use two categories of linguistic
markers: explicit discourse cues, used to focus on a specific topic
{Charolles 1997), (Porhicl 2004) and cohesion markers (as reference
chains (Schnedecker 1997) and anaphora pairs (Kleiber 1994)). We
establish a list of discourse markers (as concernant X, au sujet de
X..., dans um premier temps, finalement) explicitly indicating the
topic of the sentence or of the paragraph. Reference chains or
anaphora pairs indicate that the same entity is referred several times
in the text, the introduction of a new entity and of a new reference

79



DART2010 - Pallotta, Soro, and Vargiu (eds)

chain is a sign of topic shift. The core module of our topic detection
system is RefGen, the reference chain identification module. This
module uses several lexical, syntactic and semantic constraints to
detect the referring expressions and it will be deseribed in section 4.

The output of the topic detection module is a set of topics associated
to each document. We apply the reference chain identification algo-
rithm to each segment, to propose some local topic candidates. We
select the starting elements of the reference chains as local topics.
Then, we check criteria as frequency (several chains referring to the
same entity), as position in the document (if the topic occurs in the
title or in the first paragraph of the document), as topic continuity
among several segments, to propose topic candidates describing the
document.

The topics extracted from each document are used by the search en-
gine to index the document. Thus, it is possible to select associated
documents, among the documents indexed by similar topics.

Statistical segmentation
C99 (Chei 2001)

23
and f or =
[N
o
Syntactic markers Jewn nam g
=
and / o
Topic - s

List of topics

candidates

Reference chains

Fig. 2.1 The architecture of the topic detection system

3. The Reference Chains

Following (Schnedecker 1997), we consider a reference chain as a
relation between at least three mentions (three referential expres-
sions). The reference chains include three types of constituents with
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a referential function: the proper names, the NPs (definite, indefi-
nite, possessive or demonstrative) and the pronouns. The proper
names play an important role in the discourse structure due to the
fact that they are often opening a reference chain in the journalistic
portraits (Schnedecker 2005). Apart from cases where there is a ref-
erential competition (the repetition of the proper name eliminates
ambiguity between two referents), the repetition of a proper name
signals a break in the reference chain. When a referring expression is
used, it triggers a “particular recruitment process" of a referent.
Thus, the demonstrative (e.g. ce président) points directly to the ref-
erent on the basis of proximity while the anaphoric pronoun "il* re-
cruits a referent that is the argument of a salient phrase (Kleiber
1994). The use of a particular mention (referential expression) is an
indication for the reader to remember a specific referent and which
is a local theme. However, the use of noun phrases in contexts that a
pronoun would be sufficient is an indication of a reference break.
These informations will be used by the topic detection system.

We process single referential relations (excluding plural anaphora)
between co-referent expressions, between and within sentences. We
treat direct coreference (Manuelian 2002) for the coreferential NPs
having the same head (eg "le changement climatigite / ce change-
ment”) and some indirect coreference between Person and function
name (e.g. “Barack Obama ... le président”™).

4. The RefGern Module

We assume that reference chains have specific linguistic properties
depending on the text genre and type (explanatory, narrative ete.)
and we exploit these properties for reference chains identification.

In the section below, we present the study of reference chains prop-
erties on a corpus of several genres. Then, we focus on the RefGen
module and on the linguistic annotations required (tagging, chunking
and Named Entities recognition). We explain the reference chains
algorithm (caicRef) before presenting the results of the evaluation.
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4.1. Corpus Analysis

To identify reference chains genre specificities we study the refer-
ence chains in a French corpus (about 50 000 tokens) composed of
five genres: newspapers from Le Monde (2004), editorials from Le
Monde Diplomatique (1980-1988), a novel Les trois Mousquetaires
(Dumas, 1884), some Buropean legal standards from the Acquis
Communautaire (Steinberger et al. 2006) and public reports from La
Documentation Francaise (2001) (Longo and Todirascu 2010). We
manually annotate the chains to determine which reference chain
properties are relevant for a particular genre.

The reference chains study is based on (Schnedecker 2005). For
each genre, we examine the chains following five criteria:

- the average length of chains (the mumber of referental expressions);

—  the average distance between the elements of a chain (the number of sen-
tences);

— thefrequency of the elements depending on their grammatical class;

—  the grammatical class of the starting element of a chain;

—  theidentity between the sentence theme and the first element of a chain.

The study reveals several differences. For example, the average
length of reference chains from Acquis Communautaire is three,
while the length is nine for Les trois Mousquetaires. Concerning the
frequency of the reference element classes, we notice that le Monde
contains mostly Proper Nouns (30.8 %) while Le Monde Diplo-
matique contains 50 % of definite NP. Proper Nouns are very fre-
quent starting elements for newspapers reference chains, but indefi-
nite NP for Acquis Communautaire. In addition, the first element of
the chain is the sentence theme for 80 % of the occurrences for the
newspapers and only for 40 % for the public reports.

Thus, the corpus analysis on the reference chains highlights their
genre-specific properties. We use these parameters to configure
RefGen according to the genre.
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4.2. Annotation of the Referential Expressions

To identify the referential expressions we tagged, lemmatized and
chunked the documents using TTL tagger (lon 2007). This tagger
identifies chunks (simple noun phrases, prepositional phrases) and
morpho-syntactic properties (tense, mode, person, gender, number).
Then, we apply a set of rules to identify complex NP (NP modified
by at most two PP, NP modified by a relative clause), as “i’élévation
du niveau global de la mer” which are more informative than simple
NP. While we search topic entities, we apply some heuristic rules to
identify persons and organizations. In addition, we annotate the
French impersonal pronoun #/ (e.g. "% pleut”, it rains) to eliminate
the non-anaphoric use of this pronoun.

Fig.4.2.1 is an example of annotations including lemmas (1emma),
chunks (simple wp, Pp; complex cup), morpho-syntactic properties
{anz), named entities (ner) and impersonal pronoun i (feat=
~imp~). We use these linguistic annotations to identify the reference
chains and anaphora pairs.

