Byoung-Tak Zhang
Mehmet A. Orgun (Eds.)

PRICAI 2010:
Trends in
Artificial Intelligence

11th Pacific Rim International Conference on Artificial Intelligence
Daegu, Korea, August/September 2010
Proceedings

LNAI 6230

@ Springer




Form Approved

REPORT DOCUMENTATION PAGE
OMB No. 0704-0188

The public reporting burden for this collection of information is estimated to average 1 hour per response, including the time for reviewing instructions, searching existing data sources
gathering and maintaining the data needed, and completing and reviewing the collection of information. Send comments regarding this burden estimate or any olher aspect of this
collection of information, including suggestions for reducing the burden, to Depariment of Defense, Washington Headquarters Services, Directorate for Information Operations and
Reports (0704-0188), 1215 Jefferson Davis Highway, Suite 1204, Arlington, VA 22202-4302. Respondents should be aware that notwithstanding any other provision of law. no person
shall be subject to any penalty for failing to comply with a collection of information if it does not display a currently valid OMB contro! number

PLEASE DO NOT RETURN YOUR FORM TO THE ABOVE ADDRESS.

1. REPORT DATE (DD-MM-YYYY) 2. REPORT TYPE 3. DATES COVERED (From - To)
08-09-2010 Conference Proceedings 30-Aug-10 — 02-Sep-10
4. TITLE AND SUBTITLE 5a. CONTRACT NUMBER
PRICAI 2010: The 11th Pacific Rim International Conference on
Artificial Intelligence 5b. GRANT NUMBER
FA23861011038

5c. PROGRAM ELEMENT NUMBER

6. AUTHOR(S) 5d. PROJECT NUMBER

Byoung-Tak Zhang and Mehmet A. Orgun (Eds.)

5e. TASK NUMBER

5f. WORK UNIT NUMBER

7. PERFORMING ORGANIZATION NAME(S) AND ADDRESS(ES) 8. PERFORMING ORGANIZATION
School of Computer Science and Engineering, Kyungpook National REPORT NUMBER
Universit
y N/A

Sankyunk-Dong 1370, Buk-Gu
Daegu 702-701

Korea
9. SPONSORING/MONITORING AGENCY NAME(S) AND ADDRESS(ES) 10. SPONSOR/MONITOR'S ACRONYM(S)
1 AOARD AOARD
' UNIT 45002 .
. APO AP 96338-5002 LBMSBP&TSSWMONlTOR S REPORT
CSP-101038

12. DISTRIBUTION/AVAILABILITY STATEMENT

Approved for public release; U.S. government purpose rights.

13. SUPPLEMENTARY NOTES

Springer ©2010, Springer-Verlag; Berlin The U.S. Government has a non-exclusive license rights to use, modify,
reproduce, release, perform, display, or disclose these materials, and to authorize others to do so for US Government
purposes only. All other rights reserved by the copyright holder.

14. ABSTRACT PRICAI is a biannual conference on Pacific Rim's artificial intelligence conference. There were 69
papers accepted, out of which 48 were orally presented and 21 were poster-presented. This volume contains
these 69 papers plus summaries of 1 key note speech and 3 invited talks. The topics covered include Al
foundations, Applications of Al, Agents, Bioinformatics, Cognitive modeling and human interaction, Computer-
aided education, Constraint satisfaction, Creativity support, Decision theory, Evolutionary computation, Game
playing and interactive entertainment, Heuristics, Information integration and extraction, Information retrieval and
extraction, Knowledge acquisition and ontology, Knowledge representation, Machine learning and data mining,
Model-based systems, Multimedia and Al, Natural language processing, Planning and scheduling, Reasoning,
Robotics, Text/Web data mining, Social intelligence, Speech processing, Uncertainty, and Vision and perception.

15. SUBJECT TERMS

Artificial Intelligence, Machine Learning, Data Mining, Natural Language Processing, Agent Based Modeling

16. SECURITY CLASSIFICATION OF: 17. LIMITATION OF | 18. NUMBER | 19a. NAME OF RESPONSIBLE PERSON
a. REPORT | b. ABSTRACT | c. THIS PAGE ABSTRACT OF PAGES Hiroshi Motoda, Ph. D.
U U U Uy 715 19b, TELEPHONE NUMBER (/nclude area code)
+81-3-5410-4409
[P

Standard Form 298 (Rev. 8/98)
Prescribed by ANSI Std. 239 18



Lecture Notes in Artificial Intelligence 6230
Edited by R. Goebel, J. Siekmann, and W. Wahlster

Subseries of Lecture Notes in Computer Science




Byoung-Tak Zhang Mehmet A. Orgun (Eds.)

PRICAI 2010:

Trends 1n
Artificial Intelligence

1 1th Pacific Rim International Conference

on Artificial Intelligence
Daegu, Korea, August 30 —September 2, 2010

Proceedings

20101130209

@ Springer




Series Editors

Randy Goebel, University of Alberta, Edmonton, Canada
Jorg Sickmann, University of Saarland, Saarbriicken, Germany
Wolfgang Wahister, DFKI and University of Saarland, Saarbriicken, Germany

Volume Editors

Byoung-Tak Zhang

School of Computer Science and Engineering
Seoul National University

Scoul, Korea

E-mail: btzhang @bi.snu.ac kr

Mehmet A. Orgun

Department of Computing
Macquarie University

Sydney, NSW, Australia

E-mail: mehmet.orgun@mgq.edu.au

Library of Congress Control Number: 2010932614

CR Subject Classification (1998): 1.2, H.3. H4, F.1, H.2.8,J.3
LNCS Sublibrary: SL 7 — Artificial Intelligence

ISSN 0302-9743
ISBN-10 3-642-15245-7 Springer Berlin Heidelberg New York
ISBN-13 978-3-642-15245-0 Springer Berlin Heidelberg New York

This work is subject to copyright. Alf rights are reserved. whether the whole or part of the material is
concerncd, specifically the rights of transfation, reprinting, rc-use of illustrations, recitation, broadcasting,
reproduction on microfilms or in any other way. and storage in data hanks. Duplication of this publication
or parts thercof is permitted only under the provisions of the German Copyright Law of September 9, 1965,
in its current version, and permission for use must always be ohtained from Springer. Violations are liable
to prosecution under the German Copyright Law.

springer.com

© Springer-Verlag Bertin Heidclberg 2010
Printed in Germany

Typesetting: Camera-ready by author, data conversion by Scientific Publishing Services, Chennai, India
Printed on acid-free paper 06/3180



Preface

This vohume contains the papers presented at The 11th Pacific Rim International
Couference on Artificial Intelligence (PRICAT 2010) held during August 30
September 2, 2010 in Daegn, one of the most dynamic nrban cities in Korea
with a rich traditional cultural heritage.

PRICATI is a biennial conference inangurated in Tokyo in 1990 to promote
collaborative exploitation of artificial intelligence (Al) in the Pacific Rim nations.
Over the past 20 vears, the conference has grown, both in participation and
scope, to be a premier international Al event for all major Pacific Rim nations as
well as the countries from all around the world, highlighting the mmost significant
contributions to the ficld of Al. This year. PRICAIL 2010 also featured several
special sessions on the emerging multi-disciplinary research arcas ranging from
Evolving Autonomous Systems to Human-Augmented Cognition.

There was an overwhehning interest to the call for papers for the confer-
ence. As a result, PRICAI 2010 attracted 191 full-paper submissions to the
regular session and the special sessions of the conference from researchers from
many regions of the world. Each submitted paper was carefully considered by
a combination ol several independent reviewers, Program Comiittee memnbers,
Associate Chairs, Program Vice Chairs and Program Chairs, and finalized in a
highly sclective process that balanced many aspeets of the paper, incliding the
significance, originality, techmnical quality and clarity of the contributions, and
its relevance to the conference topies. As a result, this vohnne reproduces 48 pa-
pers that were accepted as regular papers (including the special session papers)
and 21 papers that were accepted as short papers. This gives a regular paper
acceptance rate of 25.13%. and a short paper acceptance rate ol 10.99%, with
an overall paper acceptance rate of 36.12%.

The regular papers were presented over three days in the topical program ses-
sions and special sessions during August 31- September 2. The short papers were
presented in an interactive poster session, as well as i a plenary session, con-
tributing to a stinmlating conference for all the participants. The PRICAL 2010
program also featured The 11th Internationel Workshop on Knowledge Manage-
ment and Aequisition for Smart Systems and Services (PKAW 2010) chaired by
Paul Compton (University of New South Wales, Australia) and Hiroshi Motoda
(Osaka University, Japan). The PKAW series has been an integral part of the
PRICAI program over the past 11 years and this vear was no exception.

We were also honored to have keynote presentations by four distiguished
researchers in the field of AT whose contributions have crossed discipline bound-
aries: Heinrich Biilthoff from Max Planck Institnte for Biological Cybernet-
ics, Germany, talked on Towards Artificial Systems: What Can We Learn from
Human Perception?; Mitsurn Ishizuka from University of Tokyo. Japan,
on FErploiting Macro and Micro Relations Toward Web Intelligence; Mike




VI Preface

Schuster from Google, USA, ot Speech Recognition for Mobile Deviees at Google:
and Toby Walsh from NICTA. Australia, on Symmetry Within and Between
Solutions. We were grateful to them for sharing their insights on their latest
research with us.

The PRICAI 2010 program was the culmination of efforts expandec so will-
ingly by mnuerous people fromn all over the world over the past year. We would like
to thank all the Program Vice Chairs and the Associate Chairs for their extremely
hard work in the review process and the Programn Committee members and the
reviewers for a timely return of their comprehensive reviews of the submitted
papers. Without their help and expert opinions, it would liave been impossible
to make decisions on each submitted paper and produce such a high-quality pro-
gram. We would like to acknowledge the contributions of all the authors of the
191 submissions who made the program possible in the first place.

We would like to thank the Conference General Chairs, Jin-Hyung Kim
(KAIST, Korea) amd Abdul Sattar (Griffith University, Australia) for their
continued support and guidance, and the Organizing Chairs Seong-Bae Park
(Kyungpook National University, Korea) and Cheol-Young Ock (University of
Ulsan, Korea) for making sure that the conference ran smoothly. Thanks are
also due to:

Special Sessions Chairs: Bob McKay, Minho Lee and Michael Strube
— Tutoriats Chairs: Zhi-Hua Zhou and Kee-Enng Kim

Workshops Chairs: Aditya Glhiose and Shusaku Tsumoto

Posters Chairs: Sanjay Chawla and Kyu-Baek Hwang

Publications Chair: Byeong-Ho Kang

— Treasury Chair: Bo-Yeong Kang

— Publicity Chairs: Jung-Jin Yang, Takayuki Ito, Zhi Jin and Pau Scerri

|

Microsoft’s CMT couference management systein was used in all stages of
the paper submission and review process and also in the collection of the final
camera-ready papers; it niade our life much easier.

We also greatly appreciated the financial support from Air Force Office of
the Scientific Research/Asian Office of Aerospace Research and Development
(AFOSR/AOARD), Office of Naval Research Global (ONRG). National Re-
search Foundation of Korea, ETRI, LG CNS, KT, Soongsil University, Soft on
Net, Saltlux, CRH for Human, Cognition and Environment, Daegu Conven-
tion & Visitors Bureau, and Korea Tourism Organization.

Special thanks go to Min Su Lee (Seoul National University, Korea) for sup-
porting the comunittees so effectively; her dedication and resourcefulness made
all the difference at several critical junctions of the whole process.

It has been a great pleasure for us to serve as the Program Chairs of PRI-
CAI 2010 aud to present a high-quality scientific program for the benefit of the
participants of the conference as well as the readers of this proceedings volume.

September 2010 Byoung-Tak Zhang
Mehuiet A. Orgun
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Abstract. Research in learning algorithms and sensor hardware has led to rapid
advances in artificial systems over the past decade. Howevcr, their performance
continues to fall short of the efficiency and versatility of human behavior. In
many ways, a deeper undcrstanding of how human pcrceptual systems process
and act upon physical sensory information can contribute to the development of
better artificial systems. In the presented rcsearch, we highlight how the latest
tools in computer vision, computer graphics, and virtual reality technology can
be used to systematically understand the factors that determine how humans
perform in realistic scenarios of complex task-solving.

Keywords: perception, object recognition, face recognition, cye-movement,
human-machine interfaces, virtual reality, biological cybernetics.

The methods by which we process sensory information and act upon it comprise a
versatile control system. We are capable of carrying out a multitudc of complex op-
erations, in spite of obvious limitations in our biological “*hardwarc”. These capabili-
ties include our ability to expertly learn and identify objccts and people by effectively
navigating our eyes and body movements in our visual environment. This talk will
present the research perspective of the Biological Cybernetics labs at the Max Planck
Institute, Tiibingen and the Department of Brain and Cognitive Engineering, Korea
University. Key examples will be drawn from our research on face recognition, the
relevance of dynamic information and active vision; in order to convey how pcrcep-
tual research can contribute towards the dcvclopment of better artificial systems.

To begin, our prodigious ability to learn and remember recently encountered faces
—even from only a fcw instanccs - reflects a multi-purpose pattern recognition systcm
that few artificial systems can rival, even with the availability of 3D range data. Unin-
tuitively, this perceptual expertise relies on fewer, rather than more, facial features
than state-of-the-art face-recognition algorithms typically process. Our visual field of
high acuity is extremely limited (~2°) and experimental studies indicate that we have
an obvious preference for selectively fixating the eyes and noses of faces that we
inspect [1]. These facial featurcs inhabit a narrow bandwidth of spatial frequencies
(8 to 16 cycles per face), that face-processing competencies are specialized for [2].
Therefore, perceptual expertise appears to result from featural selectivity, whcrein
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sparse coding by a dedicated system results in expert discrimination. The application
of the same principles in artificial systems holds the promise of improving automatic
recognition performance.

Self-motion as well as moving objects in our environment dictate that we have to
deal with a visual input that is constantly changing. Automated recognition systems
would often consider this variability to be a computational hindrance that disrupts the
stable retrieval of recognizable object features. Nonetheless, human recognition per-
formance on objects {3] and faces [4] 1s better served by moving rather than static
stimuli. Understanding why this is so, could allow artificial recognition systcms to
function equally well in dynamic environments. First, dynamic presentations present
the opportunity for associative learning between familiar object views, which could
result in object representations that are robust to variations in pose [5, 6]. Further-
more, dynamic presentations could allow the perceptual system to assess the stability
of different objcct featurcs, according to how they tend to appear and disappear over
rigid rotations. This could offer a computationally cheap method for determining the
minimal set of object views that would be sufficient for robust recognition [7, 8].
Finally, charactcristic motion properties (e.g., trajectories, velocity profile) could even
serve as an additional class of features to complement a traditional reliance on image
and shape features by automated recognition systems [9, 10].

Purposeful gaze behavior indicates a perceptual system that is not only capable of
processing information, but proficient in seeking out information, too. We are capable
of extracting a scene’s gist within the first few hundred milliseconds of encountering
it [11]. In turn, this information directs movement of our eyes and head for the joint
purpose of fixating information-rich regions across a large field of view [12]. In addi-
tion, we use our hands to explore and manipulate objects so as to access task-relevant
information for object learning or recognition [13, 14, 15]. Careful observations of
how we interact with our environments can identify behavioral primitives that could
be modeled and incorporated into artificial systems as functional (and rc-usable)
components [16]. Furthermore, understanding how eye and body movements
naturally coordinate can allow us improve the usability of artificial systems [17].

This perspective of the perceptual system as an active control system continues to
be insightful at a higher level, when we consider the human operator as a controller
component in dynamic machine systems. Take, for example, a pilot who has to simul-
taneously process visual and vestibular information, in order to control helicopter sta-
bility. Using motion platforms and immersive graphics, it is possible to systematically
identify the input parameters that are directly relevant to a pilot’s task performance and
thus, derive a functional relationship between perceptual inputs and performance out-
put [18]. Such research is fundamental for the dcvclopment of virtual environments
that are perceptually realistic. This is especially important when designing artificial
systems (e.g., flight simulators) that are intended to prepare novices for physically
dangerous situations that are not easily replicable in the real world [19].

Until now, we have discussed how findings from perceptual rcsearch can contrib-
ute towards improving artificial systems. However, the growing prevalence of these
systems in our daily environs raises an impcrative to go beyond this goal. It is crucial
to consider how perceptual and artificial systems may be integrated into a coherent
whole by considering the “human-in-the-loop”. Doing so will lead towards a new
generation of autonomous systems that will not merely mimic our perceptual compe-
tencies, but will be able to cooperate with and augment our natural capabilities.
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Relations are basic elements for representing knowledge, such as in semantie
network, logie and others. In Web intelligence research, the extraction or mining of
meaningful knowledge and the utilization of the knowledge for intelligent serviees are
key issues. In this talk, 1 will present some of our researches related to these issues,
ranging from macro relations to micro ones. Here we mostly use Web texts, and the
use of their huge data though a search engine becomes a key function together with
text analysis.

The first topic coneerns with the extraction of human-human and ecompany-
company relations from the Web [1-14]. Relation types between two entities are also
extracted here. An open Web service based on this function has been operated in
Japan by a company. One technology related to this one is namesake disambiguation
[15-17].

Wikipedia is a good reliable souree for wide knowledge, unlike other Web
information. In order to extraet the knowledge or data from Wikipedia in the form that
computers can understand and manipulate, several attempts including ours [18-23]
have been earried out, typieally to extraet triplets such as (entity, attribute, value).

After we worked on computing similarity between two words based on the
distributional hypothesis [24, 25], we have been interested in computing similarity
between two word pairs (or two entity pairs) [26-28]. Like in the previous case, we
are mainly utilizing distributional hypothesis, and have invented an efficient
clustering method for dealing with several tens of thousands of lexical patterns.
Based on this mechanism, we have implemented a latent relational search engine,
which aceepts two entity pairs with one missing component suech as {(Tokyo,
Japan), (?, Franee)} as a query, and produces an answer such as (? = Paris) with its
evidenee. As an extension of this meechanism, we recently invented an efficient co-
elustering method, whieh works well to find arbitrary existing relations between
two nouns in sentences [29]. This problem setting is called open information
extraction (open IE).
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The final topic of the talk is Concept Description Language (CDL). which has been
designed to serve as a common language for representing concept meaning expresscd
in natural language texts [30-32]. Unlike Semantic Web which provides machine-
readable meta-data in the form of RDF, CDL aims to encode the meaning of the
whole texts in a machine-understandable form. The basic reprcsentation element in
CDL is micro relations existing between entities in the text; 44 relation types are
dcfined. CDL has been discussed in a W3C incubator group for international
standardization since 2007. It is intended to be a basis of semantic computing in next
generation, and also become a medium for overcoming language barrier in the world.
Current issues of CDL are, among others, an easy scmi-automatic way of converting
natural language texts into the CDL description, and an effective mechanism of
semantic retrieval on the CDL databasc.
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Abstract. We briefly describe here some of the content of a talk to be
given at the conference.

1 Introduction

At Google, we focus on making information universally accessible through many
channels, including through spoken input. Siuce thie speeeh group started in
2005 we have developed several successful speeell recognition services for the
US and for some other eountries. In 2006 we launched GOOG-411 in the US,
a speech recognition driven directory assistance serviee which works from any
phone. As smartphones like the iPhone, BlackBerry, Nokia s60 platforin and
phones running the Android operating system like the Nexus One and others
becoming more widely used we shifted our efforts to provide speecl: iuput for
the search engine (Search by Voice) aud other applications on tliese phones.
Many recent smartphones have only soft keyboards which can be difficult to
type on, especially for longer input words and sentences. Some Asian languages,
for example Japanese and Chinese are more difficult to type as the basic nuinber
of characters is very high compared to Latin alphabet languages. Spoken input
is a natural choice to improve on mauy of these problems, and more details are
diseussed in the sections below.

We have also been working on voice 1mail transcription and YouTube tran-
scription for US Englisl, which are also publically available products in the US,
but the focus here will be on speech recognition in the context of mmobile devices.

2 GOOG-411

GOOG-411 is Google’s speech recognition based directory assistance serviee op-
erating in the US and Canada (1], [2]. This applieation uses a toll-free number,
1-800-GOOG-411 (1-800-4664-411). The user is prompted to say city, state and
the name of the business s(he) is looking for. Using text-to-speech the serviee can
give address and phone nuniber, or ean eonneet the user directly to the business.
As baekend information from Google Maps Loeal is used.

While this 1s a useful application to search for restaurants, stores etc. it is
limited to businesses. Other difliculties with this kind of service include the
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necessity of a dialog, relatively expensive operating costs, listing errors in the
backernd database, and most hmportantly to not be able to give richer information
{as on a smartphone screen) back to the user.

3 Voice Search

In 2008 Google lauched Voice Search in the US for several types of simartphones
[3]. Voice Search adds simply the ability to speak a search gquerv to the phone
instead of having to type it into the browser. The audio is sent to Google servers
where it is recognized and the recognition result along with the search result
is sent back to the phone. The data goes over the data channel instead of the
voice channel which allows higher quality audio transmission and therefore hetter
recognition rates. Our speech recognition technology is relatively standard, below
some details.

Front-End and Acoustic Model. For the front-end we use 39-dimensional
PLP features with LDA. The acoustie models are ML and MMI trained, triphone
decision-tree tied 3-state HMMs with currently up to 10k states total. The state
distribntions are modeled by 50-300k diagonal covariance Ganssians with STC.
We use a time-synchironous finite-state transducer (FST) decoder with Gaussian
selection for speedy likeliliood calculation.

Dictionary. Our phone set contains between 30 and 100 phones depending on
the langnage. We nse between 200k and 1.5M words in the dictionary, which
are antomatically extracted from the web-based query stream. The pronnncia-
tions for these words are mostly generated by an automatic system with special
treatment for numbers, abbreviations and other exceptions.

Language Model. As our goal is to recognize search queries we nine onr
langnage model data from web-based anonymons seareh queries. We mostly use
3-grams or S-grams with Katz backoff trained on months or vears of query data.
The langnage models have to be pruned appropriately snch that the fiinal decoder
graphs fit into memory of the servers.

Acoustic Data. To train an initial system we colleet ronghly 250k of spoken
queries nsing an Android application specifically designed for this purpose [4].
Several lnmdred speakers read queries off a sereen and the corresponding voice
samples are recorded. As most queries are spoken withont errors we don't have
to manually transcribe these queries.

Metrics. We want to optimize user experience, Traditionally speech recognition
systems focus on minimizing word error rate. This is also a useful measnre for us,
but better is a normalized sentence error rate as it doesn’t depend as mnch on
the definition of a word. As the metric which approximates nser experience best
we use WebScore: We send hypothesis and reference to a search backend and
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compare the links we get back. Assuming that the reference generates the correet
search resnlt this way we know whether the search result for the hypothesis is
within the first three results — such that the user can see the correct result on
his smartphone sereen,

Languages. After US English we launclied Voice Search for the UK, Australia
and India. Late 2009 Mandarin Chinese [5] and Japanese were added. Foreign
languages pose many additional challenges. For example, some Asian languages
like Japanese aud Chinese don’t have spaces between words. For these we wrote a
segmenter whieli optimizes the word definitions maximizing sentence likelihood.
Most languages have characters outside the normal ASCII set, in some cases
thousands, which complicate automatic pronuneciation rules.

Additional Challenges. There are nany details which are critical to get right
for a good user experience but we cannot discuss here because of space cou-
straints. These inelude getting the user interface right, optimizing protocols for
minimum latency, dealing with speeial cases like numbers, dates and abbre-
viations correctly, avoid showing offensive queries and imiproving the system
efficiently after launch using the data coming in.

4 Outlook

For mobile devices speech is au attractive input modality and besides Voice
Search we have Dheen working on other features, including moer general Voice
lnput [6], contact dailing (as launched in the US) and recognition of special
phrases to trigger certain applications on the phone. We believe that in the
next few vears speech input will become more accurate, more aceepted and
useful enough to help users efficiently access and navigate through information
provided through mobile devices.
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Abstract. Symmectry can be used to help solve many problems. For instance,
Einstein's famous 1905 paper ("On the Electrodynamics of Moving Bodies™)
uses symmetry to help derive the laws of special relativity. In artificial intelli-
gence, symmetry has played an important role in both problem representation
and reasoning. 1 describe recent work on using symmetry to help solve constraint
satisfaction problems. Symmetries occur within individual solutions of problems
as well as between different solutions of the same problem. Symmetry can also
be applied to the constraints in a problem to give new symmetric constraints.
Reasoning about symmetry can spced up problem solving, and has led to the
discovery of new results in hoth graph and numher theory.

1 Introduction

Symmetry occurs in many combinatorial search problems. For example, in the magic
squares problem (prob0O19 in CSPLib [1]), we have the symmetries that rotate and re-
flect the square. Eliminating such symmetry from the search space is often critical when
trying to solve large tnstances of a problem. Symmetry can occur both within a single
solution as well as berween different solutions of a problem. We can also apply symme-
try to the constraints in a problem. We focus here on constraint satisfaction problems,
though there has been interesting work on symmetry in other types of problems (c.g.
planning, and model checking). We summarize recent work appearing in (2,3.4].

2 Symmetry between Solutions

A symmetry ¢ is a bijection on assignments. Given a set of assignments A and a sym-
metry g, we write o(A) for {o(a) | a € A}. A special type of symmetry, called solution
symmetry is a symmetry between the solutions of a problem. More formally, we say that
a problem has the solution symmetry o it o of any solution is itself a solution [5].

Running example: The magic squares problem is to label a n by n square so that the
sum of every row, column and diagonal are equal (prob019 in CSPLib [1]). A normal
magic square contains the integers 1 10 n. We model this with u° variables X, 5 where
Xij = kiff the ith colurnn and jth row is labefled with the integer k.

* Supported by the Australian Government's Department of Broadband, Communications and
the Digital Economy and the ARC. Thanks to the co-authors of the work summarized here:
Marijn Heule, George Katsirelos and Nina Narodytska.

B.-T. Zhang and M.A. Orgun (Eds.): PRICAI 2010, LNAI1 6230. pp. 11-13. 2010.
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“Lo Shu”, the smallest non-trivial normal magic square has been known for over
Sfour thousand years and is an important object in ancient Chinese mathematics:

4192
3|5]7 (M
8|16

The magic squares problem lias a number of solution symmetries. For example, consider
the symmetry a4 that reflects a solution in the leading diagonal. This map “Lo Shu”
onto a symmetric solution:

6|72
1159 (2
8i3|4

Any other rotation or reflection of the square maps one solution onto another. The 8
symmetries of the square are thus all solution symmetries of this problem. In fact, there
are only 8 different magic square of order 3, and all are in tlie same symmeiry class.

One way to factor solution symmetry out of the search spacc is to post symmetry break-
ing constraints. See, for instance, [6,7,8,9,10,11,12,13,14]. For example, we can elimi-
nate o4 by posting a constraint which ensurcs that the top left corner is smaller than its
symmetry, the bottom right corner. This selects (1) and eliminates (2). Symmetry can
be used to transform such symmetry breaking constraints [2]. For example, if we apply
o4 to the constraint which ensures that the top lcft corner is smaller than the bottom
right, we get a new symmetry breaking constraints which ensurcs that the bottom right
is smaller than the top left. This selects (2) and eliminates (1).

3 Symmetry within a Solution

Symmetries can also be found within individual solutions of a constraint satisfaction
problem. We say that a solution A contains the internal symmetry o (or equivalently o
is a internal symmetry within this solution) iff 7(A) = A.

Running example: Consider again “Lo Shu”. This contains an internal synumetry.
To see this, consider the solution symmetry 0;y,, that inveris labels, mapping k onto
n? + 1 — k. This solution symmetry maps “Lo Shu" onto a different (but symmetric)
solution. However, if we now apply the solution symnietry aigp that rotates the square
180°, we map back onto the original solution:

4]9]2] 7 [6]7

357 Z
8716 2ol

T180

0

~N
[
“w

Consider the composition of these two symmetries: 0;,,, © 0150. As this maps “Lo Shu”
onto itself, the solution Lo Shu” contains the internal symmetry oy, © 015p.

In general, there is no relationship between the solution symmetries of a problem and the
internal symmetries within a solution of that problem. There are solution symmetries of a
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problem which are not internal symmetries within any solution of that problem, and vice
versa. However, when all solutions of a problem contain the same internal symmetry, we
can be sure that this is a solution symmetry of the problem itself. The exploitation of in-
ternal symmctries involves two steps: finding internal symmetries, and then restricting
search to solutions containing just thesc internal symmetries. We have explored this idea
in two applications where we have been able to extend the state of the art. In the first, we
found ncw lower bound certificates for Van der Waerden numbcrs. Such numbers are an
important concept in Ramsey theory. In the second application, we increcased the size of
graceful labellings known for a family of graphs. Graceful labelling has practical appli-
cations in areas like communication theory. Beforc our work, the largest double wheel
graph that we found graceful labelled in the literaturc had size 10. Using our method,
wc constructed the first known labelling for a doublc wheel of sizc 24.
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Abstract. Ordinal eonditional function (OCF) frameworks have been
successfully used for modeling belief revision when agents’ beliefs arc
represented in the propositional logie framework. This paper addresses
the problem of belief change of graphieal representations of uneertain iu-
formation, ealled OCF-based nctworks. In particular, it addresses how to
revise OCF-based networks in presence of sequenees of observations and
interventions. This paper contains three contributions: Firstly, we show
that the well-known mutilation and augmentation methods for handling
interventions proposed in the framework of probabilistie causal graphs
have natural counterparts in OCF causal networks. Secondly, we provide
an OCF-based counterpart of an efficicnt method for handling scquences
of interventions and observations by direetly perforiing equivalent trans-
formations on the initial OCF graph. Finally, we highlight the use of
OCF-based causal networks on the alert correlation problem in intrusion
deteetion.

Keywords: OCl-based networks, belicf change, eausal reasoning, alcrt
correlation.

1 Introduction

Among the powerful frameworks for representing uncertain pieces of informa-
tion, ordinal conditional functions (OCF) [12] is an ordinal setting that has
been successfully used for modeling revision of agents’ beliefs [4]. OCFs are very
useful for representing uncertainty and several works point out their relevance
for representing agents’ beliefs and defining belief chauge operators for updating
the current beliefs in the light of new information [9]. OCF-based networks (also
called kappa-networks) [7] are graphical models [8] expressing the beliefs using
OCF ranking functions. The graphical component allows an easy and compact
representation of influence relationships existing between the domain variables
while OCF's allow an easy quantification of belief strengths. OCF-based networks
are less demanding than probabilistie networks (where exact probability degrees
are needed). In OCF-based networks, belief streugths, called degrees of surprise,
may be regarded as order of magnitude probability estimates which makes easier
the elicitation of agents’ beliefs.

B.-T. Zhang and M.A. Orgun (Eds.): PRICAI 2010, LNAI 6230, pp. 14-26, 2010.
© Springer-Verlag Berlin Heidelberg 2010
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Cansality is an important notion in many applications such as diagnosis, ex-
planation. simmlation, etc. There are several recent approaches and frameworks
addressing causality issues in several areas of artificial intelligence. Among these
formalisins, causal graphical models (such as causal Bayesian graphs [8] and
possibilistic networks [2]) offer eflicient tools for caunsal ascription. While OCF
frameworks have been extensively used for studyving default reasoning and be-
lief revision, there are only few works addressing belief change in OCF-based
networks while cansality issues have not yet been investigated.

Observations are often handled using a simple form of conditioning and the
order in which they are reported does not matter. The situation is clearly dif-
ferent in the presence of both interventions and observations. Let us consider
an example in the intrusion deteetion field. Assume that for the network ad-
ministrator, the most common situation is that the Web server works normally
and in case where this latter works abnormally or crashes, it is mostly due to
fooding denial of service attacks DoS! lannched by attackers. Now, if one day,
the administrator observes that his server works abnormally, then after this ob-
servation, any other external action causing his Web server crash will not change
his beliefs regarding the fact that a DoS attack is being undertaken. Consider
now the converse situation wliere just before looking at the alert log file (in or-
der to check whether DoS attacks were detected), we perform a manipulation
that crashes the Web server?. Then after this intervention, without surprise the
administrator observes that his server crashes but he will not ehange his a priori
beliefs concerning the fact that there i1s no attack which is corrently undergoing,.
Here, an observation followed by an intervention does not give the same resnlt
as an intervention followed by an observation. This paper contains three main
contributions:

— Firstly, we show that the well-known mntilation and augmentation methods
[11] for handling interventions proposed i the framework of probabilistic
causal graphs have natural connterparts in OCl-based networks.

- Secondly, we propose an OCF-based counterpart of an efficient method (3] for
handling sequences of interventions and observations by directly performing
equivalent transformations on the causal graph.

— Finally, we highlight the interest of reasoning with sequeneces of observations
and interventions on alert correlation. a inajor problem in computer security.

Let us first provide basie backgronnds on OCF networks.

2 A Brief Refresher on OCF-Based Networks

Ordinal conditional funetions (OCFs) {12] is an ordinal framework for represent-
ing and changing agents’ beliefs. In the following, V={ X, A, As.,... A,,} denotes
the set of variables. D 4, denotes the domain of a variable A; and a; a possible m-
stance of A;. $2=x 4,ev D4, denotes the universe of disconrse. An interpretation

! Attacks which overwhelm servers with huge number of requests.

2 For instance, using a bad configuration of an application on the server machine.
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w=(aj, ay. ...a,) is an instance of  while w[4;] denotes the value of variable
A; in w. ¢, ¢ denote subsets of 2, called events.

An OCF (also called a ranking or kappa function) denoted x is a mapping
from the universe of discourse 2 to the set of ordinals (here, we assume to a
set of integers) [6]. x(w;) is called a disbelief degree (or degree of surprise). By
convention, x(w;)=0 means that w, is not surprising and corresponds to a nor-
mal state of affairs while x(w;)=00 denotes an implausible event. The relation
#(w;)<k(w;) means that w; is more plausible than w;. The function & is normal-
ized if there exists at least one possible interpretation wef2 such that x(w)=0.
Tlhie disbelief degree £(¢) of an arbitrary eveut ¢C{? is defined as follows:

K(o) = Illggiel;)(f»'(m))- (1)

Conditioning is a fundamental notion for updating a priori beliefs when a new
evidence (a completely sure event) arrives. 1t is defined as follows (we assume
that x(¢)#00):

K(w;) — k(@) if w; € ¢;

'\'(“‘ilé) _ ( 1) (d’) i ‘(D (2)

00 otherwise.
The effect of conditioning is to exclude every interpretation w; which does
not satisfy the evidence ¢ while the the other interpretations are decreased
by r(¢). In particular, the most plausible interpretation satisfying ¢ (namely,
wi=argming, cs(x(w;))) is assigned 0.

2.1 Causal OCF-Based Networks

Graphical models such as probabilistic networks [8] are well-known and efficient
modeling and reasoning tools. Like Bayesian networks, OCF-based ones consist
of two components: i) A graphical component consisting in a directed acyclic
graph (DAG) where the nodes denote the domain variables and arcs encode
direct influence relations existing between these variables, and ii) A numerical
component composed of a set of conditional ranking functions weighting the
imfluence endured by each variable A4; in the context of its parents Uy, .

The normalization condition requires that every local ranking function should
satisfy the following condition:

'u,A__)) =40; (3)

a,lél/l)nql (r(a

The joint ranking function encoded by a network G is computed as follows:

n

kolar, az, ... ay) = Zﬁ(ailum). (4)

=1

In a causal OCF-based network, the graph only encodes causal (cause-effect)
relationships. Hence, in a causal OCF-network. the parent set Uy, of a node A;
represents all the direct causes of A;. The following example will be used in the
rest of this paper to illustrate our contributions:
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Example

This example is about mechanics where we are only interested in the car startup
problem. We define the following variables:

— S (for Start) taking its values in the domain Dg¢={Y¢s. No}.

~ B (for Battery) taking its values in Dg={Charged, Discharged}.

— F (for Fuel) taking its values in Dp={Empty. Not Empty} where the value
Empty denotes an empty fuel tank while Not Empty denotes a non empty
fuel tank.

IF (for Headlights) taking its values in the domain Dy={On, Of f} where
the valne On denotes that the headlights were left switched on overnight and
Of f denotes the fact that the headlights were left switched off overnight.

The OCF-based network representing the car startup problem is given in
Figure 1. For instance, for the fuel variable F', the most conmon state is that
the fuel tank is not empty while the state Empty is exceptional. Similarly. Off
is the most common state for the headlights variable H. Regarding the variable
B. if the headlight were left switched on overnight, then the value Discharged
is the most common state for variable B. Lastly, if the battery is discharged or
the fuel tank is empty, then the most plausible state for the start variable S is
No (the car does not start).

Headlights ( H
A

Fuel
o I NaEmety | O
Empty | 10
Start

_J

Fig. 1. The OCF-based network of the car startup problem

3 Handling Interventions in OCF Causal Networks

Interventions [11] constitute a fundamental notion for causality ascription as they
provide a natnral way for understanding causation. Indeed, causal relationships
are more easily identified if one can directly intervene on the system (as an
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experimenter) and evaluate the effects of such manipulations. An intervention is
the action of forcing a variable to a specific value. It is important to note that
an intervention is due to something outside the considered system and it does
not matter how the intervention happens. In the example of Figure 1, we can for
instance remove the spark plugs in order to prevent the car engine from starting
evern if the battery is charged aud the fuel tank is not empty. In causal networks,
an intervention on a variable A; must not change our beliefs (expressed in some
uncertainty framework) on parents Uy, of A;. There are maiuly two equivalent
methods for handhing interventions in causal graphical models: graph mutilation
proposed by Pearl and Verma in [13] and graph augmentation proposed in [10] by
Pearl. In [2], the authors proposed possibilistic counterparts for the mutilation
and augmentation methods. In the following, we propose the counterparts of
these methods for OCF-based networks.

3.1 Handling Interventions by Mutilating the OCF Causal Network

Let G be an initial OCF-based network. An intervention on a variable A; de-
noted do(a;) ensures that our beliefs on U4, (the set of parents of A;) are not
affected. In the mutilation method, this is achieved by removing all the arcs
from each variable composing U4, to A; while maintaining the rest of the graph
unmodified. The obtained graph is called the mutilated graph and denoted G,
such that k¢ (w|do(a;))=kg¢,, (w]a;), where kg (resp. ke, ) is the joint ranking
functiou encoded by G (resp. G,;,). In order to determine the effect of the inter-
vention do(a;) on the rest of the initial graph G, one can apply conditioning on
the mutilated graph G, after having observed the event A;=a;. This result is
formalized in the following proposition:

Proposition 1. Let G be an OCF-based causal network and x¢ the joint rank-
ing fumction encoded by G. Let G, be the mutilated graph obtained after
handling an intervention do(a;) and k¢, the joint ranking function encoded
by G,,. Let also KRG, denote the joint ranking function obtained by condi-
tioning kg with do(a;). Then Ywe2, se(wldo(a;))=ke, (w)=kq,, (wla;).

3.2 Handling Interventions by Augmenting the OCF Causal
Network

The principle of the augmentation method [10] is to consider an intervention as
an extra node in the system. Then a parent node denoted DO; is added to the
node A; under intervention. [ence, the parents sct of the variable A; (i.e. Ugy,)
is augmented by the extra node DO; allowing to specify the behavior of the
variable A;. The domain of DO; is {{d0,,:V @;€D 4, }.d0i—pnoact} where the value
do; _h0uct Means that no intervention is performed on A; while do,, means that
the variable A; is forced to take the value a;. The obtained augmented network
is denoted G, such that kg (wldo(a;))=ra, (w|DO;=do,, ), where k¢ (resp. ka,)
is the joint ranking function encoded by G (resp. G,).
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Proposition 2. Let ¢ be an OCF-based causal network and &¢ the joint rank-
ing function encoded by G. Let G, be the augmented graph for handling an
intervention do(a,) by adding the node DO;. Let Uly =U,,UDO; and 'y
be an instance of DU;‘ . Gy 1s such that every variable A; diflerent from A;

1
has the same local ranking function as in G and

0 if DO; = do,,
s(aiuly,) = ¢ Klailua,) if DO; = do;_yoac (5)
¢ otherwise

Then Yue 2, ke (w|do(a;))=kra, (w|DO; = do,, ).

4 Handling Sequences of Interventions/Observations

Contrary to the handling of a sequence involving only observations or only in-
terventions, handling sequences involving both observations and interventions
should be done differently depending on the order in which observations and in-
terventions occur. More particularly, given an OCF-based network encoding the
initial beliefs, there might exist situations where the revised beliefs after having
an observation followed by an intervention will not be the same as if we have
first the intervention preceding the observation. In order to illustrate this issue.
consider the following two seenarios on the example of Figure 1:

Example (Continued)

. Scenario 1 (An observation preceding an intervention): Assmme that
one morning, the car does not start. We change our a priori beliefs (the bat-
tery is working (charged). the fuel tank is not empty and the car headlights
were not left switched on overnight). According to the beliefs encoded by
the network of Figure 1, we deduce that either the battery is discharged or
the fuel tank is empty. After this observation, assume an intervention pre-
venting the car from starting (for example, removing a spark plug). Clearly,
after this intervention. we will not change our beliefs regarding the battery
and the fuel tank.

2. Scenario 2 (An intervention preceding an observation): Assume in
this scenario that before trying to start the car, we first remove a spark
plug. Unsurprisingly, the car does not start. Knowing that a plag spark
was removed, it is clear that the fact that the car does not start is due
to the intervention. Consequently, the most plansible state (according to
Figure 1) is that the battery is Charged and he fuel tank is Not Empty and
the headlights were left. switched Of f overnight, namely the initial beliefs
before any intervention or observation.

Clearly, these scenarios show that the order of occurrence of observations and
interventions should be taken into account. However, existing approaches [11](2]
confuse the notions of observations and interventions and do not explicitly distin-
guish between the two scenarios. The following section presents the OCF-based
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counterpart of an efficient method for handling sequences of observations and
interventions proposed in [3] (resp. in [1]) in the context of min-based (resp.
product-based) causal possibilistic networks.

4.1 Graphical Handling of Sequences of Both Interventions and
Observations in Causal OCF-Based Networks

Our method views each observation A;=a; or intervention do(a;) as a belief
change process that transforms an initial ranking function ~ (associated with
some OCF-based network) into a new distribution s(.|4;=a;) or r(.|do(a;)).
Hence, it is enough to build an OCF-based network associated with x(.|4;=a,)
and x(.|do(a;)). While the handling of interventions is straightforward in causal
networks by mutilating the graph (or equivalently by augmenting the graph),
handling graphically observations needs more operations. In the following we
propose a graphical counterpart for the eonditioning operation for handling ob-
servations in causal OCF-based networks. We restrict ourself to OCF-based net-
works where DAG’s are trees, where a node can have at most one parent.

4.2 Graphical Counterpart of Conditioning for Handling
Observations

It order to perform conditioning directly on the graph, conditioning is viewed as
a sequence of two operations: i) A ecombination operation (which combines the
original ranking function with the one associated with the observation A;=a;),
and i) A normalization operation (for normalizing the ranking function obtained
after the combination step in case where this latter becomes sub-normalized).
To make tiiis decomposition clear, let G be an OCF-based network and kg be
the ranking function encoded by G (k¢ is obtained form G using the chain rule
of Equation 4). In order to perform the combination opcration, let us define the
local ranking function associated with the observation as follows:

0 if U'[Ai] = q;

Vw € 2, ka,=a, (W) = {’JC otherwise (6)

Combining the initial ranking function kg with kK 4,=,, can be defined as follows:
Yw € §2, kga(w) = ka(w) + KA, =a, (W). (7)

The ranking function kg2 is obtained from x¢g by considering as completely
impossible every nterpretation w where the value of A; is different from a,
(namely, Vwe? raa{w)=0cc if w[A;]#a;), and preserving unchanged the disbelief
degrees of all interpretations w where the value of A; is a;. After this step, ka2
may be sub-normalized. Let us define the normalization operation as follows:

Yw € 2, kgz(w) = Kga(w) — mi}} Kaa(w). (8)
we

Hence. using the combination and normalization formulas (see Equations 7 and
8), the conditioning given by Equation (2) can be redefined as follows:

Yw € 2, ka(w|d; = a;) = ras{w). (9)
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Let us now provide the graphical counterparts of combination and normalization
operations.

Graphical Counterpart of the Combination Operation. Let us use G2
to denote the resnlt of integrating the new observation A;=a; in the network G,
namely the network associated with the ranking function given by Equation 7.
G2 1s specified as follows:

Proposition 3. The OCF-based network G2 associated with the ranking func-
tion given by Equation 7 is obtained form network G as follows:
the structure of G2 is obtained from the DAG of G by deleting the arc
from the parents of A; to A;.

— the local function of any variable A; in G2 different from A; and Uy,
is identical to A;’s local function in G. Regarding, A; and its parent
denoted D. the new local ranking functions are defined as follows:

e Ya,€D,,,

g N 0 If Ai — (g

Kaa(ai) = {fx: otherwise

o Let C be the parent of D in G, then Vd,€Dp, V¢;€De kga(di|cj)=
keldilej)+rglaqldy)

The new local ranking function relative to the variable A; ensures that only the
instance a, is fully accepted and all the other instances are completely implansi-
ble. Note that contrary to handling iuterventions, the ranking function relative
to variable D (parent of A;) is altered in order to ensure that disbelief degrees of
every interpretation w satisfying a; are identical in Kg and x¢;2. Hence, since the
valire of the variable of A; is now fully determined, there is no need to maintain
the arc from the parent of A; (here D) to A;. One can easily check that Ywe (2,
rkg2(w)=re(w)+Ka,=q, ().

Example (Continued)

We continue with the example of Figure 1 but restricted to a tree by discarding
node B (Battery variable) and H (Headlights variable). Figure 2 gives the initial
network G and G2 obtained after combining G with the observation S=No.
As for node F of network G2 of Figure 2, the new ranking function of the parent
of the observed variable may be sub-normalized, the following step deals with
this problem.

Graphical Counterpart of the Normalization Operation. After the com-
bination step, the ranking function relative to the parent variable (denoted
lere D) of the observed one (here A;) nmiay be sub-normalized. Namely. it
may exists an instance ¢; of the parent variable of D denoted € such that
ming e p,, (ka2(di|e;))=73 (8>0). We want to compute a new OCFE network, de-
noted G3, such that it satisfies Equation 8. The network GG3 1s constructed such
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that all of its local ranking functions are normalized. G3 is obtained by pro-
gressively normalizing local ranking functions for each variable. We first study
the case where only the local ranking function on the root variable in G2 is
sub-normalized:

Proposition 4. Let G2 be the network obtained from thie combination step.
Assume that only the root variable, denoted by D, is sub-normalized. Let
ming,ep,, (ke3(di))=6 and 0<3. G3 is such that:
— The structure of G3 is identical to the one of G2,
— VX, X#D,VeeDx, Yu€ Dy, . kesz(ajur)=rg2(r|uy),
-V di€Dp. kaald)=rc2(di)-5.

Then, Vwe2, sga(w)=rg2(w)-min; (ke (wi)).

After this transformation, the local ranking function relative to I is re-normalized
while the joint one encoded by the network G3 satisfies Equation 8.

Example (Continued)

Figure 2 shows that the local ranking function relative to the root node F' of
network G2 (obtained after the combination of network G with the observation
S=No) is sub-normalized. The normalization of this ranking function according
to Proposition 4 gives the network G3 of Figure 2. One can easily check that the
joint ranking function encoded by network G3 satisfies Equation 8.

No(O

YnE;npty'IS
0

No | Empty

G

Fig. 2. luitial OCF-based uetwork G and G2 (resp. G3) obtained after the combination
(resp. normalization) step

Let us now deal with the case where the sub-normnalized function is relative
to a variable D which is not a root. Let us denote by C the parent of D. In
this case, the ranking function of C must be altered in order to keep unchanged
the underlying joint function. The normalization of a non root variable D is
performed using Proposition 5 withont changing the global ranking function:

Proposition 5. Let G2 be the network obtained from the combination step. Let
D denote the variable whose ranking function is sub-normalized. Let C be the
parent variable of D and ¢ be the value of C such that ming, e p, (ka2 (di|ex))
=/ with 0</3. Network G3 is such that it has the same structure as G2 and,

— VX, X#D and X#C, kas(xjux)=rca(z|ux),
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Vd;€Dp, V(jED(‘.

oo il N G oy
kaa(di|ey) = {h(,z((h.«J) Jife; = c

kG2(di|c;) otherwise

VejeDe, Yue, €Dy,

Kaa(cjlue,) = {H(."z((']lu,.’) tdife; = o

ra2(ejluc,) otherwise
Then, Yuwef?. kaa(w)=rga(w).

As it is shown on the example of Figure 3 (see variable B of network (G2), if after
the re-normalization of D, its parent C' become in turn sub-normalized. then the
normalization process should be repeated until reaching a root variable. Ouce a
root is reached, it is enough to re-normalize according to Proposition 4 to get
an OCF-based network where all the local ranking funetions are normalized.

Example (Continued)

Here, the network G is hmited to variables S, B and H. Figure 3 shows that
the local ranking function relative to the non root node B of network G2 (ob-
tained after the combination of network G with the observation S=No) is sub-
normalized. The normalization of this ranking function according to Proposition
5 gives the network (G3-a of Figure 3. Now the normalization of B renders H
sub-normalized. This latter is normalized according to Proposition 4 giving the
network G3-h of Figure 3. 2. One can chieck that the joint ranking function en-
coded by network G3-b satishies Equation 8 and G3-b is completely normalized.
We provide in the following an application scenario of OCF-based causal net-
works in the arca of computer security.

e o7 T o7
oS e o=

Inﬂwu""| 0 bql-.wd'*‘ 0
P-«wf" e ol by {f;“..‘,',,"l 0|
=R = o | OF el HE
[-wu-—u_m| o |
G2 G3a | G3-b

Fig. 3. Initial OCF-based network G and G2 (resp. G3 — a and G3 — b) obtained after
the combination (resp. normalization) step
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5 Application to Predicting/Preventing Dangerous
Attacks

Alert correlation [5] plays an important role in nowadays computer sceurity in-
frastructures. It consists in analyzing the alerts triggered by one or multiple
intrusion detection systems and security tools in order to provide a synthetic
and high-level view of the interesting malicious events targeting the information
system. In this application, we are concerned with predicting/preventing severe
attacks which often are the final step in multi-step attacks. Clearly, there is a
need for 1) an easy elicitation mcthod in order to allow securtty administrators
to express their domain knowledge (on the security threats, vuluerabilities, etc.)
and ii) a method to rcason given observations (data directly collected from the
information systems) and interventions (after manipulations and actions under-
taken by the adininistrators, attackers, ete.). OCF-based causal networks offer
several advantages for the severe attack prediction/prevention problem since it
makes it easy for the adininistrators to elicit their knowledge and allows them to
assess the plausibility that an event oceur, that an attacker reaches a given ob-
jective given some observed events, ete. It also allows them to determine which
countermeasures should be taken in order to prevent a given attack.

An OCF-Based Model for Severe Attack Prediction/Prevention. We
are interested in anticipating severe attacks in order to prevent them by taking
the appropriate conntermeasures (such as preventing the suspected nser from
following his attack). The actions that may be nndertaken by attackers and
their possible consequences, the security policy and the countermeasures taken
by security achninistrators, cte. clearly involve causal relationships that can be
modeled by a causal network which can be used for instance to evaluate the
plausibility of different scenarios. We propose a model for this problem and we
define the following variable categories

— Observational/intcrventionl variables: They represent relevant variables for
mouitoring the information system. For instance, the number of HTTP
requests sent to a server represents a relevant information for detecting/
preventing denial of service attacks.