<w lemma="le" chunk="Np#1" ana="Da-fs">L"</w=>
<w lemma="union" chunk="Np#1" ana="Ncfs" ner="NER# 1, org"=Union=/v >

<w lemma="européen" chunk="Np#1, Ap#1" ana="Af-fs" Nar—"MER#1, org'reuropéenne</w

aw lemma="avoir" chunk="Vp#1" ana="Vaip3s'=a</w>

<w lemma="adopter" chunk="Vp#1" ana="Vmps-s">adopté</w=

<w lemma="il" ana="Pp3ms" feat="imp"kil</w>

<w lemma="y" ana="Pp3">y </W>

<w lemma="avoir' ana="Vaip3s">a </w>

<w lemma="peu" chunk="Ap#2" ana="R">peu</w >

<w lemma="de_le" chunk="CNp#5| Pp#1, Np#2" ana="Dg-mp"=des</w>

<w lemma="acte" chunk:”@Pp#i, Np#2" ana="Ncmp'>actes </w =

<w lemma="législatif"' chunk="CNp#5| Pp#1, Np#2, Ap#3" pana="Af-mp"=législatifs </w
<w lemma="relatif" chunk="CNF#5} Pp#1, Np#2, Ap#3" ana="Af-mp"=relatifs </w >

<w lemma="a+le" chunk="CNp#5| Pp#2, Np#3" ana="Dg-ms">au</wz>

<w lemma="changement' THUNK="CNp#5)Pp#2, Np#3" ana="Ncms'=changement</w >
«w lemma="climatique" C|1LII1k="CNm_Pp#2, Np#3, Ap#4" ana="Af-ms"=climatique</w >

Fig. 4.2.1 Example of annotated output in RefGen

4.3. The CalcRef Module

CalcRef is the main module of RefGen and it proceeds to reference
chain identification by using genre-depedent parameters and the lin-
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guistic annotations presented in the previous section. Thus, we spec-
ify the genre of the indexed documents and CalCRef is configured
according to the properties of the reference chains (average distance
between the mentions, average chain length, the preferred category
of the first element of a chain). Thus, for a corpus of public reports,
we use the length of 4, the average distance is 2 phrases and the pre-
ferred type of the first element is a complete definite NP.

For each paragraph, CaicRef selects candidates for the first mention
of reference chains, among expressions with a high degree of infor-
mation content. (Ariel 1990) defines an aceessibility hierarchy to
classify the referential expressions according to their accessibility:
less the referent is accessible, the referential expression should be
longer. Thus, indefinite NPs, Proper Nouns or complete NP (definite
NP modified by PPs or by a relative clause), occupying the thematic
position are used to mention a new entity, while short mentions? as
pronouns might be used to refer to entities already specified in the
discourse. The accessibility is computed by combining three ele-
ments: informativity (the amount of lexical information), rigidity
(the possibility to pick up a specific referent) and attenuation (pho-
nological size). We propose weights on a scale of 10 to 110 for each
element (the global weight of the complete proper noun “Le presi-
dent Barack Obama™ is 220 while it is 150 for the pronoun “elie™).

CalcRef computes the global weight of the candidates as a sum of
the global accessibility weight and the syntactic role weight. We also
define a scale for the syntactic role weights: 100 for the subject posi-
tion, 50 for the direct object position, 30 for the indirect object and
20 for other syntactic functions. Then, genre dependent parameters
(the preference for the first element type or the distance between the
mentions) are used to increase the weight (+50) of some candidates
(for example, if we treat law texts, indefinite NPs are preferred as
starting elements a chain). We order the first element candidates ac-
cording to the global weight and we select the highest weight candi-
date as a first element of the chain.

CalcRef selects the next elements of the reference chain from highly
accessible expressions (pronouns, demonstratives etc.). We identify

* Mentions means also referential expression
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potential antecedent-anaphor pairs, if the distance between the two
elements is less than the average distance defined by the genre
parameters. Then, we adapt the method proposed by (Gegg-Harrison
and Byron 2004) applying several constraints between antecedent
and anaphor to filter out impossible pairs. For each pair, we check
some strong and weak constraints. Weak constraints mean that they
might not be satisfied, even if there is a valid antecedent-anaphor
pair: agreement in gender or number, similar syntactic function,
semantic knowledge (Persons might be valid antecedents of a NP
expressing a function). Strong constraints concem imbrication (an
element must not be nested in its antecedent as [la soeur [de
Marie}l]), co-arguments of a verb should not be coreferent etc. For
each candidate pair satisfying the strong constraints, we check the
number of the weak constraints that are satisfied. Tn the case of the
several pairs satisfying the same number of constrains for the same
anaphor, we keep the valid pairs into a large list.

Then, we start from the first element of the chain and we search the
pairs having this candidate as antzscedent in the list. To build the
reference chain, we apply the transitive property: if a is antecedent
of g and B is antecedent of c, then they are part of the same chain.
We continue the process until the length of the current reference
chain is greater than the average gender-specific length. We annotate
the candidate pairs identified as part of the current reference chain.

We restart the whole process after selecting the next first candidate
element from the ordered list.

4.4. Evaluation

We present the first results of evaluation of RefGen, we compare the
reference chains extracted antomatically against the manually anno-
tated corpus. We present the results obtained for the CNp annotation
module, for the NER module and for the chain identification mod-
ule. The evaluation corpora is a small corpus (7230 tokens) com-
posed of public reports of the Furopean Commission about the cli-
mate changes and the measures adoptaed by EU to limit the effects of
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the climate changes. We compute the recall, the precision and the f-
measure of the intermediate modules, as well as the results for Cal-
cRef. We check the results obtained for independent antecedent —
anaphor pairs, as well as for reference chains.

NER CNp CalcRef (pairs)  CalcRef (reference chains)

recall 0,85 0,87 0,69 0,58
precizsion 0,91 0,91 0,78 0,70
f-measure 0,38 0,89 0,73 0,63

Table 4.4.1 The evaluation of RefGen

The NER annotation errors (from the PR corpus) are due to the
wrong identification of some acronyms or abbreviations (e.g. GES:
gaz & effet de serre) which were annotated as Organizations. The
CNp identification module fails to identify some CNps (an NP
modified by more than three PP), which were not described by the
existing set of patterns. Indeed, the test corpus is characterized by
very frequent, complex, informative noun phrases. In contrast, the
newspaper corpus is rich in NE. For the PR corpus, CalcRef identi-
fies 118 pairs, but only 24 could be related by reference chains. Sev-
eral antecedent-anaphor pairs were wrongly selected, due to tagging
errors or due to the insufficient external knowledge sources. For ex-
ample, some of the antecedent-anaphor pairs were selected because
they satisfy the same number of constraints (number, gender, syntac-
tic function).

If we change the genre parameters (distance between referential ex-
pressions, length, type of the first element of a chain), we obtain
quite similar results for the pairs (f_measure is 0,70) and worse re-
sults for the reference chains (f_measure is 0,54).

5. Conclusion

We presented RefGen, a reference chain identification module, de-
veloped for French. This module uses a set of detailed linguistic an-
notation and the accessibility hierarchy of the referring expressions
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to select possible antecedent-anaphor pairs. Then, a set of lexical,
syntactic and semantic constraints are used to filter some pairs.
RefGen also uses some genre-dependent properties of the reference
chains (average length, preferred type of the first element, average
distance separating several mentions of the same referent). These
genre-dependent properties were identified from a corpus-based
analvsis. We describe the algorithm adopted to identify the reference
chains and we present a first evaluation of the module. In the future,
the module will be integrated into the topic detection system. Future
work focus on the adaptation of the system for other languages.
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Abstract This paper focuses on the semantic indexing of resources in a peer to
peer network. Keys used for indexing and the corresponding urls of indexed re-
sources are stored in a distributed hash table, scattered on the different peers of a
community. A key is a semantic description of resources and can be considered as
a small knowledge base because it refers to concepts and properties belonging to
ontologies. In this kind of index a key used for resource retrieval must be identical
to a key used for indexing the resource. Therefore, it is necessary to publish a re-
source with different keys allowing its further retrieval. We have defined an ex-
pansion mechanism of the small knowledge base that constitutes the semantic de-
scription of a resource. With different examples, we present the main cases of
expansion that define the retrieval context of a resource.

1 Introduction

In the world of comrmunities, people are strongly motivated in sharing resources
with respect to their interest. In our research, we mainly deal with communitics
whose members are scattered in a distributed Peer to Peer (P2P) network. In this
case, people are not interested in maintaining direct contacts and exchanging mes-
sages, or having activiies typically facing centralized approaches like in current
social Web platforms.
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Resources interesting for the members of such communities can have different
types like documents or notes and can have different formats like text, image or
video. The main activities that community members do regularly, on one hand,
concern the indexing of own resources and their publication in the P2P network
and, on the other hand, the resources retrieval from the same network. The com-
munity nature is not relevant because the solution we propose is not specific to a
domain. However, most of the examples we give belong to the e-learning domain.

The main problem raised by this situation is twofold: (i) what kind of system is
better for indexing resources knowing that communities’ members are not special-
ist of software installation and don’t want to have a complex system to maintain;
(i) how to retrieve a document thanks to an index which is distributed on different
peer computers within a response time as short as possible. In such a Boolean in-
dex (Salton et al., 1982), keys used for resources retrieval must be equals to keys
used for publication. The concomitant problem, which is not specific of this ap-
proach but is more crucial in these circumstances, is the difference of context be-
tween the publication and the retrieval of a resource.

In this paper we propose to develop some aspects of the solution we brought to
this problem. We have chosen a sernantic indexing of the resources based on on-
tologies. The choice of the ontologies is free and these documents are also pub-
lished in the network. All the keys used for representing a resource in the index
embody its semantic description and are written in a language based on RDF. A
resource may be indexed by more than one key and a key may index several re-
sources. We can consider the index as a distributed knowledge base. We fasten to
a document the meta-information that describes its content and we publish it in the
network. The URL of the resource is tied up to the meta-information and allows
its further access.

The problem to solve is the difference between a publication context and a re-
trieval context. As a solution, we propose to foresee during the publication of a re-
source, different reasonable retrieval situations, and therefore different queries to
which the resource should respond positively. We use a reasoning based on the
ontologies involved in the semantic description of a resource.

For describing the different examples presented in this paper, we use the following
set of ontologies: lom owl (denoted by lom) {Ghebghoub, 2008, 2009), describes
the domain of learning objects; It.owl {denoted by p2p-If) describes the concepts
of the theory of languages; system.owl (denoted by sysiem) is an ontology we
have developed for representing the resources of our system and simplify an im-
portant, maybe the most important indexing case.

2 Reasoning

A reasoner is a piece of software able to infer logical consequences from a set of
axioms or asserted facts. In practice a reasoner makes inferences either about
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classes constituting an ontology or individual constituting a knowledge base. On-
tology classification arranges classes defined by logical expressions into a hierar-
chy. This reasoning task is normally related to ontology development.

Our approach concems the query answering with respect to ontology based infor-
mation retrieval. The Semantic Web requires high-performance storage and rea-
soning infrastructure in order to match the demand of indexing structured data
with the use of ontologics. The major challenge toward building such infrastruc-
ture is the expressivity of the underlying standards such as RDF{s) and OWL
{Kiryakov et al, 2005).

For the first case of reasoning (concept classification), we may use different avail-
able engines related to ontology languages for the Semantic Web like OWL and
RDF(s) (Jing Mei et Parsia, 2004). Among the most popular there are RacerPro,
FaCT++ and Pellet. In particular, Pellet is an OWL DL reasoner based on the tab-
leaux algorithm (Baader, 2001) developed for expressive Description Logics. Pel-
let parses OWL documents into triples and separates them into TBox (axioms
about classes), ABox (assertions about individuals) and RBox {(axioms about
properties), which are passed to the tableaux based engine. Logic relatons con-
tained into the ontology and constituting classes, individuals, properties allows to
create new axioms. An interesting feature of Pellet is its strictly relation to ontol-
ogy analysis and repair. In fact, as explained in (Parsia et Sirin, 2004) OWL has
two major dialects, OWL DL and OWL Full, with OWL DL being a subset of
OWL Full. All OWL knowledge bases are encoded as RDF/XML graphs. OWL
DL imposes a number of restricions on RDF graphs, some of which are substan-
tal (e.g., that the set of class names and individual names be disjoint) and some
less so (that every itern have a type triple). Ensuring that an RDFXML document
meets all the restrictions is a relatively difficult task for authors, and many existing
OWL documents are nominally OWL Full, even though their authors intended for
them to be OWL DL. Pellet incorporates a number of heuristics to detect DLizable
OWL Full documents and repair them, i.e. making them compliant with DL char-
acteristics.