— Attack objective variables: They represent the final/intermediate objectives
targeted by the attackers. For example, gaining a local access, a root access,
cte. are among the most recurrent objectives of nowadays internet hackers.

In this model, observational/intcrventionl variables are either directly observed
or manipulated (for instance, a network monitor can count the number of in-
bound HTT P requests, some variables can however be manipulated by the ad-
ministrators’ interventions such as configuring a firewall to stop the requests
coming from a given suspected host...) while attack objective variables are asso-
ciated with the attacks administrators may want to prediet/prevent. While the
network structure easily encodes the eausal relationships between the relevant
variables, the a priori and conditional ranking functions allow to easily weight
the uncertainty and the influence of each variable on its children.
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5.1 Scenario Evaluation and Countermeasure Determination

After an OCF-based network is built based on the domain knowledge, it can
then be efficiently used for different tasks. In particular, it can be nsed for

i) Scenario evaluation: Given an OCF-causal network representing the ad-
ministrators’ knowledge, one can evaluate the plansibility of any event of interest
such as the one that an attacker reaches a given attack objective having observed
some security events in the audit data.

1t) Countermeasure determination: The ann of this task is to determine
what action(s) should be taken in order to prevent an attacker from attaining
a given objective. Administrators can intervene on some variables and assess
the plausibility that a given attack objective is attained in order to determine
whether this action in adequate or insufhcient for preventing from this attack.

It is obvious that there is a need in this application before actually taking comi-
termeasures to intervene on the model (instead of directly intervening on the
system) in order to check whether a given intervention (here a countermea-
sure) will aid to secure the information system or allow an attacker to attain
his objective. ete. By evaluating different scenarios, the users can deterinine the
most appropriate countermeasures. Finally, note that it is important to take
into acconnt the order of arrival of observations/interventions. For instance, for
a security adminstrator, observing a Web server crash then intervening on the
system by stopping the network will need lead to the same conclusions as first
stopping the network then observing the Web server craslhi. Clearly, our approach
for handling sequences of both observations and interventions is relevant for the
severe attack prediction/prevention problem.

6 Conclusion

This paper addressed important issues regarding belief change i OCF-based
networks and handling sequences of both observations and interventions. It pro-
vided three major contributions: a) We showed that the well-known graph mu-
tilation and augmentatious methods for handling interventions in probabilistie
graphs have natural connterpart in OCF networks. D) We proposed an OCF-
based counterpart of an efficient method for handling observations in causal
graphs by directly performing equivalent transformations on the initial graph.
This method allows to efficiently integrate new observations and providing a
graphical counterpart for the conditioning operation. ¢) We provided a real ap-
plication scenario in the field of computer security highlighting the importance
of reasoning in presence of sequences of observations and interventions.
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Abstract. Query-focused multi-document summarization aims to create a
compressed summary biased to a given query. This paper presents a context-
sensitive approach hased on manifold ranking of sentences to this summariza-
tion task. The proposed context enhanced manifold ranking approach not only
looks at the sentence itself, hut also considers its surrounding contextual infor-
mation. Compared to the existing manifold ranking approach which totally ig-
nores the contextual information of a sentence, this approach can capture more
additional relevant information which is especially necessary for formulating
the relationships between short text snippets like sentences. Experiments are
conducted on the DUC 2005 and DUC 2006 data sets and the ROUGE evalua-
tion results demonstrate the advantages of the proposed approach.

Keywords: Query-focused multi-document sumimarization, context-sensitive
manifold ranking.

1 Introduction

With the growing popularity of the Internet and a variety of information services,
obtaining the desired information has become a serious problem in the information
age. As such, new technologies that can process information efficiently arc nceded.
Automatic document summarization, which is the process of reducing the size of
documents while preserving the important semantic contcnt, is an essential technol-
ogy to ovcrcome this obstacle. Most of the summarization work donc till date follow
the sentence extraction framework, which ranks sentenccs in some way and seleets
top-ranked sentences from original documents to form summaries. Extractive summa-
rization generally falls into two categories according to the nature of summarization.
They are gencric summarization, which aims at extracting a summary about general
ideas of documents and query-focused summarization, which aims at not only extract-
ing the tmportant information contained in the documents, but also guaranteeing that
the cxtracted information is biased to the given query. What we are interested in this
paper is query-focused summarization.

Query-focused multi-document summarization has drawn much attention in recent
years due to its applicability and merits in real-world applications. Since it is able to
provide concise information corresponding to the specific queries from the different
users, it has becn applied to the services like personalized Web service or document

B.-T. Zhang and M.A. Orgun (Eds.): PRICAL 2010, LNA1 6230, pp. 27-38. 2010.
© Springer-Verlag Berlin Heidelberg 2010
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understanding to support the various intcrests of users. In contrast to the conventional
task of question answering (QA) that mainly focuses on simple factoid questions and
results in preeise answers such as person, location or date, etc., in the casc of query-
focused summarization, the queries are mostly real-world complex questions (e.g.,
“ldentify and describe types of organized crime that crosses borders or involves more
than one country.”). Such complcx questions make summarization tasks morc chal-
lenge and meanwhile have a very important role to play.

Recently, manifold ranking algorithm has been exploited for query-focused multi-
document summarization, such as in [1]. Thc manifold ranking based approaches first
constructed a weighted graph representing query and sentences as vertices. Then the
positive ranking score of query was iteratively propagatcd to nearby verticcs via the
structure of the graph. Finally all sentences were ranked according to their ranking
scorcs, with a larger score indicating higher relevance. Inspired by the success of
manifold ranking, in this paper we propose an enhanced approach to further integrate
the contextual information of sentences into manifold ranking for query-focused
multi-document summarization. The motivation to this approach is the consensus that
short text snippets like sentences often contain insufficient information to mcasurc the
relationships between them and to support ranking of them. In our approach, we use
onc preceding and one following sentences of the sentence currently undcr concern as
thc additional contextual information to enrich the sentcnce representation or to refine
the standard sentence-to-sentence cosine similarity measure and develop four strate-
gies to construct the context-sensitive affinity matrixcs, which arc essential to a mani-
fold ranking algorithm. Compared to the existing manifold ranking approach, our
approach can capture more additional relevant information by using contextual sen-
tences. The experiments conducted on the data sets from DUC 2005 and DUC 2006
show that the summarization results with contextual information are better than that
those without contextual information, achieving the state-of-the-art performance.

The remaindcr of this paper is organized as follows. Section 2 reviews related
work. Section 3 introduces the proposed manifold ranking algorithm using contextual
information of scntences. Section 4 then presents experiments and evaluations. Fi-
nally, Section 5 concludes the paper.

2 Related Work

A variety of summarization approaches havc been proposed in the literature. These
approaches were either extractive or abstractive. Extractive summarization assigned a
significance score to each sentence and cxtracted the sentcnces with highest scores to
form the summaries. Abstraction summarization, on the other hand, involved a certain
degree of understanding of the content conveyed in the original documents and cre-
ated the summaries based on information fusion and/or language generation tech-
niques {2]. Like most researchers in this ficld, we follow the extractive summarization
framcwork in this work.

Under the framework of extractive summarization, sentcnce ranking is the issue of
most concern. Traditional feature-based approaches evaluated sentence significance
and ranked the sentences depending on the features that were well-designed to charac-
terize the different aspects of the sentences. The centroid-based approach [3] was one
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of the most popular feature-based summarization approaches. Other statistical and
linguistic features such as term frequency, sentence position, sentence dependency
structure and query relevance etc. have also been extensively investigated in the past.
In recent years, graph-based approaches have been proposed to rank sentences. These
approaches modeled a document or a set of documents as a weighted text graph, took
into account the global information and recursively calculated sentence significance
from the entire text graph rather than only relying on the unconnected individual sen-
tences. LexRank [4) and TextRank [5] were examples of such approaches. Both of
them were motivated by PageRank, which has been successfully used for ranking
Web pages in the Web Graph.

Most existing query-focused multi-document summanzation approaches incorpo-
rated the information of the given query into the generic summarizers in order to
extract the sentences suiting the user’s declared information need. In [6], a query-
based feature that computed the similarity between sentence and query was combined
with a set of document-based features. The role of the query words and the named
entities appeared in the query are especially emphasized in [7]. Later, a topie-sensitive
version of PageRank was proposed to incorporate the relevance of a sentence to the
query into LexRank to get a biased PageRank ranking [8]. As a matter of fact, for
those graph-based approaches, the influence of the query was normally reflected in
the formulation of sentence vertices in a text graph.

Different from the traditional query-focused summarization approaches, which
were usually the simple extensions of generie summarizers and did not uniformly fuse
the information in the query and the documents, Wan et al. [1] proposed a manifold
ranking based approach to make uniform use of sentence-to-sentence and sentence-to-
query relationships. A weighted graph was built where the vertices included both the
query description and the sentences in the documents. The manifold ranking was
employed to iteratively propagate the relevance of the query to nearby vertices via the
graph structure. The ranking score of a sentence obtained by this process indicated the
topic-biased informativeness of the sentence and those with high ranks are chosen to
form the summary.

3 Context-Sensitive Manifold Ranking Approach

Manifold ranking is a semi-supervised learning that explores the relationship among
all the data points in the feature space [9, 10]. It has two versions regarding the differ-
ent tasks: (1) to rank the data points, or (2) to predict the labels of the unlabeled data
points. For the task of ranking, the prior assumptions of it include (1) nearby points
are likely to have the same ranking scores; and (2) points on the same structure (typi-
cally referred to as a cluster or a manifold) are likely to have the same ranking scores.

3.1 Notation

In this paper, each sentence, either a document sentence or a query sentence, is repre-
sented by an m dimensional feature vector x and forms a sentence point in the Euclid-

ian space. Let gy ={x,.x.---.x,}C R™, where the first point x, is the query description
and the rest n points are the sentences to be ranked according to their relevance to the
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query. Notc that because the topic description is usually short, in our experiments we
treat it as a pseudo-sentence and it is processed in the same way as the other sentences.

Let _v=[_v0,---,_v,,]T, where v, =1 corresponding to the query sentence x, and
v, =0,(i=1,...,n) for all the scntences in the documents. Let f:y — R denote a

ranking function which assigns to each sentence point x; a ranking score f;.

3.2 Basic Manifold Ranking Algorithm

The basic manifold ranking algorithm is presented in Table 1. An intuitive description
of this algorithm is: a weighted graph is first formed which takes each sentence as a
vertex; assign a positive ranking score, to the query while zero to the remaining sen-
tences; all the vertices then spread their scores to the nearby vertices via the weightcd
graph; the spread process is repcated until a global stable state is reached, and all the
vertices except the query will havc their own scores according to which they will be
ranked. The propagation of ranking score reflects the relationship of all vertices, since
in the weighted graph, distant vertices will have different ranking scores unless they
belong to the same cluster consisting of many points that help to link the distant
points, and ncarby vertices will have similar ranking scores unless they belong to
different clusters. In the context of our task, there is only one query in the qucry set.
The resultant ranking score of a sentence in the document is in proportion to the prob-
ability that it is relevant to the query, with large ranking score indicating high prob-
ability.

Table 1. Basic Manifold Ranking Algorithm

I.  Sort the cosine similarities among vertices in ascending order. Repeat
connecting the two vertices with an edge according to thc order until a
connected graph 1s obtained.

2. Form the affinity matrix W by cosine similarities measure betwcen any
two vertices, if there is an edge linking the two vertices. Let W, =0.

I

3. Symmetrically normalize W by S=D 2WD 2 in which D is the
diagonal matrix with (i,{) -element equal to the sum of the ith row of
W.

4, Iteratc f(t+1)=0aSf(t)+(1—a)y until convergence, where & is a

parameter in [0,1) , and y is the original labeling.
5. Let f' denotcs the limits of the sequence{ f(¢)}. Rank each sentence

. . . . *
according to its ranking score in f .

In the above iterative algorithm, the normalization in the third step is necessary to
prove the algorithm’s convergencc. During the fourth step, each sentencc point re-
ceives the information from its neighbors (first term), and also retains its initial in-
formation (second term). The parameter of manifold ranking weight & specifies the



A Context-Sensitive Manifold Ranking Approach 31

relative contributions to the ranking scorcs from neighbors and the initial ranking
scores. Self-reinforcement is avoided, therefore thc diagonal elcments of the affinity
matrix are set to zero.

The theorem in [10] guarantecs that the sequence { f(¢)} converges to

fr=pU-o85)"y (N

where f=1-a.

3.3 Context-Sensitive Affinity Matrix

A key part in the above manifold ranking algorithm is the affinity matrix W. The
dcfinition of W mainly involves two essential aspects: (1) pairwise similarity metric,
(2) sentence vertex rcpresentation.

In previous use, manifold ranking algorithm proposed in text processing only
makes use of content words of the currcnt sentences under concern. This sentence
reprcsentation can cxpress very limited information of each sentence and the cosine
similarity calculated based on such representation may not truly rcflect the similarity
between the sentences. Table 2 shows a subset of a cluster in DUC 2005, and the
corresponding cosine similarity matrix is shown in Table 3.

From the cosine similarity values shown in Table 3, we can sce that the sentence 2
is similar to the sentence 1. However, from scmantic perspective of the original
document, we think thc scntence 2 is much more similar to the sentencc 4 than other
sentences. The reason of this problem may be imputable to the fact that we ignore the
contextual information of the sentences.

Table 2. The First 6 Sentences in a Subset of Cluster d31 11 from DUC 2005

SenNo Text

| International Company News: VW fails to convince GM over car
factory 'copying’

VOLKSWAGEN has failed to convince General Motors that its
plans for a revolutionary car plant in Spain are not a copy of a project
drafted previously by the US group.

'We have a right to be sceptical,” Mr David Herman, chairman of
GM's German subsidiary Adam Opel, said yesterday.

‘It would be a real tour de force' if Mr Jose Ignacio Lopez de
Arriortua, GM's former procurement chief who is now at VW, had
managed to develop a new concept bctween mid-March, when he left
the US, and mid-June when he announced VW's plans.

Mr Herman was responding to claims in a letter reccived from VW
in which Mr Ferdinand Piech, chairman, said the German company
did not have any confidential plans or documents about GM's ultra-
low-cost factory project.

Mr Herman confirmed that he had written to Mr Piech before Mr
Lopcz's announcement, suggesting that he consider the possible
consequenccs if VW's projcct were the same as the one developed at
GM under Mr Lopez's direction.

39
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Table 3. Cosine Similarities of Sentences in Table 2

SenNo 1 2 3 4 5 6
1 0 0.3081 0.0499 0.0972 0.1499 0.0745
2 0.3081 0 0.0000 0.0292 0.0749 0.0346
3 0.0499 0.0000 0 0.0533 0.2681 0.2078
4 0.0972 0.0292 0.0533 0 0.1300 0.2601
5 0.1499 0.0749 0.2681 0.1300 0 0.3515
6 0.0745 0.0346 0.2078 0.2600 0.3515 0

In order to improve the performance of summarization, we combine the contextual
information into the basic manifold ranking. For this purpose, a sentence point

X, € R" is re-defined in both the original domain using its original feature vector

x' € R™ , and in the contextual domain by introducing x{ € R™, which yields m_

dimensional contextual feature vectors representing the surrounding contextual sen-
tences. We combine one preceding and one following sentences of the current sen-
tence as a new pseudo sentence, and deem this new pseudo sentence as the contextual
information of the current sentencc. Then the contcxtual information and the original
information of the current sentence lead to two different similarity measures, which
can be easily computed and combined. For example, we can sum the original and the
contextual dedicated affinity matrices (e.g., W, and W, ), or introduce the cross-
information between the original and the contextual features (e.g., W, and W, ) in
the formulation.

In the following, we present four different strategies for joint consideration of the

original and the contextual information of sentences in a unified framework for affin-
ity matrix construction.

®  The Stacked Affinity Matrix
The most commonly adopted strategy in affinity matrix construction for thc manifold

ranking algorithm is to exploit the information of an original scntence x; = x; . How-

ever, performance can be improved by including both the original and the contextual
information of the sentences. This is usually done by mcans of the “stacked” ap-
proach, in which the new feature vectors are built from the concatenation of the sen-
tence and its context features.

Let us define x; as the concatenation of the two feature vectors x; and x; . That
is, x; ={x’,x{}, then the corresponding ‘stacked’ affinity matrix is:

W\l(uk(‘d Eu/(xi"xj) = Si"l(.X,- "xj) (2)

which does not include explicit cross relations between x; and x; . sim(x;,x;) is the

cosine similarity between the two sentence points x; and x;. Table 4 below shows

the cosine similarities of thc sentences using stacked strategy in Table 2. From the
table, we can see that this time the sentence 2 1s much more similar to the sentence 4
when the additional contextual information is involved.



A Context-Sensitive Manifold Ranking Approach 33

Table 4. Cosine Similarities of Sentences in Table 2 using Stacked Strategy

SenNo 1 2 3 4 5 6
1 0 0.2485 0.4086 0.0718 0.0719 0.0713
2 0.2485 0 0.1288 0.3153 0.1485 0.1591
3 0.4086 0.1288 0 0.1039 0.5830 0.1653
4 0.0718 0.3153 0.1039 0 0.2313 0.5178
5 0.0719 0.1485 0.5830 0.2313 0 0.3041
6 0.0714 0.1591 0.1653 0.5178 0.3041 0

® The Direct Summation Affinity Matrix

A simple composite affinity matrix combining the original and the contextual infor-
mation can be derived from the concatenation of the original sentence affinity matrix
and the contextual sentence affinity matrix. That is:

Wotreer (X)) = W, (67 )+ W, 25) o

= sim(.x','-',x'):) + sim(x; , x%)

Note that dim(x;)=m,, dim(x/)=m,., and dim(W)=dimW,)=dim(W.) =nxn ,
where dim denotes the dimension. By this affinity matrix construction strategy, the
relationships between two sentences are judged according to not only the relationship
between the sentences themselves, but also the relationship between the contexts of
the sentences.

® Weighted Summation Affinity Matrix
Alternatively the composite affinity matrix that balances the original and the contex-
tual information in (3) can be constructed as follows:

‘Vweigluml (X,-. "'j )= n: W\ (xl:‘. 2 ‘_; iy fll= ’I) A ‘Vl ('XI‘ J ‘(1) (4)
=n-sim(x;, x})+ (1 =n)-sim(x] . )

where 7 is a positive real-valued parameter (0 <77 < 1), which constitutes a tradeoff

between the original and the contextual information in forming the sentence affinity
matrix. This composite affinity matrix allows us extract some information from the
best tuned n parameter.

®  The Cross-information Affinity Matrix

The preceding direct summation matrix can be conveniently modified to account for
the cross relationship between the original and the contextual information. That is,
it can be expressed as the sum of the four positive definite matrices, accounting for
the affimity between the two sentences’ original content, between their contextual
sentences, and the cross-terms between the original and contextual counterparts.




34 X.Caiand W. Li

W, x;) = Wo(x, x)+W (], x})

+ W, (], X))+ W (xf, X))
(5)

et s s L [r >

= sim(x; ,xj)+.s1m(x,- .xj)

+sim(x;, x5+ sim(x; x;)
where W, .(x/,x}) is the cosine similarity betwecn x; and x§, W, (xj,x}) is the
cosine similarity between x{ and x; . The only restriction for this formulation to be

valid is that x; and x} need to have the same dimension (N, = N;). This can be

easily achieved as the dimension of the sentence vector is dependcnt on word number
in document sct, which is a fixed value.

Once wc obtain the modificd affinity matrix, we can use them to perform the mani-
fold ranking algorithm again to improve the sentence ranking results. The overall
procedure is the same as deseribed in the ranking algorithm in Table 1.

3.4 Summary Generation and Redundancy Control

In multi-document summarization, the number of the documcnts to be summarized
can be very large. This makes information redundancy problem appecar to be more
serious in multi-document summarization than in single-doeument summarization.
Redundancy control becomes an incvitable process. Since our focus in this study is
the design of effective (sentence) ranking algorithms, we apply a straightforward but
effective sentence selection prineiple. We incrementally add into the summary the
highest ranked scntence of concern if it doesn’t signifieantly rcpeat the information
already included in the summary until the word limitation of the summary is reached.

4 Experiments

We eonduet the experiments on the data sets from the DUC 2005 and the DUC 2006.
In these two years, query-focused multi-document summarization is the only task.
According to the task definitions, systems are required to produce a eoneise summary
for each document set and the length of summaries is limited to 250 English words.

A well-recognized automatic evaluation toolkit ROUGE [11] is used for evalua-
tion. It measurcs summary quality by counting the overlapping units betwecn system-
generated summarics and human-written reference summaries. We rcport three
common ROUGE scores in this paper, namcly ROUGE-1, ROUGE-2 and ROUGE-
SU4 which base on Uni-gram match, Bi-gram match, and unigram plus skip-bigram
match with maximum skip distance of 4. Documents and queries are pre-proeessed by
segmenting sentences and splitting words. Stop words are removed and the remaining
words are stemmed using Porter stemmer.

4.1 Performance Evaluation and Comparison

In the experiments, the manifold ranking based summarizer using contextual informa-
tion is comparcd with the two baselines cmployed in the DUC. They are the lead




A Coniext-Sensitive Manifold Ranking Approach 35

baseline and the eoverage baseline. The lead baseline takes the first sentences one by
one in the last doecument in the eolleetion, where doecuments are assumed to be or-
dered chronologieally. The coverage baseline takes the first sentenee one by one from
the first doeument to the last doeument. We also present the results of top three sys-
tems with the highest ROUGE scores that partieipate in the DUC 2005 and the DUC
2006 for comparison.

For further comparison of the context-sensitive manifold ranking algorithm, we
also implement the basie manifold ranking algorithm without using any contextual
information as proposed in [1].

Tables 5 and 6 show the eomparison results on the DUC 2005 and 2006 data sets
respeetively. The parameters of manifold ranking based approaches are set as follows:
a=0.6. And the parameter of the weighted summation affinity matrix is set as
171=0.75.S15 and S24 etc. in the tables are the 1Ds of those top performing systems

participated in the DUC, and the other rows show the results of the proposed approach
with four different affinity matrix construetion strategies and the two baselines.
‘Stacked’ denotes the use of stacked affinity matrix, ‘Direet’ denotes the use of direct
summation affinity matrix, ‘Weighted’ denotes the use of weighted summation affin-
ity matrix, and ‘Cross’ denotes the use of eross-information affinity matrix.

Table S. Experimental Results on the Data of DUC 2005

Systems ROUGE-1 ROUGE-2 ROUGE-SU4
Stacked 0.38592 0.07498 0.13371
Direet 0.38951 0.07501 0.13385
Weighted 0.39005 0.07515 0.13397
Cross 0.39249 0.07520 0.13405
Wan’s 0.38523 0.07496 0.13353
Si15 0.37665 0.07381 0.13260
S4 0.37484 0.07003 0.12798
S17 0.36930 0.07256 0.12977
Coverage Baseline 0.34659 0.06013 0.09275
Lead Baseline 0.30583 0.04875 0.08154

Table 6. Experimental Results on the Data of DUC 2006

Systems ROUGE-1 ROUGE-2 ROUGE-SU4
Stacked 0.41702 0.10284 0.17405
Direet 041715 0.10291 0.17419
Weighted 0.41719 0.10295 0.17425
Cross 0.41734 0.10358 0.17430
Wan's 0.41685 0.10279 0.17401
S12 0.41611 0.10276 0.17399
S23 0.41505 0.10800 0.17834
S24 0.41020 0.10727 0.17431
Coverage Baseline 0.36753 0.08132 0.14596
Lead Baseline 0.33574 0.06942 0.12439
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From Tables 5 and 6, we can see that on the two DUC data scts, the proposed ap-
proaches outpcrform all the top systems and the baseline systems on all the ROUGE
scores. When compared with Wan’s approach, we can also see that after getting the
contextual information involved in affinity matrix construction, the enhanced context-
sensitive manifold ranking approach receives improved performance on both the
DUC 2005 and the DUC 2006 data sets. This demonstrates thc advantages using con-
textual information in manifold ranking.

4.2 Influence of Parameter 77 Used in Weighted Summation Affinity Matrix

Recall that in the definition of the weighted summation affinity matrix, the parameter
17 constitutes a tradeoff between the original and contextual information to form

sentence affinity matrix. Figurc 1 illustrates the influcnce of the parameter 77 on

the summarization based on the context-sensitive manifold ranking using weighted
summation affinity matrix. It i1s observed that when 77 varies from 0 to 0.7, the

performances of the proposed approach are always worsc than the corresponding
performances of the original manifold ranking approach. It is the better case when
17 varies from 0.7 to 1, which demonstrates that the contextual information can help

to improve the performance, but relying only on the contextual information
while ignoring the original information of the sentences will unavoidably hurt the
performance.
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Fig. 1. ROUGE-1 vs. 77

4.3 Influence of Parameter Tuning

Figure 2 and Figure 3 below demonstrate the influence of the manifold wcight & in
the proposed enhanced manifold ranking approach based four different affinity matri-
ces. It is observed that the small values of @ can deteriorate the summarization per-
formance, while the performance of summarization will achieve relativc stable state
when @ is around 0.6. It provces that the setting of & value is reasonable in the above
experiments.
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5 Conclusion

In this paper, we propose a context-sensitive manifold ranking approach to multi-
document summarization. Our approach takes advantage of both the original and the
contextual information of the sentences from the documents. By this approach, the
refined affinity matrix can capture more related information. The experimental results
show that the proposed approach improves system performance and the resultant
system i1s comparable to the top performing system in the DUC.
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Abstract. Several key applications like recommender svstems deal with
data in the form of ratings made by nsers on items. In such applications,
one of the most crncial tasks is to find nsers that share common interests,
or items with shnilar characteristics. Assessing the similarity between
nsers or items has several valnable nses, among which are the recomnmen-
dation of new items, the discovery of groups of like-minded individuals,
and the antomated categorization of items. 1t has been recognized that
popular methods to compute similarities, based on correlation, are not
suitable for this task when the rating data is sparse. This paper presents
a novel approach, based on the SimRank algorithm. to compute similar-
ity values when ratings are limited. Unlike correlation-based methods,
which only consider user ratings for common items, this approach nses
all the available ratings, allowing it to compute meaningful similarities.
To evaluate the usefulness of this approach, we test it on the problem of
predicting the ratings of users for nmovies and jokes.

1 Introduction

Many important applications like recommender systems deal with data in the
form of ratings made by users on items. In such applications, one of the most
crucial tasks is to find users that share common interests, or items with similar
characteristics. Assessing the simiilarity between nsers or items has several valu-
able nses. among which are the recommendation of new items, the discovery of
groups of like-minded individuals, and the automated categorization of items.
A popular method to compute the similarity between two nsers, found in
many collaborative filtering recommender systems, is based on the correlation
between the ratings made by these users on common items. As recognized by
several recent works on this topie, such as [5.]8?, this method is very sensitive
to sparse data. For instance, while two nsers can be similar if they have rated
different items, this method is unable to evaluate their siinilarity in such cases.
Moreover, although recent approaches based on dimensionality reduction and
grapl theory have been proposed for this problem, they also have their limita-
tions. For example, they canmot be used in situations where there are categorical

B.-T. Zhaug and M.A. Orgun (Eds.): PRICAI 2010, LNAT 6230, pp. 3951, 2010.
©) Springer-Verlag Berlin Heidelberg 2010
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Fig. 1. A bipartite graph represeuting responses (sets of categorical values) given by
users to items

ratings or otlier non-numerical rating types, such as the one shown in Figure 1,
and do not provide an easy way to integrate prior information on the similarities.

This paper presents a novel approach to compite similarities between users
or items when only a limited number of ratings are available. Based on the
well-known algorithm SimRank [9], this approach models the relations between
user similarities and item similarities using a system of linear equations, and
computes the similarity values by solving this system. However, unlike SimRank
and its recent extensions, our approach has the additional advantage of allowing
one to evaluate the agreement between any type of ratings, and integrate prior
similarity inforination.

The rest of this paper is organized as follows. In Section 2, we present some of
the most relevant work on the topic and describe the advantages of our approach
over these works. We then present the details of our approach in Section 3, and
iltustrate in Section 4 its usefulness on the problem of predicting the ratings of
users for movies and jokes. Finally, Section 5 provides a brief summary of our
work and contributions, and describes some of its possible extensions.

2 Related Work

2.1 Item Recommendation and Sparsity

Sparsity is a problemn occurring frequently in recommender systems when many
users liave provided ratings to a limited number of items, or many itemns have re-
ceived only a few ratings. A solution proposed for this problem consists in using
itemn content information to enhance the computation of similarities [10,14]. How-
ever, reliable content information may not be available, for example, if obtaining
this information requires expensive resources (e.g., hand made annotations) or
is simply too difficult (e.g., audio or video data).

Dimensionality reduction methods have also been developed to alleviate the
problem of sparsity. These methods work by decomposing the user-item rating
matrix [2,17] or a sparse sumnilarity matrix [5,6] into a limited number of latent
factors. These factors, which represent high-level characteristics of users and
items, are then used to predict new ratings. While decomposition approaches
are among the most accurate rating prediction methods, they generally lack the
ability to discover local relations in the data. Moreover, this class of techmiques
can only be used with numerical ratings, not categorical ones.
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Another category of methods proposed for recommending items in sparse
data uses graph theory to model the interactions betaveen users and items and
measure the strength of these relations. Such methods inelude approaches based
on geodesic distance [15], diffusion kernels [11], and random walks [5,8,18]. A
common problem with these methods is their lack of interpretability and the
difficulty of translating ratings into link weights, for instance, if the ratings are
negative or non-munerieal.

Finally, a different approach, proposed i1 [3], computes item similarities by
solving a global regression problem which finds the similarity values that best
predict known ratings using an item-based nearest-neighbor formulation. This
approach has three main himitations. First. it relies on a correlation-based method
to compute the nearest neighbors, which may be sensitive to sparsity. Also, the
itemn-based formulation used in this approach only considers the ratings made
by comnon users, which also ereates problems when the rating data is sparse.
Finally, the item similarities computed by this method depend on the rating
that is predicted, whicl is not suitable to the task of finding general similarities
between all items.

2.2 SimRank

The method introdneed in this paper is closely related to the bipartite version
of the SimRank algorithm proposed by Jeh and Widom [9]. Let. & and 7 be the
two sets of nodes of a bipartite graph representing, for instance, the users and
itens of a reconmender system. Moreover, denote by Z,, € T be the set of items
purchased by a given user v € U, and let U; C U be the set of users that have
purchased an item 7 € Z. The similarity between two users u and v, s(u,v), is
obtained as the average similarity of the items purchased by these nsers:

I T ) 1 (1)

€L, J€ L

Ci
s(u,v) = ———
|ZuIZ. |
where () € [0.1] is a constant controlling the flow of similarity values on the
graplt links. Likewise, the similarity between two items @ and j, (¢, j). can be
computed as the average similarity of users that have purchased these items:

Cy -~
. s{u,v), (2)
lullll’{J ll%l:li 1'%‘4:

s(i.j)
C; having the same role as C). SimRank compntes the similarity valnes by
updating them iteratively using equations (1) and (2), until a fixed-point is
reached.

A significant limitation of this approach, in the context of item recommen-
dation, is that it only considers the interactions between nsers and items (e.g.,
purchases) but not the ratings. Another method called SimRank++. recently
proposed in [1], extends SimRank by taking into acconnt the link weights as
modified transition probabilities. In this method, the similarity between two
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nodes is computed as a weighted average of the similarities of their adjaceunt

nodes:

s(uv) = € X Z Wiek ~ Whys 5 8(8: 1), (3)

1€, jETy

where w,; is the normalized weight of the link between u and 7. Like StmRank,
this method also has some limitations. First, since link weights are simply multi-
plied it may not be possible to compare the agreement between the ratings made
by two users on similar items, especially if these ratings are non-numerical. Also.
this method does not allow one to integrate prior knowledge on the similarity
values, for instance, obtained by comparing the content of items.

2.3 Contributions
This paper makes the following contributions:

1. It deseribes a novel approach to compute similarities that extends the Sim-
Rank algorithm and its extensions in two important ways:

(a) It uses an arbitrary function to compare the agreement between link
weights, which allows the use of non-numerical ratings.

(b) It provides an elegant way to integrate prior information on the simnilarity
values direetly in the computations.

2. Unlike similarity measures based on correlation which only use the ratings on
common items, this approach considers all the available ratings, allowing it
to compute similarities between users that have rated different items, thereby
reducing the sensitivity to sparse data.

3. It presents a first comprehensive experimental evaluation of a SimRank-
based method on the problem of predieting new ratings.

3 A Novel Approach

3.1 The General Formulation

Consider the task of evaluating the similarity s(u, v) between two users u and v.
A simple approach, used in several item reconunendation systems, is to ecompute
s(u, v} as the correlation between the ratings given by » and v on eommon items.
Besides being limited to numerical ratings, this approaeh has another significant
probleni: similarities can only be evaluated for users that have rated common
items, and the correlation values are only significant if there is a sufficient number
of common items. For these reasons, the correlation approach gives poor results
when the rating data is sparse.

As i SimRank, our approach overcomes these limitations by using all the
ratings given by u and v, not only those given to common items. Thus, we
evaluate the similarity between users u and v as the average rating agreement
for all pairs of rated items, weighted by the similarity of these items:

.S‘(’ll,. )’) = Zl Z X b(lw]) ]"(7'1tis7'l'j)v (4)

By & Ey j€I,.
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wliere & is a function that evaluates the agreement between two (possibly nou-
numerical) ratings, and Z,, is a normalization coustant, for instance, 7Z,, =
|Z.||Z.|. Examples of agreement function A for numerical ratings are the Radial
Basis Function (RBF) Ganssian kernel

"‘RBI"("‘M'- "lf_j) = (‘X]){_("-ui e 7'1'_))2/’72}~ ('r’)
where v controls the width of the kernel, and the Correlation kernel

} Vo — ) Weggn— g :
k(‘ur("ui-rlrj) = (P ')( = l)~ (())
Oy 0,

7. and o, being the mean and standard deviation of the ratings given by u. Note
that & does not need to be semi-definite positive (SDP), and the term kernel is
used in a more general way to represent a function measnring similarity.

A Denefit of this formulation is that the agreement between two ratings is
abstracted in funetion k, which can be tailored to model specific characteristics
or constraints of the system, as well as to measure the agreement between any
rating types. Moreover, this formulation can be easily extended to inclhude prior
information on the similarity between users u and v, obtained, for example, by
comparing their profiles (gender, age, etc.). Denote §(u, v) the a priori similarity
capturing this information, (4) can be extended to include s(u. v) as

s(u,v) = (1 —a)s(u,v) +

Z 503, 5) Rl (7)
“u i€, j€1I,
where a € [0, 1] controls the importance of the e priori shuilarity in the compu-
tation. Likewise, the similarity s(7, j) between two items 7, j € Z can be modeled
as

sij) = 1—a)d(d) + — ¥ 3 su.v) k(ruisre;), (8)

Zij u€ll, vel,

where $(7, j) models prior knowledge on the similarity between 7 and j. for iu-
stance, their content similarity, and Z;; has the same role as Z,,,..

3.2 Modeling Similarities as a Linear System

The relations between similarity vahies, as defined by equations (7) and (8).
formm a lnear system which can be deseribed using a matricial ll()ldti()n Denote
s ¢
the user and item similarities as vectors € RU™ and y € RIZ” such that each
pair of nsers n,v is mapped to a unique element x(,,, = s(u,v), and each pair
of items 7, j maps to a unique element y(;;, = s(i.j). Also, let ¢ € R“™ and
1712 ~ ey, |
d € RZ" be veetors such that Cluwy = S(u,v) and d;;y = §(i.j). Moreover,
define A as the (]2 x |Z|?) matrix such that A, = ﬁk(r“;. s iEsE Ty
and j € Z,,, and A5 = 0 otherwise. Likewise, let B is a (|Z]? x |¢4|?) matrix
such that By = -ZI'-’k(r,“,rl.J-) if u € U and v € U;, and By = 0
otherwise.
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The hnear system formed of equations (7) and (8) can thus be written in

matrix form as
B0l 66 o

and has the following sohution:

(5) - oG ) (3) - oo i s )E) oo
where R = (I — o?AB) and S = (I — &®BA).

3.3 Computing the Similarities

Although A and B may be very sparse matrices, their large size ean render
difficult the direct computation of R~! and S~!. A more efficient approach
consists in using an iterative method based on the von Neumann series expansion
of these matrices [11,13]:

R '=3 (a?AB)* and S !'=3 (a?BA)".
n=0 n=0

The solution for & can therefore be expressed as

z = (1-a) (i((rzAB)"c + aA i(azBA)"d) = (i(azAB)”> p.

n=0 n=0 n=0
(11)

where p = (1 — o) (¢ + aAd). Using the same approach, y is obtained as

n=0

e (i (a2BA)"> i (12)

where ¢ = (1 — o) (aBe + d).

This new formulation leads to a simple method to compute & and y. Since a
similar approach can be used for y, we limit our presentation to the computation
of x. First, the method mitializes @ to the null vector and initializes a temporary
vector w to p. Then, the following two steps are repeated until convergence or
a maximumn number of iterations is reached:

1. Update the similarities vector: @ «— x + w,
2. Update the temporary vector: w «— a?ABw.

Theorem 1. Denote by Anax the largest eigenvalue of matriz AB, also known as
its speetral radius. The iterative method presented above converges if a?|Agax| < 1.

Proof. Let XAX ! be the eigen-decomposition of matrix AB. At the n-th iter-
ation. we have
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[[(ePABTY]] = ||X{e® AKX < ||%

| 2 i oo | =Y

T

If 0%|Amax| < 1 then ||[(@2AB)"|| will converge to 0 as n approaches infinity. As
a consegnence, © will converge to a fixed valne.

To analyze the complexity of this approach, as observed in most recommender
svstens, we suppose the number of ratings given by any user to be bounded by a
constant m independent of the number of items. Since Ay, Is non-zero only
ifi € Z, and j € Z,, assnming an even distribntion of ratings among the nsers
and items, the expected number of non-zero valnes in A is given by

U2 |22 m 2 4] m?
—_——— X Sy = -
2 Iz 2

4

o(U?).

Likewise, we find the expected number of non-zero elements of 3 to be in O(|U4|?).
Moreover, because the method hias to store the non-zero valunes of A and B, as
well as the values of possibly deuse vectors x and p, the expected space complex-
ity of the method is O(|i/|?). For the time complexity. the dominant operations
are the two matrix multiplications: Bw = w’ and Aw’. Since the complex-
ity of these operations is proportional to the nmmnber of non-zero elements in
the nmltiplying matrices, the total expected time complexity of the method is
O(nmax|U|?). Where iy is the maximum number of iteratious made by the
method. While 7., largely depends on the normalization constants Z,, and
Zij, as well as on the link agreement function k. iu onr experiments. the nmethod
would normally take 5 to 10 iterations to converge.

3.4 Solving without Prior Information

Although it is always possible to use default values for e and d. for instance
C(uey = 1 if u = v and 0 otherwise, the approach proposed in this paper could
also be used without such information. The following theorem explains how this
can be done.

Theorem 2. Let G be a directed weighted bipartite graph constructed such that
cach pair of users u,v corresponds to a node (uv) from the first set of nodes,
cach pair of items i, j s @ node (ij) from the second set, and whose adjacency

matrir 18
0]A
hW(G) =
adj(G) (B 0) :

If o = 1. A/B are non-negative matrices and G is connected. then vectors «
and y correspond, respeetively, to the unique cigenveetors of matvices AB and
BA associated with the largest eigenvalue of these matrices. Morcover, these
cigenveetors can be computed using a power iteration method [7].

Proof. Suppose we constrain @ and y to a specifie length, for instance ||z|| =
lly|| = 1, then equations (7) and (8) can be expressed as ¢ = L Ay and y = L Bz,
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where w and ¢ are normalization coustants. Inserting the second one into the
first, we get (ow)xr = ABx and, thus, x is an eigenvector of AB corresponding
to the eigenvalue A = ow. Likewise, ¥ is an eigenvector of BA corresponding to
the same cigenvahe.

Furthermore, since A and B are non-negative, so are matrices AB and BA.
Also, because G is connected, and since A(y)@5) > 0 if and only if B(m(uv% >0,
G is also strongly counected. Consequently the graph with node set &4* and
adjacency matrix AB, and the graph with node set Z? and adjacency matrix BA
are also strongly connected. This, in turn, is equivalent to saying that AB and
BA are irreducible matrices. Finally, since AB and B A are square, non-negative,
irreducible matrices, by the Perron-Frobenius theorem on non-negative matrices,
the eigenspace corresponding to the eigenvalue A, of largest magnitude is of
dimension one and contains an eigenvector whose components are all positive.
Running two parallel power iteration methods on matrices AB and BA will
therefore converge to the unigne positive eigenvectors of AB and B A, associated

; ; et Y
t0 Amax [7]. The convergence of this method is geometric with respect to |—’)\\M‘LI <

I

I, where A7 .

is the eigenvalue of second largest magnitude.

Following Theorem 2, the similarity values can be computed by repeating the
following two steps until convergence:

1. Update the normalized uscr similarities: * — Ay / || Ayl
2. Update the normalized item similarities: y — Bz / ||Bx||.

Once again, this approach usually converges within a few iterations and the
complexity of each iteration is reduced by the fact that matrices A and B are
normally quite sparse.

4 Experimental Evaluation

In this section, we evalnate our approach on the task of predicting the ratings
of users for movies and jokes. As it is tailored to compute similarities in sparse
data, and not specifically to predict ratings, it should be recognized that our
approach is not directly comparable with state-of-the-art methods for this task.
Yet, evalnating our approach on this problem still provides valuable informa-
tion, as it allows us to measure the quality of its computed similarities. To this
end, we compare the similarities obtained by our method with those compnted
with correlation-based and SVD methods, in the nearest-neighbor prediction of
ratings. Since all three types of similarities use the same approach to predict
ratings, more accurate predictions indicate niore relevant siimilarity values.

4.1 Tested Methods

In our experiments we compared three methods to compute similarities. The
first one, called ESR {Enhanced SimRank), is the approach described in this
paper. For these experimnents, we nsed Z,, = |Z,||Z.| and Z;; = \U;||U4;] as
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normalization coustants and the Gaussian RBF kernel of (5) with 4 = 0.05
as the rating agreement function. However, this kernel was used in a slightly
different way for matrices A and B. Thus, for A, the kernel was computed on
the normalized ratings (ryu; — 7)) /{(fimax — T'min), Where 7, is the average rating
given by nser w and ry,. fmax are the minimnm and maximum values of the
rating range. For B, however, the kernel was commputed on ratings normalized as
(rui —T3)/ (ymax — "min ). Where T, is the average rating given to item i. Finally, we
used a = 0.95 as the blending factor and defined the a priori similarity values as

1.0, if u = v (vesp. i = §),

8(w,v) (resp. 8(i,5)) = 0.1, otherwise.

These parameter values were selected based on cross-validation.
The second method, denoted by PCC, is the Pearson correlation similarity.
Following the literature (e.g., see [16]). we computed nser similaritics as

Z (rul a -1:“)(7'” - T,,)

s(u,v) = ookl = = — (13)
/ Z (7'ui _7‘11)2 L (7'1‘1 = "v)'
\, €T, €Ty,
and the item similarities as
Z (rui a 7—'1)(1'u,1 & FJ)
(27}
s(i,7) = o - (14)
Z ('rui _ 71,)2 L (l'uj TJ )2
wEld, u€ld;,

Finally, the third method, called SVD. is based on the decomposition of the
rating matrix. Like the approach described in [17], we represented each user
u by a vector p, € RS and each item by a vector q; € RY, where [ is the
dimensionality of the latent space. Veetors p,, and g; were then learned from the
data by solving the following problem:

min ¥ (% p;ql)z sl lpull =1llgsll =1, Yue U, Vi €T, (15)

PO siieiD

where z,; = (ui — Ti)/(Fmax — Fmin). This problem corresponds to finding, for
cach nser u and item i, coordinates on the surface of the f-dimensional unit
sphere snch that u will give a high rating to 7 if their coordinates are close
together on the surface. H two users « and v are nearby on the surface, then
they will give similar ratings to the samne items, and, thus, the similarity between
these users can be computed as s(u,v) = pIp,f. Likewise, the similarity between
two items i and j can be obtained as s(i. j) = q, q;. Based on cross-validation,
we have used f = 50 in our experiments.

The similarities obtained with these three methods were used to predict rat-
ings r,; in two different ways. In the furst approach, called user-based prediction
[12], the K nearest-neighbors of « that have rated 7, denoted by N;(u), are
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found with the users similarities. The ratings of these nsers for ¢ are then used
to predict r,; as

Pasie = Wy Z (u,0) - (roi = Tw) / Z |s(u, v) (16)

vEN; (u) vEN;(u)

The secoud approach, known as item-based prediction [4], instead uses the item
similarities to find the K uearest-neighbors of item ¢ that have been rated by u,
denoted by N, (i), and predicts ratings as

Pt = Ty + Z 8(,9) - (s = T5) /D lsCi,g)l. (17)
N (i) JENu(2)
In the experiments presented in this section, we nsed K = 50 as the number of

nearest-neighbors considered in the prediction.

4.2 Benchmark Datasets

We tested the prediction approaches on three different real-life datasets, Movie-
Lens', Netfliz? and Jester?, coming from systems recommending movies and jokes.
The properties of these datasets are given in Table 1. Compared to the other two, the
Jester dataset is particularly dense, with 410,000 ratings per joke on average. This
dataset also differs from the others by the fact that its rating scale is continnous.

Table 1. Properties of the benchmark datasets

[ Dataset | Twpe | Nb. users [ Nb. items | Nb. ratings | Rating range |
MovieLens | Movies 6,040 3,952 1M {1,2,3.4,5}
Netfliz Movies | 480,189 17,770 100 M {1,2,3,4.5}
Jester Jokes 72,421 100 4.1 M [—10,10]

To generate datasets of varions sparsity levels, we randomly selected 5,000
users from the Netflic and Jester datasets, and discarded the ratings that were
not made by these users (the ratings of the MovieLens dataset were all kept).
Then, for all three datasets, we sub-sampled the ratings of the remaining users
by randomly seclecting a user v € Y with a probability proportional to |Z,,| and
randomly removed one of its ratings from Z,,. We repeated this sub-sampling
process until || x p, ratings were left, where p,, is the desired average number of
ratings per user. To avold having users with too few ratings, however, we allowed
removing a rating from user u only if |Z,| > 0.5 % p,. Using an average number
of ratings p, of 5. 10, 15 and 20, we obtained with this approach four snbsets
for each of the MovieLens, Netflir and Jester datasets. Note that, although the
MovieLens and Netfliz datasets contain information on the users and movies,

! http://www.grouplens.org/
2 http://www.netflixprize.com/
3 http://wwu.ieor .berkeley.edu/~goldberg/jester-data/
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as well as timestamps indicating when the ratings were made, we did not take
such information into account in these experiments.

To assess the performance of these strategies, we nsed a 10-fold cross-validation
scheme, where the dataset D was randomly split in 10 equal sized subscts
Dy, k =1....,10. For each k, we nsed Ulﬂc Dy to compute the user aud item
simitarities (trainmng phase) and then evaliated the Mean Absolute Error (MAE)
and the Root Mean Squared Error (RMSLE) on subset. Dy. The reported error
vahues were taken as the mean errors over all 10 subsets.

MovicLENS DATA SUBSETS
” USER-BASED PREDICTION
Result

ITEM-BASED PREDICTION

o pPCC | SVD | ESR ” PCC | SVD | ESR
MAE [[0.937 (L011) [ 0.870 (.014) | 0.854 (.011) [[ 0.857 (.018) | 0.883 (.018) [ 0.811 (.011)
5 || RMSE || 1.236 (.012) 156 (.017) | 1.128 (.012) || 1.134 (.017) | 1.162 (.017) | 1.076 (.012)
#NN 0.7 24.5 24.5 0.6 4.2 4.2
MAE |[[ 0.897 (.009) | 0.798 (.010) | 0.783 (.009) || 0.860 (.004) | 0.832 (.008) | 0.754 (.010)
10 || RMSE || 1.170 (.009) | 1.060 (.010) | 1.036 (.011) || 1.133 (.007) | 1.096 (.011) | 1.005 (.012)
#NN 8.2 31 34.1 3.9 10.4 10.4
NMAE || 0841 (.008) | 0.776 (.006) | 0.762 (.010) || 0.818 (.008) [ 0.803 (:007) | 0.735 (.008)
15 || RMSE || 1.104 (.010) | 1.033 (.009) | 1.006 (.010) || 1.079 (.010) | 1.061 (.007) | 0.970 (.010)
#NN 19.7 38.7 38.7 8.1 15.6 15.6
MAE | 0.807 (.007) | 0.773 (.005) | 0.753 (.006) || 0.785 (-007) | 0.786 (.010) | 0.723 (.006)
20 || RMSE || 1.063 (.006) | 1.027 (.007) | 0.991 (.005) || 1.039 (.007) | 1.038 (.011) | 0.965 (.00T)
#NN | 29.3 41.4 | 41.4 13.3 271 211
NETFLIX DATA SUBSETS
- Fasalt USER-BASED PREDICTION ITEM-BASED PREDICTION
A A PCC | SVD SR PCC | SVD | ESR
[ NAE 0.911 (L016) | 0.896 (.020) | 0.877 (.020) [[ 0.929 (.012) | 0.960 (.019) [ 0.881 (.011)
5 || RMSE || 1.216 (.021) | 1.190 (.021) | 1.166 (.022) || 1.220 (.015) | 1.247 (.021) | 1.164 (.016)
#NN 0.5 18.7 18.7 0.4 4.3 4.3
MAE [[0.890 (.013) | 0.845 (.007) | 0.811 (.011) || 0.920 (.010) | 0.899 (.013) | 0.819 (.007)
10 || RMSE || 1.170 (.014) | 1.117 (.007) | 1.081 (.012) || 1.213 (L011) | 1.171 (.012) | 1.086 (.010)
#NN 5.2 26.9 26.9 255) 10.6 10.6
MAE 0.867 (.008) | 0.832 (.011) 00T011) 0.593 (.010) | 0.867 (.008]) 792 (.011)
15 || RMSE ([ 1.134 (.011) | 1.102 (.011) 055 (.011) || 1.175 (.011) 37 (.010) 058 (.013)
#NN 12.9 31.0 31.0 5.5 15.9 15.9
NMAE |[ 0.839 (.007) | 0.824 (.007) | 0.776 (-008) [[ 0.860 (.006) | 0.548 (.005) | 0.776 (.005)
20 | RMSE || 1.103 (.009) | 1.090 (.007) | 1.037 (.009) [| 1.138 (.005) [ 1.114 (.008) | 1.039 (.006)
L #NN 20.5 33.7 | 33.7 9.2 21.4 21.4
JESTER DATA SUBSETS
Bl USER-BASED PREDICTION ~ 1TEM-BASED PREDICTION
Rag || i PCC | SVD |  ESR PCC SVD | ESR
[ [T MAE [[ 1.076 (.072) | 3.940 (.050) | 3.896 (.0G1) || 4.060 (.047) | 4.714 ( 053) | 3.800 (.058) |
5 || RMSE || 5.191 (.081) | 5.063 (.079) | 5.017 (.073) || 5.212 (.063) | 5.053 (.109) | 4.891 (.069)
#NN 39.5 50.0 50.0 4.1 1.1 1.1
MAT || 3.710 (.059) | 3.675 ((m) 655 (.062) || 3.588 (.052) | 4.345 (.042) | 3.603 (.055) |
10 || RMSE || 4.695 (.067) | 4.702 (.0 651 (.074) || 4.587 (.069) | 5.410 (.041) | 4.592 (.067)
#NN 50.0 .,0 u 50.0 9.1 9.1 9.1
([ MAE [ 3.665 ((035) [ 3.571 (.029) 3 581 ((038) [ 3.476 (039) | 4.193 (L.038) | 3.539 (.039) |
15 || RMSE || 4.617 (.049) | 4.567 (.032) | 4.538 (.049) || 4.434 (.050) | 5.184 (.038) | 4.493 (.051)
#NN 50.0 50.0 50.0 13.9 13.9 13.9
MAE 3.631 (.018) | 3-505 (.019) | 3.541 (.015) || 3.431 (.020) | 4.143 (.031) | 3.511 (.018)
20 || RMSE [| 1.568 (.027) | 4.490 (.021) | 4.480 (.025) || 4.365 (.028) | 5.105 (.032) | 1411 (.027)
#NN 50.0 50.0 50.0 18.9 18.9 | 18.9

Fig. 2. Average MAE and RMSE (and corresponding standard deviation) obtained for
the MovieLens, Netflir and Jester data subsets, with an average nmmmber of ratings
per user g, € {5,10,15,20}. #NN gives the average number of neighbors used in the
predictions.
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4.3 Prediction Results

Figure 2 presents the results for the six rating prediction methods on the Movie-
Lens, Netfliz and Jester data subsets. The lower the MAE and RMSE values,
the more accurate are the methods at predicting ratings. Moreover, the #NN
values give the average muuber of neighbors used in the predictions. A low value
indicates that a significant portion of the user or item shnilarities are equal to
zevo, due to data sparsity.