In our work we don’t take care of the design of ontologies but we assume to find
well structured and ready to use ontologies. We are not interested in ontology
analysis and repairing. However, manual semantic indexing is only possible with
named concepts with clear descripions. We only propose this kind of concepts in
our tools for building semantic descriptons. It is very difficult to deal with
anonymous concepts built on logical expressions.

The second case of reasoning based on the structure of the ontology applies the
semantics rules of OWL to a knowledge base. This adds new assertions to the
knowledge base (the first case adds new axioms to the ontology). In (Kiryakov et
al, 2005) the authors explain two principle strategies for rule-based inference,
forward-chaining and backward-chaining. Their approach is based on inferred clo-
sure and known as materalization. Through the inferred closure, a knowledge
base is extended with all the facts inferred by the application of semantic rules.
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In our case, the system builds a semantic description of a resource. This descrip-
Hon is a small knowledge base that has the form of a tree of nodes. The root ele-
ment represents the resource to index. Other nodes are ontology identified ele-
ments or anonymous local resources allowing to create a path from the root node
(see Fig 1). We also need an expansion mechanism inferring from only a few se-
mantic rules, mainly relative to subsomption. The application of other semantic
rules would infer facts about anonymous clements contained in the small and local
knowledge base. It is useless because it is not concerning the resource to be in-
dexed. Our work intends to generate materialization within a virtual knowledge
base created each time for a specific case.

3 Semantic indexing

We produce two examples for defining the notion of publication and retrieval con-
texts.

3.1 Publication and Retrieval Contexts

Let’s consider an example related to the ontology denoted by [om, concerning
the learning object domnain. We can say that a resource has for difficulty level, very
difficulr:

[alom:LearningObjact] lomchaslomBducational JoovhasDiffleulty lom: veryDiffieult]

We are speaking about a resource whose lom:LomEducationaCategory has for
lom: difficulty lom:-veryDifficult. We create a virtual knowledge base with two in-
stances _:lo and _:lec (for clearness we use the N3 Notaton). _.:lo is an instance
of the class lom:LearningObject, subject of the relation lom:-hasLomEducarional
with the object _:lec, that should be specified.

e
rdfitype lom:LearningCbject ;
lomvhaslomBducational _lec .

_lec gives the level of difficulty and is subject of the relation
lom:LomEducational Category with lom very_difficult, an instance of the class
lom:Difficulty.

_ilec
a lom:TomEducationalCategory ;
lomchasDifficulty lom:very_ difficult .
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RDF's conceptual model is a graph (Beckett et Berners-Lee,2008). Fig | shows
the graphical representation of the small knowledge base representing the :lo re-
source description.

v lomevery_diffienl >

e e

o - o _ _ s

\_\\ rdftepe
T — :|-_1\'I'I iLemmin ||__-:'\"'bje<:_-l_-\-

Fig 1. The RDF graph of LearningObject.

We define the publication context of the _:lo resource with the following tri-
ples:

do
rdfitype  lomelearningObject ;
lom:hasLomBEducational _lec .
_iec
lomvhasDifficulty lomivery_difficult .

The resource is identified by its type and the composition of properties where it is
involved. A description corresponds to a tree of RDF triples containing a path, ie.
a sequence where the object of a triple is the subject of the following one. The
other triples denote the link between an instance and a concept. The publication
context is used to create the key associated to the resource in the distributed index.
The anonymous nodes identifiers are cancelled.

Key L:
{rdfirype lom:LeamningObject Jomehasl omBducati onal lomeha sDificulty Jomrvery_diffienlt)

For resource retrieval, a key must be supplied and must be equal to the key created
from the publication context. A retrieval context is the description of a required
resource and must correspond to a publication context; the identifiers of the
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anonymous nodes do not matter. In the example, Key_1 should be created. How-
ewver, it is interesting that the resource {denoted by _:lo) can be found from other
queries. For example, a user may be interested by learning object where the diffi-
culty level has been defined, no matter which level. In this case, the retrieval con-
text is a graph pattern containing a variable for representing the undefined value.

HE
rdfitype  lom:LearningCbject ;
lom:hasLomBducational _:lec .
_ilec
lomvchasDifficulty 7x .

In this case the retrieval key is:

Key_2:
{rdfitype Jom:l earningObject lom:has LemEducational JomehasDifficuly}

In the same way, we have identified different situations where we define several
retrieval contexts from the same publication context. This definition requires an
expansion mechanism which is presented in section 4.

Generally, semantic indexing is the attachment of a resource to a concept. In this
case, the provider means that the subject of the resource is about a concept defined
in an ontology but without any other specification. We have considered this even-
tuality and created a system ontology with the concept of document and the rela-
Hon of interest for representing it

In the following example, the resource _-d is about the concept of Stack (extracted
from the ontology on the theory of language denoted by p2p-1t). For maintaining a
DL ontology, we cannot associate a resource to a concept. We consider that the re-
S0ULCE concerns any representative instance of the concept.

d
a system:Diocument ;
system:haslnterest _s.

_is rdfitype p2p-lt:Stack .

The concept of Stack has a super-concept: DataStructure. Fig 2 shows the graphi-
cal representation of the small knowledpe base representing the _:d resource de-
scription.
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Fig. 2. The RDF graph of Stack.

In order to expand the publication context of the _-d resource, we have to consider
the subsumption on the Stack concept. _:s has type Stack and then has also the
DataStructure type. We can identify two keys:

Key_L:
{ systemhasTiterast rdfitype, p2p-It:Stack}
Key 2
{ systemhasTiterect rdfttype p2pIt:Data_Struetire)

Then we reduce them to:

Key_L:
{ systemrhasTiterest, p2p-T:Stack]
Key_2:
{ systemhasInterest,plp-ltData_Structure }

Each resource may be considered as an instance of a concept of one or more on-
tology. It is possible to combine several clemnentary descriptions of resources and
to create as many keys.

3.2 How to Find Ontologies for Indexing?

The ontologies used for the resource descriptions are published in the P2P network
as the other resources. A special key using the system ontology allows their publi-
cation. No expansion is necessary. We provide for a tool that helps the users to
navigate the ontologies and automatically create the keys corresponding to the
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publication and retrieval contexts. However, the process of ontology publication
must start else the discovery would be impossible.

We conszider that some expert users have the skills to look for and select ontolo-
gies interesting the community members (Gruber, 1993). Our systemn allows the
publication each time a new ontology is useful for the cormmunity and can be
shared. It also requires a small description and the application domain of this on-
tology. It is not possible to cancel an ontology. Most of the users are not aware of
the existence of ontology and are not involved in this process.

When there is no ontology for describing with precision a resource, it is ever pos-
sible to associate a resource with a concept thanks to the system ontology.

4. Concept of Expansion

A description represents a context of use, i.e. the conditions and circumstances
that are relevant to an event of publication and retrieval. To overcome the differ-
ence between a publication context and a retrieval context it is necessary to fore-
see during the publication of a resource, different reasonable retrieval situations,
and therefore different queries to which the resource should respond positively.
The general mechanism is the following. The resource provider builds the seman-
tic descriptions of the resource which constitute the publication context. Each de-
scription is expanded by one or more descriptions that constitute the retrieval con-
text. During the publication, all the descriptions belonging to the publication and
the retrieval contexts are translated in keys and the resource is indexed by each of
these keys. We consider that a retrieval context is cither a generalization of a pub-
lication context or a close context. In consequence, we expand a publication con-
text with descriptions corresponding to the most likely retrieval contexts. A re-
source is then published with different keys generated from the one created by the
resource provider. Even if the time required for publishing a resource is a little bit
longer, at this stage it is not penalizing.

There are many cases we have considered with respect to the expansion. As a
very simple example, the following figure shows that the generalization of a con-
cept in one ontology leads to an expansion of a context {using the Manchester syn-
tax!). If a document concerning the concept of Stack is published, it should be re-
trieve from a query on documents talking about data structures.

! http:/fwww w3.org/ TR/owl2-manchester-syntax/
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Publication context

Individual: d1
Typues: sy
Tuels: systamn:hasiaest p2p-1CSiack

‘Docunent

Ontology b

Class: system:Ioewmenl
Class: p2p-l:Siack
SubClassOF p2p=li-1kia Stuenre

B Retrieval context
ObjectProperty: systom:hasinterest

e e Individual: _dl
- - Twvpes: syst:Document
Lacts: system:haslnrerest
p2p-lt:Data_Stumcnire

Fig. 3. Generalization of a concept.

The ontology level shows the generalization of concept Stack. The key of publi-
cation are created thanks to an algorithrm whose pseudo-code is the following:

Alporithm: Concepls with super-comeepl

Require:
Pl systhasinierest
v = Concept
4= Super-Concept
Iinsure:
list ol keys

jexlly

Keys[i] =pl} | ¥

d siper-cencenl{v)

[ix the max level in the hicrarchy

while {d '= owl-Thing || i==max level) |
il
Kewe[i] plD+0+d:
4= super-concept(d);

H

Fig. 4. Fsendo-code for key generation al gorithm.

Key are under the shape {pID, v}, where pID is the property system:haszInterest
and v is the concept. A loop determines the super-concepts within the hierarchy of
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the ontology. A maximum number of iterations are fixed in order to limit the gen-
eralization level.

Our model of expansion associates the publication context and a sub-graph of the
ontology concerned by this context in order to generate a retrieval context. A spe-
cific alporithm allows generating it.

We have classified all the expanzions. The path contained in the publication con-
text may end on a concept and we consider the generalization of this concept. It
may also end on a instance of concept and we consider all other instances of it.
The path may also end on a value (from a data type property) inserted by the re-
source provider and we consider all the possible values.

5. Conclusion

In this paper we have presented an approach for indexing resources in a peer to
peer network, where users are interested in their sharing. The resources are in
every case semantically indexed via domain specific ontologies downloaded from
the network. The semantic information strictly related to a resource represents a
point of view of the user on the resource. The semantic index, which can be con-
sidered as a distributed RDF knowledge base is inserted in a Distributed Hash Ta-
ble whose structure guaranties an efficient management of the resources. We con-
sider that the ontologies required by the indexing can be provided by some expert
users.

It is necessary to navigate the suitable ontologies in order to understand their dif-
ferent concepts and relations. This operation is timme consuming but, nevertheless,
it is the price to pay when using a sermantic indexing and for profiting of its advan-
tages regarding a keyword indexing. Ontologics allow some reasoning and we
have shown how the structure of the index requires taking into account this char-
acteristic for improving the queries. The proposed solution consists in foresecing
during the publication of a resource, different reasonable retrieval situations, and
therefore different queries to which the resource should respond positively.
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Automatic acquisition of synonyms for
French using parallel corpora

Lonneke van der Plas, Joerg Tiedemann, Jean-Luc Manguin

Abstract In this paper we describe an approach to the automatic extraction
of synonyms for French that {s easy to port across domains and across lan-
guages. The approach relies on automatic word alignments in parallel texts
and uses distributional methods to compute the semantic similarity of words
based on these word alignments. As a result the system outputs ranked lists
of candidate synonyms for a given word. We compare the performance with
a systern that uses syntactic contexts to acquire synonyms autormatically.
Bwaluations are done on a large-scale French synonym dictionary. We show
that the alignment-based method outperforms the syntactic method by a
large margin. In addition we show that the method can easily be ported to a
different language and to a different domain.

1 Introduction

Support for semantics has been mentioned in the call for papers of the DART
workshop 2010 and elsewhere as one of the goals of next generation informa-
tion retrieval tools. Knowledge about synonymy is a type of lexico-semantic
knowledge that can be useful, for example for search engines. Imagine a
French student that searches for a job and types cherche boulot into Googls,
The student might be ignorant to the fact that the word Poulot iz a collo-
quial term for synonyms such as travail, poste. Howsver, these terms (travail,
poste) are used in the large majority of job announcements. Hence, simple
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word matching will not retrieve the information needed by the student. Re-
gources that group French synonyms could help this user in fulfilling his/her
information need.

Synonym dictionaries are a common source of semantic information that
could be able to deal with the problem described above. However, apart from
semmantics, personalisation and context awareness have been mentioned as
goals to improve information retrieval tools. The drawback of dictionaries is
that they are static and based on common knowledges, and therefore they
are not personalised. Providing domain-dependent lexical information is a
first step towards context-sware search engines. Search engines need to know
when to relate a word like bank with the establishment for the custody of
money (in the fnancial domain, for example) and when to relate it to the
shore of a river. There are domain-specific dictionaries but the number of
domains covered is limited.