From these results, we can see that the similarity values obtained by our
nicthiod leads to more accurate predictions than those of the SVD method, even
though these predictions were made with the sanie number of neighbors. More-
over, compared to PCC, our method also leads to better results on the sparser
datasets MovieLens and Netfliz. However, in the denser Jester dataset, PCC
similarities produce more accurate predictions for p, = 15 and p, = 20. Even
thongh we have used only a sub-sample of the ratings, one should note that
the Jester data subsets tested in our experiments are still very dense. Thus, for
pu = 15, users still have rated on average 15% of the jokes. Nevertheless, the
result of this experiments seem to indicate that our method provides better sim-
ilarity values when the data is sparse, but corvelation based approaches might
be superior when a large nuinber of ratings is available.

5 Summary and Future Works

This paper presented a novel approach to compute similarities. Like SirnRaunk, our
approach uses a fornmlation that associates similarities between linked objects of
two different sets. However, our approach also allows one to model the agreement
between link weights using any desired function and provides an elegant way to
integrate prior information on the sinilarity values directly in the computations.

To illustrate its usefulness, we have described how this approach can be used
to evaluate the similarities between the users or the items of a reconnender
system. based on the ratings of users on items. In contrast to the traditional
methods using rating correlation, our approach has the benefit of considering
all the available ratings made by two users, making possible the computation of
similarities between users that have rated different items. Also. as opposed to
more recent recommendation methods, this approach is not limited to numerical
ratings and provides a simple way to integrate information on item content or
user profile similarity. Finally, experiments conducted on the problem of predict-
ing new ratings on three different real-life datasets have shown the similarities
obtained with our approach to lead to more accurate predictions than those ob-
tained by two other methiods based on Pearson correlation and on SVD, when
the data is sparse.

In future works, we wonld like to deeper investigate the impact of using prior
knowledge on the similarities, for instance, obtained from user profiles and itemn
content. Moreover, we also consider defining and evaluating other types of rating
agreement functions, in particular, in the setting where ratings are non-mmmerical.
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Abstract. In this paper, we proposc a multiobjective optimization
(MOOQ) based technique to deterinine the appropriate weight of voting
for each class in each classifier for Named Entity Recognition (NER).
Onr underlying assumption is that reliability of predictions of each clas-
sifier differs among the various named entity (NE) classes. Thus, it is
necessary to quantify the amount of voting for each class in a particu-
lar classifier. We use Maxinium Entropy (ME) as the base to gencrate a
number of classifiers depending upon the various feature representations.
The proposed algoritlim is evalnated for a resource-constrained language
like Bengali that yicld the overall recall, precision and F-measure valnes
of 79.98%, 82.24% and 81.10%, respectively. Experiments also show that
the classifier ensemble identified by the proposed mmltiobjective based
technique outperforms all the individual classifiers, three different con-
ventional baseline ensembles and an existing single objective optimization
based approach.

1 Introduction

Named Entity Recognition (NER) is an hmportant pipelined module in many
Natural Langnage Processing (NLP) application arecas such as information ex-
traction [1], machine translation (2], question answering [3] and automatic sum-
marization (4] etc. Named Entity (NE) identification in Indian langnages in
general and Bengali in particular is more difficult and challenging compared to
English, most of the European langnages and some of the Asian langnages such
as Chinese, Japanese and Korean. The difficulties lic with some of the facts
such as: (1). nissing of capitalization nformation, (ii). appearance of NEs in the
dictionary with some other specific meanings, (iii). free word order nature of
the langnages and (iv). resource-constrained environinent, i.e., non-availability
of corpora, annotated corpora, nante dictionaries, good morphological analyz-
ers, part of speech (POS) taggers etc. in the required measure. Thus, developing
reasonably high accurate NE taggers for such resource-poor languages is a big
challenge.

* The first two authors are the joint first anthors.

B.-T. Zhang and M.A. Orgun (Eds.): PRICAI 2010, LNA1 6230, pp. 52-63, 2010.
© Springer-Verlag Berlin Heidelberg 2010
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In the area of machine learning, the concept of combining (or, ensembling)
classifiers has drawn much attention to the researchers during the last few years
with the aim of achieving better performance in comparison to the individual
classifiers. that could be of homogeneous or heterogenous types. Feature selec-
tion is also a very crucial issue in machine learning. In the present work. we
assume that rather than searching for the best-fitting feature set, ensembling
several homogenous NER systems where each one is based on different feature
representation could be more eflective. But, the selection of appropriate subset
of classifiers is very crucial. Moreover, all the classifiers are not good to detect all
tyvpes of NE classes. For ensembling the outputs of all classifiers, either majority
voting or weighted voting is used. In case of weighted voting, weights should
ary among the various NE classes in each classifier. The weight of a particular
classifier should be high for that particular NE class for which it performs good.
Otherwise, weights should be low for the NE classes for which its outputs are
not very reliable. Some single objective optimization technigues like genetic al-
gorithm (GA) [5] can be used to determine the appropriate weight combinations
per classifier [6]. This single objective optimization techinique can only optimize
a single quality measure, e.g., recall, precision or F-measure at a tune. But,
sonmetimes a single measure canmot capture the quality of a good ensembling
reliably. A good weighted vote based ensemble should have its all the param-
eters optimized stmultaneously, In order to achieve this, we use multiobjective
optimization (MOO) [7] that is capable of simultaneously optimizing more than
one elassification quality measures. Experimental results also justify that MOO
performs superior compared to the single objective optimization for NER. We
use ME framework as a base classifier. Depending on the various combinations
of the available features, different versions of this classifier are made. These fea-
tures are langnage independent in nature, and can be derived for almost all the
languages with a very little effort.

The proposed technique is evaluated for a resource constrained language like
Bengali. In terms of native speakers, Bengali is the fifth popular language i the
world, second in India and the national language in Bangladesh. We manually
annotate approximately 250K wordforimns that were randomly selected from a
portion of the Bengali news corpus [8], developed from the archive of leading
newspaper available in the web. In addition, we also use the LJONLP-08 NER
on South and South East Asian Languages (NERSSEAL)! Shared Task data of
around 100K wordforms. Evaluation results of our proposed method yield the re-
call, precision and F-measure vahies of 79.98%, 82.24% and 81.10%. respectively.
Results also show that the elassifier ensemble identified by our proposed tech-
nique outperforis all the individual classifiers, three different baseline ensembles
and a single objective optimization based approach [6].

In the literature, there exists some works related to NER that made use
of classifier combination techniques. For example, Florian et al. [9] reported a
system by combining four diverse classifiers that exhibited best performance i
the CoNLL-2003 shared task [10]. In Indian langnages, the classifier combination

! http://Nre.diit.ac.in /ner-ssea-08
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technique for NER has been reported in Ekbal and Bandyopadhyay [11] for
Bengali. But, these two works are based on the multiple heterogenous classifiers,
and used more complex experimental set up along with the domain dependent
resources. In contrast, our system (i). is based only on the ME framework, (ii).
makes use of a small set of features that can be very easily obtained for many
languages and (iii). does not make use of domain dependent resources, but still
achieves the state-of-the-art performance.
The key contributions of our work are listed below:

1.A MOO based technique is proposed for selecting the best weights to form a
classifier ensemble?. We tried to establish that such ensemble is eapable to in-
crease the classification quality by a large margin compared to the conventional
ensenible methods.

2. ME is used as a test classifier due to its less computational overhead. However,
the proposed method will work for any set of classifiers, i.e. either homogeneous
or heterogeneons. The proposed technique is very general and its performance
may further improve depending upon the choice and/or the number of classifiers
as well as the use of more conmplex features.

3. The proposed technique ¢an be replicated for any resonrce-poor language very
easily due to its langnage independent nature.

4. The proposed technique is applicable for any type of classification problems
like NER, POS-tagging, question-answering ete. To the best of our knowledge,
use of MOO to select appropriate weights for voting is a novel contribution.

5. Note, that our work proposes a novel way of ensembling the available classi-
fiers. Performance of the existing works, that are based on ensemble techniques
(e.g.. [11], [9] ete.), can be further improved with our proposed algorithm.

6. Another important motivation of MOQO based technique is to provide the
users a set of alternative solutions with high recall values or solutions with high
precision values or solutions with moderate recall and preeision values. Depend-
ing upon the nature of problems or the requirement of the users, appropriate
solutions can be selected.

2 Problem Formulation

In this section, we formulate the weighted vote based classifier ensemble problem
under the MOO framework. Let, the N number of available elassifiers be denoted
by Cy,...,Cn and A = {C; : i = 1; N}. Suppose, there are M number of output
classes. The weighted vote based classifier ensemble selection problem is then
stated as folows:

Find the weights of votes V' per classifier which will optimize a function F/(V).
Here, V is an real array of size N x M. V (i, ) denotes the weight of vote of the
ith classifier for the j'" class. More weight is assigned for that particular class
for whicl the classifier is more confident, whereas the output classes for which
the classifier is less confident are given less weight. V (i, j) € [0.1] denotes the

2 We use 'classifier ensemble’ and ‘ensemble classifier’ interchangeably.
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degree of confidence of the i'* classifier for the j* class. These weights are nsed

while combining the ontputs of the classifiers using weighted voting. Here, I is
a classification quality measure of the combined weighted vote based classifier.
The particnlar type of problem like NER has mainly three different kinds of
classification quality measures, namely recall, precision and F-measnre. Thus,
F € {recall, precision, F-measure}.

Multiobjective Formulation. The MOO can be formally stated as follows [7].
Find the vectors T = [¢],25,. ... 2%]T of decision variables that simultancously
optimize the M objective valies {f1(Z), fo(F).. .., far(T)}, while satisfving the
constraints, if any.

Now, the weighted vote based classifier ensemble selection problem under the
MOO framework takes the form as follows:

Find the weights of votes per classifier V such that. maximnize [Fi(V). Fo(V))],
where Fy, Fy € {recall, precision, F-ineasnre} and Fy # F, . We choose F| =
recall and F) = precision.

Selection of Objectives. Performance of MOO largely depends on the choice of
the objective functions which should be as contradictory as possible. In this work,
we choose recall and precision as two objective functions. From the definitions, it
is clear that while recall tries to increase the number of tagged entries as much
as possible, precision tries to increase the unmber of correctly tagged entries.
These two capture two different classification ¢ualities. Often, there is an inverse
relationship between recall and precision, where it is possible to increase one at
the cost of redncing the other. For example, an information retrieval system (such
as a search cngine) can often increase its recall by retrieving more docinments at
the cost of increasing number of irrelevant docnments retrieved (i.e. decreasing
precision). This is the underlying motivation of similtaneonsly optimizing these
two objectives. Figure 1 shows, for example, the Pareto optimal front identified
by the proposed MOO approach. This again supports the contradictory nature
of these two objective functions.

Note, that F-measure is the harmonic mean (i.c., weighted average) of recall
and precision. But, it has been thoroughly discnssed in Chapter 2 of Ref (7]
that weighted sum approach cannot identify all non-dominated solutions. Only
solutions located on the convex part of the Pareto front can be fonnd. Bnt as dis-
cussed in the last note of introdnction, onr another important motivation of this
work is to provide the nser a set of alternative sohitions. Thus, MOO is indeed
the best candidate to solve this problem. Here, no weight is required to combine
the objectives (i.e., recall and precision) and thus no a prior: information on
the problem is needed.

Nondominated Sorting GA-II. Onr main objective is to find the appropri-
ate weights of voting that will be nost snitable to formm a classifier ensemble.
In order to achieve this goal, we use a nmltiobjective evoltionary algorithm,
namely Nondominated Sorting GA-11 (NSGA-II). NSGA-II [12] is a widely used
MOO techinique based on GA. Here, initially a random parent population Py
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Fig. 1. Pareto optimal front of the proposed MOO based ensemble for the combined
classifiers

is created and the population is sorted based on the partial order defined by
tlie non-domination relation. This relation yields a sequence of nondoniinated
fronts. Each solution of the population is assigned a fitness which is equal to
its non-domination level in the partial order. A child population Qg of size N
is created from the parent population ) by using binary tournament selection,
recombination, and mutation operators. According to this algorithm, in the t*"
iteration, a combined population R, = P, +Q; is formed. The size of R, is 2/N. All
the solutions of R, are sorted according to non-domination. If the total number
of solutions belonging to the best nondominated set F) is sialler than N, then
Fy is totally included in P, ). The remaining members of the population P )
are chosen from subsequent nondominated fronts in the order of their ranking.
To choose exactly N solutions, the solutions of the last inclnded front are sorted
using the crowded comparison operator [12] and the best among them (i.e. those
with lower crowding distance) are selected to fill in the available slots in Py .
The new population Py is then nsed for selection, crossover and mutation to
create a population Q41 of size N.

3 Named Entity Features

We use the following features for constructing the various classifiers based on
the ME framework.

1. Context words: These are the preceding and sncceeding words of the current
word.

2. Word suffix and prefix: Fixed length (say. n) word suffixes and prefixes
are very effective to identify NEs and work well for the highly inflective Indian
language like Bengali. Actually, these are the fixed length character sequences
stripped from either the rightniost or leftinost positions of the words.

3. First word: This is a binary valued feature that checks whether the current
token is the first word of the sentence or not. We consider this feature with the
observation that the first word of the sentence is most likely a NE, especially in
a newspaper corpus,



=1
-~

MOO Approach for NER {

4. Lengtlt of the word: This binary valied feature checks whether the length
of the token is less than a predetermined threshold (set to 5) value. We observed
that very short words are most probably not the NEs.

5. Infrequent word: A list is prepared that contains those words, having less
than 10 occurrences in the training data. A binary valued featnre *INFRQ' is
defined that fires if the eurrent word appears in this list. We observed that very
fregnently ocenrring words are most probably not the NEs.

6. Part of Speech (POS) information: POS information of the current
and/or the surrounding word(s) are extracted using a SVM based POS tag-
ger [13].

7. Position of the word: This binary valued feature checks the position of the
word in the sentence. Sometimes, position of the word in a sentence aets as a
good indicator for NE identification. This feature fires if the word is at the last
position in the sentence.

8. Digit features: Several digit features (digitConnmna, digitPercentage ete.)
are defined depending npon the presence and/or the mmber of digits and/or
symbols in a token. These features are helpful to identify miscellaneous NEs.

4  Our Proposed Method for Classifier Ensemble Selection

In this section, we present the classifier ensemble selection problem with a frame-
work that is fonnded on the principle of MOO algoritlun, namely NSGA-11.

4.1 Chromosome Representation and Population Initialization

If the total number of available classifiers is M and total number of output tags
(or, classes) is O, then the length of the chromosome is M x O (each chromosome
encodes the weights of votes for possible O classes for each classifier). In the
present work, we nse real encoding. The entries of each chromosome are randomly
initialized to a real valne (r) between (0 and 1. Here, r = rofidi)

: : g RAND_MAX+1*
example, the encoding of a particnlar chromosome is represented below:

As an

0.59 0.12 0.56 0.09 0.91 0.02 0.76 0.5 0.21

Here. M = 3 and O = 3 (i.e., total 9 votes can be possible). The chromosome
represents the following voting ensemble:

The weights of votes for 3 different output classes are 0.59, 0.12 and 0.56,
respectively for classifier 1; 0.09, 0.91 and 0.02, respectively for classifier 2; and
0.76, 0.5 and 0.21, respectively for classifier 3.

If the population size is P then all the P number of chromosomes of this
population are initialized in the above way.

4.2 Fitness Computation

Initially, the I*-mecasnre values of all the ME based classifiers are computed on a
development set. Then, we exeente the following steps to compnte the objective
values.
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1) Suppose, there are total A nnmber of classifiers. Let, the overall F-measure
values of these M classifiers be Fy, i =1...M.

2) Each classifier is trained using the training data and tested with the develop-
ment data. Now, for the ensemble classifier the output label for cach word in the
development data is determined using the weighted voting of these M classifiers’
outputs. The weight of the class provided by the i** classifier is equal to I(mn, ).
Here, I(m, i) is the entry of the chromosome corresponding to m'” classifier and
it class. The combined score of a particular class for a particular word w is:

flei) = Zl(m,i) % i,
Ym=1:M & op(w,m) = ¢

Here, op(w, m) denotes the outpnt class provided by the m!”* classifier for the
word w. The class receiving the maxinnin combined score is selected as the joint
deeision.

3) Now, the overall recall, precision and F-measure values of the ensemble clas-
sifier are computed on the development set. The objective functions correspond-
ing to a particutar chromosome are f; = reeall and f; = precision. The main
goal is to maximize these two objective funetions using the search capability of

NSGA-IL

4.3 Genetic Operators

We use erowded binary tournament selection as 1 NSGA-I1, followed by con-
ventional erossover and mutation. The most charaecteristic part of NSGA-II is
its elitism operation, where the noun-dominated solutions [7] anong the parent
and child populations are propagated to the next generation. The near-Pareto-
optimal strings of the last generation provide the different solutions to the en-
semble problem.

4.4 Selection of a Solution from the Final Pareto Optimal Front

In MOO, the algorithms produce a large nuniber of non-dominated solutions (7]
on the final Pareto optimal front. Each of these sohitions provides a weighted
vote based classifier ensemble. All the solutions are equally important from the
algorithmic point of view. But, sometines the nser may need only a single so-
lution. Consequently, in this paper a method of selecting a single solution from
the set of solutions is now developed.

For every solution on the final Pareto optimal front, the F-measure value of the
weighted vote based classifier ensemnble for the development set is caleulated. The
best solution is selected to be the one, having the highest F-measure value. Final
resnlts on the test data are reported using the classifier ensemble corresponding
to this best solution. There can be many other different approaches of selecting
a solution from the final Pareto optimal front.
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5 Experimental Results and Discussions

We use the OpenNLP Java based ME package?® for the MaxEnt experiments.
Model parameters are computed with 200 iterations without any feature fre-
quency entoff. We set the following parameter values for NSGA-11: population
size=100, number of generations=>50, probability of mutation=0.2 and proba-
bility of crossover = 0.9. Note that these values are selected after a thorough
sensitivity analysis of the parameter values on the perforinance of the proposed
system. We define three different baseline ensembles as below:

1. Baseline I: This is based on the majority voting among the classifiers.

2. Baseline 2: This is a weighted voting approach. In each classifier, weights are
calcnlated based on the average F-measure value of the 3-fold cross validation
on the training data.

3. Baseline 3: For each classifier, the average F-measure valne of ecach class is
computed from the 3-fold cross validation on the training data. The weight of
any classifier is set to the average F-measnre valne of the corresponding class
that it assigns to a word.

5.1 Datasets for NER

Indian langnages are resonrce-constrained in nature. For NER, we use a Bengali
news corpns (8], developed from the archive of a leading Bengali newspaper avail-
able in the web. Ont of 34 million wordforns, a portion containing approximately
250K wordforms is mannally annotated with a coarse-grained NE tagset of four
tags namely, PER (Person name), LOC (Location name), ORG (Organization
name) and MISC (Miscellaneous name). The miscellaneons name includes date,
time, number, pereentages, monetary and measurement expressions. The data is
collected mostly from the National, States, Sports domains and the varions sub-
domains of District of the particular newspaper. This annotation was carried ont
by one of the authors and verified by an expert. We also use the 1.JCNLP-08 NER
on South and South East Asian Languages (NERSSEAL)? Shared Task data of
aronnd 100K wordforms that were originally annotated with a fine-grained tagset
of twelve tags. This data is mostly from the agrieulture and scientific domains.
An appropriate mapping is defined to convert the fine-grained NE annotated
data to the desired forms, ie. tagged with a coarse-grained tasget of four tags.
In order to report the evalnation results, we randomly partition the dataset into
training, development and test sets that contain approximately 263K, 50K and
37K wordforins, respectively. The mmmber of nuseen NEs in the test set is 39.5%.
In order to properly denote the bonndaries of NEs, four basic NE tags are fur-
ther divided into the fornat I-TYPE (TYPE—-PER/LOC/ORG/MISC) which
means that the word is inside a NE of type TYPE. Ouly if two NEs of the same
type immediately follow each other, the first word of the second NE will have
tag B-TYPL to show that it starts a new NE. This is the standard 10B format
that was followed in the CoNLL-2003 shared task [10].

? Iittp://maxent.sonrceforge.net/
4 http://Itrc.diit.ac.in /ner-ssca-08
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5.2 Results and Discnssions

We build a number of different ME models by considering the various combi-
nations of the available NE features. In particular, we construct the classifiers
from the following set of features:

(i). considering the various context size within the previous three and next
three words, (ii). word suffixes and prefixes of length up to three (3+3 different
features) or four (444 different features) characters, (iil). POS information of the
current word, (iv). first word, (v). length. (vi). infrequent word, (vii). position,
and (viii). digit features.

We generate 152 different classifiers by considering the various combinations
of the available features. Sonie of these classifiers are shown in Table 1. The best

Table 1. Evalnation results with the various feature subsets. Here, the following ab-
breviations are used: CW:Context words, PS: Size of the prefix, SS: Size of the suffix,
WL: Word length, IW: Infrequent word, PW: Position of the word, FW:First word,
DI: Digit information, -i,j: Context words spanning from the i'" left position to the j*!
right position with the current word at position 0, R: recall, P: precision, F:F-measure,
X: Denotes the presence of the corresponding feature (we report percentages).

Classifier | CW{FW|PS|SS|WL|[IW|PW|DI|POS|Normal Training |After Sampling
R P I R P F

My 211X 3 |13 IX (X |- |IX X [71.21[83.55|76.88}81.52{69.79(75.20
M2 -2,11X (3 13 |X X (X |X|X [70.87|83.73|76.74|81.52|69.85(75.24
Mga 2,1 (X 13 41X - ) X |1X 68.65|83.54]75.36|79.41(69.38|74.06
Msz3 201X 3 M X |- |- XX [67.54|82.20|74.15|80.18{69.43|74.42
M35 -121X |13 4 |IX |- |- X X 68.01(82.21{74.44]80.09]68.82|74.03
Mgg 22X 4 13 |IX |- |- X X 65.32|81.89|72.67|78.75|67.77|72.85
Maog 211X 4 13 |1X |- |- X |X 66.24182.27173.39]79.21168.75|73.61
Moy -1L1X 4 |13 (X |- |- |IX (X [68.85182.84|75.20|78.03]67.35[72.30
Mys -121X 4 I3 (X |- |- |IX (X [66.61}81.67|73.37|79.91{69.06{74.09
Mios 221X 13 |4 [X |IX |- X |X |67.40{82.67|74.26]|73.79|63.02|67.98
Mios 20X (3 4 X X |- XX 169.10[83.45|75.60(79.91(68.84|73.96
Mios 11X 13 14 |X X - XX 169.42]82.63|75.45|79.25|67.16|72.70
Moy 121X 13 41X X |- XX [68.28|81.95|74.50180.45|68.48{73.98
Mo 021X [3 4 IX X | X X 67.88|81.18|73.94180.05|68.75|73.97
Mz 33 |IX (3 [4 X |X |- X X 65.50|81.20]72.51180.09|65.43|72.02
Mg 221X 14 13 X X |- X X 65.93]|81.76]|72.99|79.34|67.26|72.80
Mis 2,1 1X 4 13 |X |IX |- XX 66.72]82.30|73.70|79.48|68.32|73.48
Mus -LEIX 143X IX |- X X 69.15|82.71|75.32|78.21167.30|72.34
Mue -1,21X 4 |13 |X X |- X 1|, 66.79(81.68|73.49|79.91|68.48|73.76
Mi29 221X 13 4 (X (X IX X |X [67.36]83.07|74.39|74.67|62.48(G8.03
Miso -2,11X 13 4 [ X X X XX |68.85{83.54|75.49|79.98/68.91|74.03
Miss -1.21X 13 41X |IX |IX XX 6%.1582.16(74.50180.50)68.52|74.03
Ma7 221X 413 IX X X IX X 65.68]82.01]72.94]79.25167.23|72.75
Migo SLTIX 413 1X XX XX [68.94|82.84|75.25]|78.16|67.31|72.33
Mg -121X 4 13 IX (X XXX 66.54|81.90(73.42|79.84|68.51|73.75
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Table 2. Results on the test set. Here R, P and F refer to recall, precision and F-
measnre, respectively (we report percentages)

Model Normal Training |After Sampling I\_liﬁ*(l
R B F R P 3 R (3 I

Best individnal classifier|71.21183.54|76.88|81.52(69.85|75.24|71.21|83.54|76.88
Baselhine 1 71.25|84.12|77.15|81.90({70.21|75.61(71.50|83.98]77.24
Baseline 2 71.34|84.21|77.24(82.06}70.71{75.96]71.69|84.21|77.45

Baseline 3 71.43|85.01|77.63|82.514)71.81]76.80]73.12|84.25|78.29
GA based enseible 71.68[86.07|78.22|83.19]74.25|78.47(78.35|81.358|79.89
MOO based ensemble  |74.00]84.82(79.04[82.14|76.39|79.16|79.98|82.24|81.10

individual classifier shows the recall, precision and F-measure values of 71.21%,
83.54% and 76.88%, respectively. Therecafter, we apply the single objective GA
based approach [6] to determine the appropriate elassifier ensemble. Overall eval-
uation results of this ensemble along with the best individnal elassifier and three
different baseline ensembles are reported in Table 2. Results show that the single
objective GA based ensemble performs better than the best individual classi-
fier as well as the three baseline ensembles. Then, we apply our proposed MOO
based approach to determine the appropriate ensemble and its results are also
shown in Table 2. We observe the increments of 2.16%. 1.89%, 1.80% and 1.41%
I'-measure values over the best individnal classifier, Baseline 1, Baseline 2. and
Baseline 3. respectively. The proposed MOO based approach also attains an in-
provement of 0.82% F-measure over the corresponding single objective version.
Statistical analysis of variance. (ANOVA) [14]. is performed in order to examine
wliether the MOO based ensemble technique really outperforms the best indi-
vidnal classifier, three baselinc ensembles and GA based ensemble. ANOVA tests
show that the differences in mean recall, precision and F-mmeasure are statistically
significant as p value is less than 0.05 in each of the cases.

Our training set is highly imbalanced. The ratio between positive (NEs) and
negative examples is 1:11.21. We observed on the development set that this
skewed distribution heavily biases the classifiers towards the negative category,
and accordingly investigated random sampling techniques to make the ratio of
positive and negative examples more balanced. We experiment with a sampling
strategy that randomly over-sanples the positive examples until it becomes equal
to the number of negative ones. This random sampling vields a new set of 152
classifiers, which are again evalnated on the development set. Resnlts reveal that
in most of the cases, recall values are increased at the cost of preeisions with
respect to their corresponding older versions (coustructed with the same set of
features). However, the overall F-measure values are quite similar in most of
the eclassifiers. Results of some classifiers on the sampled dataset are reported
in Table 1 for the test set. Overall results are presented in Table 2 which shows
that the proposed multiobjective based approach performs better than the best
individual classifier, three baseline ensembles and the single objective GA based
ensemble [6]. Comparison between these two sets of results also shows that the
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later gains recall at the cost of precision in most of the eases. As a result of
sampling, single and multiobjeetive optimization based techniques attain overall
performance imiprovements by (.25% and 0.12% F-measure points, respectively.

The basic principle of MOO is that objectives should be as mueh conflict-
ing as possible in nature. In the first set (normal classifiers), the recall values
are lower than the precision values. But in the second set (sampled classifiers),
recalls are higher than preeisions in general. These two observations give an in-
sight that the capabilities of MOO could be best utilized if it is executed on the
combination of these two types of classifiers. Thus, we seleet 76 best elassifiers
according to their F-measure values from cach of these sets. Thereafter, GA and
MOO based approaches are executed on these resultant 152 classifiers. Evalu-
ation results are reported in Table 2 for the test set, which again shows that
MOO based approach performs the best. The proposed MOO based ensemble
teehnique performs superior to the previous two MOO based ensembles with
more than 2.06% (before sampling) and 1.94% (after sampling) F-measures, re-
spectively. The single objective GA based ensemble also gains 1.67% and 1.42%
F-measures, respectively. Compared to the baseline models, we observe a slight
degradation of precision in the proposed MOO based ensemble. However, the
Pareto optimal front of Figure I reveals that there indeed exists some solutions
with higher preeision values.

Summary of Results. Evaluation results reveal that the proposed approach
is truly able to improve the performance of the classifiers by appropriately en-
sembling them. Performance of the ensembles can further be imiproved if we
combine the individual classifiers, having a variety of elassification methodolo-
gies that could achieve ditferent rate of correctly classified individuals. Moreover,
MOO based approacli provides a set of trade-off solutions froin which users ean
choose the desired one based on their requirciment. We also observe that MOO
perforins superior to the best individual elassifier, baseline inodels and a single
objective GA based approach [6].

6 Conclusion

In this paper, we present the problem of selecting the appropriate votes per clas-
sifier for eaeh elass in NER as an optunization problem. We have assumed and
experimentally verified that instead of eliminating some classifiers eompletely, it
is better to quantify the amount of vote per classifier for eacli class. To solve this
problem, we proposed a MOO based solution that can simultaneously optimize
two different classification measures. Based on the ME framework, a number of
different elassifiers have been built by seleeting different feature combinations
from a set of language independent features. Our proposed algorithm is appli-
cable for any language due to its language independent nature. The proposed
algoritlun has been evaluated for a resource constrained language like Bengali.
Evaluation results showed that the overall performarnce attained by the proposed
teehnique outperforms the best individual classifier, three different baseline en-
sembles and a single objective optimization based ensemble technique. In future
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we would like to develop the vote based classifier enseimnbles using other learning
algorithms like Conditional Random Field and Support Vector Machine.

References

10.

. Cummingham, H.: GATE, a General Architecture for Text lingineering. Computers

and the Humanities 36, 223-254 (2002)

. Babych, B., Hartley, A.: hmproving Machine Translation Quality with Automatic

Named Entity Recognition. In: Proceedings of EAMT/EACL 2003 Workshop on
MT and other Language Technology Tools, pp. 18 (2003)

Moldovan, D., Harabagiu, S., Girju, R., Morarescu, P., Lacatusu, F., Novischi, A.,
Badulescu, A., Bolohan, O.: LCC Tools for Question Answering. In: Text REtrieval
Conference, TREC 2002 (2002)

Nobata, C., Sekine, S., Isahara, H., Grislhhman, R.: Summarization System Inte-
grated with Named Entity Tagging and 1E Pattern Discovery. In: Proceedings of
Third International Conference on Language Resources and Evaluation (LREC
2002), Spain (2002)

Goldberg, D.E.: Genetic Algorithms in Search. Optimization and Machine Learn-
ing. Addison-Wesley, New York (1989)

. Ekbal, A., Saha, S.: Weighted Vote Based Classifier Ensemble Selection Using

Genetic Algorithm for Nanmed Entity Recognition. In: Proceedings of 15th inter-
national Conference on Applications of Natural Langnage to Information Systems
(NLDB 2010), Cardifl, Wales, UK, pp. 256-267 (2010)

Deb, K.: Multi-objective Optimization Using Evolntionary Algorithms. John Wiley
and Sons, Ltd., England (2001)

Ekbal, A.. Bandyopadhyay, S.: A Web-based Bengali News Corpus for Named
Entity Recognition. Language Resources and Evaluation Journal 42(2), 173 182
(2008)

. Florian, R., Ittycheriah, A., Jing, H., Zhang, T.: Named Entity Recognition through

Classifier Combination. In: Proceedings of the Seventh Conference on Natural Lan-
guage Learning at HLT-NAACL 2003 (2003)

Tjong Kim Sang, E.F., De Meulder, F.: Introduction to the CoNLL-2003 Shared
Task: Language Independent Named Entity Recognition. In: Proceedings of the
Seventh Conference on Natural Language Learning at HLT-NAACL 2003, pp. 142
147 (2003)

. Ekbal, A., Bandyopadhyay, S.: Voted NER System using Appropriate Unlabeled

Data. In: Proceedings of the 2009 Named Entities Workshop: Shared Task on
Transliteration (NEWS 2009), ACL-LJCNLP 2009, pp. 202210 (2009)

Deb, K., Pratap, A., Agarwal, S., Meyarivan, T.: A Fast and Elitist Multiobjec-
tive Genetic Algorithm: NSGA-I11. IEEE Transactions on Evolutionary Computa-
tion 6(2), 181 197 (2002)

. Ekbal, A., Bandyopadhyay. S.: Web-based Bengali News Corpus for Lexicon De-

velopment and POS Tagging. POLIBITS 37, 20-29 (2008)

4. Anderson, T.W., Scolve, S.: Introduction to the Statistical Analysis of Data.

Houghton Mifflin (1978)




Local Search for Stable Marriage Problems with
Ties and Incomplete Lists

Mirco Gelain!, Maria Silvia Pini!, Francesca Rossil,
Kristen Brent Venable!. and Toby Walsh?

! Dipartimento di Matematica Pura ed Applicata, Universita di Padova, Italy
{mgelain,mpini,frossi,kvenable}@math.unipd.it
2 NICTA and UNSW Syduey, Australia
Toby.Walsh@nicta.com.au

Abstract. The stable marriage problem has a wide variety of practical
applications, ranging from matching resident doctors to hospitals, to
matching students to schools, or more gencrally to any two-sided market.
We cousider a useful variation of the stable marriage probleni, where
the men and women express their prefercnces using a preference list
with ties over a subset of the members of the other scx. Matclings arc
permitted only with people who appear in thesc prefereuce lists. In this
sctting, we study the problem of finding a stable matching that marries
as many people as possible. Stability 1s an envy-free notion: no man
and woman who are not marricd to eaeh other would both prefer each
other to their partners or to being single. This problem is NP-hard.
We tackle this problem using local search, exploiting properties of the
problem to reduce the size of the neighborhood and to make loeal moves
efficicutly. Experiiental results show that this approaeh is able to solve
farge problems, quickly returning stable matchings of large and often
optimal size.

1 Introduction

The stable marriage problem [1] is a well-known problem of matching men to
women to achieve a certain type of “stability™. Eachi person expresses a striet
preference ordering over the members of the opposite sex. The goal is to mateh
men to wonien so that there are no two people of opposite sex who would both
rather be matched with each other than with their current partners. Surprisingly
such a stable marriage always exists and one can be found in polynomial time.
Gale and Shapley give a quadratic time algorithm to solve this problem based
on a series of proposals of the men to the women (or vice versa) [2|. The stable
marriage problem has a wide variety of practical applications, ranging from
matching resident doctors to hospitals, sailors to ships, primary school students
to secondary schools, as well as in market trading.

There are many variants of this classical formulation of the stable marriage
problem. Some of the most useful in practice include incomplete preference lists
(SMI), that allows us to model unacceptability for certain members of the other
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sex, and preference lists with ties (SMT). that model indifference in the prefer-
ence ordering. With a SMI problem, we have to find a stable marriage in which
the married people accept each other. 1t is known that all solutions of a SMI
problem have the same size [3] (that is, immber of married people). In SMT
problems, instead, solutions are stable marriages where everybody is married.
Both of these variants are polynomal to solve. In real world sitnations. both ties
and incomplete preference lists may be needed. Unfortunately, when we allow
both, the problem becomes NP-hard [3]. In a SMTI (Stable Marriage with Ties
and Incomplete lists) problem, there may be several stable marriages of different
sizes, and solving the problem means finding a stable marriage of maxinmun size.

In this paper we investigate the use of a local search approach to tackle this
problem. Our algorithm starts from a randomly chosen marriage and. at each
step. moves to a neighbor marriage which is obtained by removing one blocking
pair, that is, a man-woman pair who are not married to cach other in the current
marriage but who prefer to be married with cach other rather than with with
their enrrent partners. Stable marriages have no blocking pairs. so the aim of
such a move is to pass to a marriage which is closer to stability. Among the
neighbor marriages. the evalnation function chiooses one with the smallest mim-
ber of blocking pairs and of singles. Sinee there may be several stable marriages
with different sizes, we look for the one with maxinmmn size (that is, the smallest
number of singles). Random moves are also nsed, to avoid stagnation in local
minima. The algorithm stops when a perfeet matching (that is. a stable mar-
riage with no singles) is found, or when a given limit on the number of steps is
reached.

This basic local search approach works well with problems of hmited size, but
does not. scale. With large sizes, it fails to find good solutions and sometimes
even stable marriages. One of the main reasons is that the neighborhood can be
very large, since a marriage may have a large nmmber of blocking pairs. Many
sneh blocking pairs ean be ignored since they are “dominated” by others, whose
removal will also climinate all the dominated blocking pairs. By considering
only iundontninated blocking pairs, we can solve SNT1 problems of much larger
size in a small amount of time. The marriages returned by onr local search
method are stable and contain very few single people. Experiments on randomly
generated SMTI problems of size 100 show that our algorithm is able to find
stable marriages with at most two singles on average in tens of seconds at worst.

The SMTI problem has been tackled also in [4], where the problem is mod-
cled as a constraint optimization problem and a constraint solver is employved
to solve it. This systematic approach is guaranteed to find always an optimal
solntion. However, our experimental results show that our local search algorithm
in practice always finds optimal solntions. Morcover, it scales well to sizes much
larger than those considered in [4]. Instanees of size comparable to ours are con-
sidered in [5]. However, the problem solved in that paper is the decision version
of our optimization problem. That is, they ask if there exists a stable marriage
of a certain size. Another approach is to use approximation. Given an SMTI
problem, if its maximmm cardinality stable marriage marriages are of size k, an
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e/ -approximation algorithm is able to return a stable marriage of size at least
B/a - k. The SMTI problem cannot have and i-approximation algorithm for i
greater than 33/29 unless P=NP [6]. A 3/2-approximation algorithm has been
proposed in [7].

2 Background

2.1 Stable Marriage Problems with Ties and Incompleteness

A stable marriage (SM) problem [1] consists of matching meinbers of two differ-
ent sets, usually called men and women. When there are n men and n women,
the SM problemn is said to have size n. Each person strictly ranks all members
of the opposite sex. The goal is to match the men with the women so that there
are no two people of opposite sex who would both rather marry each other than
their current partners. Such a marriage is called stable. At least one stable mar-
riage exists for every SM problem. In fact, the set of stable marriages forms a
lattice. Gale and Shapley give a polynomial time algorithm to find the stable
marriage at the top (or bottom) of this lattice [2].

In this paper we consider a variant of the SM problemn where preference lists
way include ties and may be incomplete. This variant is denoted by SMTI [8].
Ties express indhfference in the preference ordering, while incompleteness models
unacceptability for certain partners.

Definition 1 (SMTI marriage). Gwen a SMTI problem with n men and n
women, a marriage M is a onc-to-onc matching between men and women such
that partners are acceptable for each other. If a man m and a woman w are
matched in M, we write M(m) = w and M(w) = m. If a person p is not
matched in M we say that he/she is single.

Definition 2 (Marriage size). Given a SMTI problem of size n and a mar-
riage M, its size is the number of men (ov women) that arc married.

A example of a SMTI problemn with four men and women is shown in Table 1.
A SMTI problem is described by giving, for each man and woman, the corre-
sponding preference list over members of the other sex. For example, by writing
2:2 (3 4) among the men’s preference lists we mean that man mg strictly prefers
woman wsy to women ws and wy, that are equally preferred.

Table 1. An example of a SMTI problem of size 4

men’s preference lists women’s preference lists

E-9)4) 1:31(24)
2: 2 (3 4) 2:142
3:.(1234) 3:(12)(43)

4:(32) 14 4: (324)
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Definition 3 (Blocking pairs in SMTIs). Consider a SMTI problem P. a
marriage M for P, a man m and a woman w. A pair (m.w) is a hlocking pair
in M if m and w find acceptable caclh other and m is either single in M or he
strictly prefers w to M(m), and w is cither single in M or she strictly prefers
m to M(w).

Definition 4 (Weakly Stable Marriages). Given a SMTI problen P, a mar-
riage M for P is weakly stable if it has no blocking pairs.

As we will consider only weakly stable marriages. we will simply call them stable
marriages. Given a SMTI problem, there may be several stable marriages of
different size. If the size of a marriage coincides with the size of the problem, it
is said to be a perfect matching.

In the above example, the marriage 2 3 1 4 (where the number in position 1
indicates the woman married to man m, in that marriage) is stable and its size
is 4, so it is a perfect matching.

Solving a SMTI problem means finding a stable marriage with maximal size.
This problem is NP-hard [3].

2.2 Local Search

Local search [9.10] is one of the fundamental paradigms for solving conputation-
ally hard combinatorial problems. Local search methods in many cases represent
the only feasible way for solving large and complex instances. Moreover, they
:an naturally be used to solve optimization problems.

Given a problem instance, the basic idea underlying local search is to start
fromm an initial search peosition in the space of all solutions (typically a ran-
domly or heuristically generated candidate solution, which may be infeasible,
sub-optimal or incomplete), and to hmprove iteratively this candidate sohition
by means of typically minor modifications. At cach search step we move to a
position selected from a local neighborhood, chosen via a heuristic evaliation
function. The evaluation function typically maps the current candidate solution
to a real number and it is such that its global minima correspond to solutions
of the given problem instance. The algorithin moves to the neighbor with the
smallest value of the evalnation function.

This process is iterated until a teriination criterion is satisfied. The termina-
tion criterion is usually the fact that a solution is found or that a predetermined
nuniber of steps is reached, although other variants may stop the search after a
predefined amount of time.

Different local search methods vary in the definition of the neighborhood
and of the evaluation function, as well as in the way in which situations are
handled when no improvement is possible. To ensure that the search process does
not stagnate in unsatisfactory candidate solutions, most local search methods
use randomization: at every step, with a certain probability a random move is
performed rather than the usual move to the best neighbor.
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3 Local Search on SMTIs

We adapt the classical local search schema to SMTI problems as follows. Given
a SMTI problem P. we start from a randomly generated marriage M for P. At
cach search step, we move to a new marriage in the neighborhood of the enrrent
one. For each marriage M, the neighborhood N(AM) is the set of all marriages
obtained by removing one blocking pair froin M. Consider a blocking pair bp =
(rm,w) in M and assume ' = M{w) and w’ = M (m). Then, removing bp from
M means obtaining a marriage M’ in which m is married with w and both m/
and w’ become single, leaving the other pairs in the marriage M mnchanged.
Notice that, if M is stable, its neighborhood is empty. Notice also that this
notion of neighborhood is not symmetric.

To select thie neighbor to move to, we use an evalnation function f : M,, — Z,
where M, is the set of all possible marriages of size n, and f(M) = nbp(M) +
ns(M). For each marriage M, nbp(M) is the number of blocking pairs in M,
while ns(M) is the number of singles i1 M which are not in any blocking pair.
The algorithim moves to a marriage M’ € N(M) such that f(M') < f(M")
YM" € N(M).

During the searcl, the algorithm maintains the best marriage found so far,
defined as follows: if 1o stable marriage has been found, then the best marriage
is the one with the sinallest value of the evaluation function; otherwise, it is the
stable marriage with less singles.

To avoid stagnation in a local minimum of the evaluation function, at each
search step we perforin a random walk with probability p (where p is a parameter
of the algorithm). In the random walk, we move to a randomly selected marriage
in the neighborhood (we tried also to move to a generic random marriage, but
this gave worse behavior). If a stable marriage is reaclied, its neighborhood is
cmpty and a random restart is performed.

The algorithm terminates if a perfect marriage (that is, a stable marriage with
no singles) is found, or when a maximal mmber of search steps is reached. Upon
termination, the algorithm returns the best marriage found during the search.

The pseudo-code of our algorithm, called LTI, is shown in Algorithm 1. In
the psendo-code, Mgy 1s the best marriage found so far, and fp.q its evalna-
tion (number of blocking pairs plus number of singles). Function best_aneighbor
returns one of the Dest marriages in the eighborhood of the current marriage,
according to the evaluation function.

In addition to this siimple local search algorithm which directly applies stan-
dard local search approaches to SMTI problems, we have also designed a more
sophisticated algoritlun which has been tailored to exploit the specific features
of SMTT problems. The main difference is in the definition of the neighborhood,
which refers to the notion of undominated blocking pairs.

Definition 5 (Dominance in blocking pairs). Let (m,w) aend (m,w’) be two
blocking pairs. Then (m,w) dominates (from the men's point of view) (m,w')
if m prefers w to w'. There is an equivalent concept from the women’s point of
view.
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Definition 6 (Undominated blocking pair). A men- (resp.. women-) un-
dominated blocking pair is a blocking pair such that there is no other blocking
pair that dominates it from the men’s (resp.. women’s) point of view. When the
point of view (men or women) is elear or not important, we will omat at.

Algorithm 1. LTI
input : a SMTI problem P, au integer maux _steps, a probability p
output: a marriage

1 M «— randomn marriage
2 steps — 0

3 ‘[hpsl — M
4

Joese = J(M)

5 repeat

6 if f(M) =0 then

7 | return M

8 if rand() < p then

9 L M — RandomWatk(M)

10 else

11 PAIRS — blocking pairs in M/

12 if PAIRS is empty then

13 [_ perform a random restart

14 else

15 | M — bestneighbor(M. PAIRS)

16 if M is the first stable marriage found so far then
17 |_ Soest — F(M), Myost — M

18 if Myt 15 not stable and fresy > f(M) then

19 | foest = S(M), Myess — M

20 if both My.ot and M are stable and fpesr > f(M) then
21 | foese — FIM), Miose — M

22 steps «— steps + 1

23 until steps > mar_steps .
24 return M.

For example, consider the SMTTI problem in Table 1, the marriage 1 2 3 4, and
two blocking pairs (my, wz) and (my, wy). Using the definitions above, (i, w,)
dominates (my. wy) from the women’s point of view. If we remove (niy, wy) from
the marriage, (my, w2) will remain. On the other hand, removing (my. wy) also
eliminates (e, we). Thus removing undominated blocking pairs may reduce the
number of blocking pairs more than eliminating dominated pairs.

We call LT1U the algorithm LTI where the neighborhood is defined as the set
of marriages obtained from the current one by removing any dominated blocking
pair. More precisely, at each step we consider the nundominated blocking pairs
from the men’s point of view which are also undominated from women’s point




70 M. Gelain et al.

of view. Notice that, in this step, the role of men and women matters, and will
yicld a different result if swapped.

Then, to ensure gender neutrality in our algorithm?, in the next step we swap
genders and do the sanie.

Due to their ability to restart, our algorithms have the PAC (probabilistically
approximate complete property) [11]. That is, as their runtime goes to infinity,
the probability that the algorithm returns an optimal solution goes to one. If
the algorithm starts at a stable marriage, the algorithms will perform a random
restart, which will end up in an optimal solution with probability greater than
zero. On the other hand, if the algorithm starts from a non-stable marriage, we
perform one or more steps in which we remove a blocking pair. This sequences
of blocking pair removal have been shown to converge to a stable marriage with
non-zero probability in the context of SMs with incomplete preference lists [12].
The proof of this result can be adapted to our context, as we have ties in the
preference lists. Since a stable inarriage can be reached with non-zero probability,
and as we have argued above that fromn any stable marriage random restarting
will reach an optimal solution with non-zero probability, the PAC property holds.

4 Experimental Setting

Problems are generated using the same method as in [4]. The generator takes
three parameters: the problem’s size n, the probability of incompleteness p; and
the probability of ties pa. Given a triple (r, py, p2), a SMTI problem with n men
and n women is generated, as follows:

1. For each man and woman, we generate a random preference list of size n,
i.e., a pernmtation of n persons;

2. We then iterate over eacl man's preference list: for a man m; and for each
women w; in his preference list, with probability p; we delete w; from m;’s
preference list and delete m; from w;’s preference list. In this way we get a
possibly mcomplete preference list.

3. I any man or woman has an empty preference list, we discard the problem
and go to step 1.

4. We iterate over each person’s (men and women'’s) preference list as follows:
for a man m; and for cacli woman in his preference list, in position j > 2,
with probability po we set the preference for that woman as the preference
for the woman in position j — 1 (thus putting the two women in a tie).

Note that this method gencrates SMTI problems in which the acceptance is
synunetric. In fact, if a woman w is not acceptable for a man m, m is removed
from w’s preference list. This does not introduce any loss of generality because,
even if such a removal is not performed, m and w cannot be matched together
in any stable marriage.

! Gender neutrality is nsually considered a desirable feature in a stable marriage
procedure.
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Notice also that this generator will not construct a SMTI problem in which
a man (resp., woman) has in his preference list only women (resp., men) who
do not find him (resp. her) acceptable. Such a man (resp., woman) will remain
single in every stable matching. Therefore a simple preprocessing step can remove
such men and women, giving a smaller problem of the form constructed by our
generator.

We generated random SMTI problems of size 100, by letting p2 vary in [0, 1.0
with step 0.1, and py vary in [0.1, 0.8] with step 0.1 (above 0.8 the preference lists
start to be empty). For each parameter combination, we generated 100 problem
instances. Morcover, the probability of the random walk is set to p=20% and
thie search step Hmit is s=50000.

4.1 Experimental Results

We run our experiments on 2 x Quad-Core AMD Opteron 2.3GHz CPU with
2GB of RAM. In practice we used only one core because our algorithnt is not
designed for mnlti threading.