Automatic methods for synonym acquisition are more flexible and there-
fore more easily adjustable to emerging needs. For exampls, recent work on
the acquisition of synonyms using distributional models has shown that syn-
tactic contexts can be applied to any large corpus of text that is analysed
syntactically to acquire semantically related words [13, 17] and the methaod
has been applied to corpora from different domains [21]. However, one of the
prerequisites of this method is a large parsed corpus or at least a syntactic
parser for the target language. For English there are many parsers available
but for the majority of languages such tools do not exist. A personalised
search tool would at least want to serve the user in his/her own language.
Therefore, we nesd automatic methods that are easily ported to different lan-
guages and domains and that do not rely on language-specific pre-processing.

In this paper we will present a method that is particularly well-suited to
be ported across different languages and across different domains. Moreowver,
the method outperforms the syntax-based approach described above for the
task of synonym acquisition even when using smaller amounts of data.

Before we move to describing the methodology we need to explain the
hypothesis that underlies our work. It is the distributional hypothesis. The
hypothesis states that semantically related words are distributed similarly
over contexts [12]. In other words, you can grasp the meaning of a word by
locking at its contexts.

Context can be defined in many ways. Previous work has been mainly
concerned with the syntactic contexts a word iz found in. For example, the
verbs that are in a subject relation with a particular noun form a part of its
context. These contexts can be used to determine the semantic relatedness
of words. For instance, words that ocour in a object relation with the verb to
drink have something n common: they are liquid.

Yet another context that is much less studied in vector-based approaches
is the translational context. The translational context of a word is the set of
translations it gets in cther languages. For example, the translational context
of eat iz kat in Dutch and chat in French., How do we get from translational
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contexts to synonymy? The idea is that words that share a large number of
translations are similar. For example both autumn and fall get the translation
herfst in Dutch, Herbst in German, and autornne in French. This indicates
that aztumn and fall are synonyms.

A straightforward place to start looking for translational context is in
bilingual dictionaries. Howewver, these are not always publicly available for
all languages. More importantly, dictionaries are static and often incomplete
resources, and they do not provide frequency information. We have chosen to
antomatically acquire word translations in multiple languages from text. Text
in this case should be understood as multilingual parallel text. Automatic
alignment gives us the translations of a word in multiple languages. Any
multilingual parallel corpus can be used for this purpose. It is thus possible
to focus on a special domain. Furthermore the antomatic alignment provides
us with frequency information for every translation pair, which can be handy
in case words are ambiguous.

In this paper we compare a method that uses the translational context
to a method that uses the syntactic context to determine the distributional
similarity of words. In addition we will show how the method can be easily
extended to different domains and different languages.

2 Alignment-based distributional similarity

In this section we explain the alignment-based approaches to distributional
similarity. We will give some examples of translational context and we will
explain how measures sarve to determine the similarity of these contexts. We
end this section with a discussion of related work.

2.1 Translational context

The translational context of a word is the set of translations it gets in other
languages. For the acquisition of translations for French words we rely on
antomatic word alignment in parallel corpora.

|t i5~nc.'r. n‘hﬁgﬁa‘r‘::e wat, it is citizeps .rgh:s .
L £y RV
ATFTRCNE S

. L o, :
Wiij willen niet alle2r maar slagroom |, wij willen burgemrechten™,

Fig. 1 Example of bidirectional word alignments of two parallel sentences

Figure 1 illustrates the automatic word alignment between a Dutch and an
English phrase as a result of using the IBM slignment models [5] imple-
mented in the open-source tool GIZA+4 [19]. The alignment of two texts is
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bidirectional. The Dutch text is aligned to the English text and vice wversa
{dotted lines versus continuous lines). The alignment models produced are
asymmetric. Several heuristics exist to combine directional word alignments.
The intersection heuristics, for example, only accepts translation pairs that
are found in both directions.

2.2 Measures for computing similarity

Translational co-occurrence vectors are used to find distributionally similar
words. We give an example in Table 1. Esery cell in the vector refers to a
particular translational co-occurrence type. For example, chat ‘cat’ gets the
translation Kafze in German. The valus of these cells indicate the number of
times the co-occurrence type under consideration is found in the corpus.

Fach co-occurrence type has a cell frequency. Likewise each head term has
a row frequency. The row frequency of a certain head term is the sum of all
ite cell frequencies. In our example the row frequency for the term chat ‘cat’
iz 64. Cut-offs for cell and row frequency can be applied to discard certain
infrequent co-cccurrence types or head terms respectively.

| | Arbeit- DE|basn NL|laworo- 1T [job EN|cat-EN|Katze DE|

poste 17 28 3 13 0 0
boulot ] 12 7 10 0 0
chat 0 0 0 0 28 34

Table 1 Translational co-cccurrence vector for poste ‘job’ boulot 'job’, and chat ’cat’
based on four langusges

The more similar the vectors are, the more distributionally similar the head
terms are. Wa need a way to compare the vectors for any two head terms to
be able to exprass the similarity betwsen them by means of a score. Various
measures can be used to compute the distributional similarity between terms.
We will explain in section 3 what measures we have chosen in the current
experiments.

Furthermore, it has been shown that distributional methods benefit from
using features weighta. For example in syntax-based approaches selectionally
wealk [25] or light verbs such as hebben “to have' are given a lower weight
than a verb such as witpersen ‘squeeze’ that occurs less frequently. We hawve
used the same weights for the translational context to counter balance the
alignment errors that often occur with frequent words.
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2.3 Related work

Multilingual parallel corpora have been used for tasks related to word sense
disambiguation such as target word selection [10] and separation of senses
[26, 11, 15].

Jome researchers present methods for the automatic acquisition of para-
phrases [3, 14, 28, 2, 6]. The first two of these have used a monolingual parallel
corpus to identify paraphrases. The last three employ multilingual corpora
from which the last two are also based on automatic word alignment as our
approach is as well.

Improving the syntax-based approach for synonym identification using
bilingual dictionaries and parallel corpora has been discussed in [18], [3Z],
[22], and [23]. The last study i= on French synonym acquisition.

3 Materials and methods

In the following subsections we describe the setup for our experiments.