We first analyzed the behavior of the base algorithm, LTL. Unfortumately
this algorithm fails to find a stable marriage in most of our test problems (see
Figure 1). In fact. LTI always finds a stable marriage for problems where there
are many ties (that is, pa high) and/or a lot of incompleteness (that is, py high).

percentage of stable marage:

Fig. 1. Average nmumber of stable marriages found by LTI

On the other hand, algorithm LTIU finds a stable marriage in 100% of the
runs. Since stability is essential in onr context, from now on we will only show
the experimental results for algorithm LTTU.

We start by showing the average size of the marriages returned by LTIU.
In Figure 2 we can see that ETIU finds a perfeet marriage (that is, a stable
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Fig. 2. Average size of marriages with LTIU

marriage with no singles) almost always. Even in settings with a large amount of
imeompleteness (that is, p1 = 0.7 - 0.8) the algorithin finds very large marriages,
with only 2 singles on average.

We also consider the numnber of steps needed by our algorithm. From Fig-
ure 3(a), we can see that the number of steps is less than 2000 most of the time,
except for problems with a large amount of ineompleteness (i.e. p; = 0.8). As
expeeted, with p; greater than 0.6, the algorithm requires more steps. In some
eases, it reaches the step limit of 50000. Moreover, as the percentage of ties rises,
stability becomes easier to aehieve and thus the number of steps tends to de-
crease slightly. We note that complete indifference (i.e. po=1) is a speeial ease.
In fact, in this situation, the number of steps inereases for almost every value of
p1. This is because the algorithm makes most of its progress via random restarts.
In these problems every person in a preferenee list is equally preferred to all the
others. This means that the only bloeking pairs are those involving singles who
both find aceeptable eacl other. In this situation, after a few steps all singles
that ean be married are matched, stability is reached, and the neighborhood
becontes empty. The algorithm therefore perforins another random restart. It is
therefore very difficult to reach a perfect matehing and the algorithm often runs
until the step hmit.

The algorithm takes, on average. less than 40 seconds to give a result even
for problems with a lot of incompleteness (see Figure 3(1)). As expeeted, with
p2 = 1 the time inereases for the same reason diseussed above eoncerning tle
mumber of steps.

Re-considering Fignre 2 and the fact that all the marriages the algorithm finds
are stable, we notiee that most of tlie marriages are perfeet.

From Figure 4 we see that the average percentage of matchings that are
perfeet is almost always 100% and this percentage only deercases when the
incompleteness is large.
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resauns

(a) average number of steps (b) average execution time

Fig. 3. Average munber of steps and execution time for LTTU

100 —— : 3 —4 —®- . . L 2 —a - .
4 = p1=0 ¢
1 -
. 3 e b
~ p1=0
P s
p1206 | o
80 p1=07 ., *
3 T’ » p1=08 4
>
£ .l
s 80
2 L4
€
€
L
g
H |
.3
201
|
+
ol . . Y, S L i A
0.1 02 03 04 05 06 07 ] ] 1
p2

Fig. 4. Percentage of perfect matchings

We compared onr local search approach to the complete method from [4]. In
their experiments, they measured the maxinumm size of the stable marriages in
problems of size 10, fixing p; to 0.5 and varying p; in [0,1]. We did the same
experiments (generating new instances), and obtained stable marriages of a very
similar size to those reported in [4]. This means that although onr algorithm
is incomplete in principle. it always finds an optimal solution in our randomly
generated instances, and for small sizes it behaves as a complete algoritlun in
terms of size of the returned marriage. However. we can also tackle problems
of muel larger sizes (at least 100), still obtaining optimal solutions most of the
tinles.

We also considered the runtime behavior of our algoritlun, In Figure 5 we show
the average normalized nnnber of blocking pairs and, in Figure 6, the average
normalized number singles of the best marriage as the execution proceeds. Al-
thongh the step linit is 50000, we only plot results for the first steps because the
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normalized average number of blocking pairs

5
@

. 5. Average normalized number of blocking pairs (p2=0.5)

normalized average number of singles

Fig. 6. Average normalized number of singles (p2=0.5)

rest 1s a long plateau that is not very interesting. We shows the results ouly for
2 = 0.5. However, for greater (resp., lower) mmmber of ties the curves are shifted
slightly down (resp., up). From Figure 5 we can see that the average number of
blocking pairs decreases very fast, reaching 5 blocking pairs after only 100 steps.
Then, after 300-400 steps, we reach 0 blocking pairs (i.e. a stable marriage) al-
most all the times for all values of p;. Considering Figure 6, we can see that
the algorithm starts with more singles for greater values of p;. This happens
because, with more incompleteness, it is more unprobable for a person to be ac-
ceptable. However, after 200 steps, the average number of singles becomes very
small no matter the incompleteness in the problem. Looking at both Figures 5
and 6, we ohserve that, although we set a step limit s = 50000, the algorithm
reaches a very good solution after just 300-400 steps. In fact, after this number
of steps, the best marriage found by the algorithm usnally has no blocking pairs
nor singles, i.e. it is a perfect mateching. This appears largely independent of the
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amount of incompleteness and the number of ties in the problems. Hence, for
SMTI problems of size 100 we could set the step limit to just 400 steps and still
be reasonably sure that the algorithm will return a stable marriage with a large
size, no matter the amount of incompleteness and ties.

5 Conclusions

We have presented a local search approach for solving stable marriage problenis
with ties and indifference. Experimental results show that our algorithmn is both
fast and effective at hinding large stable marriages .Moreover, the runtime behav-
ior of the algorithms is not greatly influenced by the amount of incompleteness
or ties in the problem. The algorithim was nsually able to obtain a very good
solution after a very small amount of time.

Future directions inclhiide an assessinent of the trade-off between the cost of
finding the mndominated blocking pairs and that of treating larger neighbor-
hoods. We also plan to apply a local search approach to other versions of the
SMTI problem and to study other variant of our algoritlun, for example inclnding
tabit search or other greedy henristics.
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Abstract. Conventional methods for multimodal data retrieval use text-tag
based or cross-modal approaches such as tag-image co-oceurrence and canoni-
cal correlation analysis. Since there are differences of granularity in text and
image features, however, approaches based on lower-order relationship between
modalities may have limitations. Here, we propose a novel text and image kcy-
word generation method by eross-modal associative learning and inference with
multimodal queries. We use a modified hypernetwork model. i.c. laycred hy-
pernetworks (LHNs) which consists of the first (lower) layer and the second
(upper) layer which has more than two modality-dependent hypernetworks and
one modality-integraling hypernetwork, respectively. LHNs learn higher-order
associative relationships between text and image modalities by training on an
example set. After training, LHNs are used to extend multimodal queries by
gencrating text and image keywords via cross-modal inference, i.e. text-to-
image and image-to-text. The LHNs are evaluated on Korean magazine articles
with images on women fashions and life-style. Experimental results show that
the proposed method generates vision-language cross-modal keywords with
high accuracy. The results also show that multimodal querics improve the accu-
racy of keyword gencration compared with uni-modal ones.

Keywords: hypernetwork, layered hypernetwork, cross-modal generation, vi-
sion-language, text-to-image, image-to-text. multimodal information retrieval.

1 Introduction

Recently, cross-modal learning mcthods have been considered as a major approach
for multimodal information retrieval such as vidco, image, and article retrieval as well
as automatic tagging and annotation [1-3]. Because therc are differences of granular-
ity in text and image features, however, simple approaches based on text-image
rclations have the limitation to learn. As a model to learn higher-order cross-modal
associations, we used hypernetwork models in the previous study [4]. A hypernetwork
is a higher-order probabilistic graphical model which has properties including glocal-
ity, compositionality, self-assembly. and recall-memory [5]. In the previous study. we

B.-T. Zhang and M.A. Orgun (Eds.): PRICAI 2010, LNA1 6230, pp. 76-87, 2010.
© Springer-Verlag Berlin Heidelberg 2010
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showed that images eould be retrieved with multimodal queries by text-to-image
infercnce with trained hypernetworks [4].

In this study, we propose a novcl modified hypernetwork model, layered hyper-
networks (LHNs), whiech conduets cross-modal assoeiative learning and inference
including image-to-text as well as text-to-image for multimodal information retricval.
An LHN is a hypernctwork model with a hicrarchical structurc of two layers of hy-
pernetwork. While the first layer is composed of modality-dependent hypernetworks,
only one hypernetwork exists in the seeond layer which represents relationships be-
tween the text modality and the image modality. The hierarehieal structure make
LHNs analyzed with efficiency compared with conventional hypernetworks. Trained
LLHNs can generate both text and image keywords hy cross-modal assoeiative infer-
enee with multimodal queries. In addition, generated visual and textual keywords are
used to retrieve articles by comparing them with text terms in document and visual
words in images of articles. We use 983 Korean magazine articles with 8,763 images
on women fashion and life-style as multimodal data. In this study, our contributions
are summarized as lollows.

1. We propose a novel modified hypernctwork named to layered hypernetwork
for cross-modal associative learning and infercnce.

2. We propose a method to generate visual and textual keywords based on text-
to-image and 1magc-to-text cross-modal association.

3. We apply the proposed model to magazine articlc retrieval.

The rest of this paper is organized as follows. In Seetion 2, we summarize related
works. Also, we explain layered hypernetworks for cross-modal association in
Section 3 and propose a method for cross-modal keyword generation in Section 4.
Section 5 presents the experimental results. Finally, we present eoncluding remarks in
Section 6.

2 Related Works

As multi-media data increase explosively, multimedia data retrieval has heen impor-
tant problem in information retrieval such as video, image and articles. As an ap-
proach, eross-modal associative learning has been applied to multimodal data retrieval
although eross-modal learning is from eognitive science and neuroscience [6]. Snoek
et al. proposed concept-based video retrieval method [7] and Yan er al. studied a
multimodal retrieval approach including text and image for broadcast new video [8].
D. Li er al. [9] suggested cross-modal association based faetor analysis method as
alternatives to Latent Scmantic Indexing (LSI) and Canonical Correlation Analysis
(CCA). Ferecatu et al. showed that the joint use of visual features and concept-based
features with relevance feedback scheme improves the quality of the cross-modal
image retrieval [10]. Goh et al. proposed an image retrieval method based on multi-
modal eoncept-dependent active learning [2]. Also, auto-annotation on unlabeled
images and objects in images is carried out by using hicrarchical latent Dirichlet allo-
cation model [11]. In addition, human-computer interaction (HCl) is a rescarch where
cross-modal learning is considered as an essential clement. In HCI, various modalities
are studied including speeches and gestures. Quek er al. studied multimodal human
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discourse in aspect of gesture and speech [12]. Christoudias et al. proposed co-
training method of multimodal data to construct multimodal interface [13]. However,
conventional studies on cross-modal learning are usually based on lower-order co-
occurrence on modalities rather than higher-order relations. Therefore, we propose a
cross-modal learning method based on higher-order inter-modal relationships in this

paper.

3 Cross-Modal Associative Learning Models

3.1 Hypernetwork Model

A hypernetwork is a bio-inspired probabilistie graphical model based on hypergraph
models. The properties of the hypernetwork model are summarized as three aspects:
glocality, ecompositionality and self association based on randomness and recall |5].

1. Gloeality: A hypernetwork consists of hyperedges with various orders.
Lower-order hyperedges can represent general information and higher-order
ones include more speeific and local information.

2. Compositionality: A hypernetwork represents a huge structured combinato-
rial space. By learning based evolutionary strategy, a hypernetwork explores
the combinatorial problem space.

3. Self association: The structure of hypernetworks is self-organized by evolu-
tionary eomputation based on random sclection. Self association makes the
hypernetwork act like a recall memory.

Formally, a hypernetwork H is defined as H = (V, E, W) where V, E, and W are a set
of vertices, hyperedges, and weights. In hypernetworks, a vertex means a value of
attributes and a hyperedge represents the combination of more than two vertices with
its own weight. The number of vertices in a hyperedge is called cardinality or order of
a hyperedge and k-hyperedge denotes a hyperedge with k vertices. When orders of all
hyperedges are k, we call it k-hypernetwork. Therefore hypernetworks can represent
higher-order relationships among large numbers of attributes.

Sinee a hypernetwork can be regarded as a probabilistie associative memory model

to store segments of a given data set p={x"}" i.e. x={x,,x5,...x,}, a learned hyper-

network can retrieve a data sample later. When I(x™, E;) denotes a funetion which

yields the combination or coneatenation of elements of E;as (2), then, the energy of
hypernetwork is defined as follows:

|EY

e(x™Wy==> wIx"E), (N
i=1

(Sl 8V e R Q)

where w*'is a weight of i-th hyperedge E; with k-order, x"”
i 24 yp g

means the n-th stored
pattern of data and E; is {x;;, Xj2, ..., xi}. Then, the probability of the data generated

by a hypernetwork P(DIW) is given as a Gibbs distribution:
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N

PDIW) =[] Px" 1W), (3)
n=1

P(x™ W)= ] exp(—£(x":1W)). (4)
ZW)

where Z(W) is a partition function. In addition, the partition function Z(W) is formu-
lated as follow:

|E1
Zwy= 3. e”’{z"’?“/(f’"’-ﬁ.)} (5)
3 i=l .

sl = (1)

That is, a hypernetwork is represented with a probability distribution of combination
of variables with weights as parameters when we consider attributes in data as random
variables. Considering that learning of hypernetworks is selecting hyperedges with
high weight value, the learning ean be considered as the proeess for maximizing log-
likelihood. Leaning from data is regarded as maximizing probahility of weight pa-
rameter of a hypernetwork for given data. Given data, probability of a weight set of
hyperedges P(WID) is defined as follows:
P(DIW)P(W)

PWID)y= ———. (6)
P(D)

According to (4) and (6), then, likelihood is defined as

v Pwy)" i
P(xtn)lw)p(w)z(_) exps—> e(x" 1W)}. (7
1 zon) P

lgnoring P(W), maximizing the argument of exponential function is obtaining maxi-
mum likelihood. Using log function,

N N_LEI
arg mux[log{l—[ P(x™ |W)H = arg max {ZZ"'.:“/(.\""’.E,.)-Nl()gZ(W)} . (8)
w w

n=1 a=1 i=1

More explanations on the derivative of the log-likelihood are showed n [S]. There-
fore, log-likelihood of hypernetwork can be maximized hy decreasing the difference
of hyperedges from a given data set.

3.2 Layered Hypernetworks

An LHN is a hypernetwork with hierarchical structures and the model consists of two
layers. The first layer is a modality layer and the second one is an integrating layer.
When data consisting of more than one modality are given, the attributes of given data
are partitioned based on modalities. Hypernetworks in the first layer are built by sam-
pling from attributes of each modality and the number of hypernetwork in the first
layer is equal to the number of modalities. Dissimilar to the first layer. only one hy-
pernetwork exists in the second layer. The second layer hypernetwork is built by
combining hyperedges randomly selected from modality-dependent hypernetworks in
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the first layer. Therefore the hypernetwork in the second layer represents the relation-
ship between several modalities. Same as conventional hypernetworks, formally, the
second-layer hypernetwork is defined with the energy funetion when a weight veetor
1s given as a parameter. When given a data set D consisting of two modalities,

D=£x"7 =m0y the energy of the second-layer hypernetwork

a=l

£(x";W) generated from k-hypernetworks in the first-layer is defined as follows:

1£1

ex” W) = e{a’,m*) " Wh= =3 w1 {m'.m*)" E | ©)
i=1

where m' and m’ are vectors of each modality variable which constitute the n-th data
sample x”. Same as (4), then, the probability of generating n-th data with two mo-
dalities, P(x™'I|W) is defined as follows:

PX™ W) = Z(lW) exp[ &' .m*)"wi]. R

Assuming that m', m” are text and image modality respectively, similar as conven-
tional hypernetwork, the probability of data generated by layered hypernetworks,
P(DIW) is defined as follows:

P(DIW)=P(T,1IW) =P(T|1L.W)PUIIW)
= PUIT.W)P(T W), (11)

Formula (11) means that eross-modal inferences between text and image are carried
out by leamning parameters of hypernetworks. Figure 1 shows the architecture of
LHNs.

3.3 Cross-Modal Associative Learning of Layered Hypernetworks

3.3.1 Learning of the First-Layer Hypernetworks

Learning of the first-layer hypernetworks is similar to the learning of conventional
hypernetworks [4-5] except building a hypernetwork per one modality. At first, mul-
timodal data are separated by modalities. In this study, an article data with unique id
are divided into vectors of TF-IDF values from documents and vectors of histogram
value from included images. The unique id is used to combine hyperedges of each
modality in learning of the second-layer hypernetwork. Building a hypernetwork is
carried out by generating hyperedges from each modality and hyperedges are gener-
ated by seleeting and combining the attributes with non-negative values with random-
ness for each modality. The reason to select the attributes with non-negative values is
that hyperedges where values of all vertices are zero may be generated with high
probability because most attributes have zero value due to sparsity of data. As ex-
plained in Section 3, learning of hypernetwork is sampling hyperedges which are less
different from data set. Details of building and learning a hypernetwork are explained
in [5]. As learning continues, the structure of a hypernetwork fits the distribution of
given data more. The constitution of hyperedges, the structure of a hypernetwork, is
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determined by their weights which reveal the fitness with training data set. In this
study, we define the weight of a hyperedge, w, as follows:

W= C ; (12)
#of matched training samples + &

where k denotes order of a hyperedge and C is an arbitrary constunt. According to
(12), hyperedges with unique information get higher weights by definition. Also,
hyperedges with low weight values are eliminated and the erased amounts of hyper-
edges are regenerated from training set.

‘The 2™ layer hypernetwork:
hypernetwork of cross-modality

The 1* layer
hypernetwork:
hypemetwork of
Hypernetwork of text cach modality

ojoloklolejololons

TH/IDF vector of visnal words Histogram vector ol visual words

Fig. 1. Architecture of layered hypernetwork models

Article data

fmages = visual words vectors
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[omt [ o=0 [ o0 [o] ot [ 00

[ =1 | =2 =) I | =0 I l,,=2
ElEblet sl [EhEkle Hal
L=t [ o2 [T mmt F{ s | [t Tiem2 | T iwemt H i |

it Lo =Tt e | [ Tz [ Lot - |
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[ast Tra=2 [ ] ez H o il it [ =2 |
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Fig. 2. The process of making and learning a layered hypernetwork
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3.3.2 Learning of the Second-Layer Hypernetwork

Learning of the second-layer hypernetwork is to generate hyperedges which represent
high-order relationships between modalities from the first-layer hypernetworks. Hy-
peredges of the second-layer hypernetwork are generated by combining hyperedges of
hypernetworks in the first-layer. In combining, hyperedges from different modalities
with the same id are merged into a new hyperedge. The weight of the generated hy-
peredge is obtained by comparing with training set same and hyperedges with low
wcights arc also eliminated from the hypernetwork same as learning in the first layer.
Then, the generated hypernetwork is evaluated with training data set. Figure 2 shows
the process of making and learning a layered hypernctwork. In addition, algorithm of
building and learning the second-layer hypernetwork is presentcd in detail in Figure 3.
In our method, learning process finishes after fixed number of epochs.

Hr hypernetwork from text data, H; hypernetwork from image data,
Hy: layered hypernetwork R replacing rate of hyperedges with low weights
CR: combining rate of hyperedges of H; with a hyperedge of Hr
Hr — makeHypernetwork(7); H; — makeHypernetwork(}
For /<1 until end condition
Hr < learningHypernetwork(7); H; < learningHypernetwork(J;
Hr — removelowedges(R); H; — removelowedges(R); H; « {}
For J‘—l to | Hrl
E; < the fth hyperedge of H;
Fork <1 to CR
£; — a randomly selected hyperedge with same id to £; from H;;
£, — EFU B H — H U E
End For
End For
H; < removeLowedges(R); H, < learningHypernetwork(7, J;
evaluate(H, 1 7)
Hr = Resampling(7, R); H, = Resampling(] R)
End For

Fig. 3. Algorithm of building and learning a layered hypernetwork. Details of functions for
learning are explained in our previous studies [4-5].

4 Cross-Modal Inference for Image and Text Keyword
Generation

Trained LHNs can generate both text terms and visual words with given multimodal
queries by cross-modal associative inference. Cross-modal associative generation is
divided into two types such as text-to-image to generate a set of visual words for
given text terms and image-to-text generation to reconstruct a set of text terms with
visual words. In image-to-text, the generated sct of text terms is composed of text
terms in hyperedges of the second-layer hypernetwork whose vertices include at least
one visual word in the given set of visual words. To select text terms, we define a
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score based on co-oceurrence of text terms and visual words. When a visual word set
Q. the score 5.4, 0f the i-th text term in the n-th hyperedge E, of the second-layer
hypernetwork is defined as follow:

X w,

xldr(l) (Q N E“ # @)

sl:l,x(:)‘l-.‘,, { lQ—E" IXC+l . (|3)
0 (QNE, =0)

where x;,; 18 the value of text term attribute whose index is Idx(i), ldx(i) denotes the
index in the vector representation of the i-th text term of a hyperedge E,, w, mecans
weight of E,, IQ - E,| is the size of the relative complement. and C is a arbitrary
constant for penalty. Therefore, §,; is obtained by summing for all hyperedges as
follow:

IE|

Sy = Zsm\m./:,- (14)

where |El denotes the number of hyperedges in the second-layer hypernetwork. Ac-
cording to (13), as a hyperedge includes more visual words in given visual word set,
the score of text terms in the hyperedge gets larger. Then, text terms with higher score
are included candidates for generated text keywords.

Same as image-to-text, a set of visual words are generated with trained layered hy-
pernetwork and given text terms.

5 Experimental Results

5.1 Data and Experimental Setups

We use 983 articles with 8,673 images tfrom three Korean magazines on female fash-
ion name to ‘luxury’, ‘beauty life’ and ‘haute’ respectively as training data from a
company named to ddh co. As preproeessing for modeling, documents in articles are
converted to veetors of TF-IDF values of 5,000 text terms which are selceted by

Table 1. The parameters used for the experiment

Parameters Value
Order (text, image) (20, 20)
Replacing rate 0.1
Sampling rate (text, image) (20, 10)
Combining rate 10
Num. of iteration )

Combining rate means the combining number of hyperedges of one modality hypernetwork for a hyperedge
of the other modality hypernetwork in fearning of the second layer. Sampling rate denotes the size of
sampled hyperedges from a training data sample. Replacing rate is eliminated ratio of hyperedges with fow
weight in one iteration.
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occurrence frequency in documents after stemming. Also, an image is represented
with a vector of histograms of 4,022 visual words extracted by SURF [14]. Then,
valucs of cach modality are converted to three-level values from 0 to 2 since hyper-
network models can deal with discretized data. Data are divided into a training sct
with 884 documents and 7,555 images and a test set consisting of 99 documents and
845 imagcs for article retrieval. Table 1 shows the parameter sctting to train layercd
hypernetworks.

5.2 Experimental Results

We evaluate the similarity of cross-modal associative generation by comparing gencr-
atcd text terms and visual words with text and image keywords in the given query. To
evaluate the similarity, we define two measures in this paper. The first mcasurc is
ratio of correctness (RC). Referring a set whose elements are text terms and visual
words which constitute a document and an image in an article to an original set, we
generatc text tcrms or visual words as same amount as the size of the original set.
Then we comparce a generated textual or visual set with the original set when partial
text terms and visual words are given. RC is defincd as follow:

RC = # of generated keywords same to keywords in an original set

(15)

# of generated text (imagc) keywords

According to (15), RC can have a value from 0 to 1. The second measurc is context
score (CS) which are based on pair-wise co-occurrence of all text terms and visual
words with non-negative value in documents and images of article data. To obtain
CS. we dcfine a measure of pair-wise co-occurrence for the i-th and j-th kcyword as
follow:

N X-(") Xx(."'

d————— L (%)) ”
’"n{ n=l {(X,‘"))‘ —(x;"')z} +1 , (16)

C (i=])

where x; and x; is the valuc whosc indices are 7 and j in the n-th data sample x" Nis
the size of data set, and C is a arbitrary constant. Then, CS is defined as follow:

3 1
Cb:Equ., (17)
1]

where |Gl is the size of set of generated text terms or visual words. The different point
of CS from RC is that CS reflects the contexts of relationships between generated
keywords. Although RCs of two generated sets are same, CSs may be different each
other dependent on the co-occurrence frequency of wrongly generated keywords.
Figure 4 and 5 are the result of text-to-image generating visual words and image-to-
text generating text terms for all training data when a few text tcrms and visual words
arc given as a query. Figure 4 shows average RC and CS of generated text terms
by image-to-text generation for 889 documents. Cross-modal queries can improve
more 40% point of accuracy of the generation of text tcrms rclated to given queries
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compared with text query only. According to Figure 4, when the same amount of text
terms is given, the similarity seore of generated text terms get higher as information of
given image inerease. Also, without any text keyword query, text terms in the original
set can gencrated with partial images only. Figure S presents average RC and CS of
generated visual words by text-to-image generation for 884 images among training
images. Same as Figure 4, multimodal information inereases two seores compared with
image input only. Dissimilar to image-to-text generation, RCs are saturated when more
than two text terms are given. In addition, CSs show different patterns from image-to-
text generations. It is the reason that an article consists of one document and several
images so that image information is more important than text information. Figure 6
shows four pairs of the set of text terms and an image of articles whose RCs are 1
when one text terms and 20% of visual words in the article are given as a query. We
can generate text terms and retrieve the article with small part of information by cross-
modal assoeiative generation. Figure 7 presents the ratio of successful artiele retrieval
when partial text terms of a data are given for test data set using trained layered hyper-
network. In this study, article retrieval is considered to be suceessful when candidates
include the test artiecle whose text terms and visual words are given as a query. Accord-
ing to Figure 7, with both more than two text terms and half of iimage, the article which
a user wants can be included over 90% when the size of candidates is 20.

6 Concluding Remarks

In this paper, we propose LHNs for eross-modal associative learning and a method to
generate visual and textual keywords based on text-to-image and image-to-text eross-
modal inference with LHN s for given multi-modal queries. Experimental results show
that it is possible to generate keywords based on ecross-modal association of inter-
modalities. Also, multimodal queries improve the similarity of generated keywords
compared with uni-modal ones. In addition, we show that proposed model and
method can be applied to an articles retrieval system. As future works, we will apply
the cross-modal associative keyword generation method to vartous problems such as
auto-annotation for unlabeled 1mages as well as multimodal information retrieval.
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Abstract. Humans can associate vision and language modalities and thus gen-
erate mental imagery, i.e. visual images, from linguistic input in an environment
of unlimited inflowing information. Inspired by human memory, we separate a
text-to-image retrieval task into two steps: 1) text-to-image conversion (generat-
ing visual queries for the 2 step) and 2) image-to-image retrieval task. This
separation is advantageous for inncr representation visualization, learning in-
cremental dataset, using the results of content-based image retrieval. Here, we
propose a visual query expansion method that simulates the capability of human
associative memory. We usc a hypercnetwork model (HN) that combines visual
words and linguistic words. HNs learn the higher-order cross-modal associative
relationships incrementally on a set of image-text pairs in sequence. An incre-
mental HN gencrates images by assembling visual words based on linguistic
cues. And we retrieve similar images with the generated visual query. The
method is evaluated on 26 video clips of ‘Thomas and Friends’. Experiments
show the performance of successive image retrieval rate up to 98.1% with a
single text cuc. It shows the additional potential to generate the visual query
with several text cues simultaneously.

Keywords: hypcrnetwork, incremental data, visual query expansion, vision-
language, text-to-image, multimodal information processing.

1 Introduction

Conventional text-to-image retrieval methods for image-text corpus have used the
annotated tags on images that are used for searching for the target [1]. Recently,
multi-modal data such as video, sound, images as well as web-pages including images
are increasing explosively. Consequently, the underlying data distribution may change
over time [3]. So, we need incremental models to learn the data of multi-modality.
Humans can associate vision and language modalities and thus generate mental
unagery, i.e. visual images, from linguistic input in the environment of unlimited
inflowing information. Considering human capability of multimodal memory
[2,5,16], we separate a text-to-image retrieval task into two steps. In the first step,
text-to-image converston is used to generate the visual concept from the related

B.-T. Zhang and M.A. Orgun (Eds.): PRICA] 2010, LNAI 6230, pp. 88-99, 2010.
© Springer-Verlag Berlin Heidelberg 2010



Visual Query Expansion via Incremental Hypernetwork Models of Image and Text 89

images associated with text cues. And the sccond step is to search for similar images
with the expanded visual query from the first step. This approach gives some advan-
tages. First, we can visualize the inner reprcsentation of the form of visual images.
Secondly, we can deal with incremental data by updating visual queries incrementally
in the first step. Thirdly, we can bring the result from content-based image retrieval
(CBIR) for the second step. In addition, after generating visual queries with enough
large data, we expcct the visual querices to be the universal visual concepts when re-
tricving from all image databases.

Herc, wc propose a novel visual query expansion method that simulates the capa-
bility of human associative memory. Hypernetwork models (HN) have cognitive
properties of continuity, glocality, and compositionality [5]. And HNs learn higher-
order cross-modal association to solve the difference of granularity in image and text
features. HNs can be appended and updated partially by adding new hyperedges from
new observations as incremental Icarning. Especially, we built a visual word diction-
ary keeping the regional information from an image beforehand. This enables us to
visualize the visual query and avoid the limitation of computational complexity for
the image represcntation. As Fig. 1 shows, 1007 image-text pairs were captured from
26 video clips of Thomas and Fricnds. And we simply used the sum of absolute dif-
fercnce in RGB scale between imagces as the second step.

This paper is organized as follows. Section 2 summarizes related works. Then hy-
pernetworks will be introduced briefly in Section 3 and a proposed mcthod is ex-
plained in Section 4. Section 5 shows the experimental results. Finally, Section 6
concludes this paper with concluding remarks.

2 Related Work

Crossmodal data retrieval has been focused on the information retrieval field, as a
result of rcadily available multimedia data. Approaches using multimodal data have
been introduccd using tagging based methods such as automatic tagging and annota-
tion and statistical dependency based methods such as co-occurrence and canonical
correlation  analysis (CCA) [1-2]. And approaches using image annotation

-,
Season 1

26 video clips

(1007 pairs)
L]
L]
L]

.

Fig. 1. The 1raining dataset used in this paper. The pairs from one clip are one unit of instances
for sequeniial presentalion on incremental lecarning.
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information were studied. Jeon ef al. proposed a cross-media relevance model
(CMRM) [6] using annotated images and grouping small blobs of images manually.
And Pan et al. studied graph-based methods for the correlated nodes discovery across
other modalities [7]). And cross-modal association learning has been applied to vidco
data. Yan et al. studied a text-image multimodal retrieval task on data of a broadcast
new video [9] and Snoek et al. suggested a concept-based video retrieval method [8].
Additionally, D. Li er al. proposed a factor analysis method based on cross-modal
association [10].

For the visual query expansion, it is mainly used to improve the performance of the
retrieval task. Chum et al. introduced query expansion using images by analogy for
the text retrieval. They used images as added queries giving spatial constraints and
improved the retrieval pcrformance for false negatives [12]. Joly et al. applied this
concept to logo retrieval in large image collection [13] and Jiang et al. did this to bag-
of-visual-words [14]. As visual representational aspects, a visual mental imagery is
used as inner representation of cognitivc processes of humans [16], Als [17] and even
robots [18].

In [4], Ha et al. studied the image-text cross-modal retrieval task with multimodal
querics based on pixcls of thc gray scale on the fixed dataset. On the contrary, we deal
with thc relevant image retrieval task based on incremcntal HNs with color image
patches on the increasing dataset.

3 Multi-modal Hypernetwork Models

3.1 Hypernetwork Models

A hypernetwork (HN) is a hypergraph which is represented with vertices and
wcighted hypcredges. Hypergraphs refer to generalized simple graphs by allowing for
cdges of highcer cardinality. The edges in a hypergraph are called hyperedges. Fig. 2
shows an example of HN. In formal definition, a HN is defined as H = (V, E, W)
where V, E and W are a set of vertices, hyperedges, and weights respectively. And the
elcments of W correspond to the elements of E. A HN is formulated on the basis of
probabilistic theory. Given a data set D ={x""}" of N samples, the HN can be

P(DIW)=ﬁP(x"" W) (h
n=1
n l ny,
P(x" |W)=mcxp(—€(x( W) o))

where Z(W) denotes the partition function as the normalization tcrm and x” means the

n-th instancc of data. And € s the energy function of HN and thc partition function
arc defined as
1E1

€(X(")'.W)=—Z WMJ(X(").EM) (3)

m=|
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Fig. 2. An example of a hypernetwork. Hypernetwork H is composed of vertices set V, hyper-
edge set F and the corresponding weight W.

4

12l 1£!
ZW)= Zexp[—Z—wm(S(x‘"’, E, )]

n=1 m=1

where w'*’ is a positive real-valued weight of i-th hyperedge E; and 6(x", E,) denotes

the identity function depending on input parameter elements of x™ and hyperedge E..
Y P g put p yp £

Taking the derivative of log-likelihood function of (2), we can derive the following

N
In P(DIW)=In[]P" 1W) (5)

n=|

f n J l n
v, [} P 1w)=v, {ln ]‘[:_.ITw)cxp(—g(x‘ ':W))} (0)

= N{<5(,\""', E”' )>I)¢llu _<5(‘\~‘"" E”' )>I'1 .:n'-,}
And minimizing the difference between two average frequencies is cquivalent o
maximizing the likelihood by making (6) be equal to zero [5].

Then, the term

i ,§5<X‘"'»E".)= N{8(x".E,)) (M
m={

Dasa
can also be derived and it means that the total number of matching hyperedges with
the given data set D follows the average frequencies of the hyperedges in the data set.

3.2 Cross-Modal Associative Learning on Incremental Hypernetwork Models

To learn cross-modal associative information, we create cross-modal hyperedges
composed exclusively of the textual part and visual part, which are sampled from text
and image respectively, as shown in Fig. 3. Formally, given an instance x= {x,, X7}, X,
is the feature set for image representation and xy is that for text representation:
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X, = {r,'\'z\Q .\'},} (8)
R T | ®

where P and Q are the number of features for images and text respectively, which
means the size of visual word dictionary and linguistic word dictionary. x'; and X are
features denoting the k-th element of the visual word dictionary and the j-th one of the
text word dictionary respectively. Then the joint distribution given arbitrary weights
from (1) can be converted using the composition of hyperedges, and written into the
formulation taken from (7) by changing the weight reflecting the number of matched
instances among the size N of dataset.

N IF) [fa} (lo
P(DIW)=P(D,. D, W)= 33 8" E,) =3 w,5(x.E, ) )
n=1 m=| m=|

where D 1s the dataset of image features and Dy is the one of text features. Then, the
distribution is represented by weighted nonzero basis functions having a zero-one binary
value. However, all of the possible hyperedges from order 1 to the order of the number
of total features is almost impossible by virtue of combinatorial explosion which dic-
tates that the number of cases will massively increase. So, we should approximate this
with the relatively small number of hyperedges by using random sampling strategy. We
can approximate the joint distribution using M hyperedges like this formula,
1E1

M
PD,. D, W) 3w, 8x,E,) = 3w, (%, E,) (1)
m=] m=]

if M is large enough to express the distribution, the error between the estimation result
and the distribution will be decreased. By this fact, we can estimate the distribution
roughly by simply using a reasonably small number of hyperedges.

Multimodal data from videos ————————

———— Textpt —M— ———— Image part
‘ i =5797 | i;=3521 I | i, =5797 ]
. 2 | i =5797 | i=210 ! ] o j‘
They play tricks on an engine. 4378 | 1y=684S 97
| iy =163 ] j=2878 ] I iy <2878 l_

Random sampling
of hyperedges
from text data

[ They I play I tricks |— — {::=3525T i T—I ""'2'01

[ on ] an |cngine I— — {u’,:-—-l'n iyy=2341 [_.,J.-,,-m:]

Random sampling
of hyperedges
from image dat
i

[[wicks | on | an }——— i97 [ umomos [ ... [ ine=son |

Crossmodal hyperedges

Fig. 3. An example of cross-modal hyperedges using the visual word dictionary. For the ex-
periments, tri-gram is used for the sampling from text part and image patches random sampled
among 92 regions on the grid for image part.
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Create m of cross-modal hyperedges
by random sampling
Initialization on cach modality of feature sets with the given orders
on each instance in the training dataset D.
d
Dty For all of m hyperedges sampled in the intialization,
Estimation count the maiched cases on D

Trained hypernetwork H,

Incremental r New dataset
learning phase -
Given the previous hypernetwork /7,
create m1,, , of cross-modal hyperedges
Inihalization hy random sampling
on cach modality of leature sets with the given orders
On each instunce in the new dutaset D

(2

Updating
the previous For the all hyperedges in the H,
hypemelwork count the matched cases on ),
on new datuset '
Bty For m,,, new hyperedges.
with new . .

count the matched cases on
hyperedges i

3

Trained hypernetwork #,, ,

Fig. 4. The flow chart for cross-modal associative learning. The top shows the case for the
fixed dataset and the bottom shows that for the incremental dataset.

For incremental HN learning, we can easily apply the same strategy with a small
adjustment. Formally. we define the preliminary dataset as D, and the n-th new data-
set as D, ;. Then, the n-th accumulated training set D'"*" can be written as follows:

Dunli = D”" UI) (]2)

n+l

Whenever there is an inflowing new dataset, adding new hyperedges from it by ran-
dom sampling strategy can maintain the small error between the estimation and the
distribution while keeping the eondition that the number of hypedges is enough to
follow. The proeess is summarized in Fig. 4.

4 A Visual Query Expansion Method

4.1 Building a Visual Word Dictionary for Image Patches

Visual query expansion needs image processing for using visual features. Avoiding
the vast computational complexity on the image representation, we built a visual word
dictionary ineluding 10,000 visual words beforehand. This process is illustrated in
Fig. 5. As image preprocessing, each image is firstly segmented into 15x15 square
image patches on a regular grid shown in the second image in Fig. 3. Following the
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work of Feng er al. [15], using thc rectangular regions could provide performance
gains compared with using regions by automatic image segmentation methods. We
were also able to avoid the problems associated with thc computational cost. Sec-
ondly, we assigned all of the segmented patches into k groups by k-means clustering
in the RGB color space using Koen’s image processing package [11]. As a result, we
made 10,000 visual words by choosing the closest visual word from the centroid of
each cluster. This set of image patches worked as visual words in this paper.

4.2 Visual Query Expansion by Combining Image Patches

Expanded Visual query can be created by the following process. When given the
linguistic cue which works as the condition on the (10), we can make inference with
the trained HN by the following formula

P(D,,D, |W
Mtx Z w,0(x,E,) (13)

P(D, 1D, W)=
J P W) &

where the set Er, of cross-modal hyperedges including the text T,. Then, we choose
the index x;, of visual word that makes conditional likelihood be the maximum at the

Jj-th region on the grid as follows:

IJ“’ =arg max P(/, =f(x;,)| D,'I,W)=argmax Z w O(x, E ) (14)
P P omcky,

where fis the mapping function to the visual word. And combining them generates
visual query. This process can be achieved on HNs by choosing the visual word that
maximum weight of hyperedges which arc relevant to the text 7, as in the following
summarized procedure.

Each image is scgmented into

k-means clustering
92 15x 15 square image patches.

with image patches
from all images

Choose &

the closest visual word
from the centroid
of each clusters
as visual word dictionary

Assigning visual words
on a regular grid

Fig. 5. The process to build a visual word dictionary and to convert original images into ones to
be trained. All of the image patches segmented are grouped into 10,000 clusters and converted
by the closest visual word from original image patches.
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1. Summing up thc weights of hyperedges having the text 7,,.

2. Choose the index of visual word that make conditional likclihood be maximum
at the j-th region on the grid.

3. Combining the image patchcs with the corresponding index at the j-th region.

5 Experimental Results

5.1 Data and Experimental Setups

As mentioned briefly in Section | and Fig. 1, we capturcd 1007 image-text pairs from
26 video clips of Thomas and Friends season 1. We uscd a capture tool to collect
imagc-text pairs automatically whenever a subtitlc appeared. Table | shows the dis-
tribution across 26 video clips. And the experimental setting is shown in Table 2.

5.2 Experimental Results

During the incremental learning, HNs were trained in sequence and retricved top-N
closest images using the sum of absolute difference in RGB scale between the gener-
ated visual query and original images to perform an image-to-image rctrieval task.
Fig. 6 and Fig. 7 show the results of image order 5 and order 35 cach when the cue
‘cngine’ is given. Then, shown in order, are the gencratcd visual query, the closcst
top-5 images near the visual query in that dataset D, and all of the original images
associated with the cuc in D,. The associated original images arc the same, but the
generated visual qucrics are rather diffcrent, which cause the top-5 retrieved images to
also be different. They includc some original images (10/23 cases of nonzero original
images, 10/45 in total). The visual queries generated from S-order HNs are morc
flexiblc to incoming ncw instances than those by 35-order HNs. (25 consecutive dif-
ference ¢ U, — 11y per pixel: o, = 18.7 < 0s= 260.6, ms=17.1 = m;s=18.7).

In more than 2 words cases, the visual query can bc gencrated. Fig. 8 shows a com-
parison between the case given text cues ‘noisc” and ‘once’ simultancously and each.
Though they are gencrated from the same HN model, at each case, they rcflect the
original images well, and the 2 words case do also. Even though there is no instance

Table 1. The frequencies of instances in the incremental dataset

Table 2. The information and parameter set for the experiments

Information Values Parameters Values
Total data 1007 in 26 sets Text order 3 (tri-gram)
Total text words 1256 Image order $.38
Number of regions on | image 92 Sampling rate 10

Number of visual words 10.000 Image patch size 15 x18
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Fig. 6. An example in sequential presentation from top left to top right, and bottom left to
bottom right. It shows the generated visual queries, the related original images and the retrieved
top-5 images. (image order: 5, linguistic cue: engine).

having ‘noise’ and ‘once’ together (not even in the same dataset), the visual query
with mixed two cases can emerge when given the cues ‘noise’ and ‘once’ together.
This point is important if the amount of data is very large, because one text can have
the visual concept each, which they can work as additive prototypes.

The result of the ovcrall retriecval performance is summarized in Table 3. It is done
by checking whether more than one original image is rctrieved for each linguistic cue
in text dictionary during the incremental learning, If the large portion of the corpus is
sparse, unsupervised learning methods confront the difficulty of lcarning the specific
information for the discrimination. To show general characteristics of performance,
we may ignore the cases of low frequencies. As a result, then, we get higher accuracy
to retrieve relevant images.
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Fig. 7. An example in sequential presentation from top left to top right. and bottom left to
bottom right. It shows the generated visual queries, the related original images and the retrieved
top-5 tmages. (image order: 35, linguistie cue: engine).
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Fig. 8. An example of mixed words giving the cues ‘noise’ and ‘onee’ by sequenee 13. Even
though they do not oecur in the same instanees, generated visual query refleets the original
images together well. The reason for black visual queries in the left part eomes from presenting
no instance to learn ‘noise’ and ‘onee’ yet.
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Table 3. The overall performance of rctrieval results in various tasks (order: 35)

Retrieval task # of cases Size of retrieved candidates (Top-N)
3 5 8 10
All cases Successful cases 1256 334 462 617 692
Percentage (%) 26.6% 36.8% 49.1% 55.1%
Cases of freq. >= 3 Successful cases 528 253 338 414 438
Percentage (%) 47.9% 64.0% 78.4% 83.0%
Cascs of freq. >=5 Successful cases 380 215 286 336 343
Percentage (%) 56.6% 75.3% 88.4% 90.3%
Cases of freq. >=7 Successful cases 288 187 237 270 272
Percentage (%) 64.9% 82.3% 93.8% 94.4%
Cases of freq. >= 10 Successful cases 208 154 190 203 204
Percentage (%) 74.0% 91.4% 97.6% 98.1%

6 Concluding Remarks

We separated text-to-image retrieval task into two steps as follows: 1) text-to-image
conversion and 2) image-to-image retrieval. And wc proposed a method to generate
visual query bascd on cross-modal associative learning by incremental hypernetwork
models with the focus on the text-image conversion reflecting the related 1mages from
an mmage-text corpus. Experimental results show that the visual query generated by
this method can be used for the image-to-image retrieval task. In this study, we just
estimate with the small number of bases of the specific order (k-order hyperedges)
without explicit lcarning process. We will go on to establish proper learning processes
with unsupervised HNs and apply proper CBIR methods to the second step.
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Abstract. Probabilistic models are widely used in evolutionary and related algo-
rithms. In Genelic Programming (GP), the Probabilistic Prototype Tree (PPT) is
often used as a model representation. Drift due to sampling bias is a widely recog-
nised problem. and may be serious, particularly in dependent probability models.
While 1his has been elosely studied in independent probability models, and more
recently in probabilistic dependency models. it has received little attention in sys-
lems with strict dependence between probabilistic variables such as arise in PPT
representation. Here, we investigate this issue, and present resulls suggesling thal
the drilt effect in such models may be particularly severe — so severe as 10 casl
doubt on their sealability. We present a preliminary analysis through a faclor rep-
rcsentation of the joint probability distribution. We suggest fulure directions for
research aiming to overcome this problem.

1 Introduction

A widc range of cvolutionary algorithms learn explicit probability models, sampling
individuals from them, using the fitness of individuals to update the model. They range
from Colorni and Dorigo’s Ant Colony Optimization (ACO) [1] and Baluja’s Popula-
tion Based Inercmental Learning (PBIL) [2] through Muehlenbein and Manig’s Factor-
ized Distribution Algorithm (FDA) [3] or Pelikan’s Bayesian Optimization Algorithm
(BOA) [4] to Salustowiez and Sehimidhuber’s Probabilistic Ineremental Program Evolu-
tion (PIPE) [5]. Historically, different strands of this research have developed in relative
isolation, and there is no acknowledged single term to describe them. In this paper, we
refer to sueh algorithms as Estimation of Distribution Algorithms (EDAs), acknowledg-
ing that this may be widcr-than-normal usage.

When EDAGs are applied to Genetic Programming (GP) [6] problems, the most ob-
vious question is what statistieal model to use to represent the GP solution spaee, and
how to learn it. This question has drawn most of the attention of researchers in this field,
with consequent neglect of the sampling stage of EDA-GP algorithms.

In GP, many EDAs have used variants of the Probabilistie Prototype Tree (PPT)
as their proability model, beginning with PIPE [5] and extending to Yanai and Iba’s
EDP [7], Sastry et al.’s ECG) [8], Hasegawa and Iba’s POLE [9], Looks et al.’s BOAP
[10] and Roux and Fontupt’s Ant Programming [ 11]. The PPT is a convenient modcl for
representing probability distributions estimated from trec individuals. However
Hasegawa and Iba already noted that it suffers from some representational problems,

B.-T. Zhang and M.A. Orgun (Eds.): PRICAI 2010. LLNAI 6230, pp. 100-111, 2010.
(© Springer-Verlag Berlin Heidelberg 2010
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and proposcd the Extended Parse Tree (EPT) variant [9]. What has not been studied is
the effcct on sampling drift of its implicit dependence model.

Sampling drifteffect is an important problem for all probability models. Howcver the
strict probability dependence in the PPT greatly amplifies this eftect relative to the other
major sources ol bias in EDAs (selection pressure and learning bias), thus becoming a
critical issue in scaling of PPT-based EDAs to large-scale problems.

In this paper, wec examine this problem both empirically and mathematically. We
designed two simple problems, closely related to the well-known one-max and max
problems, with simple fitness landscapes to reducc the effccts of other factors. We com-
pare the behaviour of a PIPE modcl with a PB1L-style independent modcl to illustrate
the amplified effect of sampling bias. We mathcmatically investigate how the factorised
distribution implicit in the PPT model causes this increased saumpling bias.

In section 2, we present a brief overview of EDAs and of PPTs.. The experiments
arc described in section 3, with their results following in section 4. Section 5 analyse
the factorisation implicit in the PPT. We discuss the implications of thesc results in
section 6, drawing conclusions and proposing future directions in section 7.

2 Background Knowledge

2.1 Estimation of Distribution Algorithms

EDAs arc evolutionary algorithms incorporating stochastic modcls. They use the key
evolutionary concepts of iterated stochastic operations as shown below:
generate N individuals randomly
while not termination condition do
Evaluate individuals using fitness function
Select best individuals
Construct stochastic model from selected individuals
Sample new population from model distribution
end while

They differ from a typical evolutionary algorithm only in model construction and sam-
pling. All EDAs use some class M of probability models. and a corresponding decom-
position of the structurc of individuals. Model construction specifies a model from M
for each component. Sampling a new individual traverscs thc components, sampling a
value from cach model. so that the sample component distribution reflects the model’s.
In the simplest version, PBIL, thc probability model is a vector of independent proba-
bility tables, onc for each location of the phenotypc.

2.2 Probabilistic PrototypeTrees and EDAs

PPT-based EDAs use a tree structure to storc the probability distribution. Given a pre-
defined instruction sct of maximum arity n. the PPT is an n-ary full tree storing a
probability table over the set of instructions. PPT was first used in PIPE [5], where cach
node contained an indcpendent probability table. ECGP [8] extended this by modelling
dependence between PPT nodes as in the Extended Compact Genctic Algorithm [12].
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EDP [7] instead conditioned each node on its parcnt. BOAP [10] learnt Bayesian net-
works (BN) of dependences in the PPT, while POLE [9] learnt BNs representing de-
pendences in an “Extended Parse Tree”, a variant of the PPT.

2.3 Benchmark Problems

One Max is the near-trivial problem of finding a fixed-length binary string maximising
the sum of all bits [13]. Its fitness landscape is smooth with no loeal optima. Thus it
is well-suited to the PBIL independent-probability model, using a probability vector
V = [E\,....E,] over the value set {0, 1} to represent the locations in the string.

The Max Problem is a generalisation of one-max, where the goal is to find the largcst-
valued tree that can be constructed from a given function set [ and terminal set T, in a
given depth D [14]. Typically I = {x.+} and T" = {0.5}. This appcars well-suited
to the "independent” probability model of PIPE, in that each node of the PPT — in this
case, a full binary tree — holds an independent probability table, giving the probability
of selecting each element of J U T". The simplest case of max, I = {+}, T = {0,1}
is closcly related to one-max, in that onece the system has found a full binary shape, the
remaining problem, of filling the leaves with 1, is essentially the one-max problem. We
note that in making this comparison, we are, in effect, mapping the nodes of the PPT
tree to corresponding locations in a PBIL chromosome.

2.4 Grammar Guided Genetic Programming

To set the context for this study, we compare the performanee of GP on the same prob-
lems; we can’t use a standard GP system for this, because it is unable to enforce the
constraints of the one-max problem. For fair comparison, we use a Grammar Guided
GP systerm (GGGP) [15].

3 Experimental Analysis

Our experiments illuminate sampling drift in PPT-based EDAs, comparing it with a
wcll-understood model (PBIL). We need to specify four aspects:

1. the probability model structures
2. the fitness functions

3. the EDA algorithm

4. experimental parameters

To illustrate, we use the max problem, and a slight variant of one-max, with the same
targct as max (but a more one-max-like fitness funetion). We eompare with a conven-
tional GGGP approach to show the intrinsic simplicity of these problems. For economy
of explanation, we deseribe the max problem first.

3.1 Model Structures

The Genotype Representation isa 15-long string X = X;...., Xys. This ean be uscd
in either of two ways: the string ean be modelled through an independent, PBIL-style
genotype, or it can be mapped to a binary PPT of depth 3 (which has 15 nodes).
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In the PBIL structure eaeh location contains an independent probability table with
three possible values, +, % and 0.5. The table is used to generate sample values at each
generation, then is updated to reflect the sample distribution of the selected individuals.

In the PPT structure each location eontains an independent probability table over the
values +, x and (.5, but each (except the leaves) has two children, with the relationship:
left child (X;) = Xix2
righ ehild (X;) = Xixo
“Independence” in the latter case must be taken with a grain of salt. While the prob-
ability tables in the PBIL structure are independent, the PPT structure introduces a de-

pendenee: the descendants of a node holding the (terminal) value 0.5 are not sampled.
This is the primary issue under eonsideration here.

3.2 Max Problem Fitness Function

Fitness is defined by the following equation:

itFit (left ehild (X)) x itFit(right ehild (X;)) ifX; = x, 1 <i <7
itFit (left ehild (X)) + itFit {right ehild (X)) ifX; = +,1<i <7

itFit (X;) = ¢ 0.0 ifX; = x,8<i< 15
0.0 ifX; =+,8<i<15
0.5 ifx; = 0.5

When +, x were used in leaf nodes, there is a problem in allocating fitness, since they
have no children. To overcome this, in this case we give them fitness 0. The maximum
value of this funetion (the target) eorresponds to a full binary tree with + in the bottom
two layers, and + or X in the top layer.

3.3 Variant One-Max Problem Fitness Function

The task is to find a string having a specific value in each location. detined by dividing
the loeations into three groups, as in equations |.

11] — {4\'1}
fo={X:lo<i<T
Ly ={X;} 8§<i<15 (1

tn this case, the fitness funetion is given by equation 2:
omFit(X) = Y12, locFit (X)) (2)
where
1itX;=x and X, € L,
1ifX, =+ and X; € L>
1 ifX, =05 and X; € Ly
0 else

loeFit (X,) =

This differs from the typical one-max problem in two ways: there are three possible
values, not two, and target values at differ with location. However neither makes much
difference to the fitness landscape, which remains smooth. with no loeal optima.
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3.4 EDA System

In these comparisons, we use a very simple EDA system so that the implications of the
experiments are clear. In detail:

Selection: truncation. Given a selection ratio A, the top A proportion of individuals are
selected. We varied the selection ratio A to investigate the effect and scale of drift.

Model Update: the model structure was fixed for the whole evolution. Maximum like-
lihood was used to estimate the probabilities from the selected sample.

Sampling: we used Probabilistic Logie Sampling [16], the most straightforward sam-
pling method, used in most EDA-GP systems.

To simplify understanding, two ecommon EDA mechanisms which ean slow drift,
elitism and mutation, were omitted from the system

3.5 Parameter Settings

We used truncation selection with selection ratios ranging from 10% to 100% at a 10%
interval. The population size was 100, and the algorithm was run for 200 generations.
Each setting was run 30 times. Detailed parameters settings for the GGGP and EDA-
GP runs are shown in table 1, while the grammar used for GGGP (with starting symbol
EXP,) is shown in table 2.

Table 1. Experimental Parameter Settings

General Value| EDA Value| GGGP Value
Parameters Parameters Parameters
Genotype Operators Operators
Length 15| Sclection Truncation|  Selection | Tournament
Values +, x,0.5 Ratios 0.1,...,1.0| Size 5
Update  |Max. Likelihood|  Cross. prob. Q:5
Sampling PLS| Mut. prob. 0.75
Population 50| Dependence Reproduction |Generational
Generations 200 PBIL independent
Runs 30 PPT PPT

Table 2. GGGP Grammar

EXP; — EXP;;1 OPEXP;y, 0<i<4)
EXPs; — OP
OP  — 4[x|0.5

4 Result of Preliminary Experiments

4.1 One-Max Results

Figure 1 shows the performance of the two probability models, at various levels of se-
lection. Each plot shows a particular structure for a range of different selection ratios.
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Fig. 1. Best Fitness vs Generation for One-max Variant (Structure : left, PBIL, night, PPT,
percentage is the selection ratio)

Each line represents the best fitness acbicved in each generation, for a particular selec-
tion ratio. By comparison, GGGP finds perfect solutions in 14.3 £ 4.9 gencrations.

We note tbat even for this near-trivial fitness function, PPT shows worse performance
than PBIL. In the left-band plot, the PBIL structure finds a solution close to the optimum
(15) at most selection ratios other tban 90% and 100% (i.c. no selection). These results
are replicated for the selection ratios not plotted, most sbowing performance very close
to the optimum, as witb the 40% selection ratio. By comparison, the PPT model shows
much worse performance. [n all selection ratios, PPT converges to sub-optimal solu-
tions. Tbe difference increases with weaker sclection, with the 100% ratio sbowing a
substantial deerease in fitness, below that acbieved by random sampling. Witb sclection
pressure turned off, this driftis the result purely of sumpling. With increasing selectiv-
ity, tbe drift effect becomes weaker, but still acts counter to tbe sclection pressure.

4.2 Max Problem

This problem is much tougher than tbe previous. GGGP finds perfect solutions in 17.8+
8.0 generations. However EDA performance fares far worse. The PBIL model is unable
to find the optimum solution (4) at any selection ratio, and the differences from the
optimum are larger than for one-max. Given that the fitness function has epistasis, wbich
PBIL is unable to model, this is not surprising. What is surprising is the even poorer
performance of the PPT model. PPT appears well-matebed to the fitness function, yet
performs mucb worse than the naive PBIL model. PBIL is able to acbieve fitnesses,
for some sclection ratios, of around 3.4, whereas PPT never exceeds 2.7. the effects
are particularly marked around selection ratios from 10% tbrougb to 60%, with the
differences becoming weaker by 80% to 90%, and essentially disappearing at a 100%
selection ratio.

4.3 Performance of PPT

Overall, we sec poor performance from tbe PPT model for both simple and complex
problems. Even for the max problem — the kind of problem that PPT was designed to
solve — it shows mucb worse performance than PBIL. Tbe bebaviour under 100% se-
lection — i.e. pure sampling drift — suggests a possible cause: that sampling drift [17]
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Fig. 2. Best Fitncss vs Generation for Max (Structure : left, PBI L, right, PPT, percentage is
the selection ratio)

may be the major influence on pcformance. The poor performance on the trivial fit-
ness landscape of the onc-max variant supports this. The good performance of GGGP
emphasizes just how damaging this effcct is.

S Analysis of the PPT Model

5.1 The Effects of Arity

In a PPT, each node rcpresents a random variable which can take any of the possible
instructions as its value.' Table 3 shows a typical example for the case of symbolic
regression, with a function set consisting of the four binary arithmetic opcrators, four
unary trigonomctric and exponential operators, and a variable and constant, of arity 0.

Table 3. PPT Table for Symbolic Rcgression, Showing Arities

Instruction|Arity|Probability || Instruction| Arity | Probability
+ 2 0.1)[sin | 0.1
X ) 0.1|cos 1 0.1
- 2 0.1|[log 1 0.1
/ 2 0.1|exp 1 0.1
T 0 0.1)|C 0 0.1

The combining of nodes of differcnt arities in the PPT model creatcs a dependence
relationship between parent and child nodes, even though their probability distributions
appear 1o be separate. If a nodc n is sampled as sin, one of the child nodes — conven-
tionally n3 — loscs the opportunity to sample an instruction. Thercfore the probability of
sampling n3 is different from that of ny, the other child node. Thus although the prob-
ability distribution of ny is independent of the condition set of n1, 13 is nevertheless

! Nodes at the maximum depth are only permitted valucs of zero arity, but for the sake of sim-
plicity we omit this from consideration here.
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dependent on the complete condition set of 1, because the probability of sampling an
instruction for 713 is 0 in the case where a unary function or variable is sampled at n;.

To clarify this dependency, we transform the PPT probability distribution to a semi-
degenerate Bayesian network.’

5.2 Conversion to Semi-degenerate Bayesian Network

Undefined Instruction. In the PPT, each node’s probability table cannot be directly
trcated as a random variable, because the probability distribution for some conditions
of the parent is not recorded in the table. To cover this case, where a nodc can not select
any value, we define an additional value U, for "undefined value’. Taking a simple case
with just three values, +, sin and C, an independent PPT might have probabilities of
0.4 for + and sin, and 0.2 for C. Taking account of the parent-child dependencies, we
could represcnt the overall conditional dependency of a random variable Tor a node
given its parent, as in figure 3. In the parent node of A4, any of +, sin, C or U might
be sampled. When C, constant, is sampled, M4 is not able to sample any value, so that
the probabilities for selecting +, sin and C are zero; to represent that no instruetion ean
be sampled in this eondition, we allocate the "undefined’ instruction a probability of
1.0. If the parent node is sampled as "undefined’, M4 must also be undefined.

+ sin|C |U
+ 04 (04 0.0|0.0

sin{0.4 |04 (0.0 0.0
c lo2]o.2 Lo.olo.o
U loo o0 |10][10

Fig. 3. Transformed Probability table of PPT

Figure 4 shows more detail, illustrating how a simple three-node PPT can be trans-
formed into a (semi-degenerate) BN. Note that the probability structures of the left and
right children diffcr (because of the differing effects of the sin function in the parent).

5.3 Factorization of Full Joint Distribution

Dependent Variable. 1n the resulting BN, the translormed nodes become conditionally
depcndent on their parent nodes (there are only two exceptions — either the node is
always undefincd, hence unreachable and may be omitted from the PPT, or e¢lsc the

* In standard terminology, tables without zeros are said to be non-degenerate, and tables con-
taining only 0.0 and 1.0 are degenerate. We introduce the term ’semi-degenerate’ for the inter-
mediate case, of tables containing 0.0 but not necessarily 1.0.
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PPT Transformed PPT
M + 04
% JLE Y ey
sin 0.4 Ll LS
¢ lo2 Cc |0.2
; (+, sin) (+)
(+, sny +) M, M,
M; » M,
+ |sin|C + sin | C
+ 0.4 + 0.3
—t— + 04 (04 O.CH + 0.3/0.0 0.0
sin | 0.4 sin | 0.3 . Jlo (R N
= 1 g P sin |0.4 (0.4 (0.0 sin 0.3/00 |0.0
C 0.2/0.2 |00 C |04|00 |00
u 0.0/0.0 1.0 U |00|1.0 1.0

Fig. 4. Transformation from PPT to semi-degenerate BN

node is always defined, implying that the parcnt node cannot sample a terminal, an
unreasonable situation in GP — both may be safely ignored).

In the simplest PPT case, where each node’s value is assumed probabilistically in-
dependent of the other nodes, the only dependence is that arising above. That is, this
simple case corresponds to the assumption that each node is conditionally independent
of all other nodes in the PPT, conditioned only on its parents. Thus the probability dis-
tribution of node & can be represented by p(x|parent of x), and the full joint probability
distribution of the transformed PPT as:

])(X) = H I)(.Ti Il'purcnl ofi) (3)

Of course, more complex dependencies between PPT nodes may give rise to more com-
plex dependencies in the corrcsponding BN, but the dependencc of the child on its par-
ents will always remain.

Sampling Bias. This factorization of the joint distribution gives us a way of under-
standing the rapid diversity loss in PPT-based EDAs. In PLS sampling, for each ran-
dom variable, the sample size is the same in the transformed PPT. However the actually
meaningful instructions excludc undefined instructions. The size of the sample actually
used to generate meaningful instructions reduces (exponentially) with depth. This is the
cause of the rapid diversity loss duc to sampling drift: unlike other EDAs, in which
the sample sizc is the same across all variables, drift increases duc to reduced sample
size with depth. Figurc 5, shows the population (phenotype) entropy at each generation.
We only show the 100% selection ratio, because there, there is no diversity loss due
to selection, the whole loss is the result of sampling drift. In both problems, the loss
of diversity due to sampling drift is much greater in the PPT representation than in the
PBIL represcntation.
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Fig. 5. Entropy of Population vs Generation (Left: One-max Variant: Right: Max (ind : indepen-
dent — PBIL - structure))

6 Discussion

The importance of thesc results lie not merely in their direct implications for this trivial
problem, but in their implications for PPT-based EDAs for GP. Compare these problems
with typiecal GP problems. The dependency depth is atypically small, corresponding to
a GP tree depth bound of only 3. The dependency branching is typical. or cven slightly
below average, for GP. And of coursc, the fitness landscape is vastly simpler than most
GP problem domains. If this is so, why has EDA-GP been able to succeed. and even
demonstrate good performance on some typical GP problems? We believe it is duc to
masking of the problem of accelerated drift under sampling in typical implementations.

These implementations generally incorporate mechanisms reducing the effect of
sampling drift: better selection strategies and model update mechanisms, adding elitism
and mutation all contribute to this reduetion. In addition, our problem is tougher than
typical GP problems in one respect: there is only one solution (two for the max prob-
lem). Most problem domains explored by GP have symmetries, so that climinating a
solution may not stymie exploration. Thus EDA-GP has been able to work well for GP
test problems. However the drift effect worsens exponentially with trce depth, while
these amcliorating mechanisms only scale linearly. Perhaps this is why EDA-GP has so
far been limited to demonstrations on test problems rather than practical applications.

Some previous PPT rescareh, notably Hasegawa and Iba’s POLE [9]. incorporates
measures to ameliorate sampling drift using the Extended Parse Tree. Here, our focus
is to clarify the effect of accelerated drift due to PPT dependency. as a preliminary to
investigating solutions.

7 Conclusions

Diversity loss due to sampling is a well-known problem in EDA rescarch, and has been
carefully studied for independent probability models. It is well-known that the the prob-
lem worsens in probabilistic dependeney models. and some lower bounds for the effect
have already been found [17]. However there does not appear to have been previous
publication of the effccts on PPT-based (branching) EDAs.
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By studying the sampling drift effect of two structures, on a near-trivial optimisation
problem and another only slightly harder, we were able to see the importance of this
diversity loss. The effects are sufficient to east doubt on the scalability of most cur-
rent approaches to EDA-GP. Can these problems be overcome? Can scalable EDA-GP
systems be built? We believe it to be possible, but not easy. Any remedy must coun-
teract the depth dependence of the drift. This probably eliminates variants of some of
the traditional methods. For example, it is difficult to see how to incorporate depen-
dence depth into population-based mechanisms such as elitism. Similarly, it doesn’t
seem easy to use mutation or similar mechanisms in a useful depth-dependent way. On
the other hand, it may be possiblc to incorporate depth-based mechanisms into model
update and/or sampling in ways that might be able to overcome the depth-dependence
of sampling drift, and so permit scaling.

In the near future, we plan to extend this work in three directions. The first, already
in progress, involves experimental measurement of diversity loss to gauge the extent
of aceeleration of the sampling drift effect. The second, in prospeet, will attempt to
mathematically estimate the diversity loss through sample size estimation. The third
extends this work to grammar-based GP EDA systems (i.e. those not based on PPTs).
Similar problems of aceelerated sampling bias occur in these systems, though it is more
difficult to isolate clear demonstrations of this.
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Abstract. The common use of null arguments is one of the most critical issues in
pro-drop languages. When translating Korean into other languages, the omitted
elements should be replaced with appropriate pronouns to get grammatical target
sentences. One of the most important issues when dealing with zcro pronouns
is to dctermine the referentiality of zero pronouns. Since, like expletive ‘it’ in
English, omitted elements do not have always explicit referents, it is important
10 determine whether a zero pronoun is referential or not. In this paper, we focus
on identifying non-referential zero pronouns. Since non-rcferential zero pronouns
are likely to occur in similar contexts, referentiality determination in this paper is
regarded as the identification of clauses containing non-referential zero pronouns.
Our method outperforms the baseline systems using n-grams and bag of words,
and achieves the F-measure of 0.51 and 0.78.

Keywords: zero pronoun, ellipsis, referentiality, anaphoricity, parse tree kernel.

1 Introduction

In pro-drop languages such as Chincse, Japanese and Korean, it is important to idcn-
tify referents of missing elements which frequently occur in sentences. These omittcd
elements are often called zero pronouns, and the resolution of zcro pronouns is of im-
portance for various applications in natural language processing such as machine trans-
lation, text summarization, information cxtraction, and so on.

Zero pronouns are divided into three groups according to the positions in which the
referents are understood: anaphora, cataphora and exophora [1]. That is, all zero pro-
nouns do not have explicit referents in sentences. For that reason, recent work related
to reference resolution has attempted to determine the referentiality (or anaphoricity)
of nominal expressions including zero pronouns [11,12,17]. In the contcxt of zero pro-
noun rcsolution, referentiality determination is the task of judging whether a given zero
pronoun is referential or non-referential. If its explicit referent (or antecedent) is found
in the text, the zero pronoun is classified as refercntial (or anaphoric); otherwise, it is
classified as non-referential (or non-anaphoric). Howcever, the performance of referen-
tiality dctermination for zero pronouns is not satisfactory enough, because it is difficult

* Corresponding author.

B.-T. Zhang and M.A. Orgun (Eds.): PRICAI 2010, LNAI 6230, pp. 112-122, 2010.
(© Springer-Verlag Berlin Heidelberg 2010



Identification of Non-referential Zero Pronouns 13

(1) =0t Lo1-0l RI-LI Bt (0,-h dsE ¥ed 5
Cheolsu-NOM  bet-COMP  fose-PRED  (O,-NOM}  get cross-PRED PUNC
When Cheolsu loses a bet, [get] cross.
2y (0,-01 2A1Z-0121 EH-01 &4 512) Otel-2 Wei2tt . |
(0,-NOM)  be about two o'clock-PRED  sun-NOM  behind the mountain-LOC  set-PRED  PUNC
It __ |be] about two o'clock, the sun sets hehind the mountain. ‘
(3) AF0t-ot  HEH-o JHI0l UA-Z el (0,-7h Faol SHE-A-U0U |
skua-NOM  the sea level-LOC  close-MOD  be flying-PRED  (O;-NOM}  carefully-MOD  watch-PAST-PRED
(0,-71) RE®= DPHE.B SA0l-0 A-A-O

{O-NOM)  bluc-cyed-MOD  cormorant-OBJ  be attacking-PAST-PRED  PUNC

A skua is flying closc to the sea level, so ___ [be] carefully watched, and __ [he] attacking a blue-eyed cormorant.

Fig. 1. An example of sentenees with zero pronouns

to distinguish non-referential from referential uses of the same forms. Most of previous
studies have regarded all cases which fail to identify the rcfcrents of zero pronouns as
non-referential. However, this is not an appropriatc solution for the referentiality of zero
pronouns, since there can be errors in referent identification for zero pronouns.

Figure | shows an example of sentences containing zero pronouns. In Figure 1, zero
pronouns ¢ and ¢4 are referring to ‘Choelsu’ and ‘skua’ in the same sentence respec-
tively. However, the referents of ¢» and ¢3 do not appear in the text. Thus, ¢ is the
zero pronoun that refers to time, and ¢3 1 referring to the speaker which is a discourse
participant. In the translation of Korean to English, non-referential zero pronoun ¢
should be translated into ‘it’, and ¢3 should be rcplaced with ‘i (or ‘we’). However, it
is difficult to obtain additional information such as gender, numbcr and person during
translation, becausc the referents of non-refcrential ¢» and ¢3 do not explicitly appear
in sentences. Also, in the casc of referential zero pronouns, such information is not
always provided. Therefore, the referentiality of zero pronouns should be considercd
before translating, and has been considercd as one of the most important issues to be
addressed for practical applications like machine translation.

This paper proposcs a method for identifying non-referential zero pronouns in sen-
tences. Previous studies have determined non-anaphoric cases through pairwise com-
parisons betwcen a zero pronoun and its antecedent candidates [ 11], and in most cases,
do not learn non-anaphoric cases from non-anaphoric training examples. Thus, the
referentiality of zero pronouns in previous work on cvaluating the preference of an-
tecedent candidates is determined by parametric models or by methods of identifying
non-anaphoric cases indirectly [10,15,16]. In this paper, we attempt to identify non-
referential cases directly from non-anaphoric training instances. Since they are likely to
occur in similar contexts, the proposcd model mcasures the syntactic similarity between
the contexts in which zero pronouns occur. To do this, structural information of clauses
is used for our experiments. In addition, the majority of zero pronouns occur in subject
grammatical positions. The rate of subject drop is approximately 94% in Korcan, which
1s significantly higher than zeros in other positions [12]. Therefore, this paper focuscs
on dctermining the referentiality of subject zcro pronouns. Refcrentiality determination
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in this paper is regarded as the identification of clauses containing non-referential sub-
ject zero pronouns, In our experiments, support vector machincs with a parse tree kernel
[6,13] arc uscd to cxamine the structural similarity between clauses.

The remaindcr of this paper is organized as follows. Section 2 surveys previous work
on zero pronouns. Section 3 proposes a method for identifying non-referential zero
pronouns in machine learning approach and Section 4 presents experimental results
and the conclusion is given in Section 5.

2 Related Work

Most studies on reference resolution including zero pronouns are widely divided into
two groups. One is based on hcuristic rules or theorctical approaches such as Centering
theory [2]. Centering theory provides a model of local coherence in discourse, and has
usually been used to resolve pronouns in English. However, it is difficult to deal with all
typces of zero pronouns in the framework of Centering, since it is not easy to identify the
refercntiality of zero pronouns in pro-drop languages which allow missing subjects such
as Chinese, Japanese and Korean. Roh [14] proposed a cost-based centcring model for
generating zero pronouns corresponding to anaphoric expressions in order to produce
a coherent text in Korean. However, there is a problem in applying this model directly
to zero pronoun resolution. In addition, the use of non-referential zero pronouns is not
considered in the revised centering model [14].

The other approach is based on machine learning methods [20]. Previous studics can
be reclassified according to whether or not anaphoricity (or referentiality) determination
is separated from anteccdent identification. First, previous work focusing on antecedent
identification classifies noun phrases intervening between a zero pronoun and its refer-
ent or noun phrases which are not involved in corefercnce chains as negative instances
[7,10]. These studies have regarded zero pronouns which fail to identify their referents
as non-referential cases. However, it is not reasonable to determine that zero pronouns
in such cases are all non-anaphoric, since there can be errors in anteccdent identification
model. Recent studies have attempted to determine the anaphoricity of zero pronouns
in a separated step [10,15,16]. For zero pronouns in Korean, Han [12] has attempted to
identify the referents according to anaphoric and non-anaphoric uses of zero pronouns.
However, the model proposed by Han [12] was designed based on morpho-syntaetic
information. In addition, by trying to characterize anaphoric and non-anaphoric cases
in the similar manner, they did not provide evidence for anaphoricity determination.
lida [15] has presented anaphoricity determination model using syntactic patterns. The
importance of structural information extracted from parse tree has been shown in re-
cent work [15,18]. In lida [15]’s work, they have proposed tournament-based model
which learns the relative preference between candidates. The most likcly candidate an-
teccdent of a zero pronoun is selected through the tournament model, and thc final
antecedent is determined by determining whether the zero pronoun and the chosen can-
didate antecedent are anaphoric, However, their model of anaphoricity determination is
paramctric, and is built on the results of antecedent identification.

The coneern of anaphoricity determination has also been expressed in English [8,17].
Reccntly, Bergsma [17] presented an approach to detecting non-referential pronouns
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[ ) T}’P-e L B _ Example
(1) Deictic a. O Ha o0ieh 1
(You) cat lunch. {
b. =80| O|HA o 12}
(1) am happy that the Korean team won. [
| (2) General Situational c. O ©M SAICH ]

[ (It) is ten o'clock already. |
d H&l= 2Lol0) CHSHAM &AL
Younghee explained regarding global warming.

(3) Indefiniie Personal | & sziom @oeie 0 M0N0 BT
L I (one) wishes to catch a tiger, (one/he) must go to the mountains. |

Fig. 2. An example of non-referentiutl zero pronouns

in text based on the distribution of the pronoun’s eontext, in order to determine the
refercntiality of English pronoun ‘it’. However, in pro-drop languages that allow frce
word order and frequent ellipsis of elements, the occurrence and referentiality of zero
pronouns should be more carefully considered.

Thus, determining the referentiality in the use of referring expressions is of impor-
tance for reference resolution and many applications in natural language processing.
The refercntiality of zero pronouns has emcrged as an important issue in pro-drop lan-
guages, but the performanee of referentiality determination for zero pronouns is still not
satisfactory.

3 Identification of Non-referential Zero Pronouns

3.1 Non-referential Zero Pronouns

Zero pronouns that do not have cxplicit antecedents in the same text are regarded as
non-referential ones in this paper. From this view, exophoric zero pronouns [ 1] also arc
treated as non-referential although they refer to something extralinguistic. Therefore, in
this paper, non-rcfercntial zero pronouns can be classified as follows [12].

(1) Deietie zero pronoun
(2) General situational zero pronoun
(3) Indefinite personal zero pronoun

Figure 2 shows non-referential uses of zero pronouns. Zero pronouns which rcler to
discourse participants such as the speaker and the hearer are classificd as dcictic refer-
ence in type (1), and zero pronouns in type (2) refer to time, weather, gencral situation
and so on. In addition to that, idiomatic expressions such as “regarding”, “according
to”, “for the sake of " and so on are also elassified into type (2), as done in Han [12]. A
pronominal use of zcro pronouns which refer to a gencric person like “one™ is found in
type (3). Sometimes, indefinite zero pronouns in type (3) can be used to refer to speeific
entities which are not explicitly mentioncd in the context. In this paper, three types of
zero pronouns deseribed above and zero pronouns with verbal or clause antecedents are
considered as non-referential.
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Cl: Askua is flying close to the sea level
C2: (Q)) [be] carefully watched
C3: (9,) [be] attacking a blue-eyed cormorant.

Fig. 3. The parse tree of a Korean sentence with Zero pronouns

3.2 Identifying Non-referential Zero Pronouns Using Structural Information

This paper focuses on subject zero pronouns with the highest frequency of occurrence
[12]. Unlikc languages such as Spanish and Italian, zero pronouns in languages such as
Chinesc, Japanesc and Korean are relatively free from morpho-syntactic restrictions. In
order words, the resolution of zero pronouns in Korean is not sufficiently supported by
rich agreement such gender, number, and person. Unlike previous methods that rely on
measuring the preference between a zero pronoun and its antecedent candidates [15,19)],
this paper uses structural information of clauses to identify non-referential uses of zero
pronouns. The identification of clauscs containing non-referential zero pronouns has
the advantage of avoiding unnecessary comparisons between candidates. Since there
are no explicit refcrents in sentcnces, non-referential zero pronouns is not effectively
captured between competing candidatcs. Therefore, it needs to understand the rcfer-
cntiality of zero pronouns from a different perspectivc. In this paper, the referentiality
of zero pronouns is regarded as the identification of clauses with non-rcferential zero
pronouns.

Figurc 3 shows an example of the parse trce of a sentence with zero pronouns. The
cxample sentencc consists of three clauses, Cl, C2, and C3. In Figurc 3, zero pronoun
¢ in clause C2 is non-referential and is refcrring to a discourse participant. On the
other hand, the referent of @5 in clause C3 is ‘skua’ in clause C1. That is, it is regarded
as referential. For our experiments of non-referential zero pronouns, the structure of the
clause C2 is used as a positive instances in the training phrase, and clauses Cl and C3
are used as negative examples. Thus, the proposcd model directly learns non-referential
cases using non-referential training examples. A parse tree kernel is used in our method
for modcling syntactic information of clauscs. We assumc that missing subjects arc
alrcady detected in each clause like most studics on zero pronouns [15].
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3.3 Support Vector Machine with Parse Tree Kernel

The identification of clauses with non-rcferential subject zero pronouns can be con-
sidered as a binary classification task. Let D = {(x1.y1)..... (Xn.yn)} be a set of
training examplcs where y; € {—1,+1} and x; = ¢;. Here, each ¢; is a clause and y;
is the class label associated with this training sample. The value +1 of y; implies that
there is a non-referential subject zero pronoun in clause c;.

The identification of non-referential zero pronouns is to estimate a function f : X —
Y. After the function f parameterized by # is trained with D, the relationship detection
y* of an unlabeled example x can be determined by

y* = argmax (f(x,0) =yv).
ye{-1.+1}
Since our task is a binary classification, support vector machines (SVM) arc adopted as
an implementation of the function f. The decision function of SVMs is dcfined by

y* = sgn( Z v o(x;) - o(x) + b), ()
JESV
where ¢ is a non-linear mapping function from R to R (N < H), SV is a set of
support vectors, and «;, b € R, «; > 0. The mapping function ¢ should be designed
such that all training examples are linearly separable in R*/ space.
Since it is crucial to design an explicit form of ¢, the inner product of ¢(x;) and
¢(x) is computed using a simple kernel such that

K(xj,x) = ¢(x;) - ¢(x).

As a result, when a kernel A'p is designed to compute the inncr product betwecn
clauses, Equation (1) is rewritten as

Yy = sgn( Z Yo Kp(x;.x) + D). 2)
jesy
In order to apply SVM to our task, a number of positive and negative examples used as
D arc generated.

A parse tree kernel is used to measure the syntactic similarity between clauses. The
parse tree kernel is a specialized convolution kernel introduced by Haussler [3] and
efficiently reflects structural information [6,13]. In thc vector representation of a parse
tree, the featurcs correspond to the subtrees that can possibly appeur in the parse tree.
The value of a feature is the frequency of the corresponding subtree in the parse tree.
The inner product of the vector representations of two trees, 77 and 75 is computed
using the following cquation [6].

< Vg, Vo >
= N ety (11) - oti(ly)
= Z( Z Do)y ( Z Ly, (n2)) (3)

i m€NT n2€NT,

= Z Z C(ny,na)

m €Ny, na€NT,
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where #st;(T') is the frequency of a subtree st; in 7, and Ny, and N7, arc the sets of
nodes in T7 and T respectively. I, (721) is a function that returns the frequency of st;
rooted at n; in T4, and C(ny,n2) is the sum of the product of the numbers of times
each subtree appears at n; and n,.

4 Experimental Results and Analysis

4.1 Dataset

For our experiments, the parsed corpus which is a product of STEP 2000 project sup-
ported by Korean government is uscd. We first manually identified subject zero pro-
nouns in the parsed corpus, and then thc complex compound sentences with one or
more subject zero pronouns were extracted from the parsed corpus. A simple statistics
on the dataset is given in Table 1. The number of selected sentences is 5,221 and the
sentences are segmented into 20,748 clauses (on avcrage, 3.97 clauses/sentence and
7.67 words/clause).

Table 1. A simple statistics on the dataset used in our experiments

Number
Sentences 5.221
Clauses 20,748
Clauses in which subject zero pronouns occur 13,171

Table 2 shows the distribution of subject zcro pronouns observed from our dataset.
In Korean, the large proportion of zero pronouns can be resolved in the same sentences
in which they occur as shown in Tablc 2. However, thc numbcr of cxtra-sentential zero
pronouns corresponding to non-referential 1s also not small. Extra-sentential ones in
our dataset make up 76% of non-intrasentential oncs. Thereforc, it is important to dis-
tinguish non-referential ones from the sentences in which zero pronouns occur. Since
there no exist their explicit referents within and between sentences, it will be effective
to deal with the non-referential use of zero pronouns at the sentcence level. This paper
focuses on identifying non-referential zero pronouns in the context of clauses.

Table 2. The distribution of subject zero pronouns observed from our dataset

Intra-sentential Inter-sentential Extra-sentential
10,371 666 2,134
(78.74%) (5.06%) (16.20%)

4.2 Experimental Results and Analysis for Referentiality Determination

Our experiments are performed in five-fold cross validation and SV Mj;5+[4]1s used as
classifiers. The accuracy and F-measure are used to evaluate the results of the identifica-
tion of non-referential zero pronouns, and thesc are calculated as follows. The balanced
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F-score which is the harmonic mean of recall and precision is used in our experiments.
The results are shown in Table 3.

number of correctly classified clauscs
Accuracy =

total number of clauses

number of correctly identified non-referential zero pronouns

Precision = ; ’ :
number of identified non-referential zero pronouns

Recall number of correctly identified non-refercntial zero pronouns
ccall =

number of true non-referential zero pronouns

Table 3. The perlormance of referentiality determination of subject zero pronouns

Model Accuracy F-measure
Voting 88.55% -
N-grams (n=6) 90.06% 6.92
B()H"{‘lause 92.12% 40.19
STRUC 92.12% 42.13
STRUC+ (r=0.8) 92.17% 51.09

To mvestigate the effect of structural information in this study, ‘n-grams’ and ‘BOW’
models are used as baseline systems. ‘N-grams” modcl is based on the context surround-
ing zero pronouns regardless the division of clauses. In this paper, three words preceding
and following zero pronouns are cxtracted as features of the ‘N-grams™ modcl. It can
be viewed as a simplified version of the model introduced by Bergsma [17]. In ‘vot-
ing’ modcl, the final classification dccision is taken by a simple majority vote. When
the majority agree, it is classified as ‘positive’, and the accuracy is 88.55%. However,
since this leads to the result that the identification of non-referential zero pronouns is
not performed, further research is needed. In the bag of words (BOW) model, a clause is
represented as unordered collection of words. As shown in Table 3, ‘BOW’ model based
on clauses outperforms ‘n-grams’ model. In particular, the context sizc of ‘n-grams’ is
similar to average length of clauses in "TBOW’ model, but the recall of ‘n-grams’ is quite
low. It implies that information obtained from the unit of clauscs is useful in identifying
non-referential zero pronouns. ‘STRUC” and ‘STRUC+’ are models using structural in-
formation of clauses proposed in this papcr. Here, ‘STRUC” is using syntactic features
obtained from the parse tree of clauses and ‘STRUC+" model combines the syntactic
features and a set of features extracted from words which occur in clauses, similarly
to the BOW model. Thus, the composite kernel /' for identifying non-refercntial zero
pronouns is then

K=r K1+ (1 -r) Ky,

where r (0 < r < 1)is amixing parameter, and Iy and /', are a parse trce kernel and a
polynomial kernel with degrce 3 respectively. In our experiments, the parameter r is set
to 0.8 empirically, as shown in Figure 4. The fact that the performance with larger r is
superior to that with small r implies that syntactic information is more positively related
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to the identification of non-refercntial zero pronouns. Although this paper focuses on
investigating the effect of structural information in the identification of non-referential
zero pronouns, overall performance will be much better if a composite kernel using
both structural information and semantic information is used in the future.

As shown previously, the performance of our method outperforms baseline systems.
However, while the accuracy of the proposed modcls is quite high, the performance in
terms of the f-measure is not satisfactory. This may be related to the problem of im-
balanced data sets. In our dataset, the number of ncgative samples is much larger than
that of positive ones and is approximately nine times higher than that of positive ones.
A classifier induced from an imbalanced data sct has, typically, a low error rate for the
majority class and an unacceptable error rate for the minority class. In this situation, it is
important to accurately classify the minority class in order to reduce the overall cost. In
order to solve these problems, several methods can be considered such as reweighing,
undersampling, and resampling [5,9]. In this paper, random under-sampling is consid-
ercd, which involves under-sampling the majority class samples at random until their
numbers matched the number of minority class samples. The results of sampling are
shown in Table 4 and Figure 4. In our method, the precision and recall after sampling
are 79.30% and 78.00% respectively. This shows that the problem of imbalanced data
scts is significant in the identification of non-referential zero pronouns. In the future,
this study will investigate the use of enscmblc methods such as bagging and boosting
to deal with imbalanced data.

Table 4. A performance comparison of sampling in the identification of non-referential zero
pronouns using structural information (r=0.8)

Accuracy Precision Recall F-measure
Before sampling 92.17 87.45 39.71 51.09
After sampling 78.81 79.30 78.00 78.64
100.00% 80.00%

00.00% BB @ e G W e B

79.00%
80.00%
78.00%
70.00%
£0.00% - 77.00%
50.00% A 76.00%
4000% & b7 14 75.00% —+—F-score
30.00% 74.00% @ Accuracy
20.00%
10.00% 73.00%
0.00% 72.00%
00 01 02 03 04 05 06 07 08 09 10 00 01 02 03 04 05 06 07 08 09 10
The value of mixing parameter r The value of mixng parameter r
(a) Before sampling (b) After sampling

Fig.4. A comparison of performance betore and after sampling
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4.3 An Application to Identification of Subject Shareness

Before applying our method to machine translation, this paper attempts to investigate the
effect of the referentiality in zero pronoun resolution. Frequent omissions of subjects in
Korean sentenees imply that several predicates ean share one subjeet. Thisis related to the
subject-sharing problem of clauses [ 18]. When identifying anteeedents of omitted sub-
jeets in intra-sentential resolution, it is necessary to determine whether their antecedents
exist in the same sentences. In this situation. in order to investigate how referentiality
determination affects subject shareness problem, this paper applies the referentiality de-
termination to the model proposed by Kim [ 18]. Thus, if non-referential zero pronouns
identified correetly by referentiality determination are excluded before antecedent iden-
tification, the performance of the identification of subject shareness may be improved.

Table 5. The effect of referentiality determination in subject shareness identification (SSI)

Accuracy | Precision Recall l-measure
SSI 76.34 69.55 61.58 65.30
Referentiality+SSI 76.81 70.52 68.64 09.56

Table 5 shows the results of subject shareness. and these results indicate that the
referentiality determination can play a positive role in the model of subject shareness.
Therefore, it will be very useful for zero pronoun resolution or praetical applications
like machine translation if the performance of referentiality is more stable.

5 Conclusion

Referential expressions including zero pronouns commonly occur in texts. The identi-
fication of objeets referred 1o by tbem 1s an important research area in natural language
understanding. Like expletive ‘it” or ‘there’ pronouns in English. zero pronouns do not
always refer to objects which explicitly oceur in texts. Therefore, it is important to
distinguish non-referential ones from the use of zero pronouns which are frequent in
pro-drop languages.

This paper focuses on identifying non-referential subject zero pronouns in Korean
sentences. The proposed model learns structural information of elauses, and direetly
identifies non-referential uses using non-referential training instances. Our experimen-
tal results show that information of elauses are important to identify non-referential zero
pronouns. Our method outperforms the baseline systems and the obtained results show
that structural information of clauses plays a positive role in solving our task.

In the future, we plan to apply the proposed method to a practical Korean-English
machine translation system. In addition, future work is needed to develop more ad-
vanced methods to determine the referentiality from imbalanced data.
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Abstract. Previous efforts to identify idiomatic expressions nsing a bilin-
gual parallel corpits have focused on the method of using word aligniments
to catch the sense of individual words. In this paper, we propose a method
of using phrase alignments rather than word alignments in a parallel cor-
pus to recognize the sense of phrases as well as words. Our proposed scor-
ing functions are based on the difference of translation tendency between
a phrase and individual words. They can help ns identify idiomatic ex-
pressions with a entropy variation and a translation difference between a
phrase and individnal words. Experimental results show that our proposed
method is more effective than previons approaches for the identification of
idiomatic expressions. In addition, we proved that lingnistic constraints
can be integrated into our method to improve the performance.

1 Introduction

An idiomatic expression is often defined as a sequence of words which has a
different meaning from the composition of the meaning of its individual words,
although it is difficult to find a universal definition that covers all kinds of typical
idioms such as “kick the bucket” and “give np” [1]. In this paper, we regard
idiomatic expressions as non-compositional expressions in the same manner as
some previous works for the identification of idiomatic expressions [1,2,3].

ldentifying idiomatic expressions is invaluable for natural language processing
applications such as machine translation, information retrieval, and so on. Most
rule-based machine translation systems generally translate idiomatic expressions
prior to the word-for-word translation step in order to keep the adequacy in the
first step. It is necessary to identify idiomatic expressions in a user query to
improve the effect of the query expansion in inmformation retrieval. Moreover,
idiomatic expressions can bhe used as a significant unit when documents are
indexed by terms.

Our task can be summarized as follows:

lupnt: A sequence which contains two or more words.
Output: A score that shows how much the input is idiomatic or
not-compositional.

B.-T. Zhang and M. A, Orgun (Eds.): PRICAI 2010, LNAI 6230, pp. 123-133, 2010.
© Springer-Verlag Berlin Heidelberg 2010
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An expression with high score is more idiomatic than the one with low score.
This definition is same as that of the task earried out in [3]. We are interested
in scoring how close a word sequence is to an idiomatic expression.

Most previous efforts have used the statistical information from a corpus to
identify idiomatic expressions. They are classified into two groups by the eorpus
type, whiel is either a monolingual or a bilingual corpns. Up to date, the ap-
proaches nsing monolingual corpora [1,4] are mueh more prevalent than efforts
using bilingual corpora [3,5] due to the convenience of collecting the corpora.

However, statistical machine translation has been receiving increasing atten-
tions over the last decade and has leaded the produetion of bilingnal parallel
corpora available in various language pairs. For this reason, exploring the bilin-
gual parallel corpora has become an interesting topic for researchers in order
to extract useful knowledge such as paraphrases [6], bilingual or mmlti-lingnal
dictionaries [7.8].

The motivation of using bilingnal corpus rather than monolingual corpus for
idiomatie expression identification is as follows. By translating a multi-word
expression, we can easily test whether it is an idiomatic expression or not. A
word may De translated differently according to the idiomatic expressions it
occurs in, If we cannot easily translate the combination word by word (with
defanlt translation!), then that is strong evidence of an idiomatic expression.
Nevertheless, there are not much work on identifving idiomatic expressions nsing
bilingual parallel corpora.

The previous approaches [3,9] using bilingual corpora measured the transla-
tional entropy or the proportion of default translation of individual words in a
given expression to rank given candidate expressions and to identify idiomatic
exXpressions.

Although they have shown some promising results, there are two limitations
using only word alignments. Firstly, the miethods using word alignments can gen-
erate some errors in the process of calculating the translation entropy of a word
or of extracting default translations of a word. A source word may be translated
into more than one target word (one-to-many alignmient) as well as exactly one
word {one-to-one alignment). The word-based metliods cause the problem that
they measure the translational entropy impreeisely or extract the default word
translation incorreetly, because an one-to-many alignment is regarded as multi-
ple one-to-one word alignments rather than a single one-to-one phrase alignment.
Secondly, the phrase-level translations are not considered in the previous meth-
ods, while they inspect only the word-level translation of expressions using word
alignments. For identifying idionatic expressions, we assmue that it is impor-
tant to analyze the difference of the translation tendency between a phrase and
individual words in the phrase, which is not considered in previous approaches.

In this paper, we propose a method of using phrase alignments rather than
word alignments in a parallel corpus to identify idiomatie expressions. In order
to identify idiomatic expressions niore precisely, we propose:

' The default translation of a word or a phrase means the most typical translation
into the target language.
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- examining a method of using phrase alignments instead of word alignments
:alenlating the idiomatic expression score by new scoring functions based on
the phrase alignments

The rest of this paper is structured as follows. In section 2, we propose onr novel
scoring functions for identifying idiomatic expressions and the method for phrase
alignment. After that we evalnate the proposed method and analyze the resnlts
in section 3. We conclude the paper with some future works in section 4.

2 Phrase-Alignment Based Idiomatic Expression
Identification

In this section. we present the intnitions of our method and proposed scoring
functions to identify idiomatic expressions using a bilingual parallel corpns.

2.1 Finding Phrase Alignment

It is necessary to extract not only word-based properties but also phrase-based
properties in a corpus for identifying idiomatic expressions becanse they are
phrases - a sequence of two or more words. We propose a method of using
phrase alignments for identifying these expressions in a bilingual parallel corpus.
The phrase alignments provide useful statistics used to predict the translation
tendeney of a phrase.

The phrase alignment has been widely studied in the area of the statisti-
cal machine translation [1().]1.1‘2,13.14]. It aims to link a source phrase to a
target phrase which is likely to be the translation of the source phrase in a
given parallel sentence. Fig. | shows examples of word alignments and their
phrase aligimmment. The black small boxes in the aligiment table indicate word
alignments in a English-Korean sentence pair, “john kicked the bucket” and

T
= B [ ©
. S B
o c o %
== & T o ot
s & 1§ Sl =T
2 ] = <
£ 8 B £ |5 =
e 18 B
john u john |
kicked L kicked L
the ] the |
bucket i) bucket iz

Fig. 1. Examples of Word Alignment and Phrase Aligmnent
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“Zo] MAHS Wyt t} (john-i se-sang-eul ddeo-nat-da)”. And the large qunadran-
gle including three word alignment boxes shows a phrase alignment in the right-
side table. English phrase “kicked the bncket” is aligned with Korean phrase
“HAFS m kol (se-sang-enl ddeo-nat-da)” in phrase level. These phrase-level
approaclies leaded to great improvemnent in statistical machine translation.

We adopt statistical phrase-based translation [10] to find phrase alignments
in a bilingual parallel corpus. Although there are a variety of phrase alignment
techniques, we use the method proposed by Och and Ney [11] among them. 1t
is the most popular metliod which extracts all aligned phrase pairs from word
alignment result. Phirase alignments by this method include one-to-one, one-to-
many, many-to-one, and many-to-many word aligimments,

2.2 Scoring Idiomatic Expression

We propose two novel scoring functions based on phrase alignments and the
combination method of two functions. The functions connnouly output the score
which shows the degree of the closeness to idioniatic expressions, given a phrase
as input.

DTE: Decrement of Translational Entropy. An idiomatic expression is
a phrase which has a meaning that cannot be derived by decomposing it hito
its words. The translation of an idiomatic phrase tends to be limited to only
a few target phrases, even though each word in the plirase may be translated
as various words or plirases in the corpus. For example, Korean translations
of English phrase “lie down” are significantly restricted to “55TF (nup-da)” or
«= 255 tH{deu-reo-nup-da)”, while Korean translations of the word “lie” or
“down” are varions and evenly distributed.

Therefore, it is important to investigate a decrement of the translational en-
tropy when individual words gronped together as a phrase. In other words, if the
average translational entropy of individual words is high and the translational
entropy of thie phrase itself including them is low, it is more likely to be an
idiomatic expression. The following equation reflects this idea.

| o, (Tl
Scorepre(p) = 5( - |pr|
P

+ (1 = H(T,[p))) (1)

where W, is a set of words in the plirase p and T, is a set of plirases aligned
with p. H(T,|p) is the translational entropy [9] of p, which is calenlated in the
following equation:

H(Tylp) = = Y P(tlp)logP(tIp) (2)

teTy

We select the base of the logarithin according to the size of T}, to normalize the
entropy into the value between 0 and 1. This nornalization allows the entropy
to be comparable and Scorepz () to return the value between 0 and 1. P(t|p) is
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identical to the phrase translation probability estimated by the relative frequency
of phrase pairs in statistical phrase-based translation [10].
_ count(t,p)

>, count(t.p)
For example. the scores of the literal phrase “tv drama”™ and the idiomatic phrase
“new york” are calculated as follows. These examples show that our first function
lielps us distinguish idiomatic phrases from literal phrases.
1,0.28 +0.48
2) 2

P(tlp) (3)

Score pre(“tv drama’) = + (1 =0.73)) =0.32 (4)

1
2

0.72 4+ 0.54
_ +

Score pre(*new york™) 5

( (1-0.19)) = 0.72 (5)

DTW: Difference of Translated Words. Iu the second scoring hinction, we
use the default phrase transtations of words or phrases to recognize the meaning
of them. A source phrase is most likely translated into the default phrase trans-
lation of it. For instance, an Euglish phrase “give up” has the Korean default
phrase translation “3 7] 8t} (po-gi-ha-da)” whose meaning is “to stop trying to
do something”.

We assume that theve exists larger translational difference between the phrase
and dividual words in an idiomatic phrase than in a literal phrase. The dif-
ference can be found by inspecting default word translation and default phrase
translation. The following equation is the scoring function for ¢uantifying the

difference.

i” Dy ] 'qu& Wy, [['l)u'l
|Wp,|
where D, is a set of default phrase translations of the phrase p, i.e. N-best
translations of p. and D, is also N-best trauslations of tlie word w. The optimal
N is empirically obtained by experiment. W, is a set of words in p like the
preceding. As the following equation shows, Wp, —and Wp —mean sets of all
words in Dy, and D,,, respectively.

Wp, = | Wu (7)

de Dy,

Scoreprw(p) = 1 (6)

The denominator of equation 6 ineans the number of words in defanlt translations
of the phrase p. The numerator means the number of words which ocenr in both
defanlt translations of p and all default translations of the individual words. f
the fraction is large, there are few differences betweeun them. This indicate that
p is close to a literal expression. We subtract the fraction from 1 to give high
scores to diomatie plirases.

The intuition of this scoring function is siular to that of the proportion of
default alignmeut (PDA) proposed by previous work [3]. However, we directly
extract default phrase translations using plirase alignments.
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For example, the seores of the literal phrase “tv drama” and the idiomatie
phirase “take charge of” are caleulated as follows. These examples show that onr
second function also helps us distinguish idiomatic phrases from literal phrases.
We assume that N is set to 2 in this example.

Dy, = {tv, tel-le—bi—jeon}
Darame = {deu—ra—ma, sa—geuk} (8)
Dty drama = {deu—ra—ma. tv deu—ra—ma}

3
Scoveprw (to drama) =1 — B 0.00 9)

Diage = {chwi—ha—da, ha—da}
D harge = {hyeom—cui, goit}
D5 = {cui, e dae—han}

Dk chnroees = {raul it mot)

(10)

0
Score prw (take charge of) =1 — o= 1.00 (11)
We derive the final scoring funetion in which two proposed functions are comn-
bined linearly as follows. The parameter A is estimated empirically.

Scorecomp(p) = AScorepre(p) + (1 — A)Score prw (p) (12)

3 Experiments

3.1 Setup

We have experimented with an English-I{orean parallel corpus to acquire English
idiomatie expressions. The eorpus, which includes about half a million sentence
pairs, was collected from English-Korean bilingual news websites.? Table 1 shows
statistics of the collections.

We automatically aligned source words with target words using the GIZA++
toolkit [15] in the corpus. We symmetrized the bidirectional results of word
alignments using three types of heuristics; intersection, union, and grow-diag-
final. All experimental results in this section are delivered from grow-diag-final
because it reaches the best performance.

Next, we extracted phrase pairs from the word aligned eorpus using the phrase
extraction algorithm proposed by Och and Ney [11] and estimated the transla-
tion probability of every unique plirase pair by calculating the relative frequency of
phrase pairs. The translation probabilities are used to caleulate the phrase trans-
lational entropy and to find default phrase translations of plirases. We extracted
N-best phrase alignments with high translation probability for each phrase in the
corpus in advanee to use as defanlt phrase translations. N is set as 2 experimentally.

It is neecessary to construct a set of test plirases to evaluate the proposed
method. Also, each test phrase should have the gold amnotation that indicates

2 It is a part of the resources from on-going project sponsored by SK-telecom, Korea.
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Table 1. Corpus Statistics

English Korean
Training Sentences 493,000
Words/Morphemes 10,857,668 12,868,977

whether it is an idiomatic expression or not. The candidate phrases for the
evaluation may be collected using various heuristics or hnguistic constraints.
For example, VP-PP tuples were used as test phrases in previons work [3]. Our
evaluation focus on the scoring function for identifying idiomatic expressions
in a set of candidate phrases rather than the extraction of candidate phrases.
For this reason, we simply extracted candidate phrases using phrase extraction
algorithm and several constraints. Our every candidate phrase occurs three or
more times in the first 200,000 sentences and imvolves two or more content words.
We sampled 300 phrases from all candidate phrases and then two annotators
manually annotated all idiomatic expressions in the phrase set. Among them 55
phrases were annotated as idiomatic expressions by both annotators. The inter-
annotator agreement for these annotations was measured at 0.863 agreement
rate and 0.638 kappa value,

We used average precision to evalnate the ranked result. The evaluation mea-
sure, which is frequently used in information retrieval field. emphasizes ranking
relevant items higher:

o Pl x rele)

number of velevant items

AveP = (13)
wlhere r is the rank, N is the number of retrieved items. rel() is an indicator
function on the relevance of a given rank, and P(r) is precision computed at
the point of the rank. In onr case, candidate phrases and idiomatic expressions
correspond to items and relevant items, respectively.