3.1 Data collection

For the alignment method we need a parallel corpus of reasonable size with
French either as source or as target language. Furthermore, we would like
to experiment with various languages aligned to French. The freely available
FBuroparl corpus [16] includes 11 languages in parallel; it is sentence aligned
[31], and it is of reasonable size. Thus, for acquiring French synonyms we have
10 language pairs with French the source language: Danish (DA}, German
(DE}, Greek (EL}, English (EN), Spanish (E3}, Finnish (FI), Dutch (NL},
Italian (IT), Portuguese (PT), and Swedish (3V). We applied a lemmatiser
[27] to the French part of the language pairs in order to 1) reduce data
sparseness, and 2) to facilitate our evaluation based on comparing our results
to existing synonym databases.

Context vectors are populated with the links to words in other languages
extracted from antomatic word alignment. We applied GIZA+4 and the in-
tersection heuristics as explained in section 2.1. From the word-aligned cor-
pora we extracted translational co-occurrence types, pairs of source and tar-
get words in a particular language with their alignment frequency attached.
Each aligned target word is a feature in the (translational} context of the
source word under consideration. We removed word type links that include
non-alphabetic characters to focus our investigations on real words and we
transformed all characters to lower case.
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Note that we rely entirely on automatic processing of our data. Thus, the
results from automatic tagging, lemmatisation and word alignment include
errors. [2] show that when using manual alignment the percentage of correct
paraphrases significantly rises from 48.9% to 74.9%.

3.2 Comparing vectors

To compare the vectors of the terms we need a similarity measure. We have
chosen to describe the functions used in this paper using an extension of
the notation used by [17], adapted by [8]. Co-ocourrence data is described as
tuples: (word, language, word”), for example, (chat, EN, cat).

Asterisks indicate a set of values ranging over all existing values of that
component of the relation tuple. For example, (w,#,+) denotes for a given
word w all translational contexts it has been found in in any language. For the
example of chat in, this would denote all values for all translational contexts
the word iz found in: Katze DE:17, chat FR:26 etc. Everything is defined in
terms of co-occurrence data with non-zero frequencies. The set of attributes
ar features for a given corpus is defined as:

(w,#,#) = {(r,w")| 3w, r, 2}

Bach pair yields a frequency walue, and the sequence of values is a vector
indexed by r:w’ values, rather than natural numbers. A subscripted asterisk
indicates that the variables are bound together:

Z(wm: Fiy *w’) x (wn: Fy *w’)

The above refers to a dot product of the vectors for term w,, and term
w, summing over all the r:w’ pairs that these two terms have in common.
For example we could compare the vectors for chat and some other term by
applying the dot product to all bound variables.

We explained in 2.2 that some attributes contain more information than
other attributes. We want to account for that using a weighting function, that
will modify the cell values. There is a placeholder for the weighting function:

E Weight(w oy, ¥y o0 ) X weight(wy, ) #, #ye )

This iz an abbreviation of:

Z weight(we, r,w’) X weight(w,, r,u’)

(D (ot )01 (10050 g4

We have limited our experiments to using Dicet, a variant of Dice, and
Pointwise mutual information (MI, [7]) since they performed best in a large-
scale evaluation experiment reported in [9]. Dicet is defined as:
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25 min{weight (W1, *., =, ), weight (W2 % #,0))
S weight(W 1wy, sy ) + weight (W2, #,, 4y

Note that Dice 1 gives the same ranking as the wesll-known Jaccard measurs,
i.e. there iz a monotonic transformation between their scores. Dice 1 is easier
to compute and therefore the preferred measurs [9].

Pointwise mutual information (MI) measures the amount of information one
variable contains about the other. MI is computed as follows:

Dicet =

Plw,r,uf)
{w, #, %) Pl r a’)
Here, P{w,r,w’) (s the probability of seeing chat aligned to the in a French-
English parallel corpus, and F{w,=,+)F{# r,a’) is the product of the prob-
ability of seeing chat aligned to any word in the corpus and the probability
of seeing the aligned to any word in the corpus.

MI=ZogP

4 Evaluation

There are several evaluation methods available to aszess lexico-semantic data.
[8] distinguishes several. We decided to compare against a gold standard, be-
causs thers is a large French synonym dictionary available. We evaluated our
results on the Dictionnaire Electronique des Synonymes (DES, [24]), which
iz based on a compilation of seven French synonym dictionaries. [t contains
49,149 nodes connected by 200,608 edges that connect synonymous words.

We compare our results to the syntax-based method for French by [4].
[4] present an explorative study of using distributional similarity to extract
synonyms for French. They use two corpora: the 200 million-word corpus of
newspaper text from Le Monde, and a 30 million-word corpus consisting of
515 twentieth century novels. Several syntactic relations are extracted.

The test set was chosen by looking at the pairs of nearest neighbours
resulting from the syntax-based method that receive a score not lower than
0.16. This resulted in a list of approximately 1000 nouns. Of this list 950 can
be found in the data of the alignment-based method. This list of 350 word
constitutes the test set.

5 Results and Discussion

The similarity scores calculated by the system for a pair of nearest neighbours
is used as a threshold. Precision and recall are calculated as well as the
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coverage of the system at varying thresholds. The results can be seen in
Figure 2 and Figure 2.
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Coverage of both systems decreases when the threshold for the similar-
ity score is angmented. That {s expectad since not many words have nearest
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neighbours with a high similarity score. The alignment-based method never
reaches 100% coverage. However, it should ba noted that the test set was cho-
senl in a way that favours the syntax-based method. The test set was chosen
from the pairs of nearest neighbours resulting from the syntax-based method
above the thraeshold 0.16. Thus, the coverage of the syntax-basad method is
100% at 0.16. The coverage of the alignment-based method is approximately
70% for that threshold. However, the coverage of the syntax-based method
decreases mors rapidly as the thresholds are raised. At threshold 0.45 the
coverage of the syntax-based method is close to zero.

If we compare the precision of the nearest neighbours for both systems at
the same level of coverage (50%) we see that the syntax-based method has a
precision score of 25%, whereas the alignment-based method produces nearsst
neighbours with a precision of 60% to 65%. The precision of the alignment-
based method ranges between a little under 60% to a littls under 80% at
threshold 0.45. The precision of the syntax-based method ranges between
10% at threshold 0.16 and a little under 40% for threshold 0.4. It is striking
that the precision drops at the end of the line, when the threshold is set
to 0.45. The nearest neighbours with the highest scores are not the best.
However, it should be noted that dus to limited coverage (close to 0) the
numbers at this threshold are unrsliable.