3.2 Experimental Results

Baseline. We implemented traenslational entropy (TE) and proportion of de-
Jault alignment (PDA) proposed by Melamed [9] and Moiron [3] respectively as
baselines compared with our proposed method.

Table 2 shows the performances of the identification of linglish idiomatic
expressions using TE and PDA. Fig. 2 shows the combination performances

Table 2. Performances with T and PDA

Alignment Type Scoring Function AvelP Pww20 Pa3) Pabh
Word Alignment TE(A=1) 0.312 0450 0.333 0.291

(baseline) PDA (A =0) 0.244  0.250 0.267 (.291
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AveP
0.4
0.3
—TE+PDA
0.2
A

0 01020304 0506070809 1

Fig. 2. Average Precision of TE + PDA according to lambda

Table 3. Effect. of DTE and DTW

Alignment Type Scoring Function AveP P@20 P@30 Pabs

Word Aligmmnent TE+PDA (A =0.9) 0.323 0.350 0.333 0.273

{baseline)

Phrase Alignment  DTE (A = 1) 0.341 0.400 0.333 0.364

(proposed method) DTW (A = 0) 0.440 0.650 0.600 0.491
DTE+DTW (A =0.5) 0.508 0.650 0.633 0.473

of two approaches aceording to the weight lambda. The best performance was
obtained when the weight was set to 0.9. We use this figures as a baseline for
our study.

Effect of DTE and DTW. Table 3 shows the performance for English id-
iomatic expressions identification in an English-IKKorean parallel corpus. The first
row is the baseline and the followed three rows are the results by our proposed
seoring functions. Both two proposed functions DTE and DTW achieved better
performances than the baseline. This result shows that examining phrase align-
ments produce positive effects and proposed funetions improve the performance
of idiomatic expressions identification.

DTE is a phrase-level extension of TE and DTW is a phrase-level extension of
PDA. In terins of these extensions, we found that both DTE and DTW are more
effective 1 idiomatic expressions identification than TE and PDA, respectively
and the latter brought about larger effeets than the former. This shows that
the use of default phrase translations, which was not considered in the baseline
approaches, is very useful.

However, the reason why DTE produces disappointing performances is found
in the phrase translational entropy ealeulation step. There are many target
phrases with same topic and different expressions in a set of translated phrases
of an source phrase. Such different target phrases with same mcaniug propagate
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Fig. 3. Average Precision of DTE + DTW according to lambda
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Fig. 4. Recall-Precision Graph of Previous and Proposed Scoring Functions

niany errors into the entropy of each phrase. We expect to minimize these errors
by clustering target phrases aligned with the source phrase in the future.

We also observed that DTW is complementary to DTE by combining the two
functions. The last row of Table 3 shows the effect of this combination. This
is because DTE identify idiomatic proper nouus such as “new york™ or “korea
university” more accurately than DTW, while DTW recognize idiomatic verb
phrases or prepositional plirases better than DTIS. Fig. 3 shows the average
precision of our proposed method according to the parameter lambda. The best
performanece was obtained at 0.5.

Fig. 4 is the recall-precision graph of the baseline and the proposed method.
The x-axis and the y-axis indicate the recall and the precision, respectively. The
method using phrase alignments has higher precision at overall recall levels than
the method using word alignments. Besides, we found that there is a large gap
of the preeision in 0.2-0.4 recall levels between two approaches. while they are
similarly eflective in 0-0.1 recall levels.
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Table 4. Effect of Linguistic Constraint

Alignment Type Scoring Function AveP Pw20 Pa30 Pabs
Plirase Alignnient DTE+DTW 0.508 0.650 0.633 0.473
(proposed method) DTLE+4+DTW+Constramt  0.519  0.700  0.633  0.509

Further Improvement with Linguistic Constraint. So far, we have pre-
sented the method independent of any language pairs. Now we prove that some
linguistie constraints can be integrated into the method to improve the per-
formance of idiomatic expression identification. In this experiments, we simply
added two rules to the scoring process as follows,

— Rule 1: Exclude English articles such as “a” or “the” from averaging trans-
lational entropy values of individnal words in a phrase in DTE.

— Rule 2: Exclude Korean funetional words such as postpositions and endings
e.g. “& (eul)”, “2 2 (eu-ro)”, or “o A (e-seo)” from W, in DTW.

We expect that Rule 1 will be effective for our task because English articles are
usnally not translated to any Korean words in English-Korean translation. Rule
2 is under the assumption that the non-compositionality of words does not rely
on the difference of funetional words in translated phrases of the source words.
The figures in Table 4 imply that these techniques are valnable for our approach.

4 Conclusion and Future Work

This paper proposed a method for identifying idiomatic expressions using phrase
alignments instead of word alignments in a bilingual parallel corpus. In this work,
we focused on overcoming the limitations of previons approaches and gnantifying
the difference of the trauslation tendency between a phrase and individual words
in the phrase. We proposed two scoring functions in which such differences re-
flected. The experimental results showed that our proposed scoring functions
was effective in idiomatic expressions identification. Moreover, we presented
that linguistic constraints can be integrated into our method to improve the
performance.

‘or the futnre work, we first intend to explore the method using not only
English-Korean but also English-French or English-Chinese parallel corpora to-
gether, in order to identify English idiomatic expressions. Secondly, we plan to
identify Korean idiomatic expressions by changing ouly the translation direction
form English-Korean to Korean-English. Also, we intend to improve the quality
or the efficiency of machine translation systems with the idiomatic expressions
identified by our approach.
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Abstract. Partial deduction is an optimisation technique developed by
the logic prograinming commnnity. We propose the use of Partial de-
dnction in the domain of wireless sensor network programming where
programs are written for small compntational platforms and energy is
typically scarce. We show how, together with a declarative programning
language which has been showu to be suitable for several demanding
sensor network applicatious, it can address key issues such as rewriting a
query using views and reducing redundancy of rewritings as long as some
computation and abstraction can be performed at compile-time, which
obviously leads to the improvemnent of energy efliciency at run-time. We
argue that energy efficiency can be achieved with: (1) minimised sensor
network programmiing workload by foreing the folding of goals into the
view partially; (2) reduced redundant computation with fewer computa-
tion steps at network nodes by forcing the unfolding of simple goals; (3)
reduced inter-node message transmissiou by more specific addressing of
messages to nodes; and (4) reduced memory requirements by specialising
network-wide programns to smaller prograws for specific nodes. A partial
deduction systen: is developed and an extended example is provided to
demoustrate the potential performance improvement of the technique.

1 Introduction

Wireless sensor networks (WSNs) promise to revolutionise sensing in a wide
range of application domains. They can be nsed to offer the potential to advanee
seientific pursuits in areas such as manufacturing, agrieulture, and transport [1].
However, wide acceptance and deployment lias not yet occurred because of lack
of robust of platforms and lack of fully funetional support for data manipulation.
From a teehnical point of view, one may think of a sensor network as a database
that is able to conduct query proeessing, whicli includes a large range of het-
crogeneous data distributed arbitrarily. Other than that in a traditional DBMS,
query processing works differently to that in a sensor network because chianges
in sensor networks may happen unpredictably to the data collection regime as
sensors eome and go in addition to the imperfect link quality. Furthermore, the
sensed events and sensing intervals may vary dramatieally on different oeeasions,

B.-T. Zhang and M.A. Orgun (Eds.): PRICAI 2010, LNAI 6230, pp. 134-145, 2010.
(© Springer-Verlag Berlin Heidelberg 2010
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and the volume of the sensing can be very variable depending on sampling rate
variations. Traditional database optimisation techniques of specifying join meth-
ods and indices are still useful but the unigne characteristics of sensor networks
should be considered as a query in sensor networks may be based either on live
data or archived data or a mix of both of them. As for archived data, we are
interested in using a set of views! V expressed in terms of archived data sources
to associate with previous query results. Roughly, the following steps are needed
to process the query if the end-use would like to “find sensors (i.e. locations,
sensor 1Ds) where the temperature measurements are within a specific range X
and their residual power at least Y muits, and send the new temperature to its
available neighbours™. Including:

1. decide if the query can be fully answered by using views V

2. if not. (using views as many as possible) develop a sensor network program
(in a logic programming language) with respect to the query

3. (applying a dedicated optihmisation techmnigne) generate an efficient sensor
network program from step 2) to cope with severe resource and bandwidth
constraints on the sensor nodes

Usually, a sensor network gnery will ask for live sensor readings. Therefore to pro-
vide a solution to the last two steps is necessary. and this will be the main focus
of this paper. Specifically, for a query expressed in a logic prograniming language,
we are looking into rewriting this query using views first and then specialising tlns
network-wide program to a smaller program for the specific nodes rather than all
nodes. We propose using partial deduction to achieve the goal. In order to meet
our requirement, the design of fold /unfold control will be considered. Particularly,
we are interested in problems that either part of their definitions (c.g. the code to
solve them) are available or bindings of variables can be computed at compile-time
as this sort of problems will benefit considerably from partial deduction. In saying
s0, this paper makes the following contributions:

— using views to rewrite a query for sensor network querv processing is
discussed;
fold/unfold control to generate a compact new progran is investigated:
— a generic partial deduction system to generate a smaller program is
developed;
the cost analysis to show the significant difference by applying partial de-
duction is given.

|

In order to ensure that partial deduction to make good use of the logic structure
of a problem and other data sources, essentially we need an expressive langnage
to describe a broad range of problems but restrictive enough to allow efficient
algorithms to operate over it. In fact, as pointed out in [2,3.4.5,6]. it is natural
to choose a declarative language to describe problems (e.g. queries) as it is
offers an easy-to-understand programming interface. NMoreover, it opens np the

! Views are simply results from previons queries. Prolog-style notation is used through-
out the paper for views and gneries.
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possibility for optimisation algorithims to handle for the efficient access strategies
transparent to the user. As a result, we will use a logie programming language
(c.g. £) throughout the paper. From a prograwming perspective, we will not
differentiate wireless sensor network (WSN) programming from sensor network
(SN} programming in this paper.

The rest of the paper is organised as follows. Section 2 introduces the im-
portant definitions and background. Section 3 discusses partial deduction to
generate an efficient sensor network program. Section 4 details the proposed op-
timisation technique with an extended example followed by the cost analysis.
Section 5 briefly reviews the related work. Section 6 presents the couclusion and
future work.

2 Preliminary

In this paper, query processing aims to generate an efficient sensor network
program witl respect to a specific query. Informally, if we have:

— a query @ expressed in the language £
— a set of views V expressed in terins of archived data source S also in £
— a generic seusor program in the same language

and we want to generate a new program (i.c. NewPgm in Fig. 1) with respect to
thie original one (i.e. Pgm), the development of the partial deduction system is
critical to the success of query processing.

Partial evaluation system

Partial | [ fold/unfold
evaluator | control

L
T \ew program |

E Rt s J’ > Nowpgm)

Fig. 1. Generate an efficient program

Following are some definitions to better understand partial deduction. Refer
to the logic programming literature {7,8] for more detailed definitions.

Definition (clause). A clause is a disjunction of literals. In first-order logic,
a clanse is the universal quantification of all free variables of a quantifier-free
disjunction of literals. Formally, a first-order liteval is fornmla of the kind of
P(iy,.coitn) or =P(ty,....t,), where P is a predicate of arity n and each ¢; is an
arbitrary term. A clause is usually written as the implication of a head from a
body. In this paper, we consider clanses with at most one positive literal.

Definition (conjunctive query). A conjunctive query has the forin H(X):
—Bi(X1), ... Bin(Xy), where (X)) is a head, B;(X;) is a sub-goal in the body,
=
and the tuple X; contains ecither variables or constants. All queries are required
g 5 < T
to be safe, i.e., that X C X; U...U X].
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Definition (views). A set of view definitions (e.g. clauses) have the same form
(1.e. represented by the head and body) but expressed in terms of a set of
database relations. For example, we have the view ) in a form of vy (Sre) :
—residual Power(@Sre,Y'), Y > 1000. It means that vy stores all sensors (Ids)
with the residual power greater than 1000 units.

Definition (program). A program is a finite set of defiinite clauses,

Definition (unifier). A unifier of two terms is a substitution making the terms
identical. If two terms have a unifier, they are said to unifv. Further explanation
is giveu subsequently.

Definition(unification). Uunification is performed between the predicates and
the atoms or terins in a program. If a unification suceeeds, that is, the predicate
names, arity (i.e. the number of arguments), and arguments are the same, the
variables (the binding of the variables) will be instantiated.

Definition (unfolding). Substituting a goal in the body of a clause by the corre-
sponding body. For example, unfolding a sub-goal B; i a clause H — By. ..., B,
with respect to a clause B — (1, ..., Cy, where B and B, umfy with @, produces a
clause: (A «— By,....Bi_1,C)...,Cy,. Biyy..... B,)O. Unfolding propagates bind-
ings. In this paper, unfolding is also called unification-based propagation.

Definition (folding). The inverse of unfolding, whereby an instance of a pred-
icate is substituted by the corresponding call. More discussion is available in
Section 4.

Definition (partial deduction). A system for controlled folding/unfolding is
known as partial deduction. It is oftenr used for specialising a programn with
respect to the incomplete input.

We are developing solutions to handle query processing in sensor networks.
Early work which discusses query rewriting algorithms [9] and semantic sensor
network service framework design [10] have been reported and they are integral
parts of query processing. However, we will focus on using partial deduction to
optimise a sensor network program in this paper.

3 Partial Deduction and Its Impact

Partial dednction is especially useful for removing levels of interpretation [11] to

generate a specialised program that generally does far more efficiently than the

generic program. This specialised program is consciously tailored to a particular

task. The theoretical underpinnings of this approach were discussed in [12.8].

The main idea of partial deduction is to recursively perform fold/unfold until

1o more progress can be achieved [11]. A few things must be included to build

such a kind of system. Generally we cousider:

1. The residual program, which is equivalent to the original ones, should be
kept.

2. Clauses must be handled as well as goals. Folding the head and unfolding
the body are highly desired.
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3. A few deelarations must be made explicitly. for example, which goal(s) /sub-
goal(s) should be folded, unfolded or left alone.

(a) if folding is required, to what they should be folded (to make good of
using views as many as possible). Usually, it requires unfolding first (bindings
propagation) to allow more specific folding.

(b) unfolding rules are required to control unfolding. 1t is the inverse of
folding.

In addition to the general meta-interpreter discussed in [11] and the
unfold eriteria in [13], it is preferable to consider the unique charaecteristies of
a sensor network while defining folding/unfolding rules, for example, we need
to consider the sensor network (programming langnage) built-in predicates.

(¢) the empty goal and true will be handled after both (a) and (b) have
been performed recursively in the obvious way.

After sueh a system has been developed, it is expeeted that the NewPgm is smaller
than the original (also generic) sensor program (i.e. Pgm). In addition, it has
potential to reduce the size of the message and (total) data transmissions as
well. They are illustrated by the following examples.

Example 1. Suppose there are two sensor nodes in the network, @1 and @2,
respectively. The notation “@” in @Jd means the host of the tuple at Id. For
example, one single rule ¢(©@2,¢,1) is hosted at the node with Id = 2. There
is another rule hosted at node 1: p(@l, X,Y) : —¢(@2, X Y)Y =\= 1. Fig. 2
shows the differences between two cases (1) and (2).

(1) withont partial dednetion (Fig. 2(a)): at least two variables X and Y are
reguired to send from node 2 to node 1 to be evaluated at node 1.

(2) after partial deduction (Fig. 2(b)): as the faet at node 2 specifies the
variable Y to be instantiate to 1, the second rule will not be fired. As a result,
no variable is required to be transmitted as did in Fig. 2(a).

10K 5 - i3 5
10K, (a) *;_-__':»c f_i w (3) k> x A8
p q p q (2" |.0; (&) \ 10k CEY" o ) 8} \
e XY W = (47 0k Fgen - (Y P
O D Gex®
(a) {b) (s) ib)

Fig. 2. Impact of partial deduction(1) Fig. 3. Impact of partial deduction(2)

Example 2. Suppose there are eight nodes distributed as shown in Fig. 3(a)),
and the original program is about 10K bytes in size. In Fig. 3(a), the total
data transmission is about 70K Dbytes in size. Suppose after applying partial
deduction, the program was specialised to 1Kb for each of nodes. Then the total
data transmission is abont 13K as shown in Fig. 3(b)), which is obviously less
than 70/K. Apart from reducing data transnission, partial deduetion also plays
an important role in code decomposition as one particular code was generated
with respect to each of nodes by having taken account of some computation and
abstraction at that node.
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4 Query Processing and Cost Analysis

In this seetion, we will first look into an extended sensor network example to
gain insight on partial deduction. We then present the cost analysis which clearly
indicates that partial deduction has potential to improve query processing in
sensor networks. Before we describe partial dednction in more detail, we give
a brief description of the generic sensor network program used throughout the
paper.

4.1 Running Example

the original program (Pgm):
result(@Next,Src,Val,NewCost) :- %h... (1)
message (0Src,Next ,Dest,Val),
timer(@Src,3,TimePeriod),
candidate (@Src,Dest ,Next,NewCost ,NewHops) .

timer (@Src,TimerID,TimePeriod) :- Yrwrore (2)
timerx(@Src,TimerID,TimePeriod).
message (@Src,Next,Dest,Val) :- B 463

sensorId(e@src,Id),
sensorMeasure(@Src,1d,Vall,val2),
range (ReqVall,ReqVal2),
Vall=<ReqVall,ReqVal2=<Val2,
reading(@Src,Id,H:M:S,Val),
residualPower(@Src,Z),Z>1000.

sensorId(@src,1d):- he .. (4
sensor (Src),
Id = Src.

reading(@Src,1d,H:M:8,Tval) :- o)

sampling(@Src,TimePeriod,TimePeriod,H:M:S,Tval) .
candidate (8Src,Dest,Next ,NewCost,NewHops) :- %...(6)

beacon(@Src,NewNext ,Dest,01dNext,D1dCost ,D1dHops) ,

nextHop(0Src,Dest,_,_,.),

linkLqi(@Src,NewNext,LinkCost),

DldNext =\=Src,

NewCost=DldCost+LinkCost,

NewHops=DldHops+1,

dest (@Src,Dest),

Src=\=Dest.

Following is a brief explanation of predicates in the elanses (1)~(6).

The predicate result/4 can be interpreted as: if there exist a message (i.c.
message /1) and a candidate (i.e. candidate/5) whose next hop is the Next,
and if the thmer fires, then sends the message to the Next.

the predieate message/4 is further defined to symbolise the message by
describing where the tuple will be sent to (i.e. Nert), the origin of the
message (i.e. Sre), and the destination (i.e. Dest). The variable Val is the
content of the message. It is the eurrent temperature reading. However, the
seusing (i.e. reading/4) will not take place until it is certain that this sensor
has the capability to obtain it (that is, within the required range) and the
node residnal power is greater than 1000 nnits.

the predicate sensorld/2 is defined to link Sre and Id together,with Id
specifying which sensor is cinrently concerned.
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— the predicate residual Power /2 measure the residual power at the node.

— the predicate reading/4 is defined to present the sensing data with a given
sampling rate within a sampling period.

— the predicate sampling/5 is defined as a built-in predicate. To be brevity,
the sampling rate and sampling period are set to same value in this program.

— the predicate candidate /5 can be understood as a candidate to receive a new
beacon message with NewCost and NewHops to be updated accordingly.

— the predicate nextHop/5 is defined as auother built-in predicate to indicate
the next hop that the message should head for.

— the predicate linkLqi/3 is also defined as a built-in predicate to represent
the last received packet from the source (i.e. @Sre).

We will use the view vy introduced in Section 2 to rewrite part of the clause (3).
We are aware that different algoritlms [9,14] for query rewriting exist. In this
paper, we use the equivalent rewriting algorithm for demonstration.

Now let us revisit the sample query introdnced in Section 1. The query is about
to “find sensors where the temperature measurements are within a specific range
X and their residual power at least Y units, and send tlie new temperature to its
available neighbours”. The predicate find/4 is defined to represent the goal at
an abstract level. The developed partial deduction system consists of two parts:
the partial reducer and fold /unfold control. The following code suippet gives a
brief idea of how a partial reducer looks like.

partial reducer:

do_fold(H1,H2) :-
fold(H1,H2), !.

do_unfold((H:-B), (H:-NB)) :-
conjunct_to_list(B,BL),
unfold (BL,NBL),
list_to_conjunct (NBL,NB).

Note that as unfolding first allows more specifie folding [11], we have to consider
in which order the fold/unfold rules to be fired. In the example, all sub-goal(s)
in the original program Pgm should be unfolded, while result/4 should he folded
into find/4. Following is a fragment of fold/unfold comntrol in our example.

fold/unfold control:

%variable ’Clauses’ are clauses from Pgm

program(Pgm,Clauses) .

%unfold all sub-goals from Pgm

unfold(message(€Src,Next,Dest,Val) ,Nm).

%#fold result/4 to find/4

fold(result(CNext,Nodel,Val,NewCost),
find (¢Src,Nodel,Val,NewCost)).

Putting the preceding partial reducer and fold /unfold control together, the Pgm
will be specialised into the following new program NewPgm (Note that Nodel is
12, Node2 can be either 11 or 15), given the view v;. We illustrate Nodel =
12, Node2 = 11 only.
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NewPgm (the variables have been renamed by the system):

find(@12,12,11,_G1413) :-
sampling(©12,_G1422,_G1422,_G1429:_G1432:_G1433,_G1410),
nextHop(@12,0,_G1440, _G1441, _G1442),
1inkLqi(@12,_G1447,_G1416).

This new program entirely replaces the original one given earlier. It is specialised
from clauses (1)~(6). Clearly, the specialised code is more compact. This is
because among available nodes, only nodes {12}, {11, 15} meet the requirements,
given the view vy. Other advantages will be discussed in the subsequent section.

4.2 Cost Analysis

For the cost analysis, we first analyse the cost matrix in our example. Since our
focus i1s on query processing, only query related cost will be taken into account
in this paper. We will consider data acquisition and transmission in the future
work. Thus, the estimated cost is defined as the combination of:

— (c_node) rule evaluation associated cost at cach of nodes
(c_trans) the number of variables transmitting between two nodes

Following notations are used to simplifv the analysis. They are:

7 - the number of rules/clauses in a program:

l; - the number of predicates in rule ry;

d; - the number of variables transmitting between two nodes when one predicate
is concerned (see Fig. 2(a) for example).

We assnime /n by /n square grid topology for the analysis. The basic idea is that
we are able to connt the number of transmissions with /n — 1 hops at most (c.g.
diagonal routing), which is the longest path from one end to another. We also as-
sume that there are m sensors in the network. In our cost model, the total number
of predicates is defined as: p= 37 _ I, ...(f1)

1

with these notations, c_cost is given below

it
cnode =mxy :(f2)
aud the cost of variable transmission is defined as:

ctrans = mxy b d;x(y/n-1) .(f3)

Substituting p in formula (f3) by formula (f1), the total cost would be:

N S: 11' (
ctotal = ecnode+ctrans =mx () li+(vV/n—1)x Z,/ =) e (I0H)
The influence of partial deduction on c_total is obvious when the number of rules
(i.e. 7 in the formula (f4)) to be fired was reduced. Morcover, in most cases, in-
stead of all nodes to be involved in query processing, only relevant nodes specified
by the specialised program will be active. As such, the number of the involved
sensors. m, decreases tremendously, Consequently, c_total in foriula (f4) will be
reduced accordingly.
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The detailed cost analysis based on the preceding example is given in Table 1.
For simplicity, all predicates are treated equally in the table. The minimum
number of variables in a predicate, say, 2, is used for the analysis. Based on the
analysis shown in Table 1. it is clear that a significant difference in cost between
the Pgm and NewPgm exists. We employ a metric. called Dif f, to quantify the
cost savings in query processing as a result of partial deduction. The Dif f is
computed as the difference between the sum of the cost of Pgm and NewPgm. An
estimation is given as follows.

Dif f-total = c_total(Pgm) — c_total( NewPgm)
=27Txm+5dxmx(yn—1)—-22x(/n—1)-8
=2Txm+43xmx(Vn-1)+1lxmx(yn—-1)-22x(yn—-1)—8 ..(15H)

Note that m > 2 in this example, thus, tlie second and third terms of (f5) can
be removed if we simply let m = 2 for the term “11 x m x (y/n — 1)", then we
have

Difftotal >27T xm+43 xmx (yn—1) -8
>26xm+43xmx (yn—1)+27xm -8
>26 xm+26xmx(yn—1)
> 26 x m x /n

>mxn

Thus, the “order” of the calculation in the Big O notation is O(my/n) (m > 2,

o> 1),

Table 1. Cost analysis

Cost criteria |Pgm NewPgm

73 6 1

P 27 4

No. of sensors {m > 2 2

c_cost 27 x m 8

No. of variables|> 27 x 2 =54 11

ctrans 54 x m x (yn—1) 22 x (yn—1)
[c-total [27 x m + 54 x m x (y/n - 1)[22 x (y/n — 1) + §]

With partial deduction, generally, we have achieved:

— the new program is simaller and niore compact than the original one

— the storage on nodes has been reduced as only fewer nodes need to consider
it

~ iuter-node message transmission (i.e. variables transmission) has been re-
duced by more specific addressing of messages to nodes.

All these would make the improvement of the execution perforniauce possible
due to the computation and space complexity having been reduced.
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5 Related Work

Following are Dbrief overviews of the related work in sensor network query. Three
categories are identified below. Let ns first start from database query.

5.1 Database Query

TinyDB [15,16] (http://telegraph.cs.berkeley.cdu/tinydb/), a seminal first-
generation SN database, was developed by UC Berkeley. TinyDB's structure
allows queries to be parsed and optimised at the base station. The optimisation
phrase is focnsed on choosing the correct ordering of sampling. selections, and
joins with the help of metadata [16]. However, little or no work of partial de-
duction has been reported and it is nost likely that the non-specialised binary
format of the queries are sent into the sensor network, where they are instanti-
ated. This contrasts dramatically with our approach where the instantiation is
performed at the sink and abstraction is performed with unification-based prop-
agation throughout the program at compile-tiime before the specialised program
to be distributed to the sensor network.

Cougar  [4.17]  (http://www.cs.cornell.edu/database/cougar  /indez.php)
discusses queries over sensor networks by allowing nsers to task the network
by adding a query layer above the networking layer in the protocol stack [5].
In-network aggregation is the focus of the paper. Again, known knowledge has
not yet be discussed sufliciently. To our knowledge, none of TinyDB and Congar
has fully taken advantage of the knowledge known in priori explicitly in query
processing.

Campton’s paper [9] investigated a maximal rewriting using views in the pres-
ence of functional dependencies and value constraints. It will be studied further
in our work.

5.2 Query Programming Language and Platform

Efforts from UC Berkeley present the design and implementation of a declarative
sensor network platform (DSN) [2] which include a declarative langnage (i.c.
Sulog), compiler and rnutime which is supported by TinyOS (hétp://www.tinyos.
net/). At the core of the platform lies the Snlog compiler that transforms the
Snlog specification into nesC language which is native to TinyOS. The generated
codes, together with relevant compiler libraries, are further compiled by the nesC
compiler into binary image to injected into the nodes in the network. The focus of
the DSN is on providing a single high-level programming envirommnent. Authors
in [2,18] have addressed traditional sensor network protocols and demonstrated
that DSN is a natural fit for sensor networks. However, there is no discussion
about implementing an efficient query processing by taking advantage of the
known resources. We attempted to address this issue to redice compntation and
bandwidth usage and eventually minimising data transmission for the resource
constrained WSNs.




144 L. Li and K. Taylor

The SNEEqg! (Sensor NEtwork Engine query language) query optimiser [19]
(http://intranet.es.man.ac.uk/img/dias-mc/sneeql-overview.php) is a recent at-
tempt which combhies an expressive query language with a layered architecture
to generate an exceutable nesC code. However, the proposed approach not seem
to consider how to generate an efficient sensor network program.

5.3 SensorWeb

Other relevant work comes from sensornet (htip://www.sensornet.gov/) and sen-
sorWeb [20], where the knowledge known a priori has been used, either as an
ontology or a repository, to improve query processing at tlie serviee level. Re-
ported work has proposed a service-oriented framework to handle both data
streans from1 WSNs and information retrieval requirenients. These projects have
different views about WSNs and none of them attempted to consider the efficient
sensor network program generation in WSNs.

As discussed, we are interested in rewriting query nsing views and then re-
cireing redundancy to generate an efficient sensor network program. We have
demonstrated that partial deduction has potential to hmprove the application
performance.

6 Conclusion

We argue that efficieney of a sensor network program can be improved with
partial deduction by using views. We highlighted the significance of partial de-
duction in query processing. We have demonstrated that redundancy can be
reduced considerably as long as some computation and abstraetion can be per-
formed at compile-tine.

We are aware of the inherent limitations of partial dednction, but for a class
of problems, we argue that they are niuch more gainful from partial deduction if
cither part of their definitions (the code to solve them) are available or bindings
of variables can be computed at compile-time. We have demonstrated that for
these kinds of problems, the advantages of partial deduction greatly outperforms
its disadvantages. The analysis also suggests that it is promising to apply the
proposed optimisation technique to reduce redundancy to better address tight
energy and bandwidth issues in sensor network applications.

It is generally expected that an automatic sensor network program generator
is developed to lessen the heavy burden of rewriting an arbitrary query. Iu order
to achieve this goal, we plan to study sensor network query rewriting in depth
in the future.
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Abstract. In this paper, conditional localization and mapping (CLAM) is
realized with a stereo camera as the only sensor. Compared with visual
simultaneous localization and mapping (SLAM), the framework of CLAM is a
novel proposed condtional filter rather than extended Kalman filter (EKF). In
this algorithm, there is no camera velocity information in the filter state, the
measurcments and state cquation all depend on image data which are the most
reliable information so that CLAM outperforms SLAM when the camera turns
abruptly or there are some frames lost in which conditions the SLAM may
diverge quickly because the predefined model is incorrect in such eases. For
CLAM, the model is derived from image data so that CLAM has no such
problems. The experimental results show that the proposed CLAM is robust to
abrupt wrning of the camera and frame-losing. and also give the precise 3D
information about the featurcs and the trajectory of the camera.

Keywords: Stereo Camera, CLAM, conditional filter.

1 Introduction

In the past decade, significant progress has been made in autonomous robot
navigation. SLAM has become more and more popular in robotics as a solution to the
question of a moving sensor platform constructing a map of its environment during its
first navigation while concurrently estimating its position and direction{ 1, 2, 3].

Early work was done in sonar-based navigation of mobile robots using the Kalman
filter algorithm, as in [4] and [5]. Although sonar signals are insensitive to
illumination variance, they are inaccurate. Compared with sonar signals, images
captured by camera are compact, accurate, and well understood.

As for visual map building, Moutarlier and Chatila [6] proposed an approach
taking account of all correlations in general robot localization and mapping problems
within a single state vector and covariancc matrix updated by the extended Kalman
filter (EKF). Several early implementations verified the single EKF approach for

B.-T. Zhang and M.A. Orgun (Eds.): PRICAT 2010, LNAI 6230, pp. 146-156, 2010.
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building modest-sized maps in real robot systems and convincingly demonstrated the
importance of maintaining estimate correlations. These successes gradually resulted
in very widespread adoption of EKF as the core estimation teehnique in SLAM. The
most suceessful visual SLAM using a monocular camera was recently devcloped by
Davision |7, 8, 9], whose contributions inelude an active approach to mapping and
measurement, the use of a general motion model for smooth eamera movement, and
solutions for monocular feature initialization and feature orientation estimation.
Civera [10, 11, 12] enhanced Davision’s work by introdueing inverse depth for
feature points, producing measurement equations with a high degree of linearity.
Thomas [13, 14] realized vision-based SLAM using stereo camera, monocular camera
and Panoramic eamcra, respectively. This approach ean deal with elose large loops.
All the above approaches built a map of the environment with feature points and the
trajeetory of the eamera. However, many images must be obtained in a short time. In
addition, the camera should move smoothly because for EKF, if the estimate of the
state is wrong, EKF may diverge quiekly owing to its linearization.

In this paper, we address the problem that the filter diverges when the eamera turns
abruptly. We are inspired by the conditional filters [15] first proposed for point
tracking. The proposed CLAM also ineludes a eondition with respeet to image data.
The camera statc is predieted from image data whieh is much more reliable
information than the previous knowledge. In the case of monoeular SLAM [9], it
faces the problem of the scale so that it needs additional sensors or some a priori
knowlcdge. Stereo camera that provides scale through the bascline is used in the
proposed CLAM. For the close points which present large disparity on the stereo
imagc, they are initialized as 3D points which will provide distanee and oricntation
information.

The paper is organized as follow. In Section 2. we introduee the conditional filter.
Seetion 3 gives the details of the CLAM system. Section 4 provides the experimental
results. In Section 5, we draw the conclusion of this paper and future work.

2 Conditional Filter

In [15], a conditional linear filter and a eonditional nonlinear filter are derived based
on Kalman flilter and particle filters, respectively. For our cases, we propose another
conditional filter as an extension of EKF with respeet to image data.

Let 1, denote an image obtained at time k. The sequencc of images {lk.k =

() e n} will be represented by I, . The nonlinear image-based filtering problem ean
be represented by the following system:

B, T
X = fk()i (‘k-»l‘wkM ) (N
| | Y
7y = hkm (xk_].vkm ) 2)

The index I, indicates a dependence on the image data. Note that X, is the system

. . . 1, . 2
state and *; is thc measurement at time k . Funetions f, " and h:“‘ may bc estimated
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) a 1 s . =
from1, . Variables w; and v* , which are process noise and measurement noise,

. . . . . 0 1 1
respectively are zero mean indepcndent white noises with covariances Q" and R;™

respectively.

A condition i1s included with respect to image data; thus the cquations for the
optimal filter can be applied to the proposed model.

The state is assumed to be a Gaussian vector. Thc Gaussian probability dcnsity
function (pdf) is completely characterized by the mean and covariance matrix. The
filter can be represented by a recursive process including prediction and update
phases. The process goes like this:

~

Step 1. Initialization of Xo,P, .

where Xo is the filter state, P, is the associated state covariance.

. . . I 1
Step 2. Estimation of functions and matrices f,* , A ., Q" and R' from the
P k k k k
image sequence.
Step 3. Prediction
Xkt = f"" (Xt-1)
i 1, .
Py =FP (F") +Qu
a.ﬂ"‘

where F:" =—I
ox
Step4.  Computc %,
Step5.  Update:

K, —Pm JHIHP, H+R)'

X =Xm|+K (Z"—Zk)

pk =(I- )Pu |
ahlm
where H, = k)
ox
Step 6. Repeat Steps 2-5 until no unprocessed image rcmalm

ZL is the predicted measurement derived from XkIA 1 according to
Zk = llk‘“ (Xklk-»l) (3)

z, is the measurement obtained from image I, . It is always computed by

matching technique.

3 CLAM System

The difference betwecn the SLAM and the CLAM is shown in Figure 1. Here, we
take one loop from the two rccursive processes for example.
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(b)

Fig. 1. The difference between the SLAM and the CLAM. (a) The process of the SLAM (b) the
process of the CLAM.

For the SLAM, x..,. is derived from x, according to the linear and angle velocity of
the camcra that may not be precise in certain conditions such as abrupt turning, frame
losing, actually the velocity that is uscd to predict the state in time k +1 is the velocity

~

of the camera in time k . While in the CLAM, Xi.« is computed from x, andl,,., .

the change of speed and direction of the camcra, is computed from I, andl, .

3.1 The State Vector

The state of the CLAM X is composed of the camera state X  and feature
states X . As a matter of fact, the result is represented by all the states of thc CLAM
system
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The associated state eovarianee

. X,
P= : (5)
X fu Xe * fin * fin

The stereo camera is described by the position of its optical center r" and its

orientation in Euler angles ¢@"

X = (6)

For feature states, Inverse depth {10] used in monocular SLAM is proved to represent
the distribution of features at infinity as well as elose points, allowing performing an
undelayed initialization of features. Despite its properties, each inverse depth point
needs an over-parameterization of six values instead of a simpler three coordinate
spatial representation. This produees a computational overhead. Here, working with a
stereo eamera, whieh can estimate the depths of points, the feature point is defined in
terms of Euelidean eoordinates.

b(u —u,)
u—u,
x
b(v —v) 7
x’ =l y|= a7 B 5 ( )
] u—u,
z
o
L u,—u,

where b is the baseline of the stereo camera, f is the foeal length of the eamera,
(u,,v,) is the image center, (u,,v,) and (u,,v,) are the image eoordinates on the left
and right images respeectively.

3.2 Prediction of the State

In this step, the state is estimated from current and previous images.
Firstly, for both left and right images, the image eoordinate of the feature point in
time k is estimated from I, aecording to the robust parametric motion estimation

approach [16]
(a2 vy ) = (g4 y vl(k-l))T +B((u, s "nk-n)T )0, + @, (8)

T : T
(w,vy) = (”r(k-l)"r(L-»l)) + B,y Ve 0, + O, 9)

here B((.»)") l w v 0 0 O
where B((u,v) )=
00 0 1 wu v

of the same feature point on the left and right images at time k . 0, is the parameter

], (u,,v,)" and (u,,v,)" are the eoordinates
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vector which contains the polynomial’s coefficients. @ is assumed to be a white noise
of zero mean and covariance with respect to image data.

Secondly, depending on the cstimated position of feature points on the both images
at time k—land &k . the position and direction of the feature can be derived with
respect to the camcra

X = blut, ) =14) bV, = Vo) fo (10)

flhk=1)

Wy gy Wy "8y Mgy g

(11)

_{ho«,k—w b(u, —v) b }
x_ll'_

Uy =4y, My =y Uy — U,

Using the two scts of corrcspondent points, {x,, ,} and {x,, }thc translation and

rotation of the camera can be computed using the method in [17]. By defining:

Xp-n = =5 Z‘)(A -1 Xe-n =X 00~ X a0
(12)
X =_Z‘fx X =X =Xy
A correlation matrix H is defined by:
A’ 4
H:Zx',vk(x‘“k “)' (13)
i=l

The singular value decomposition ol H is given by H=UAV’, the optical rotation
matrix R can be derived by R = VU’ . The optical translation of the camera T can
~Rx, .

be calculated by T=x,,,

w . W
Fagor | _[ B+ T 14
xkﬂ\‘ = W i W R ( )
LU Pr X
For the fcature points, becausc they arc static with respect to the 3D map, they are
predicted as the same with the previous state.

3.3 Feature Point Selection and Management

A good feature point selection algorithm is important for the whole system. A point is
considered to be tracked reliably if its neighborhood defines a luminance pattern that
carries enough information. To discard areas with insufficient luminance gradicnt, we
use the sclection criterion proposed in [18] (see Figure 2). This criterion is based on
the eigenvalues of the structurc tensor 7
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" VIl VIVI,
U J VIVI VI ()

Rituat’ )

where [VI VI | =[0I, /0u,dl /dv] . the two eigenvalues A and A, give

information on the intensity profile within xc.. . Small eigenvalues are associated
with a constant intensity profile, whercas large values indicate a luminance pattern
that can be successfully tracked. The corresponding feature is therefore accepted as
min(4.4,)>A. Ais a threshold. The corresponding 11x11 patch with the feature

point as its center is stored for measurement detection.

Fig. 2. Feature points deiccied using a stcreo camera

At each step. we use only those features that fall in the field of view of both the left
and right camera. Then project these features on the right and left images. A matching
search based on normalized cross-eorrelation is pcrformed using the patch associated
with each feature. When insufficient features are visiblc, new features arc added into
the state. Moreover, non-persistent features are deleted from the state vector to avoid
an unnecessary grown of the feature population.

When a new featurc X, is added into the state

% P, P. 0
= xfl,n P= l)x K l’x,— Xy (_) (16)
X, 0 0 B

1/>>< (17
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3.4 Measurement Equation

At each step, we project every 3D feature point on the left image. A match is detected
after performing normalized cross-correlation. In the following, a new measurement
z is used to update the state of the filter.

~e . . g e w ..
First. using the estimates of eamera position l‘k:k , and feature position x, , the

osition of the feature point relative to the eamera x* is expeeted to be:
p p ; p

o
o
. b
x; =| X}, [=R"(x, =(r}, , =15.0.,01')) (18)
X

b
9

P4

where R” is the rotation matrix. 1) |, —[=,0.0]" is the position of the left camera.

The position at which the feature point x, would be found in the lelt image is

"
calculated aceording to the standard pinhole model:

LR

v

X i, — /"u R

"' X,,

Z, = = (IQ)

“i xR

vy = f5, ==

0 o

v \,R

D, P

where f is the focal length of the camera, (u,,v,) is the principal point, s, and s, are
the camera calibration parameters.

4 Experiments

In order to demonstrate the robustness of the proposed CLAM system, we captured
one short video with frame rate 20fps by a stereo camera Bumblebee2 (See Figure 3)

Fig. 3. Bumblebee?2 stereo camera

The stereo camera provides a 100x 84 dcgree FOV per camera, and has a baseline
of 12em. Features are initialized as 3D points which are less than 7m far away from
the camera. With the help of the Tricops SDK supplied with the sterco camera, the
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derived video is rectified so that in the CLAM system, the effect of distortion of lens
is not considered.

The video is captured with the camera in hand. It is processed in Matlab with
the proposed algorithm on a laptop with an Intel 4 processor at 1.8 GHz and 1G
memory.

(a) (b)

Fig. 4. Two frames ol the video clip and the results of the CLAM (a) Frame #2 (b) Frame # 122

Figure 4 illustrates the results of the proposed CLAM. In order to show the CLAM
is robust to frame losing and abrupt turning of camera, in the following experiment,
frames from #20 to #40 are not used in the CLAM, which means that # 41 is to be
processed after #19 is processed. The results are shown in Figure 5. The CLAM can
also give correct estimate even when some frames are lost.

(a) (b)

Fig. 5. Results of the CLAM in the case of frame losing (a) Frame #2 (b) Frame #122

In order to compare CLAM using stereo camera and SLAM using monocular
camera, we take the all the left images from the video clip for implementing SLAM
and at the first step, the stereo images are used to supply the SLAM with secale
information. Table 1 compares the results of the camera’s position using two
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methods—CLAM with stcreo camera and monocular SLAM. From the results, we
can see that CLAM performs better; its trajectory is closed to ground truth, especially
during an abrupt turn or frame-losing. For the SLAM, it deviated from the ground
truth when it processed frame # 41 due to the incorrect velocity information of the
camera uscd.

Table 1. The comparison of the camera’s position calculated by CLLAM and SLLAM in 3 steps

Ground Truth (m) Estimated (m)

Frame

X ¥ b4 X Y 4

CLAM | 900+ 001 | 000t 001 | oot ool
#1 | 000|000 | 000 |-
SLAM | 900+ 001 | 0.00% 001 | 000+ 0.01

CLAM | 950+ 002 | 003002 | 050+ 002
#19 | 051 | 004 | 050

SLAM | 952+ 003 | 004003 | 050002

CLAM | | 404002 | 0024003 | 004002
#41 (141|002 | 004

SLAM | gs3+05 | 003to04 | 0s1+o05

5 Conclusions and Future Work

A significant contribution of this paper is to introducc a new localization and mapping
method called CLAM. Comparcd with the traditional SLAM approach, the
framework of the CLAM is an image-sequence—based conditional filter robust to
occlusion and abrupt changes. According to robust parametric estimation technique,
the velocity of the fcature of intercst can be derived to estimate thc motion of the
camera. Normalized cross-correlation is used to find the measuremcnt.

In this research, a stereo camera is used as the only sensor, the nearby features are
easy to initializc and provide the scalc information to the 3D map. The closc featurces
provides distance and orientation information.

Currently, the CLAM is applied in a short video. In the future, we will
implcment the CLAM over a long distance, and improvc it so that it is robust for loop
detection.

As an extension of SLAM, CLAM currently is focused on building 3D maps of
unknown environments with feature points, which can be easily detected and
identified, but not robust against occlusion and illumination. In indoor environments,
many linc features are available, such as the edges of walls, tables, etc. Lincs have
various advantages over points. First, lines are insensitive to illumination and
occlusion. Second, maps of line segments visualize the spatial structures of
environments. Third, line matching can be achieved even when viewpoint changes
occur, but point features can only be reliably matchcd over a narrow range of
viewpoints. In the future, we will target at building a map with linc scgments!
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Abstract. Most previous woks on web news article extraction only Tocus on its
content and title. To meet the growing demand for the various weh data integra-
tion applications, more useful news attributes. such as publication date. author,
etc., need to be extracted structured stored for further processing. In this paper,
we study the problem of automatically extracting multiple news attributes from
news pages. Unlike the traditional ways(e.g. extracting news attributes separately
or generating template-dependent wrappers), we propose an automatic, unilicd
approach to extract them based on the visual features of news attributes which
includes independent visual features and dependent visual features. The basic
idea of our approach is that, first, the candidates of each news attribute are ex-
tracted from the news page based on their independent visual features, and then,
the true value of cach attribute is identified from the candidates based on de-
pendent visual features(the layout relations among news attributes). The exten-
sive experiments using a large number of news pages show that the proposed
approach is highly effective and efficient.

Keywords: web data extraction, news attribute, visual feature.

1 Introduction

As one of the most popular web information sources, web news articles attract count-
less surfers every day. Meanwhile, many important applications need an efficient way
to extract news articles from web pages at fine granularity instead of indexing the
whole pages. Fig.1 shows an example of news article. and the attributes of this article
arc also marked with red boxes.

Extracting news articles from web pages automatically 1s always a very challenging
task due to various layouts or templates of ncws web pages. To the best of our know-
ledge, though some efforts {1,2,13] have becn done on this task, most of them only
focus on extracting content and title. In fact, more attributes(publication date, author.
ctc.) also need to be extracted to meet to the growing demand of the various applica-
tions. Table | illustrates the functions of the news attributes except title and con-
rent(because their functions arc widely known.

B.-T. Zhang and M.A. Orgun (Eds.): PRICA] 2010. LNAI 6230, pp. 157-169, 2010.
© Springer-Verlag Berlin Heidelberg 2010
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In this paper we focus on 8 important news attributes: title, author, publication date,
content, category, source, related news links, comment link. Though title and content can
be extracted with good performance using appropriate features (e.g. Html tag, font size,
text length, etc.) in previous works [1, 13], most of attributes cannot be extracted in the
similar way. For example, publication date would be difficult to be identified only with
its own features if many dates appear in the news page. However, a user can still identify
it without any difficulty according to the layout relations of it and othcr attributes.

In fact, when people browse a web page, they are subconsciously guided by the
expcricnce they have accumulated in browsing similar web pages. Therefore, to ease
users’ consumption, the news pagc designers always give a careful consideration on the
visual features of ncws attributes, i.e., what type of font should be used and where it
should be placed in thc page. Our approach simulates how a user understands news
attributes in ncws pages based on his visual perception. In this paper, the visual features of
news attributes used in our approach are classified into two types: independent visual
teatures and dependent visual features. Independent visual featurcs are used to identify
news attributcs independently, including font, text length, etc. Dependent visual fea-
tures characterize the layout relations among news attributes on web pages. including
direction feature and neighbor feature. Section 2 will introduce these visual fcatures.

Based on the visual features, we propose a new unified approach to extract news
attributes, which is different to traditional ways which extract each attribute indepen-
dently or generate template-dependent wrappers. The proposed approach consists of
two stages. First, scvcral candidates of each attribute are extracted from the news page
based on their independent visual features. Next, the true value of each attribute is
identified from its candidates based on the dependent visual features. A prototype
system VEWNO has been implemented based on the proposed approach. Though 8
attributcs are focused in this paper, our approach is general for the extraction task of
any attribute set.
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Table 1. The functions of news attributcs

News attribute Function

category classifying news article on topic

related links crawling event-oriented news articles

comment link crawling comment pages rclated to this ncws article

publication date | ordering the news articles about the same event according 10 the time
author, source evaluating the credibility of a news article

Overall, the contributions in this paper are summarized on four aspects. First, we
investigate the visual features of news attributes (especially dependent visual features)
of news attributes. To the best of our knowledge, the existing approaches mainly fo-
cused on some of independent visual features. Second, we propose a unified approach
to extract multiple attributes of web news articles. Intuitively, extracting more
attributes will bring more challenges. But we think such challenges are also opportun-
ities because morc informative cvidences can be used to improve the extraction per-
formance. In other words, the extraction performance of an attribute can be improved
by the layout relations of it and other attributes. and vice verse. Third, our approach is
also the combination of web data extraction and annotation. That is, the attributes havc
been assigned the right semantics when they are extracted. 1t is widely known that web
data annotation is a very challenging task[12]. Fourth, the basic idea of our approach is
not limited to the extraction task of news articles. It is a promising way to extract
multiple attributes of web object simultancously from noise-rich web pages. Many
structured web objccts, such as Blog and product, can also be extracted in the same
way. As the future work, our approach will be applied to more other web objects.

The rest of the paper is organized as follows. In section 2, we introducc the visual
features used in our approach. Section 3 and section 4 discuss the underlying tech-
niques, attribute candidate extraction and truc value identification, of our approach
respectively. In section 5, we present and analyze the experimental rcsults. The related
work is introduced in section 6, and section 7 is the summary.

2 Visual Features
Web pages are special documents being accessed through a web browser. The visual

information are the most important clues to help people understand the semantic
structures of web pagcs. As a result, news attributes can also be identificd with

Visual
features

mdependent
features
Jont size & position text direction neighbor
Jeatures Jeatures Sfeatures features features

dependent
Sfearures

Fig. 2. The category of visual features
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appropriate visual features. The visual features of news attributes include independent
features and dependent features. Fig. 2 shows the category of the visual features.

Independent features: For each news attribute, some visual features are very useful to
identify it in news pages. For example, ritle always uses a notable font compared to
other texts on web pages. We call these features independent features in this paper.
Three kinds of independent features are listed as follows.

®  Font features: size, bold, style, color;

®  Size & position features: height, width, coordinate(x, v)':

®  Text feanures: text length, link text length, frequent words, expression format
(such as date).

Further, more advanced features can be derived from the basic features above. For
examples, the area of a text block can be calculated with its width and height, and ratio
of link texts ean be calculated according the text length and the link text length. We do
not list all the features due to the limitation of paper length.

Dependent features: We import dependent features to represent the layout relations
among news attributes on Web pages. According to our observations, the layout rela-
tions of new attributes are not in chaos though the templates of news pages are various.
We classify such regularities into direction feature and neighboring feanire.

Direcnion feamre indicates the direction relation among attributes. Since a web page
is two-dimensionally laid out, we use “top-down™ and “left-right” to represent this
feature. The direction relation of two attributes «, and a; is defined as below.

Top-down: ai.y < aj.y;
Left-right: a;.y = a;.y and a;.x < gj.x.

These relations ean be deduced easily with their eoordinates. According to the defini-
tion, “top-down” relation takes precedence of “left-right” relation, and so it is im-
possible that «; is both on top and on the left of g; in one news article.

Neighbor feature represents the neighbor relations among attributes. For example,
author and content are often neighbors on the page. a; and «, are defined to the
neighbor relation iff no other attributes appear between them on the horizontal or ver-
tical direction. Note that, noise texts does not influence the neighbor relation. For
example, in Fig. 1, the related news links and the comment link are still regarded as
being neighboring even some texts are inserted between them.

title author content | ...
title {1,0,38.5%)
author
content

Fig. 3. The model of layout relation matrix

! The origin is the top-left corner of a web page, and (x, y) is the top-left corner of the texi block.




A Unified Approach for Extracting Multiple News Attributes from News Pages 161

We use layout relation matrix to represent the layout relations between any two
attributes. Fig. 3 shows thc model of the layout relation matrix. Each cell in it is denoted
in form of triple {p. pi, pa}, where p, py and p, arc the probabilities for top-down,
left-right and neighbor relations respectively. For example, the cell {1.0,38.5%} means
the probabilities of ritle and content on the thrce layout relations are 1, 0 and 38.5%.
The layout relation matrix can be produced using labeled news pages. We observe that
the probabilities in the layout relation matrix will be convergent when the number of
news pages is large enough.

3 Attribute Candidate Extraction

Attribute candidates extraction targets at extracting some text blocks from the news
pagce as the candidates of each news attribute and assure the true value must be one of
them. In our implementation, a news pagc is partitioncd into a set of text blocks. Any
text block holds a rectangular area on the page, and the visual information (font,
coordinate, etc.) is attached the text blocks during this proccss. We adopt the VIPS
algorithm [15] to build the visual block trec for a news page and collect the leaf nodes
as the initial text blocks. To cnsure attributes and text blocks arc 1:1 mappings, we
merge the text blocks as one block if they share the same font, are adjoining on the page
and are not separated by recognized scparators (such as */7) | 7].

Table 2. The rules for attribute candidate exiraction

attribute Extraction rules attribute Extraction rules
45px=Font-size>15px l“ont-size<12px

Font-color: black. grey or
source brown

Font-color: black or blue

title y<page. height/2 Frequent-word: “from ", etc.
y<screen. height 4 <Text-length<25
8<Text-length<50 6px< font-size<12px
isAnchorText: no l‘ont-color: black

- content 3
Font-size<10px y<screen. height
Font-color: black, blue or grey text-length=>20
publication Text-length<16 Font-size<12px

date Texl-ff)rma}: date regular yeprgs hisight
expressions
isAnchorText: no category | y<screen. height
Font-size<12px 8<Text-length<30

Frequent-word: *>", “=>", ",
ZENGE 3<Text-length<25 ¥
frec!'uem-word: author:”, Fout-size 126
By"etc.
Font-size<12px related | Font-color: black or blue
6 <Texi-length<15 news y>page. height/2
comuent = = i .

link Frequent-word: “comment links isAnchorText: yes

isAnchorText: yes Frcqaer}}-m)rd: P TSl
news”, “related links™, etc.




162 W. Liu et al.

3.1 Candidate Extraction

For each attribute, some text hlocks are extracted as its candidates using several simple
heuristic rules based on independent features. The candidate extraction rules are al-
ready obtained, which are just the rules shown in Table 2. If a text block satisfies all the
rules of some attributc, it will be regarded as one candidate of this attribute. In this way,
a group of text blocks are extracted as the candidates for each attributc. Now we will
introduce a general automatic way of training candidate extraction rules using labeled
news pages.

3.2 Training Candidate Extraction Rules

To build these candidate extractors, two qucstions have to be answered: given a news
attribute, which visual features are selected to generate candidate extraction rules and
how to set appropriate values for the rules?

Visual feature selection

For each news attribute, some useful visual features are selected to generate candidatc
extraction rules. For example, font size is a very effective feature to help users detect
title from a news page. Manually selecting visual features is time-consuming and er-
ror-prone. The classic algorithm C4.5 is employed for this task because it can sclect
appropriate features and use them to build the classification tree. The training set is the
text blocks obtained from news pages in the step of web page representation. In the
training set, the truc values are labeled as the positive samples are, and others are la-
beled as the negative samples. When the classification tree for each news attribute is
built using C4.5 algorithm, the features in the classification tree are selected.

f P

4 o

i
r
| Gy 6 ||

] N

Cs

Fig. 4. An example to illustrate the neighbor relation

Candidate extraction rule generation

To assure the true value must satisfy every rules of the attributc, thc value domain of a
selected fcature is the union of true values of this attribute in the training set on this
feature. For example, the title candidate extraction rule *45px=>Font-size > 15px”
means the range of title’s font size is from 15px to 45px in the training set. When the
size of the training set is large enough, we believe the candidate extraction rules shown
in Table 2 arc safe.
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4 True Value Identification

The goal of true value identifieation is to identify the true value from the eandidates of
each attribute. In this section, we first introduce the method of measuring the layout
reasonableness of a eandidate news artiele, and then propose an efficient way for true
value identification. We define candidate news article to be the candidates from dif-
ferent attributes, and define true news article to be all of its candidates in it are true
values. Obviously, true news article i1s more reasonable than other candidate news
article on the layout.

4.1 Measuring the Layout Reasonableness of a Candidate New Article

We define the layout reasonableness of a candidate news article as the sum of the layout
reasonableness of any two candidates in it. We measure the layout reasonableness of
any two eandidates based on the layout relation matrix. Given any two candidates ¢; and
¢j belonging to different news attributes, the layout reasonableness of them is calculated
below:

_[ A pe(ana;) + e palana) .
(p(ci,c,-)—{o if pela,a) pala.a)=0 el (M
where a; and q; are the attributes that the candidates ¢; and ¢; belong to, p,(a,.a;) and
Pulai.ap) are the probabilities of ¢; and ¢; on direction relation and neighbor relation
respeetively in the layout probability matrix. p,(a;,;) is an alternative probability which
is deternined by the current direction relation of ¢; and ¢ if ¢; and ¢; satisfy the
top-down relation, p,(a;,a;) is p(a;.a)), otherwise 1s p(a;.a;). 4; and z1;; are the weights of
px and p,.. For different attribute pair, the related 4 and g are also different. For instance,
aeceording to our observations, the direetion relation is more important than the
neighbor relation for comment link and title, while the neighbor relation of comment
link and title 1s more important than the direction relation of them for comment link and

Algorithm of Calculating

Input: two candidates ¢; and ¢,

Output:

Begin

1 Initalize set C,.

Put the candidate attributes that are between ¢; and ¢;

2 into Cy;

3 Foreach ¢, €C, do
Zejecs, P€1Cx)

¢ PR LrseklCSI

5 P=llgec,p(c)

6  Return g;

End

Fig. §. Algorithm of calculaling 3
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content. We choose SVM (Support Vector Machines) to obtain the appropriate values
for 4;j and y;; automatieally. The training set is a set of candidate news articles. If all the
attribute candidates in a eandidate news artiele are true values, this candidatc news
article is labeled as the positive sample, else it is labeled as the ncgative sample.
However, it is difficult to determine whether two candidates are really neighboring
when some other candidates are between them. Just like the example shown in Fig. 4, ¢;
and ¢s are top-down rclation, and three candidates (¢, ¢3, ¢4) are between them. ¢; and ¢
are neighboring only when ¢, ¢; and ¢4 are all false values, otherwise they are not.
Because any candidate cannot be determined to be true or false yet, we use an attenua-
tion faetor f to represent the probability that two eandidates are neighboring. Thercfore
Formula 1 is replaced by the following formula. Estimating £ will be introdueed soon.

Aij ‘I’x(ai-a;)+#i;‘ﬁ‘Pn(aua1) it] 2)

"’(C"C’)z{o if pe(aua;) polana) =0

Further, the formula to measure the layout reasonableness of a candidate news article is
given below.

Yelcuq)

@(AC) {0 1P BT ¢ EAC, I# | 3)

Estimating f

f is the probability of ¢; and ¢; being neighboring in Formula 2, i.e., the probability that
all candidates between ¢; and ¢;. are false values. Suppose CSj is the candidate set of
attribute «, that ¢, belongs to, and its size is n. Intuitively, the probability that ¢, is a
false value, denoted as p(¢,=F), should be 1-(1/n). But it is not reasonable. For example,
title is always on top of content, so any candidate title must be a false value if it is under
all eandidate contents. Therefore, we proposc a more effective algorithm (Fig. 5) to
calculate f# based on the direction relation.

Line 4 is an alternative component aceording to the direction relation of ¢; and ¢;. For
example, if ¢ is on top of ¢y, p«(cr.¢y) is replaced by py(c.ci); if ¢ is on the left of ¢,
pxlcray) is replaced by pi(ci.ci). Obviously, the more candidates between ¢; and ¢; are,
smaller /3 is.

4.2 Efficient Algorithm for True Value Identification

A straightforward way is to exhaust all possible eandidate news articles and measuring
the layout reasonableness of them. However, the total number of candidate news ar-
ticles is often very large, i.e., ICS|IICS,...ICSgl. Note that, if ICS;I=0, it is removed from
the formula. Because a large number of news pages are processed in real applications, it
is inefficient to generate and measure all eandidate news articles. To avoid such situa-
tion, a simple and efficient algorithm is proposed to find the true news article. The
algorithm is an iterative process: first, all possible partial eandidate news artieles with
only two eandidate sets CS, and CS; are generated; next, when the candidate articles
with i-1 candidate sets have been generated, the eandidate news articles with 7 candi-
date sets are generated. The iterative process stops until i=8. At last, the optimal can-
didate article as the true news artiele is selected with Formula 2 from all candidatc ncws
articles. The details of this algorithm are shown in Fig. 6.
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Algorithm for True News Article Identification

Input: candidate sets of all auributes, CSy, CSs, ..., CSy.

QOutput: the true news article TNA.

Begin

1 Initialize ACS=® //ACS is the article candidate set

/Istep 1: generate the partial article candidates with two candidate sets

2 For each ¢;E€ CS; and each ¢;€ CS, do

3 Caleulating ¢(c¢;.¢;) using Formula 2;
4 If p(c;.c;)#0 then

) Put ¢(c,.c;) into ACS:

/step 2: extend the current partial article candidates in ACS through adding
CS4::.:GS5

6  Fori=3tw8do

7 For each AC, EACS do

8 Take AC, out of ACS.

9 For each ¢;€ CS, do

10 AC =ACG;

11 Add ¢;into CC”;

12 If p(AC")>a then //a is the threshold
13 Put AC’ into ACS:;

/fselect and output the optimal article candidate
14 TNA = {AC1o(AC) is max, ACEACS},
15 Return TNA;

End

Fig. 6. Algorithm of true news article identification

There are two steps in this algorithm. In step | (lines 2-5), the partial candidate news
articles(only containing two candidates) arc gencrated with CS) and CS,. and the
none-zero ones are putted into ACS. In step 2 (lines 6-13), when i-1 candidate sets have
been processed, every candidate in CS; is added into each partial candidate article in
ACS. If the value of an extended partial eandidate article is smaller than the predefined
threshold o, it will be removed from ACS because it has a [ow chance to be the optimal
one. Such pruning operation can reduee the size of ACS greatly. At the end of the al-
gorithm, the article candidate with the maximum value 1s selected as the optimal one,
and the attribute candidates in it is regarded as the true values of news attributes.

5 Experiments

To evaluatc the performance of our approach, we have implemented a prototype systcm
VEWNO. The input is any wcb ncws page that is well-displayed in web browscr, and
the output is the news attributes embedded in this page. The eurrent VEWNO can
process one news page in ().32 to 0.57 scconds (or 2-3 pages in one sccond).

5.1 Experiment Setup

The data set used in the experiments includes 50 online news sites. We randomly eol-
leet at least 100-300 news pages [rom every site. We divide the data set into the training
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set and the test bed: the pages of 25 sites are as the training set, and the pages of the
other 25 sites are as the test bed. The traditional measures, precision, recall and F1, are
used in the experiments to evaluate VEWNO.

5.2 Performance Evaluation
We conduct the experiment to evaluate the performance of VEWNO. The training set is

used to (1) learn the rules for attribute candidate extraction; (2) build the layout relation
matrix; (3) train parameter 4;; and z;j: (4) estimate f.

Table 3. Extraction performance of VEWNQO

title author source publication date
precision | 98.2% | 91.5% 94.9% 97.9%
recall 95.0% | 84.3% 90.3% 96.1%
Fl 96.2% 87.8% 92.5% 97.0%
content | review | category | related news links

precision | 96.4% | 96.3% 97.7% 95.8%
recall 93.7% 93.1% 95.5% 92.2%
Fi 95.0% 94.7% 96.6% 94.0%

Table 3 shows the experimental results of VEWNO on testing bed, and two conclu-
sions can be made. First, the performance of approach is very good on both 8 attributes
and threc measures. Compared with the experimental results reported by [1] [5] on
content and title respectivcly, our approach is better or very close to them. [13] is much
better than ours because they only cxtract the minimum sub tree that contains content
not the exact content. Second, our approach is template independent because the tem-
plates of the pages in training set are different from those of the pages in testing bed. So
VEWNO can perform the news articlc extraction task to any news web pages. This trait
is very important for real applications.

5.3 Experiments on Visual Features

To evaluate the effectiveness of the dependent visual featnres, we implemented 8 ex-
tractors which extract 8 news attributes from news pages separately and compare their
performances with those of VEWNO. Each extractor is actually a classification trec
trained by SVM(LibSVM) only based on independent viswal features(IV), and
VEWNO can be viewed as thc combination of independent visual features and de-
pendent visnal features(DV).

The experimental results on F/ measure show 1V+DV outperforms only 1V signif-
icantly on most attributes. For some attributes (ritle, content and category), the per-
formances are acceptable only using the independent visual fearures. But for other
attributes, the performances arc very poor because their independent visual features are
not distinguishable enough to other tcxts in the pages. So the experiment proves de-
pendent visnal features imported by us are very effective to improve the performance.
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m[V =V+DV

I 2 3 4 5 6 ] 8 Overall

Fig. 7. Comparison experiments between 1V and IV+DV

5.4 Experiments on Comparison with CRF-Based Approach

CRF is the state-of-art model for specific semantic object extraction. We have
implemented the CRF-based approach proposed in [16] which is close to ours,
and make the comparison. The training set and testing set are same to those of
VEWNO.

10005
905

1 2 i 1 5 4] 7 8 Owerall

Fig. 8. Comparison experiments betwecn VEWNO and CRF-approach

From the experimental results in Fig. 8, we find that, though the of CRF-based ap-
proach has better the performances of some attributes, it is still no match for VEWNO.
The reason is that, though CRF-based approach also exploits the order dependencies
among attributes, it overlooks the neighbor feature and its performance will be poor if
too many false ones in the candidates. For example, the cxtraction performunces of
author and source are very poor because the direction features of them and conrent are
not strong enough.
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6 Related Work

The problem studied in this paper belongs to the ficld of web data extraction. It has re-
ccived a lot of attentions in reccnt years. Survey [8] has given a good summary for these
eftorts. The research efforts in this field are either template-dependent [3,4,9,10,18] or
template-independent[6,7,14,17]. In this section, we give a brief introduction for thcm
first. Then, the works on news article extraction will be introduced and compared.

Template-dependent works mainly focus on extracting structured data records and data
items in the web pages through inducing the common template. Most of them utilize the
structure information on the DOM tree of a web page to represent the templates of similar
wcb data records. In recent works, some visual features are also combined with the DOM
trce to improve the performance, such as the method introduced by ViNTs[4]. However,
the gencrated wrappers are sensitive by those works can only be applicd for the web
pages that share similar templates, and are not practical for the task of web news article
cxtraction from general web sites. In addition, an annotation task is needed to assign right
semantics for the extracted data. Template-independent works aim to extract structurcd
data from different-template web pages. Most of these mcthods are based on probabilistic
models, which intcgrate semantic information and human knowledge in inference. For
example, Conditional Random Fields (CRF)[11] and its variations(such as 2D-CRF[6],
HCRF{7] and Semi-Markov CRF[14]) infer the semantics of the text blocks in web pages
by learning the order dependencies of web data distribution. The distinct advantage of
them are insensitive to the templates of web pages. They are focusing on assigning the
scmantic label to the cxtracted data and can be seen as complcmentary to tem-
plate-dependent works {6]. In addition, template-independent works are not suitable for
the rich-noise web pages (such as news pages) because the too many noises will signif-
icantly wcaken the depcndency of web data distribution.

News extraction is a special topic in the field of web data extraction. Until now,
several works have been proposed for web news article extraction, but most of them
only focused on content extraction. [2] proposes a top-down approach to generate a
tree-structured wrapper. This approach is template-dependent, so it is not practical
when ncws pages come from differcnt web sites. [1] is a template-independent ap-
proach for content extraction based on the independent visual features. But for most
attributes, such as publication date and source, the performance will be poor if only
their independent features are considered (see the experiments in section 6.3). Our
approach is differcnt to them on both application and technique. For application, our
approach targets at extracting multiple news attributes not only content. For technique,
our approach utilizes the layout relations of news attributes which can improve the
extraction performances of news attributes in a unified way.

7 Conclusions and Future Work

In this paper we propose a unified approach to extract multiple news attributes from
news pages by using both the independent visual features and the dependent features.
The extensive experiments show the effectiveness of our approach. We believe it is a
promising way to improve the extraction performance by cxploiting the layout relation
among attributes. In the future, we will try to perform the extraction task on other types
of web objects, including web Blog and detailed product object in web pages.
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Abstract. Both of mobile multimedia and mobile Interuet are the im-
portant development direetions of the mobile service. However, it wonld
take great eost by using the high data trausmission rate of wireless nml-
timedia communieation serviee. Under the premise of not inereasing the
investment in hardware, the personalized service eould be applied to the
mobile serviee to not only redncing wireless multimedia eommunication
eost but also keeping the quality of mobile serviee for users. This pa-
per presents a modeling method of mobile phone user profile based on
Outology. This paper founds a model in a method of spatial graph and
introduees the theory of interval valued fuzzy sets, brings forward a se-
ries of eorrelative definitions and formulae of fouuding thie model and
designs an Algoritlim on the Spatial Graph's Establishment and Updat-
ing. Theu, it also studies the reasoning teehnology based on the mobile
phone nser profile and presents a Reasoning Algorithm on the Mobile
Phone User Profile. 1t should be considered that we have made a nse-
ful attempt on the study of foumding user profile and foreeasting nsers’
possible reqnirements.

Keywords: mobile service, interval-valued fnzzy sets, nser prolile,
spatial graplt.

1 Introduction

At present, it would take great cost by using the high data transmission rate of
wireless multimedia connnunication service becanse the commmunication service
needs large nmmber of scarcity resources of radio spectruim. Now, the personal-
ized service is an inportant study direction of mobile service. Under the premise
of not increasing the investment in hardware, the personalized service could be
applied to mobile service to not only reducing wireless multimedia communica-
tion cost but also without reducing quality of mobile service for users. 1t col-
lects nsers’ individuation information in mobile terminals, analyses and forecasts
users’ requirments, and then, organizes multicast pnsh when the transmission
load of Mobile Network is light, and pushes appropriate miformation resource
gained from Internet and lays in these mobile terminals. It not only can greatly
reduce the cost of wireless transmission, but also pellucidly offer users with high-
speed wireless network resources and personalized service from the nser’s point
of view.

B.-T. Zhang and M.A. Orgun (Eds.): PRICAI 2010, LNAI 6230, pp. 170181, 2010.
© Springer-Verlag Berlin Heidelberg 2010
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2 Related Works

If we could reasonably forecast nsers’ personalized requirements, it will improve
their satisfaction degree and also is the sticking point whether personalized ser-
vice 1s applied to mobile service successfully or not.The study of user profile is
the base and core of the personalized service[1].

Some researchers have introduced the user model into the mobile commumica-
tion. Researchers of University Hannover build user profiles for mobile users
and capture users’ movement position by using cell-ID and Wireless Signal
Booster(2]. Giuseppe Araniti integrates user profile with Quality-of-Service(QoS)
and studies soft QoS mechanism in wireless multimedia resource[3]. In the 3G
network, the researchers of University of California build real-time user group
profile and reserve resonrce for user groups to provide better QoS to different
classes of users[4]. Spyros Panagiotakis introduces the information. such as loca-
tion, into mobile enviromment to better determine the user’s environment[5]. G.
Bartolomeo studies how to build user profile for mobile terminal to customize
and obtain services safely[6]. Researchers of University of Toronto collect mo-
bile phone user’s preference information to provide customized advertisements
for them[7]. Under the mobile enviromment, researchiers of Beijing University
of Posts and Telecomunmications study unser profile when the mobile terminal
automatically chooses services provided by the mobile provider and the user
profile is based on Markov decision process[8]. As a National Key Technolog-
ical R&D Program, some researchers of Zhejiang University advance a user’s
SmartShadow model in the pervasive compnting enviromments which adopts
Belief-Desire-Intention model to found user profile[9].

These researchers mostly focus on how to acquire environmental information
of the users in mobile Internet and customization services. On the base of our
previous work[10], we would discuss how to establish the mobile phone user
profile and forecast. the nsers’ possible requirements.

3 The Requirement Issue

Our system forwardly pushes useful information to the mobile terminal nsers ac-
cording to the acquired Internet information. The two sides of the system are the
mobile user terminal and the server-side. The work principle of the system is the
following: The mobile terminal regularly uploads the user browsing information
to the server-side; the server-side mines the user interests and founds the minia-
ture user profile for each user. At the same time, the information acquired from
Internet is provisionally stored in the corresponding information repositories,
and then, is drawn out in batches according to some strategies. The tree graph
model integrates the individual requirements of thie mobile terminal users with
the recommmended information resources on the Internet. Finally, users who have
conmumon interest will be organized as a user group model and the system wonld
push corresponding information to the users according to some information such
as location. From this system’s work principle described above, we can see that
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it is the basis and key on judging the system’s suceess or failure of analyziug and
accurately predicting the users’ real reqnirements. So it is the important content
research of establishing nobile phone user profile and vaguely conferring users’
requiretnents.

We study a model method of mobile phone user profile based on Ontology in
this paper. The reasoning is an iniportant constituent part on the study of user
profile. We believe that the user profile is only a tool and it needs to combine the
reasoning technology to improve its effectiveness. So, only a system combining
the both reasonably could predict tlie requirement of users.

4 User Profile Establishment

The system would build a compact user profile for cach nser which stores the
nser’s interest profiles. It is not a general deseription of a user, but a kind of user
formal description of algoritlun-oriented and with specific data structures. The
user profile is composition of spatial graph based on Outology.

4.1 Expression on Node and Several Formulae

We will present the definitions on space, sub space and node based on Ontology
as following.

Definition 1. To suppose G is the topological space, i.e., G is a nonempty
set. If some subsets of G are defined as open scts and they meet the following
conditions:

1) G and ¢ are open sets;
2) The union of arbitrary number of open sets is an open set;
3) The intersection of limited number of open sets is an open set,

Then, these open sets are called topological strueture in G and G is the topo-
logical space.

Definition 2. If G’ C G, then, G’ is the topological subspace of G.

Definition 3. A four-tuples is used to express the node hased on Ontology, ON
(Md.R,AT.IS5). The meaning of every tuple is listed as follows.

Md: The meta inforination description on the node.

R: Relation. It is a two-tuple, { R, ,R,. ). R, is the relations on Ontology which
includes hypernym, hyponym, synonymy and antonym, ete. R, is the words that
relative to the relations in the supported Ontology libraries. The words can be
extended.

AT The attribute of the node.

IS: The iustance of the node.

We should consider the establishing and updating of the nodes and edges of the
spatial graph based on Ontology. Firstly, the system wonld cluster the user data
uploaded from the mobile terminals. Then, the clustering result center would be
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compared with nodes of the spatial graph and do a mapping to the closed mter-
val, [0.1] based on the interval-valned fnzzy sets. Because we seldom acquire an
accurate valne from clustering and Lhe clustering result center can be expressed
in an interval-valued fuzzy set, A(x)= [A~(x),A" (x)].x€G. In the same way, the
node in this paper can also be ('xplossv(l with B(z;)= [B~(x;).B*(x:)],x; €G.
The 7 is a certain node in the spatial graph.

Researchers point ont that it is also an interval value of the corresponding
topology relation degree in the fazzy domain if the fuzzy domain is expressed in
two interval-valued fuzzy sets[11]. So the problem of comparing clustering resnlt
center with nodes can be solved in the intersection degree hetween the two fuzzy
domains. It is showed as follows of the Formula on Interval-valned Fuzzy Set
Mapping between Clustering Center and Nodes:

Po= [N {400 n By \f {4508 nB xR (1)

reG TeG

P.; expresses the comparative value of clustering resnlt center and nodes. P.; €
[7]. The [1] refers to the unit closed interval. If P,=[1.1], then, the two fuzzy
domains must intersect. If P.,;=[0.0]. then, the two fuzzy domains must disjoint
absolntely.

Here, if the I, 1s bigger than a certain threshold. then. the information rep-
resented by the clustering result center would belong to the node and be added
to it. If the P.; exceeding the threshold of more than one node, then, it wonld
be added to all of these nodes and the values of them wonld be amended. too. If
not exceeding any threshold, then, the clustering center wonld be added to the
spatial graph as a new node. Then, it shonld judge whether mount a new edge
or not between the new node and each old node. The following is the Formnla
on New Edge Setting Judging:

P+ P,

B . _PIAEL pt 4 p- g,
g =4 arctan TRk B £ B Swed @)
P =P, Pr=P,

>+ ]
To suppose P.=[p; ,p}]. The S; should be related to the two factors: 0<fith

2
<1 and ()<:PI+ — P &l
Then, it would mount a weight valne on the new edge. To judge whether
monnt a new edge or not based on S; gained from Formula(2) and to endow the
new edge mounted with a weight value:

fi—'/’*si '(/”',.f,F (().1) (3)

The f; relates to the two factors, S; and W;. There is f; . S; and W, changing
with the same tendency. The £ is a coeflicient, 0<f<W; <1, £€ R, we will carefully
choose € to keep £/W; in (0.1). The p is a coeflicient, too. u>0, peR. We will
also carefully choose p and € to keep f; in (0.1).

Then, we would consider to npdating the weight value of the old edges. If more
than one old node is amended, then, the nodes would be checked whether having
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edges ammong them or not. If it is, the weights of the old edges would be nodified,
if not, a new edge should be created. If only an old node is amended, then, only
its edges would be amended. If it exceeds a certain threshold, a new edge would
be created, and if it is less than another threshold, then, the edge would be
deleted. At the saine time, the time counter of the edge would be amended, too.
Thus, it is accomplislied of expressing and updating on the spatial graph.

The Formula on Time Decay of Edge is considered related to the two factors.
One is the time from the edge is established to now. The other is the promipting
to the edge in this time, that is, it plays an enhanced role of using the nodes
every time. The IFormula on Time Decay of Edge is showed as following:

-y (,_lnkg;H) o ?é 0
1, t=20

(4)

We suppose t expresses the time from the edge is founded to now and the value
of W should reduce along with ¢ increasing. To suppose that the s expresses the
prompting, s€ N, and the value of W should increase as soon as being stimulated.
To suppose the W is the weight on time decaying of edge and it is a function on
t and s, We(0,1]. The k is a coefficient, k>1.

4.2 Algorithin on the Spatial Graph’s Establishment and Updating

Algorithm 1. Algorithm on the Spatial Grapli’s Establishinent and Updating
Input:Dy: the useful data of the acquired user's behaviors
G: a spatial graph

Output: G,."; the amended spatial graph

1: According to a fuzzy clustering algorithn, to fuzzy cluster Dy to generate a
clustering result center, D..

2: foralli:i € (l.n)do // There are n nodes in G, which would be compared
with D, one by one.

3:  To compare D, with G,;, then, according to the formula(1), the comparing
result would be mapped to [I] based on the theory of interval-valued fuzzy set
//Gri expresses a certain node.

//To compare P.; acquired from the formula(1) with the threshold, o , to
Judge whether ereating a new node or amending the old nodes. It is showed as
follows.

4: if P.;>a then // If it execeds the threshold, «, the old nodes would be
amended.

B if only one node has P.;>a then

6: To add D, to G,; and amend the value of G; //If exceeding the
threshold, «v, D. can be considered belonging to G,; and would be added to the
node.

7: OldSideOne

8: end if

9: if more than one node have P.;>«a then

10: To suppose Jiy, iz,. .., and i, #i2#. . ., which have the corresponding

nodes, Gr:1,Griz,. . -
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11 To add D. into G,.;1,Gri2,... one by one and amend the values of
Gril-(;’ri2e- .

12: OldSideNotOne

13: end if

14:  else //If it is less than the threshold, o, a new node would be generated.
15: To add D, into the spatial graph, G,. as a new node

16: To generate the node based on the data, D; .and the node definition
17: NewSide

18:  end if

19: end for

20: NewSide
21: foralli:i€[l.n]jdo //To judge whether founding new edges amony
a new node and cach old node or not based on the formula(2). It is showed as

follows.

22: To compare it with au appointed threshold in advauce, 3, based on
the formula(2).

23: if S;>/3 then

24: It mounts a new edge between the new node and the old node.

25: To caleulate the weight value of the new edge and assign it to the
new edge based on the formula(3).

26: It mounts the direction of the edge according to the relation between
the two nodes.

278 end if

28:  end for

29: OldSideNotOne  //To amend and update the old edges belween these nodes
when theve are more than one old node being amended.

30:  To check whether any edge exists among the amended old nodes, G5, .G 0.
..., orot.

31:  if any edge existing then

32: To amend the weight of the old edge based on the formula(4), s:=s +
1. Then, to calenlate the amended weight value of the edge according to the
formula(3).

33: else

34: To establish a new edge.

35: To calculate P; over again according to the amended old node by using

the formula(1). Then, it calculates the weight of the new edge by using formulae
(2), (3) and (4).

36:  end if

37: OldStdeOne  //To amend and update the old edge of the node when there
is ouly one old node, G.;, being amended in G,

38: It amends the edges which the amended node G; has owned.

39:  To use the formula(4), s:=s + 1. then, use the formula(3) to get a weight
vahie of the amended edge.

40: Return G,
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4.3 Algorithm Analysis

There are five important characters on an algorithm, that is, input data, ontpnt
data, determinacy, finiteness and effectiveness. An algorithim should be feasible
which conld meet the five characters given above. There is the input data. which
are Dy, the gained useful data ou the user’s behaviors, and G, a spatial graph,
in the Algorithm 1 presented in the paper. There is also the output data, that
is, G,., the amended spatial graph. The effectiveness of an algorithm couldn’t be
proved with a better means in theory at present[13]. The meaning of algorithm ef-
fectiveness is that each step of an algorithin should be execnted effectively, that is,
operations described in an algorithim eould realize by executing limited steps of ac-
tnalized basie operations. If the algorithn analysis on determinacy and complex-
ity is based on each sentence and clementary opceration, then, it would indirectly
prove its effectiveness. So the following will respectively analyze the algorithm 1
in the two aspects: determinacy and finiteness that is mainly time complexity.

Analysis onn Algorithm Determinacy

The determinacy is that each step of an algorithin should be certain. The algo-
rithim would be determinate if it meets the well-ordered principle[12], [13].

Theorem 1. If a clause set G of a well-ordered can infer Xy < X, that is, X;
— X, then, the deduction process conld be represented as G | {X,.~ X, }, an
insatiable elausc set.

Demonstration: To see the demonstration on theorem 3.35 in reference [13].

Theorem 2. To suppose P is the beginning sentence of an algorithm and Q is
its end statement. If an algorithm is certain, then, the P — @ can be inferred
from the clause set G.

Demounstration: To see the demonstration on theorem 4.2.20 iu reference [14].

Deduction 1. If an algorithm is certain, then, it could be represented as G |
{P,~ @}, an insatiable clause set.

The following is to coustruct a elause sct G of this algorithm and analyze its
sentences:

1) The seutence 1 is the beginning of the algorithm which is expressed
with P;

2) It is a loop structure of the sentences 2-19. Hereinto, the sentence 3 is
expressed with A; for it is an in-order execution relation between it and the
following sentences. The sentences 4-18 is a nested branching optional structure
which embeds I F only one node has P.; > « (the sentences 5-8), the sentence 6
and 7 are respectively expressed as A, and Aj for they are an in-order execntion
relation; and [F more than one node have P,; > a (the sentences 9-13), the
sentence 10, 11 and 12 are respectively expressed as Ay, As and Ag for they are
also an in-order execution relation; ELSE P.; < o (the sentences 14-18), and
the sentences 15, 16 and 17 are respeetively expressed as A7, Ag and Ag for they
are also an in-order execiution relation;
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3) The sentences 20-28 is the invoked NewSide: The sentence 20 is an entry
function and is expressed with A;g. The sentences 21-28 is a loop structure.
Hereinto, the sentence 22 is expressed with Apy for it is an in-order exeecntion
relation between it and the following sentences and the sentences 23-27 is an [ F
sentence which is expressed with Aja:

4) The sentences 29-36 is the invoked OldSide N otOne: The sentence 29 is
an entry function and is expressed with Ay3. The sentence 30 is expressed with
Ay for it is an in-order execution relation between it and the following sentences.
The sentences 31-36 is a branching optional structure, IF (the sentences 31-32)
is expressed with A5, FLSE (the sentences 33-36) is expressed with Ajg:

5) The sentences 37-39 is the invoked OldSideOne: The sentence 37 is an en-
try function and is expressed with Ay7. The sentences 38 and 39 are respectively
expressed as Az and Ajg for they are an in-order execution relation;

6) The sentence 40 is the end of the algorithm which is expressed with Q.

From the analysis on the algorithm sentences above. we can prove its
determinacy.

Demonstration: The clause set of the algorithm 1

(;'{(P = Al)'vz 2‘1_7(.41 = A,‘).Az =9 A';(A1 =] A,’,)/\ (Ar, =2 11(;).(1‘17 =
Ag) N\ (Ag — Ag) Az — A7, 46— A13,Ag — Ao, (Ao — An) A (An —
A2),A13 = A Vo5 16(A14 = Ai) (A — Aig) A(Ais — Aje),
Vic12.151610(Ai = Q)}

‘—{N P \/ 111.'\4 A] \/ Az._N Al \/ A4.N A] \/ A',',N Az\/ Af;.N A4 \/ Af,.
~ A V Ag.~ A7 V Ag.~ Ag VA{). ~ Az \/ A]T.N Ag \/ A];}.N Ag) \/ .4]0.
~ Ao VAL~ AV A~ Az V Ay~ Al Vo Aiso~ AV A~ Agr
V Aigo~ Aig V Arg,~ A V Qi AisV Qv Ay V Q> Ay V Q)

Then, it can be known that there is P — @ in the clause set G according to
the well-ordered definition and the Theorem 1, that is, the deduction process
conld be represented as G J {P.~ @}, an insatiable clause set. In line with the
Theorem 2 and Dednetion 1 again, it is proved of its determinacy.

Analysis on Algorithm Time Coniplexitys

To suppose the Ly = max(|D;|), j = 1.2,...,r, the D; expresses once execution
time of the process that it fuzzy clusters D, to generate a clustering result center,
D, according to a fuzzy clustering algorithm. To suppose the L, is the time on
amending an old node and the Lo is the time on founding a new node. Then, to
suppose the L expresses the time on mounting a new edge for a new node which
inchides monuting an edge and gaining its weight and direction. To suppose the
Ly is the time on amending and updating the old edges which have been owned
by the amended old nodes and the Ls expresses the time on mounting a new
edge between two amended old nodes.

To analyze this algorithin, we can find that there are two steps in its imple-
mentation process: the first is the pretreatment on the spatial graphics which is
D; and the second is the treatmeut on the spatial graph which inclides dealing
with both nodes and edges, that is. L, Lo, L3, Ly and Ls. In conneetion with
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a certain Dj, all of the above five implementations wouldn't appear at the same
time, while there may be two or three. Henee, it is necessarily greater than the
actual algorithmn complexity of the ealeulated algorithm complexity aceording
to the five cases happening at the same time.

® The instance on only one old node in the G, being amended.

There are n nodes in the G,. This instanee inclides the max time about
the pretreatment on the spatial graph, selecting and amending an old node from
the G and amending all of the existent old edges between this old node and all
of the other old nodes in the G, that is, Lg + Ly + {(n — 1)Ly;

@ The instance on not only one old node in the GG, being amended.

This instance includes the max time about the pretreatment on the spatial
graply, selecting and amending more than one old node from the G, amending
all of the existent old edges and momnting new edges between every amended
old node and all of the other old nodes in the G,.. We suppose that an amended
old node would both be amended old edges and mounted new edges once each
with all of the other old nodes. In fact, both of them are relatively prime, so we
can take the average of both, that is, Lo + n[L; + ";1 (La + Ls)):

®@ The instance on founding a new node in the G,.

This instance includes the max time about the pretreatment on the spatial
graph, founding a new node and potential mounting new edges between this new
node and all of the old nodes in the G, that is, Lo+ Lo + nlj;

@ The time on completing basic operations of the arithmetic in a whole exe-
cution, namely. in a proeess of founding and updating the user profile, is less than

Lo+ L+ (’IL = 1)L1 + Lo+ ‘Il[L] + n?_l(lq + Lr,)]-l"Lo + Lao+nls
=3Lo+ (n+ 1)Ly + Lo+ nLa+ {(n* + n — 2)Ly+3(n? — n)Ls

Over here, the L;(1 = 1,2,3,4,5) is the time of accomplishing a certain basic op-
eration which can be regarded as a constant. The Ly = max(|Dj]),j =1,2,...,r,
is the upper limit of pretreatiment on the spatial graph and that it is only a min-
imum probability event in practice of the D; could gain the value of Ly, so, it
can be regarded as a constant, too. Therefore, the equation above is the same
order with n2. If it is noted down T(n), then, there is T(n) = O(n?). Because
the T'(n) is gained when L;(i = 1,2,3.4,5) appears at the same time which is
surely greater than the actual situation, the time complexity of the algorithm
could be expressed as T'(n) = o(n?).

The above analyzes and proves the Algoritlun 1 from the aspect of theory.
Hence, it is easy to see that the algorithm is proved of the traits of determinacy,
effeetiveness and low time complexity.

5 User’s Requirements Reasoning

After establishing a user profile, the system needs analyze and forecast the user’s
aetual possible requirements and termly upload to the system based on the
nodes which have ehanged in a eycle. The reasoning background is acquired as
the analysis and summary on the user’s online behaviors whiclt is stored in the
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user profile. That is to say, the concrete manifestation of the background is just
the spatial graph based on Ontology which is the main basis when the system
reasoning the user’s requirements.

5.1 Reasoning Mechanism

To suppose the changed nodes in a spatial graph is @, then, we reason the Q to ac-
quire possible results according to a nser’s actual requirements whicli is expressed
as (). The f expresses the reasoning process, the Q is regarded as the reasoning
antecedent and premise, and the Q" is regarded as the reasoning consequent and
conclusion. We snppose A! as a link of the reasoning process, that is, a node of a
certain selected reasoning path. Here, the I € [1.2.... . k| expresses the connt of
a certain reasoning path, the k expresses the total number of all possible paths in
the reasoning process, the i € [1,2,...,n] expresses the count of a certain node
in a certain reasoning path and the n expresses the mnuber of nodes in this path.
Then, the reasoning proeess can be expressed as follows:

[ Q=q
k T e

Q— V(T4 (5)
I=1 i=1 9

Q'

Among them, the — expresses the detrusion symbol, the § expresses the select
symbol which refers to choose a certain reasoning path and the [] expresses the
orderly path of the nodes in a certain reasoning path. It can be seen that the
reasoned Q' mavbe is not uniqueness relative to a eertain @@ which is related to

—

n
the choice of J] AL
i=1

5.2 Reasoning Algorithm on the Mobile Phone User Profile

Algorithm 2. Reasoning Algorithin on the Mobile Phone User Profile

Input: G,: a spatial graph

Ontpnt: [;: the information intersection of all nodes in a certain selected path
I: foralli:i € [l.n]do //There are i number of changed nodes in G, .

% if N; 1s a new node then

3 FindRoute

4: else

54 if P.; > X then //If the value, P.;. of the node N, is bigger
than a certarn threshold value. A, appointed in advance, then the N; is just the
destination nodes.

6: FindRoute

7 end if

& end if
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9: end for
10: FindRoute  //To find the optimal path as following.

11:  Starting from the node N; to find out all of its upper nodes N;l). JHE

[1..m]. I € [1..f] and the inter-connected direeted edges among these nodes ng,l),
kel.r].

//The N; has m number of upper nodes. There are v number of direeted
edges conneeting between N; and these upper nodes. At the same time, the |
plays part in layering on these upper nodes and direeted edges in the light of
different distances from these nodes to N; and there are t layers.

12:  begin
13: for alt 1:1 € [1..t] do

14: To find ont 7naz(S£“) // To find out the node with the biggest value
among the directed edges’ weight in a same layer.

15: To note down the corresponding node N;l)’ // To note down the
eorresponding upper node of the edge.

16: To continue searching the next from the upper nodes of N](-l)l

(£ end for

18: To record R,:{}\"J(l)'} and obtain the optimal path.

19: To draw out the user’s iufurmation.NJ(l)”, contained in N;l)' . the nodes
of the path.

20: I,':ﬂjvj(l),’, le([l..t] //To draw out the auser’s information eontained
in the nodes of the path and acquire the interseetion.

21: end

22: Return

5.3 Algorithm Analysis

In the Algorithm 2, there is the input data, which is G, a spatial graph.There
is also the output data. that is, I;, the information intersection of all nodes in
the selected path.

Analysis on Algorithm Determinacy

The determinacy proof of the Algorithm 2 is as same as the Algorithim 1 and we
could not prove it in detail as space is limited.

Analysis on Algorithm Time Complexity
For the same reason, we couldn’t analyze the time complexity of the algorithn
2, either, which is a polynomial expression T'(n) = O(n{Lo + L1 + Lo + L3)).

6 Conclusion

The paper focuses on how to found mobile phone user profile and forecast nsers’
possible requirements. In this paper, we present a model method of mobile phone
nser profile based on Ontology and introduce the theory of interval valued fuzzy
sets. The proposed method brings forward a series of correlative definitions and
formutae on founding the model and designs an Algorithin on the Spatial Graph's
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Establishment and Updating. Then, we also study the reasoning technology
based onu the mobile phone user profile and present a Reasoning Algorithun on
the Mobile Phone User Profile. For the future, we should make further study in
depth on the aspects such as dynaimie user group model and prediction accuracy
measurement on user gronp model.
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Abstract. In this paper, we study a novel problem which we refer to as News
Website Evaluation (NWE). Given a collection of news articles, NWE is pri-
marily concerned with cvaluating the importance of their websites with respect
to specific news topics. This gcneral problem subsumes many interesting appli-
cations including ncws tracking and wcbsite ranking. To solvc this problem, we
first proposc a Topic-oriented Website Evaluation Model (TWEM) which ex-
ploits various forms of information and combines them in a unified computation
framework. Then, considering the special charactcristics of news articles, we
incorporate an article merging operation into TWEM and present the merge-
TWEM model. The cxperimental results show that the proposed models perform
significantly better than competitive baseline systems, and can serve as effec-
tive solutions to the News Website Evaluation problem.

Keywords: News Website Evaluation, Website Ranking, News Articles, Wcb
Mining.

1 Introduction

As online news pages are accumulating to an intractably huge size, how to retrieve
desired information has beeome an inereasingly important issue. Under sueh circum-
stances, news search is attraeting intensive attention from research community and
commercial organizations. Some web serviees sueh as Google News have been able
to provide users satisfaetory ranking results of news pages. However, in some eases,
we are also interested in the ranking of websites on speeifie news topies. For instance,
we have no idea whether CNN is more authoritative than CBS News in reporting
“Copenhagen Conferenee”, although from Google News we ean find the important
news pages on this topic.

Page ranking has been a traditional focus of information retrieval, and a number of
methods have been proposed for this task. However, there are yet no meehanisms
with which we ean rank websites aceording to speeifie news topies. In this paper, we
define and study a novel problem whieh is referred to as News Website Evaluation
(NWE). Given a collection of news artieles', the task of NWE is to evaluate the

' News article and news page are equivalent concepts in this study.

B.-T. Zhang and M. A. Orgun (Eds.): PRICAT 2010, LNAI 6230, pp. 182-193, 2010.
© Springer-Verlag Berlin Heidelberg 2010
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importance of the websites that these artieles belong to. This problem potentially has
many application scenarios. A typical example involves tracking analysis of news
reports on the web. For recognizing the propagation pattern of news, we are more
intercsted in the spreading process among difTerent websites rather than pages. In this
situation, a key factor which has to be considered is the relative importance of web-
sites on this news topic.

As for solutions to this problem, we first proposc a Topic-oriented Website Evalua-
tion Model (TWEM). To achieve desirable performance, TWEM takes advantage of
various forms of information. Specifically, TWEM considers interdependency between
websites and news artieles, as well as mutual support among news artieles. In addition,
the inherent popularity of websites is also considered when we infer their final impor-
tance scores. Then, we adapt the TWEM model to the special features of news articles
by introducing an article merging operation. Article merging aims to merge similar
ncws articles into super-articles. We propose another model. named merge-TWEM, to
combine TWEM and article merging together. We conduct extensive experimental
studies to test the proposed models. Experimental results on the real datasct show that
both TWEM and merge-TWEM outperform the bascline systems to a great extent.
Morcover, performance comparison rcveals that merge-TWEM achieves better results
than TWEM, and thus demonstrates that the article merging operation indced takes
effects in boosting the performance of TWEM.

The rest of the paper is organized as follows. Section 2 reviews previous work
which is related with this study. Section 3 presents the proposed models. [n section 4,
we give and discuss the experimental results. We have the conclusion and Future work
in Section 5.

2 Related Work

2.1 Page Ranking

Page ranking is a well studied problem in information retrieval and wcb mining. Pag-
eRank [7] and HITS[1] arc two wcll-known models for ranking web pages based on
link analysis. Besides link structures, topical information has been exploited for de-
signing morc sophisticated ranking models. Haveliwala et al. [8] proposed the Topic-
sensitive PageRank model to combine topical analysis with PageRank. In this model,
some topics are scleeted from predefined categories and a biased PageRank vector is
computed for each topic. The final score for each page is got by summing elements of
all the PageRank vectors pertaining to different topics. Chakrabarti et al. [10] ex-
ploited the anchor texts of hyperlinks to assign each hyperlink a topical weight. This
topical weight is employed in the computation process of HITS. Bharat et al. [9] gave
each node in HITS a relevance weight which is defined as the similarity of this node’s
document to the topic query. This relevance weight is used to regulate hub and au-
thority scores computed by HITS. Nie et al. [11] proposed the Topical HITS and
Topical PageRank models in which topical inlormation is incorporated into HITS and
PageRank in a probabilistic way. For each page, they calculated a score vector to
distinguish the contributions from different topics. Their models outperform other
approaches and me keep the characteristics of the basic HITS and PageRank
unchanged.
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Other forms of information are also explored for web ranking. Wang ct al. [12]
proposed to use media focus and user attention information to rank ncws topics within
a certain news story. Fernandes et al. [13] proposed to use block information in web
pages to get better ranking results. Dou et al. [14] introduced methods which incorpo-
ratc anchor texts into web search and achieve better retrieval performance. Guo et al.
[15] built a Bayesian based click chain model (CCM) for mining wcb search click
logs, which is helpful for improving the results of web search.

2.2 Evaluation of Websites

Another line of related work focuscs on conducting evaluations on websites. Inspired
by the idea of HITS, Yin et al. [2, 3] proposed the TRUTHFINDER model for
identifying trustworthy websites and correet facts on the web. Based on the interdc-
pendcncy between websites and facts, an iterative computation method is used to
calculate the trustworthiness of websites and correctness of facts. Dai et al. [6] pro-
posed a trust model to determine the trustworthiness of data providers (websites).
They made use of various features, such as data similarity, data conflict, path similar-
ity and data deduction, for calculating the trust scores of websites. Although these
models are proved to be effective in deciding whether a website is trustworthy on a
subject, they are unable to provide information about whether a website is important
on a specific topic, e.g., a news story.

Liu et al. [4] proposed a BrowseRank model to exploit user browsing behavior data
for ranking web pages. When ignoring the transitions between pages in the same
website, BrowseRank can give the ranking results for websites. Zhu et al. [S] intro-
duced the ClickRank model for cstimating web page and website importance from
browsing information. In their model, the score for a website is the sum of ClickRank
values of its web pages. Gao et al. [16] designed a model to compute the weights of
wcbsites and web pages at the same time. However, they ignored critical factors such
as website popularity and web page merging.

3 The Proposed Models

In this section, we present two models, i.e., TWEM and merge-TWEM, for the NWE
problem. Before going to the details, we first give some formal dcfinitions. For a
news topic 1, we denote the set of news articles as A={q,} whose websites comprise

the website sct W ={w,}. Since several articles can belong to the same website, we
have |4 2|W|.

We define the topical importance of w,, denoted as imp(w,), is a value between 0
and 1 which indicates its relative importance on the topic . The higher this value, the
more important w,. Then the task of the NWE problem can be further formulated as

inferring topical importance of each website in w, and ranking thesc websites accord-
ing to their topical importance values.
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3.1 TWEM

The TWEM model mainly consists of two steps: dyvnamic computation and popularity
incorporation. In this subsection, we describe them in dctail.

Dynamic computation. For the news topic ¢ . there are usually a large number of
articles related with it. It is ¢lear that several ncws articles can belong to the same
website. Also, we assume in this study that one single article can also belong to mul-
tiple websites. In order to verify this point, we give an example in Figure 1. The news
article g, is on website w;, and the article a, (on another website) has issued impor-

tant information on this topie. Besides its own contents, @, probably gives a hyperlink
1o a,, which is a common case in news articles and websites. In this situation, the
article a, can be viewed to be contained in w, as well, in the sense that a, can be
accessed from w,. Based on this assumption, we can conclude that there is actually a

“many-to-many” mapping between websites and articles. An interdependeney rcla-
tionship exists between websitcs and news articles: an article (like «, ) is considercd

to be important if it belongs to many important websites; a wcbsite (like w;) is con-

sidered to be important if it contains many important articles. Then, an iterative com-
putation method like HITS [1] ean be used to caleulate the scores of the websites. The
websites and artieles are organized into a bipartite graph, where the hub nodes are
websites and authority nodes are news articles. There is a link from website w; to

article g, if a, belongs to w;.

Besides relations with websites, news artieles themsclves have influence on each
other. Intuitively, if the contents of one article are similar with many others, this arti-
cle can be considered to be supported by others, and thus should be assigned a higher
importance score. The support from artiele a, to article a;, denoted as sup(i, j) . is

defined as the amount of importance that should be added to a, if we know a, is

important. Then, the score of an article comes from two sources: websites as hubs and
support from other articles. This idea is eaptured by the model presented in Figure 2.
The authority scores for the articles and the hub scores for the websites are calculated
iteratively as follows.