With respect to recall, it can be concluded that there is a smaller difference
betwsen the two methods and the scores are less satisfactory in general. It
should be noted that the dictionaries often include synonyms from colloguial
language use. We do not expect to find these synonyms in the Europarl
corpus. The advantage of corpus-based methods is that we are free to select
a corpus that is most suitable for the task at hand.

A closer inspection of the nearsst neighbours resulting from the alignment-
based method, shows that many of the candidate synonyms judged incorrect
are in fact valuable additions, such as sinistre ‘disaster’ for accident “acci-
dent’.

Many errors stem from the fact that the alignment-based method does not
take multiword units into account. For the French data this typically results in
many related adjectives and adverbs being selected as nearest neighbours. For
example, majoritaire ‘majority (ad])’ i= returned as a synonym for majorité
‘majority (noun)’, stemming from the multiword unit parti majoritaire. Also
majoritairement and largement are among the nearest neighbours. Words
that would be translated in English as for the most part. These translations
that are composed of multiple words cause problems for the alignment method
and hence for the synonyms extracted.
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6 Porting to a different language

We explained in the introduction that the method easily ports to different
languages. As an example we include results of applying the alignment-based
method to Dutch taken from [21]. Instead of collecting translations for all
French words, we collected translations for all Dutch words in the same par-
allel corpus used to acquire the French synonyms.

We post-processed the alignment results in various ways for Dutch. We
applied a simple lemmatiser to the Dutch part of the bilingual translational
co-occurrence types. For this we used two resources: CELEX, a linguistically
annotated dictionary of English, Dutch, and German [1], and the Dutch snow-
ball stemmer implementing a suffix-stripping algorithm based on the Porter
stemmer. We removed word type links that include non-alphabetic characters
and we transformed all characters to lower case.

Fwaluations for Dutch were done on a large test set of 3000 nouns sslected
from Dutch EuroWordNet., We have split up the test set in high-frequency
(HF), middle-frequency (MF) and low-frequency (LF) words. This was done
to able to study the effect of frequency on the performance of the system.

Because the test set is comprised of nouns only we applied an extra step in
pre-processing. We restricted our study to Dutch nouns. Hence, we extracted
translational co-occurrence types for all words tagged as nouns in CELEX.
We also included words that are not found in CELEX!.

6.1 Results on Dutch synonym extraction

Also for Dutch we compare the results with a syntax-based method that is
described in [21]. There syntactic relations ars extracted from a 500 million
word corpus (TwNC, [20]), a corpus that is much larger than that used for
the alignment-based method.

Method HF MF LF

k=1| k=b| k=1| k=b| k=1| k=5
Alignment-based|31.71(10.16|28.26|16.20{23.00|16.22
Syntax-based 21.31|10.55({22.97|10.11]19.21(11.63

Table 2 Percentage of synonyms cver the & candidates for the alignment-based and
syntax-based method for the three fraquency bands

These results on the Dutch language show a similar pattern to the results
on French. In spite of data sparseness, it s clear from Table 2 that the

! Discarding these words would result in lesing too much information We assumed that
many of them will be productive noun constructions,
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alignment-based method is better at finding synonyms than the syntax-based
method. In Table 2 we see the percentage of synonyms found among the &
candidate synonyms retrieved by the system.

7 Porting to a different domain

Ag afirst step in the direction of context-awarenass in ssarch tools, we acquirs
domain-dependent synonyms from a corpus that is very different in nature
from the FEuroparl corpus: a multilingual corpus of subtitles [30, 29]. The
complete corpus contains about 21 million aligned sentence fragments in 29
languages. We used all langnage pairs that include French, 23 language pairs
in total.

The domain is different from the domain of the Eurcoparl Corpus. There is
a world of difference between the working day of a member of the European
Parliament and the adventures of Nemo., Above all, movie subtitles consist
mainly of transcribed speech. In principle this is the same for the Europarl
Corpus. However these proceedings are edited and far less spontaneous than
the speech data from the movies.

7.1 Some examples of synonyms from different
domains

The most interesting question when switching to a new corpus is to ses
whether this change also leads to & new domain of synonyms. We will give
some examples below for which the domain switch is easily spotted.

Testword| Corpus
ami Eurcparl|amitis camarads allié
‘friend’ ‘friendship’ ‘comrad’ ‘ally’
Subtitles|copain pote amis
‘friend’ ‘buddy’  ‘girlfriend’
fille Eurcparl|fillette anfant filial
‘girl’ ‘small girl’ ‘child’ ‘relative to a daughter’
Subtitles|fillstte nansa fiiie
‘small girl’ ‘babe’ {mistake in optical character recognition)
malade |Eurcparl|patient maladie souffrant
Bl ‘patient’ ‘illness’  ‘suffering’
Subtitles|souffrant  fou dingue
‘suffering’ ‘crazy’ ‘crazny’

Table 3 Examples of nearest neighbours at the top-3 ranks for two corpora
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In future work we plan to run a quantitative evaluation on these synonyms
that were acquired from a corpus of subtitles. Based on results in previous
work on the Dutch language [21] we expect that the subtitle corpus will not
retrieve as many synonyms that can be found in the gold standard. There
are three reasons for this. The first reason is that the corpus is smaller. The
second reason is that the subtitle corpus is more noisy than the Europarl cor-
pus, for exampls due to mistakes in optical character recognition. The third
reason, and this might hold only for the Dutch study, {s that the synonyms
retrisved are often very colloquial and therefore possibly harder to find in
gold standards. This might be different for the French evaluations, because
the DES often includes synonyms from colloguial language use.

8 Conclusions

In this article we hawve shown that for the task of antomatic synonym acqui-
sition the alignment-based method outperforms the traditional syntax-based
method by a very large margin. The precision is more than twice as high
for the alignment-based method and it manages to find valuable additions
not present in the dictionary. In addition we showed that the method can be
eagily ported across languages and domains. We showed encouraging results
on acquisition of Dutch synonyms and we comparad the synonyms retrieved
from proceedings of the Furcpean Parlement with synonyms retrieved from
a parallel corpus of subtitles.
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