== [ ) [ >

dal az2

w1

Fig. 1. An example of the “many-to-many” relationship between websites and news
articles
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Z Hub" (w,)
Auth™'(a) =L —oo Z sup(k.i)- Auth" (a,)
r qeA
ZAuth"(aj)
Hub™'(w,) = Hub" (w,) + Lo | (1)

A

where Auth’(a,) is the authority score for article a, in n" iteration, Hub"(w,)is the
hub seore for website w, in " iteration, ris the number of websites containing a,,
and sis the number of articles belonging to w,. sup(k.7) represents the support from
a, to a,, and is defined in the follow formula.

sim(a, .a,)

T s e
Z" . sim(a a))

where sim(a,,q,)is the text similarity between article @, and article a,. From a sto-

sup(k,i) = (2)

chastic perspeetive, sup(k.i)is actually the probability of transiting from g, to a, on
the graph. To avoid sclf-transition, we define sup(i,i)=0. After each iteration, we
transform hub and authority weights using the funetion f{(x)=1-exp(—x) in order to
smooth the values, and to keep the weights between 0 and 1.

From the above computation, we can see that the authority or hub scores are up-
dated many times until the iterative process converges. This is why we eall this step
dynamie computation. The eonvergence is achieved when the difference between the
seores eomputed at two successive iterations falls below a given threshold.

5 __-----"(5 ),' """""" > Aath(a))

Hub( M) & (K s11p§1.2) sup(2.1)
- %’@I\E ceeeeeeee> Quthia)

N

Hub(w,) < (MKJ sup(2.3) sup(3.2)

s \‘\\ hm_“"‘fﬁf' > Auth(a,)
Hub(wy) <o W, . \\ - )(R )/ sup(d, 3)
B ¢ SN > Auth(a,)

Fig. 2. The TWEM model

Popularity incorporation. In addition to the hub scores derived from their articles,
websites themselves have popularity whieh is independent of specific topics. Popular-
ity is the extent to which websites are popular among the publie, e.g., Yahoo is a
mueh popular portal website. Intuitively, if a website is quite popular, users are more
likely to 1ssue important information on it in order to attraet the attention of others.
The acecumulation of important articles in turn makes this website important on cer-
tain news topies. Therefore, the popularity of websites also has an influence on their
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topical importance, A possible way to measure popularity quantitatively is to utilize
the website ranks from Alexa’, Alexa provides detailed ranks of wcbsites based on
page view and traffic. If the Alexa rank of the website w, iS aRank(w,), its popularity

is defined as

aRank(w,)

Pop(w)=10- .
max {aRank(w,),aRank(w,), --.aRank{(w,)}

where N is the total number of websites in the website collection W .

Final topical importance. we combine the hub score and popularity together, and
obtain the topical importance for website w,, that is,

imp(w,)=a- Pop(w)+(1-a)- Hub(w,) , 4)

where a 1s a factor to control the balance bectween the popularity and the hub score.

3.2 merge-TWEM

News articles commonly cite contents from each other, especially from authoritative
sourees, €.g., some news ageneies. An cxample is presented in Figure 3 where the two
news articles have identical contents which are originally released by the Associated
Press. This citation makes news articles on the same topic usually show great siumilar-
ity. Because of the support among artieles in dynamic computation, a group of very
similar articles will prompt each other and obtain unfairly high scores.

YAHOO!, NEWS T
WASHINGTON — Congressional Democrals senl Lhe final piece of \\\
landmark health care legislatign ta President Barack Ohama before G
heading home lo face s skepl} 1y HUFFINGTON POST
— eleclorate
™ WASHINGTON — Congressionat Democrats
\\‘ sent the finat piece of landmark health care
2 legisiation to President Barack Obama before
g heading home to face a skeptical - and
ey somelimes even threatening - electorate

Fig. 3. An example of citation among news articles

To address this problem. we propose a merge-TWEM model which extends
TWEM to inelude an article merging operation. In particular, if the similarity between
two articles exeeeds a predefined threshold, we merge them into a single super-
article. A super-article is an article group in which every two members have similarity
over the threshold. After this merging is condueted, we get the set of super-articles
SA ={sa,}, where each sq, is associated with a group of members (articlcs), i.c..

2
“www.alexa.com
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sq, ={”i|*"::~""arl.\.,'} . (5)

where q; is the j” member in super-article sa, ,

sa,| is the total number of members
contained by sa, . A super-article belongs to all the websites of its members. Figure 4

gives a description of the merge-TWEM modcl.
Then the iterative computation process for authority scores of super-articles and
hub scores of websites can be formulated as follows.

ZHH/)"(W})
Auth""'(sa,) = e Z msup(k.i)- Auth"(sa,)
74 sa, € SA
ZAulh"(saj)
Hub""! (w))= Hub"(w;) + e 6)

v

where Auth”(sa,)is the authority score for super-article sa, in 7" iteration, Hub"(w,) is
the hub score for website w, in »" iteration, z is the number of websites that sa, be-
longs to, and v is the number of supcr-articles that w; contains. We definc the similar-

ity between two super-articles as the average of the similarity values among all their
members, that is,

Z%E - an e sm(a,,.a,,)

|sa, | g |sa 4 |

(N

sim(sa,,sa;)=

Accordingly, msup(k, j), which means the support from super-article sq, to super-
article sq, , is represented as

sini(sa, , sa,)

Zm o suu(sak,ml)

msup(k,i)= (8)

and we define msup(i,i)=0. Similar with TWEM, the final hub scores are combined
with popularity to get the topical importance for websites. Note that the primary aim

O, S o> Juthisa)

Hub(w) <

";msnp(l.:) msap(2.1)
Hub(w,) < iy ARG,

Hub(w,) <

Fig. 4. The merge-TWEM model
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of our modcls is to rank websites, though we make great elforts (e.g., consideration of
article support and adoption of article merging) on modeling rclations among news
articles.

4 Experiments

In this section, we conduet expcrimental studies to evaluate the effectiveness of the
TWEM and merge-TWEM models. Before going to the details. we first describe the
dataset and evaluation method.

4.1 Dataset and Evaluation Method

There are no benchmark datasets for evaluating our proposed models. In our experi-
ments, we sclect ten testing cases which have becn hot news topics during the last two
ycars. For each testing case, we submit a representative query to Google News and
download the first 400 articles which form the article collection. The websites which
are extracted from the URLs of the articles form the website collection. More details
about this dataset can be lound in Appendix 1.

Both TWEM and merge-TWEM are run on this dataset. For each topie, these two
models output websites which have been rankcd according to their topical impor-
tance. We evaluate the results using a manual-scoring strategy, which consists of Tour
steps as follows.

Step I: The websites in the results are divided into 4 groups by asscssors aceording
to their ranks and topical importancc generated by our computation model. Each
group is marked as “Very lmportant”, “Important”, “Unimportant™ and “Very Unim-
portant”, respectively. Then each website gets an importance level accordingly. This
level can be viewed as the “classification” result of the models.

Step 2: From each group, we select randomly 10 websites. Thesc 40 selected web-
sites are used as the evaluation samples.

Step 3: Three asscssors browse the artieles of cach sample and assign it a scorc (be-
tween 0 and 4) indcpendently. Then this sample is given another importance level
according to the average of the three scores. This level is the ground-truth result for
this sample.

Step 4: Alter comparing the importance levels assigned in Step | and Step 3, the
Evaluation Sample Precision (ESP) can be calculated as the proportion ol evaluation
samples whose importance levels in Step | and Step 3 are identical to the total num-
ber of evaluation samples.

ESP measures whether TWEM or merge-TWEM can rank websites correctly on news
topics. We use ESP as the evaluation metric in our experiments, and the overall per-
formanee is evaluated by avcraging the individual ESP values over the 10 topics.

4.2 Performance Evaluation

The paramcters arc set in the following ways. The threshold in the merge-TWEM
model is set to 0.9 sinee we want to exert strict restrictions on the merging opcration.
The controlling factor a is set experimentally. We tune it from 0 to 1.0 with 0.1 as the
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step size, and Figure 5 shows the variance of performance for TWEM and merge-
TWEM. We can see that both models perform best when « is equal to 0.3. Therefore,
we set @ to 0.3.

0.7 — = ==
0.65
0.6
0.55 +
0.5
045
0.4
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0.35 — —_——
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0 0102 03 04 05 06 0.7 OB 09 1
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Fig. 5. ESP of TWEM and merge-TWEM as « varies

We compare the results of TWEM and merge-TWEM with that of Google News
and Alexa. With Google News, we can only get ranks of news articles. For a testing
topic ¢, we take the procedures in Figure 6 to generate the ranks of websites from
Google News. This is actually a Weighted Voting strategy to rank websites. Alexa
ranks have been widely used for website ranking and evaluation. For each testing
topic, the websites in the dataset are ranked simply according to their Alexa ranks,
The Google News and Alexa results are also evaluated with the method introduced in
Section 4.1. Table | shows the experimental results of various methods.

In the table, we can see that both TWEM and merge-TWEM are able to achieve
better performance than the baselines. TWEM outperforms Google News and Alexa

Step 1: A group of keywords which are representative of ¢ are submitted
to Google.

Step 2: The first 400 wcb pages returned by Google are downloaded.
Websites are extracted from the URLs of these web pages.

Step 3: Each website is assigned a Google score which equals the
weighted summation of the Google ranks of its web pages, that is
score(w) = Zp G rank(p,)

oth

where p, is i" web page of the website w . rank(p) is the Google

rank of the page p,, c, is the coefficient for the rank of p, .

Step 4: The websites are finally ranked according to their Google scores.

Fig. 6. Generation of Google ranks for websites
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by 25.5% and 36.0% respeetively, while the achievements obtained by merge-TWEM
are 27.6% and 38.2%. In order to determine whether these improvements are statisti-
eally signifieant, we perform several single-tailed t-tests, and Table 2 gives the P-
values of TWEM and merge-TWEM eompared to Google News and Alexa. From this
table, we find that either TWEM or merge-TWEM performs signifieantly better than
the baselines at a 95% eonfidence level.

Table 1. Performance comparison between the models and the baselines

Methods ESP

TWEM 0.6062
merge-TWEM 0.6162
Google News 0.4830
Alexa 0.4460

Table 2. P-values of the t-tests. (a) P-values of TWEM and merge-TWEM eompared to Google
News. (b) P-values of TWEM and merge-TWEM compared to Alexa.

(a)
Methods P-values
TWEM 0.0142
merge-TWEM 0.0110
(b)
Methods P-values
TWEM 0.0092
merge-TWEM 8.24e-4

Table 3. Performance comparison among TWEM, TWEM-S, TWEM-P, TWEM-S-P

Models ESP

TWEM 0.6062
TWEM-S 0.4360
TWEM-P 0.4132
TWEM-S-P 0.3208

Moreover, we eonduet eomparison between the merge-TWEM and TWEM models.
We observe from Table | that merge-TWEM has higher ESP than TWEM (0.6162 vs
0.6062). Also Table 2 shows that merge-TWEM has smaller P-values than TWEM in
any eases. This proves that the artiele merging operation indeed takes effeets in boost-
ing the performanee of TWEM. The merge-TWEM model, which considers the spe-
eial features of news artieles, can generate better ranking results and thus serve as a
more effeetive solution to the NWE problem.

Finally, we provide a detailed view of the TWEM model. TWEM utilizes support
among news artieles and popularity of websites. We investigate the impaet of these
two faetors. After exeluding eaeh of them from TWEM, we get two new models, i.e.,
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TWEM-S and TWEM-P. When the two factors are both excluded, TWEM boils down
to the basic HITS method, which is named as TWEM-S-P. These newly-derived
models are run on the dataset and their results are evaluated in the same way as
TWEM. Table 3 shows the ESP values for them. In the table, we find that TWEM
performs better than all the other three models. Among the two factors, popularity of
websites brings more significant improvements (0.4132 VS 0.6062). Also, considera-
tion of support among news articles also improves the performance greatly (0.4360
VS 0.6062). Based on the above comparison, we conclude that these two factors play
important roles in the performance of TWEM.

5 Conclusion and Future Work

In this paper, we study extensively the problem of News Website Evaluation. We pro-
pose two models, 1.e., TWEM and merge-TWEM. to solve this problem. TWEM ex-
ploits fully the relations betwecen websites and news articles to infer the importance
scores of websites. Also, TWEM utilizes information from Alexa to represent popular-
ity of websites. The merge-TWEM model improves TWEM by incorporating the article
merging operation. The experiments show that both TWEM and merge-TWEM outper-
form the baseline systems significantly. In addition, the merge-TWEM model achieves
better performance than TWEM, and is a more effective solution to the NWE problem.
In this paper, we mainly focus on the importance of websites on news topics. In
our future work, we will consider extending the proposed models to other types of
topics. Furthermore, our evaluation procedures are still based on human judgment.
Therefore, we will also study more reasonable and objective evaluation methods.
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Appendix 1: Details about the Dataset

Topic No. Brief Descriptions Number of | Number
Websites of Pages

1 An employee jumped from the fourth floor of a famous 118 208
company’s office building and died.

) Insiders manipulated the stock price of JSSH. a 42 54
bioengineering company in China.

3 The battery of Huntkey exploded in a foreign test, which 39 64
was later reported widely.

4 Google China was punished hy Chinese government for 188 365
disseminating vulgar links and images.

5 A famous broadcasier in China was reported to be a spy. 207 367
Finally, this proved to be a rumor.

6 A farmer claimed thal he took photos of South China Tiger, 132 361
a species which had been thought 10 be exlinet.

7 In China, a girl in a TV show was found to look extremely 78 100
likc a super star, and received public atiention

8 In Sep 2009. Lenovo again launched laptop computers 122 187

_specially designed for universily students.

9 A new movie, Sophie’s Revenge, was released in Sep 2009 81 96
and broke the box-office records in China.

10 Windows is about 10 be released in Oct 2009. There are 96 143
already many comments and discussions about it.
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Abstract. Recently mining frequent substructures from XML data has gained a
considerable amount of interest. Different methods have been proposed and
examined for mining frequent patterns from XML documents efficiently
and effectively. While many frequent XML patterns generated are useful and
interesting, it is common that a large portion of them is not considered as
interesting or significant for the application at hand. In this paper, we present a
systematic approach to ascertain whether the discovered XML patterns are
significant and not just coincidental associations, and provide a precise
statistical approach to support this framework. The proposed strategy combines
data mining and statistical measurement techniques to discard the non
significant patterns. In this paper we considered the “Prions” database that
describes the protein instances stored for Human Prions Protein. The proposcd
unified framework is applied on this dataset to demonstrate its effectiveness in
asscssing interestingness of discovered XML patterns by statistical means.
When the dataset 1s used for classification/prediction purposes, the proposed
approach will discard non significant XML patterns, without the cost of a
reduction in the accuracy of the pattern set as a whole.

Keywords: data mining, interesting rules, statistical analysis, semi-structured
data.

1 Introduction

Data mining or knowledge discovery from data (KDD) is known for its capabilities in
cxtracting knowledge that 1s comprehensible, valid on tests and new data with some
degree of certainty, potentially useful, actionable, and novel [1]. With the fast growth
in the amount of clectronic data such as Web pages and XML data, this offers a new
dimension in pattern recognition and rules discovery. These elcctronic data are
heterogeneous collection of tll-structured data that have no rigid structurcs, and often
referred to as semi-structured data [2]. A well known data mining technique, namcly
assoctation rule mining is widely used for discovering interesting associations and
correlations between data elements in a diverse range of applications. Whilc there are
great achievements in discovering the association rules within the well-structured

B.-T. Zhang and M.A. Orgun (Eds.): PRICA1 2010, LNAI 6230, pp. 194-205, 2010.
© Springer-Verlag Berlin Heidelberg 2010
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(relational) data, still a number of works remain in preliminary stages for scmi-
structurcd data [3]). Since the introduction of the association rule mining problem hy
[4], substantial work has gone into various trends, including thc development of
efficient algorithms in finding the association [5-7] and measuring the intercstingncss
of the association rulcs in structured data [8-14]. As the incrcasc in data captured in
semi structured format such XML hegins to permcate many applications, association
rule mining from the semi-structurcd data has become a new and interesting research
area [15]. The general problems of association rule miming include the extraction of
all the frequent itemsets from which association rules are formed. A rule is said to be
interesting if they meet certain ninimum support and confidence criteria [3]. The
same holds for mining the frequent substructures in scmi-structurcd data which
comprise candidate substructurc enumeration and frequency counting.

Works such as [2, 16-18] focus on developing algorithms to enablc efficient and
cffective association rule mining from semi-structured data. While these frequent
substructurc mining techniques may discover an intercsting association from a given
dataset, the problem that remains is that they may only reflect aspects of the database
heing observed. As such, the patterns may not reflect the “real” significant
associations between the underlying structurcs. This problcm arises because some
association rules are discovered due to purc coincidence resulting from certain
randomness 1in the particular dataset being analyzed. Since the naturc of data mining
techniques is data driven, the patterns gencrated by these techniques must be validated
by a statistical mcthodology for them to be useful in practice [19]. Statistics has
previously addressed the issues of how to separate out the random effects to
determine if the measured association (or difference in other areas) is significant [20].
Thus additional measures based on statistical independence and correlation analysis
are needed to ensure that the results have a sound statistical basis and are not purely
random coincidence.

Therefore, the motivation behind our proposed method is to investigatc how data
mining and statistical measurement tcchniques can be combined to arrive at morc
reliable and interesting set of rules. The focus of the work presented in this paper is to
evaluate the frequent substructures extracted from XML documents and verify their
significance using statistical analysis. In this paper we apply the IMB3 algorithm [21]
to the Prions database in order to extract the frequently occurring suhstructures, while
statistical analysis, namely Chi-Squared and Log-Linear havc bcen utilized to
ascertain the discovered suhstructures. In the next section, we cxplain the problem of
discovering and ascertaining association rules from semi structured data. In Section
111, we describe some related works in the area of frequent substructure mining and
finding of significant patterns. We show expcrimental findings of significant
substructures in Prions dataset in Section IV. Section V concludes the paper and
explains our ongoing work in this field of study.

2 Problem Definition

This section starts by describing some necessary aspects of association rulc mining in
the context of XML document mining which will lay the ground work to dcfine the
problem of ascertaining patterns/association rulcs from semi-structured data. XML
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document has a hierarchiecal doeument structure, where an XML element may contain
further embedded elements, and these can be attached with a number of attributes.
Elements that form sibling relationships may have ordering imposed on them. Each
clement of an XML document has name and value. Given such parallelisms, an XML
document can therefore be modeled as a rooted labeled ordered tree. where a node in
the tree corresponds to an XML clement [15, 17]. If only strueture is to be considered,
then a node in the tree will only eorrespond to an element namc. Howcver, in the case
of the current study we are interested in attribute names and the attribute values from
a particular domain, and henee a node will correspond to an element name and value.
A tree can be denotced as T(vO,V,L,E), where:

(1) vO € V is the root vertex,

(2) Vs the set of vertices or nodes:

(3) L is the set of labels of vertices, for any vertex ve V, L(v) denotes the label of
v; and

(4) E={(x,y)lx,yve V }is the set of edges in the tree.

The main problem in association mining from semi-structured documents such as
XML, is that of frequent pattern discovery, where a pattern corresponds to a subtrce
in this case, and a transaction to a fragment of the database tree whereby an
independent instance is described. This problem is more complex than in traditional
frequent pattern mining from relational data because structural relationships need to
be taken into account. It i1s known as the frequent subtree mining problem, and can
be generally stated as: given a tree database T and minimum support threshold (o).
find all subtrees that oceur at least ¢ times in 7.

Furthermore, depending on the domain of interest and the task that is to be
accomplished in a particular application, differcnt types of subtrees can be mined
using differcnt support definitions. For an overview of existing subtree types and
support definitions and their usage implications for general knowledge analysis tasks
please refer to [22]. Many frequent subtree mining algorithms have been developed to
date, and for an extensive overview of the current state-of-the-art in the field,
including comparisons of different approaches highlighting their advantages/
disadvantages, wc refer the interested reader to [3, 15].

Due to the nature of the domain considered and the data used in this paper we
foeus on ordered induced subtrees and the transaction based support definition is
used. These can be formally defined as follows:

Definition 1. Given a trce S = (vOs, Vi LgEs) and tree T = (vO; VL Ey), S is an
ordered induced subtree of T, iff (1) Vo< Vy1(2) Ly < Ly and Ly(v)=Lv); 3) EsC
E; and (4) the left to right ordering of sibling nodes in the original tree is preserved.

When using the transaction-based support (TS) definition, the transactional support
(o) of a subtrec 1, denoted as a,(t) in a tree database Ty, is equal to the numbcr of
transaetions in T, that contain at least one occurrenee of subtree 7.

Definition 2. Let the notation ¢ < k, denote the support of subtree 1 by transaction &,
then for 7S, 1<k = 1 whenever k contains at least one occurrence of 1, and 0
otherwise. Suppose that there are N transactions k; to ky of tree in Tdb, the o,(t) in T,
1s defined as:
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Y=t (n

=l

Henee, in our current work we focus on ascertaining the interestingness of discovered
ordered induced subtree patterns that have been extracted from a tree-structured
database (XML), and that satisfy thc minimum transaction-based support threshold.

Let us denote the set of these frcquent subtree patterns as SF. Please note that the
patterns from SF have not been assigned a particular class label to be used for a
prediction/classification task, and as such simply reflect the frequently occurring
associations, that may not necessarily have a sound statistical basis. Hence, in the first
problem setting our aim is to reduce the SF, by filtering out the patterns that are not
statistically significant with respect to the statistical measures used.

In the second problem setting, one of the attributcs from the data 1s considered as a
class to be predicted for classification task purposes. Hence, we only consider those
patterns from SF, that contain this class attribute, as they will represent the set of
values that frequently occur together when a particular class value is present. Hence,
as such these patterns can be seen to have predictive power and can be evaluated for
their accuracy on correctly predicting the class value from the trained data and unseen
data. In addition to predictive accuracy, simple rules are preferred as they are easier to
comprehend and are expected to perform better on unseen data since they are more
general. Hence, when in the process of optimizing a rule set, a trade-off needs to be
made between several factors and the common ones are:

- Misclassification rate (MR) — number of incorrectly classified instances
- Coverage rate (CR) - number of captured instances
- Generalization power (GP) — capability of correctly classifying future instances

When opuimizing the rule set, the MR should be minimized while the CR should be
maximized. GP 1s achieved by simplifying the rules in terms of overall rule set size
and the number of attribute constraints in the rulc. The trade-oft occurs especially
when the data set is characterized by continuous attributes where a valid attribute
range constraint necds to be dctermined for a particular rule. Increasing the range
constraint usually leads to the increase in CR of that rule but at the cost of an increase
in MR of that rule. Similarly, if the rules are too general, they may lack the specificity
to distinguish some domain characteristics and hence the MR would increase.
Generally speaking, an optimized rule set should be either more accurate than the
original rule set and/or the balance between the trade-off factors should be much
greater, For example, if there are many rules with small CR but very low MR, a rule
set with a significantly smaller number of rules may be preferred even at the cost of
an increase in MR.

Since the number of patterns/association rules generated through frequent subtree
mining can be quite large, their uscfulness for classification/prediction task may be
limited unless they are significantly reduced in size and number. While their MR may
be small, their GP is likely to be poor as all frequent patterns are considered, that can
be insignificant, redundant and unnecessarily complex. Hence in the second problem
considered in this paper, we aun to apply a variety of statistical/heuristic methods to
reduce the pattern/rule set size and simplify individual rules.
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Let us denote the subtree patterns from the frequent subtree set SF that have a class
tabel (value), as SFC. The problem considered in the sccond setting can be stated as.
Given SFC with accuraey ac, reduce SFC into SFC’ such that SFC’ has accuracy =
(ac — ¢€), such that ¢ is an arbitrary user defined small value (¢ is uscd to reflect the
noise that 1s often present in real world data).

3 Related Works

Our work in this paper focused on ascertaining the XML rules discovered from an
XML-enabled association rule framework. [17] have initiated this framework which
resulted in a more flexible and powerful representations of both simple and complex
structured association relationships inherent in XML documents. There has been an
active development of frequent subtrec mining algorithms [16, 18, 21, 23-25]. For a
more detailed description of the existing approaches and latest development on these
algorithms please refer to [3, 15]. Currently there has been limited works in rule
evaluation phase of semi-structured rules. Many of the well dcveloped rulc
interestingness measures are in structured data and they have had great success in
evaluating rule interestingness as discussed in [12]. Initial work on evaluating the
discovercd patterns based on statistical significant are [13, 26-28] but these are
limited to structural data. The existence of vast well developcd measuring techniques
to evaluate intercstingness of rules from relational data, offers great opportunities in
adapting these tcchniques for verifying significant substructures from semi-structure
data. The applicability of these intcrestingness measures necds to be explored in
context of frequent substructure mining, where neccssary adjustments and extensions
nced to take place to ascertain the validity of the methods in presence of more
complex structural aspects in the data, which often need to be prcserved in the rules.
One line of work in focusing on more interesting substructure patterns is in
reducing the pattcrns and the application of plausible constraints techniqucs. The
problem of mining mutually dependent ordered subtrees has been addresscd in [29].
The proposed algorithm utilizes the hyperclique mecthod [30] in the tree mining
context so that all the components of a subtree are highly correlated together. These
hyperclique subtree patterns are discovcred using a h-confidence measure which is the
minimum probability of an item from a pattern in one transaction implying the
presence of all other items in the same transaction. Hence, the extracted hyperclique
subtree patterns will satisfy the minimum A-confidence threshold. The work done in
[31] uses the method proposed for database compression in regards to item sct mining
in [32] to decmonstrate how the samc minimum description length principle can yicld
good results for sequential and tree-structured data. Another notable work presented
in [33] cxtends the idea of the item constraint [34] to that of node-inclusion constraint
in subtrces. In addition to that, [35] proposed the application of monotone constrain
namely anti-monotone, monotone convertible and succinct in frequent subtree mining.
Such an opportunistic pruning stratcgy is uscd to mine frequent subtrees under the
defined constraints. An approach for mining of frequent subtrces where the distance
between the nodcs is used as additional grouping criterion has been presented in [36].
[37] proposed and demonstrated an cfficient ways to discover interesting association



A Siatistical Interestingness Measures for XML Based Association Rules 199

rules from dynamic XML documents. The work done in [37] mainly motivated by the
facts that the XML document’s content and /or structure arc always fluctuates.

Besides the aforementioned constraint-based techniques, to our knowledge we
found limited works on verifying the significance of discovered frequent substructures
The frequent occurring substructure discovered from frcquent substructure mining
algorithm commonly ofters a complete pattern sct and is too numerous to be utilized
efficiently and effectively for the application at hand [9, 38]. [39] proposed and
developed an application of statistical hypothesis testing to re-rank the significant
frequent subtrees. This approach ranks the significant patterns according to P-values
obtained from the Fisher’s Exact test of significance. The significant patterns were
then used for Glycan classifications problems. Recently [38], proposed a mining
framework called LEAP (Descending Leap Mine) in checking and mining a significant
frequent subgraph which will help in discarding redundant frequent subgraphs. For a
predefined class label in XML documents, an efficient XRules classifier have been
devclop by [40]. This approach offers promising results in terms of the structural
classifier for semi-structured data.

In this work we employed the IMB3 miner algorithm for mining ordered embedded
subtrees. While these algorithms, offcr some constraints in discovering strong
patterns/rules, many misleading. uninteresting and insignificant rules in that domains
may still be produced [1]. The problem arises because some association rules are
discovered due to pure coincidence resulting from certain randomness in the
particular dataset being analyzed. Statistics has previously addressed the issues of
how to separate out the random effects to determine if the measured association (or
difference in other arcas) is significant [20]. Thus additional mcasures based on
statistical independence and correlation analysis are necded to cnsurc that the results
have a sound statistical basis and are not purely random coincidence.

A common multivariate statistical analysis is the association analysis problem [20].
For associations between categorical variables there are scveral inferential methods
involved. Chi-Squarcd analysis is often used to measure the difference between
observed and expected frequencics. The significance used of the Chi-Squared
statistics is for hypothesis testing in tests of independence. In addition to that the
Log-Lincar analysis offers a unique feature in capturing interrclationship among data
items [41].

4 Experimental Results

The evaluation of the unification framework is performed using the Prions databasc
which is a type of infectious agent. Prions are abnormally structured forms of host
protein, which are able to convert normal molecules of protein into abnormally
structured form. Prions dataset describes Protein Ontology database for Human Prions
proteins in XML format [42]. It consists of 17348 protein sequences. The XML tags
and values are first mapped to integer indexes similar to the format used in [21] and
[25]. Representing label as integer instcad of a string label has considerable
performance and space advantages [21]. In this section, we first show the generated
patterns obtained trom frequent subtree mining approach, namely IMB3 algorithm in
Scction 4.1. Then we apply the two prominent statistical measurement techniques
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namely Chi-Squared analysis and Log-Linear analysis in measuring the significance
of the discovered frequent patterns in Scction 4.2, In Section 4.3, we consider the
Prions protein database in a classification/prediction problem setting. We have labeled
the protein instanccs as either rcferring to Human's or Animal’s protein. Wc then
verified the extractcd patterns using the statistical analysis.

4.1 Extracted Frequent Patterns

The discovery of structural patterns by matching data represcntation structures is
essential for analysis and understanding of data. If a structural pattcrn occurs
frequently. it 1s ought to be important in some way. On the other hand, infrequent
patterns may also provide meaningful information [42]. Thus to extract mcaningful
information from XML data we need to mine structural patterns. In discovering the
frequent patterns from Prions datasct wc apply the IMB3 algorithm. There are a total
of 27 occurring patterns discovered by IMB3 algorithin. The minimum support valuc
used was 10 % and we managed to discover subtrce patterns with thc largest ones
consisting of 5 nodes. Table 1 shows several examples of patterns discovered.

Table 1. Examples of Several Patterns Discovercd Based on Frequent Tree Mining Technique

Patterns #  Patterns # of Occurrences
] ATOMChain(A) 3957
Element(C)
2 ATOMChain(A) 1743
ATOMResidual(TYR)
Occupancy (1)
3 ATOMChain(A) 3805
Occupancy(l)
Temperature(0)
Element(C)

Pattern number | shows an association betwcen ATOMChain(A) with Element(C)
and this pattern was discovered 3957 times. Here the ATOMChain with value A
associates to Elements with value C. The patterns discovered by the IMB3 algorithm
can aid in discovering potentially uscful pattern structures in Protein Ontology
datasets, which makes it useful for comparison of protein datasets taken across protein
families and species and helps in discovering interesting similaritics and differenccs.
However, the question still remains whether these patterns are discovered due to pure
coincidence resulting from certain randomness in the particular dataset being analyzed.
Furthermore, they are oftcn quite large in number, which can degrade the analysis
procedurc, and hence in the ncxt section we measure the statistical significance of the
discovered patterns, in order to remove any non-significant patterns.

4.2 Frequent Patterns Significant Test

Statistical analysis approaches, namely Chi-Squarcd and Log-Linear analysis were
employed in order to determine the usefulncss of frequent rules obtained. The results
from Chi-Squared analysis are discussed first.



A Statistical Interestingness Measures for XML Based Association Rules

Table 2. Patterns Verification Based on Chi-Squarcd Analysis

Node Name Sig. Att. Value
ATOMResidual(TYR) | Occupancy(1) Not Sig.
Occupancy(1) Temperaturc(0) Not Sig.
ATOMChain(A) Occupancy(1) Not Sig.
ATOMChain(A) Element(C) Sig.
ATOMChain(A) Element(H) Sig.
Temperature(Q) Element(C) Sig.
Tempcrature(0) Element(H) Sig.
ATOMChain(A) ATOMResidual(TYR) | Sig.
ProteinOntologylD(3) | Occupancy(1) Not Sig.
ProteinOntologylD(3) | Elcment(C) Sig.
ATOMChain(A) Temperature(0) Sig.
Occupancy(1) Temperature(1) Not Sig.
Occupancy(1) Element(N) Not Sig.
Occupancy(1) Element(C) Not Sig.
Occupancy(1) Element(O) Not Sig.
Occupancy(l) Element(H) Not Sig.

Table 2 shows that, therc are 16 association rclationships among structures-values
items discovered using the IMB3 algorithm. Based on Chi-Squared analysis, 7 out of
16 relationships are significant. Table 3 shows |1 patterns with more than two nodes.
We apply the Log-Linear analysis in examining the association between these nodes.
Only one pattern out of 11 patterns is accepted as a significant pattern based on this
analysis. Based on the Log-Linear analysis, we can conclude that, there is significant
association between ATOMChain(A), Temperature(0) and Element(H).

Table 3. Patterns Verification Based on Log-Linear Analysis

Node Name Sig. Att. Value
ATOMChain(A) | ATOMResidue(TYR) | Occupancy(1) Not Sig.
ATOMChain(A) | Occupancy(l) Temperature(0) Not Sig.
ATOMChain(A) | Occupancy(l) Element(C) Not Sig.
ProteinOnto(3) Occupancy(1) Elemcnt(C) Not Sig.
ATOMChain(A) | Occupancy(l) Element(H) Not Sig.
Occupancy(1) Temperature(0) Element(C) Not Sig.
ATOMChain(A) | Temperature(0) Elcment(C) Not Sig.
Occupancy(1) Tempcraturc(0) Element(H) Not Sig.
ATOMChain(A) | Temperature(0) Element(H) Sig.
ATOMChain(A) | Occupancy(l) Tempcrature(0) | Element(C) | Not Sig.
ATOMChain(A) | Occupancy(]) Temperature(0) | Element(H) | Not Sig.

4.3 Prions as a Classification Problem

As in our previous work [11], the unification framework involves several steps in
ascertaining the rules discovered from association rules mining process. For Prions
dataset, the similar steps were followed. We defined a new variable (target variablce)
identitied as Human Protein or Animal Protein class. This new variable was derived
from ProteinOntologylD and SuperFamily variables. Hence, we have excluded the
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ProteinOntologyID and SuperFamily varables from the dataset to be considered in
this task. Thus in this classification problem we have chosen the target variable (i.e.
Human or Animal’s Protein) as the right hand side/consequence of the association
rules.

In this experiment, we divided the Prions dataset into 60% of training set and 40%
of testing set. Then we apply the preprocessing techniques including the missing
values removal and discretization of attributes with continuous data. The equal depth
binning approach method was selected as this approached offered a better result as
discussed in [11]. The determination of relevant attributes with respect to being able
to predict the target attributes is shown in Table 4. This is based on Symmetrical Tau
[43] and Mutual Information [12] techniques. As discussed in [1 1], the Symmetrical
Tau (ST) approach offers better output in discriminating criterions for class to be
predicted in comparison to Mutual Information (MI), as it does not favor multi-valued
attributcs. The attributes with ST values that are respectively lower than other
attribute’s ST values, are considered as irrelevant for the task. The significant
difference was considered to occur at the position where that attribute’s ST value is
less than half of the previous attribute’s ST valuc in the ranking. Hence for this
dataset, attributes ‘Occupancy’ and ‘Y’ were considered as irrelevant for the
prediction task and werc rcmoved.

Table 4. Comparison between ST and Ml for Prions Dataset

Variables ST Values Variables MI Values
ATOMChain 0.2088 ATOMChain 0.2605
Temperature 0.1230 Z 0.1610
Z 0.0812 Temperalure 0.1526
ATOMid 0.0407 ATOMResSeqNum | 0.1053
ATOMResSeqNum | 0.0280 ATOMid 0.0721
X 0.0256 X 0.0549
Element 0.0153 Alom 0.0238
Atom 0.0109 ATOMResidue 0.0187
ATOMResidue 0.0082 Element 0.0162
Y 0.0029 Y 0.0048
Occupancy 0.0001 Occupaney 0.0000

Table 5. Examples of Prions Rules

Set Size  Confidenee  Support  Count  Rules

2 75:32 8.97 934 X(g) ==> Class (Animal)

4 61.71 6.66 693 X(d) & Z(b) & ATOMChain(A)
==> Class (Human)

Next, the rules are then generated based on the minimum support and confidencc
framcwork of 5% and 60% respectively. Table S shows examples of the generated
rules. The diseovered rules are then ascertained with statistical techniques namely Chi
Squared [20] and Logistics Regression [20]. Based on these statistical analyses we
found that only variables ATOMChain, ATOMResidual, ATOMResSeqNum, X and Z
were signifieant contributors towards target variable of class Human or Animal.
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Additional constraint measurcment techniques werc applied in order to discard the
existence of redundant rules [11. 13]. The combination of thcse rule ascertaining
strategies will facilitate the association rule mining framework to determine the right
and high quality rules. These rules will have a sound statistical basis and we can be
more confident that they reflect the real world situation.

In Table 6 we show the progressive difference in the number of rules generated as
statistical analysis and redundancy checks are being utilized. We also show the
respective classification (% of correctly classified instances from the training set) and
predictive accuracy (% of correctly classified instances from the training set) of those
rule sets. Upon a removal of 73% rules, we found that both classification and
predictive accuracics have increased by more than 5%. This demonstrates thc
importance of ascertaining the association rules by statistical analysis and redundancy
check, as in this particular scenario thce simplified rule sct is more general and
performs better on unsecn data.

The combination of statistical significance analysis and redundant analysis
provided proper ways in discarding non significant rules, which is a significant
reduction in the overall complexity of the rule set. From Table 6 we can also see that
this great reduction of rules was not at a cost of a reduction in accuracy, as it in fact
incrcased for the Prions dataset in classifying and predicting the protein classcs.

Table 6. Rules Accuracy for Prions Data

*Dataset Rule | Type of Accuracy

Dcscription # Analysis Classification Prediction

Train : 10407 records | 42 Initial rules 74.36% 75.00%

Test @ 6938 records | 11 Statistical Analysis / | 79.97% 80.37%
Redundancy Check

* Two records with missing values were discarded.

5 Conclusions and Future Works

This was our preliminary work towards the combination of data mining and statistical
techniques in ascertaining the rules/patterns from semi-structured data. The combination
of the approaches used in this method demonstrated a number of ways for ascertaining
the significant patterns obtained using frequent subtrec mining approachcs. 1n this paper
we employed statistical analysis that provides some control in lowcering the risk of
discovering a pattcrn that is false and spurious. In our future work we aim to test the
approach using tree-structurcd data of various characteristics and complexitics.
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Abstract. This papcr proposes an approach toward improving rc-coloring based
clustering with graph b-coloring. Previous b-coloring based clustering algorithm
did not consider the quality of clusters. Although a greedy re-coloring algo-
rithm was proposed, it was still restrictive in terms of the explored search space
due 1o its greedy and sequential re-coloring process. We aim at overcoming the
limitations by enlarging the search space for re-coloring, while guaranteeing b-
coloring properties. A best first re-coloring algorithm is proposed to rcalizc non-
greedy search for the admissible colors of vertices. A color exchange algorithm is
proposed to remedy the problem in sequential rc-coloring. These algorithms are
orthogonal with respcct to the re-colored vertices and thus can be utilized in con-
junction. Preliminary evaluations are conducted over several benchmark datasets,
and the results arc encouraging.

1 Introduction

When the dissimilarities among data items are specified, the entire data items can be
represented as a graph structure, where each data item is mapped to a vertex and the
vertices are connected by edges with the corresponding dissimilarities. Several graph-
based clustering methods have been proposcd [7,9,16]. Recently, [12] proposed the
notion of b-coloring of undirected graphs. A graph b-coloring is a vertex coloring, and
it satisfies the following constraints: (i) adjacent vertices have different colors, (ii) in
each color, at least one vertex is adjacent to all the other colors. Based on this, [5]
proposed a clustering method, but it did not considcr the quality of clusters. Although
a re-coloring algorithm was proposed to reflect the quality of clusters [6], it was still
restrictive in terms of the cxplored search spacc due to its grcedy and sequential process.

This paper proposes an approach toward improving re-coloring based clustering with
graph b-coloring. The vertices in a graph arc divided into two disjoint subsets based on
the propcrty of b-coloring. A best first re-coloring algorithm is proposcd to realize non-
greedy search for the admissible colors of vertices in one subset. The constraint (1)
can make it impossiblc to re-color vertices in sequential approach. A color exchange
algorithm is proposed so that this problem can be resolved. Both algorithms cnlarge
the scarch space for re-coloring, and re-color the verticcs to improve the quality of
clusters. Since these algorithms are orthogonal with respect to the re-colored vertices,
they can be utilized in conjunction. Preliminary cvaluations are conducted over scveral
UCI datasets. The results are encouraging for pursuing this line of research, especially
with respect to the ground truth micro-averaged precision.

B.-T. Zhang and M.A. Orgun (Eds.): PRICAI 2010, LNAI 6230, pp. 206-218, 2010.
© Springer-Verlag Berlin Heidelberg 2010
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1.1 Related Work

In general, clustering methods are divided into hierarehical methods and partitioning
methods [13]. Hierarehieal methods construet a cluster hierarchy, or a tree of elus-
ters (ealled a dendrogram), where leaves correspond to data items and internal nodes
to nested elusters of various sizes [8]. On the other hand, partitioning methods return a
single partition of the cntire data under a fixed parameters (number of clustcrs, thresh-
olds, etc.). Each cluster can be represented by its centroid [ 10] or by one of its objects
loeated around its center [ 15].

Until now various clustering methods have been proposed based on graph-theoretic
coneepts. In one approach, a partition of data items is obtained by removing edges
and dividing the graph into sevcral diseonneeted components. For instanee, in speetral
elustering, removal of edges are eonceived in terms of the minimum cut of the graph,
and eigenvectors of the (normalized) graph Laplaeian is utilized [16]. Other approaches
utilize graph eoloring techniques [4].

As for the eoloring based approaeh, a hierarchieal agglomerative elustering method
was proposed in [7]. It eonduets a 2-eoloring of vertices in order to find out a maximum
spanning tree of a graph. In [9], partitioning of data items into elusters is coneeived
in terms of the minimal eoloring of a graph. Our approach is yet another graph bascd
partitioning method based on vertex coloring of a graph.

Section 2 describes an overview of b-coloring based elustering and points out some
issucs, The details of our proposal is presented in Seetion 3. Preliminary evaluations
are reported in Seetion 4 and the results are discussed. Seetion 5 deseribes concluding
remarks and indicates future dircetions.

2 b-Coloring Based Clustering

2.1 Preliminaries

We use a bold capital letter to Table 1. Notations

denote a set of objeets. For a [symbol |deseription

sct V, |V| represents its eardi- | the number of vertiees ]
nality. A graph G(V,E) con- |m the number of edges

sists of a set of vertices V and |4 maximum degrec of a graph

a set of edges E over V. x V. |P the set of colors in a graph

We assume that G(V, E) is an  |[c(v;) the eolor of vertex v,

undireeted, simple graph with- [N (v;)  [|ncighboring vertices of vertex v,

out sclf-loop. The symbol Ade- [N .(v;) {neighboring eolors of vertex v,

notes the maximum degree ina |, (v;) {admissible colors for vertex v;

graph [4]. d(v;, v;) |dissimilarity between v; and v,

Suppose data items are clus- [, (v, C;)|average dissimilarity between v and C; |
tered or grouped into a partition

P = {C,Cs,...,Ci}, where

C; stands for a group (cluster) of data items. Sinee each cluster is represented as a color
in our approach, we abuse the symbol P to represent both the set of clusters and the set
of colors in a graph.
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For a graph G(V, E), we define several functions over the vertices V' in G. A func-
tion N (v) returns the set of vertices adjacent to the vertex v. A function ¢(v) returns
the color of v in G, and a function N (v) rcturns the set of neighboring colors to v.
A function C,(v) returns the set of admissible colors for v, i.e., the colors which are
diffcrent from Ne(v). Note that Cp,(v) contains the original color ¢(v) of v.

It is assumed that a dissimilarity function d: V x V — R* is specified for data
items V. For instance, d(v;, v;) returns the dissimilarity between the pair of vertices v;
and v;. For Vv € V,V(C; € P, an average dissimilarity between © and C'; is defined as

do(v,C;) = (,l > d(v, ) (1)

vp€C;

whcre |C';| denotes the size of cluster C;
The above notations are summarized in Table 1.

2.2 A Validation Index for Clustering

The objective of data clustering is to find out a partition with large intra-cluster co-
hesion and iuter-cluster separation | 13]. Various validation indices for clustering have
been proposcd [2]. Among them, we utilize an index called generalized Dunn’s index
Dunng. Dunng is designed to offer a compromise between the inter-cluster separa-
tion and the intra-cluster cohesion.

For any C}, € P, an average within-cluster dissimilarity is defined as

Su(Ch) = Z Z d(v.v") (2)
I('z.l(l(‘;.l—l oA )
For any pair of clusters C;, C'; € P, an average between-cluster dissimilarity is defined

as
dalCls €5 = |Cl|(‘| 3 Y dluy) (3)

v€C; v €C,;

Based on the above, generalized Dunn’s index for a partition P is defined as

min d.(C;, C;)

JiA
[)unll(,'(P) - LIII;‘(S'T;) v
h “ :

where Cy,, C3, C; € P. The larger Dunng(P) is, the better the partition (coloring).

2.3 Db-Coloring Based Clustering

The notion of graph b-coloring was proposed in [12]. A b-coloring of an undirected
graph (7 is a vertex coloring of G and satisfies the following two constraints:

(1) adjaccnt vertices have different colors (proper coloring)
(ii) for cach color, there exists at least one vertex (called a b-dominating vertex) which
is adjacent to all the other colors.
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@ Color | @ Color |

W Color 2 B Color 2
A Color 3 A Color 3
v v

Fig.1. A graph (with ¢ = Fig.2. Ab-coloring of the graph Fig.3. Another b-coloring for
0.15) for the data in Table 2 in Fig. 1 (Dunng = 0.916) Fig. 1 (Dunn¢; = 1.000)

By assuming that some dissimi- Table 2. An example of data set with dissimilarities
larity measure and a threshold 6 arc
given, [5] proposed a elustering algo-

a (b e |d e | g |h ]

rithm based on b-coloring. Each data 820 g
item is mapped to a vertex, and ver- S Tol0as T

tices are connected if their dissimilar-
ity is greater than #. Thus, the entire
data items are represented as a sim-
ple graph G(V . E). For example, for
the data items with dissimilarities in
Table 2. Fig. | is the corresponding
graph when € is set to 0.15. Fig. 2 is
an cxample of b-eoloring of the graph
in Fig. 1. This eoloring is obtained by the algorithm in [5]. The vertiees with the same
color (shape) are grouped into the same cluster. Thus, {a.c,g.i}, {d.f}, {e.h}. {b}. are
the clusters in Fig. 2.

Note that the graph is constructed such that the pairs of vertices with dissimilarity
greater than ¢ are connected. Thus, adjacent vertices should be assigned to different
clusters (eolors), since they are “far away” from each other. This is guaranteed by the
eonstraint (1). As the result, the data items within the same cluster are not dissimilar
with each other. This corresponds to sustaining intra-cluster cohesion.

On the other hand, from (ii), each cluster contains at least onc b-dominating vertex,
whieh is adjacent to all the other clusters and thus is far (dissimilar) from them. This
eorresponds to sustaining inter-cluster separation. Especially, a b-dominating vertex in
(ii) justifies the creation of the eluster with the vertex; sinee it eannot be assigned to all
the other clusters, the eluster needs to be ereated to inelude it.

As cxplained in Section 2.2, finding out a partition with large intra-cluster cohe-
sion and inter-cluster separation is important in clustering. These ean be pursued in
b-eoloring based clustering via the constraints: the former by (i), and the latter by (ii).

0.15|0.2 [0.25[0
0.2510.075]0.15]0.15|0
0.15]0.10 {0.2 |0.15]0.25|0
0.05]0.2 |0.10]0.2 |0.05{0.35(0
0.05]0.20 [0.15}0.30(0.15]0.10
0.1 {0.1 (0.1 j0.1 (0.2 0.1 (0.1

=1
19
<

=lTmE e | a0 | o

—
=
[se]
—
=

2.4 Previous Re-coloring Method

Even for the same graph and the same number of clusters (eolors), the graph in Fig. |
has other different partition (b-coloring) with better quality (cf. with larger Dunng).
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@ Color | @ Color | @ Color §

W Color 2 W Color 2 W Color2
A Color 3 A Color3 A Color3
7] v v

Fig.4. Result with algorithm Fig.5. Result with algorithm Fig. 6. Result with both algo-
BFReColoring (Dunng = ExColors (Dunng = 1.000) rithms (Dunng = 1.750)
1.500)

An example of another b-coloring is shown in Fig. 3. The coloring in Fig. 3 (Dunng =
1.000) is better than that in Fig. 2 (Dunng = 0.916) w.r.t. the index in eq.(4).

In order to find better partitions, [6] proposed a grcedy re-coloring algorithm. For a
graph and its coloring, the colors of vertices are changed (re-colored) sequentially under
the constraint that the number of b-dominating vertices is not decreased. For instance,
for the graph and its coloring in Fig. 2, the greedy algorithm in [6] gives the b-coloring
in Fig. 3 with better quality.

Effectiveness of the re-coloring based approach for obtaining better clusters was
demonstrated in [6], however, the algorithm still has several limitations:

i) greedy procedure: the colors of re-colored vertices wcre never modified again.
Thus, other possibly better partitions could not be obtained.
i) vertices for re-coloring: only small portion of vertices were re-colored in order to
guarantee the tcrmination of the algorithm.
iii) inaccurate quality estimation of clusters: not all vertices were utilized for quality
estimation.

To cope with these issues, we propose an extendcd re-coloring approach. As for i), we
propose a best first re-coloring algorithm (Section 3.2) to realize the non-greedy scarch
for a better partition. As for ii), we propose a color cxchangc algorithm (Section 3.3)
so that more vertices can be tested for re-coloring. As for iii), instead of the subset of
vertices, we utilize all the vertices in a graph for estimating the quality of the partition.

For instance, for the same graph and its coloring in Fig. 2, in the proposed approach,
the colorings in Fig. 4 (Dunng = 1.500) and Fig. 5 (Dunn¢g = 1.000) are ob-
tained by the algorithms BFReColoring (Scction 3.2) and ExColors (Section 3.3),
respectively. These are bctter or at least with the same quality compared with Fig. 2
(Dunng = 0.916) and Fig. 3 (Dunng = 1.000). Furthcrmore, since these algorithms
are orthogonal with respect to the re-colored vertices, by utilizing both of them, even a
better partition can be obtained, as shown in Fig. 6 (Dunng=1.750).
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3 Re-coloring Algorithms Based on Graph b-Coloring

3.1 Definitions

For a b-coloring of a graph G(V, E), a set of ver- Table 3. Nowations for vertices
tices Vg consists of b-dominating vertices in the ——

: iy symbol|deseription
coloring. For each b-dominating vertex vg € Vg, Sk
o — : Va |b-dominating vertex set
if vy € N(vgq)' is the only vertex with the eolor v :
«(vy) in N(vg). this vertex is ealled a support- VB SUppg e G
ing vertex of vyq. V, denotes the set of support- < ermgal‘ Yerlex A
ing vertices in the coloring. The set of vertices Ve |non-critical vertex set

V. = V43UV, are called critical vertiees. On the
other hand, the set of vertices Vi, = V \ V. are called non-critical vertices®. These
are summarized in Table 3.

The proposed algorithms re-color the vertices when the quality of clusters is im-
proved. Note that it is not assumed which quality measure 1s utilized. In the following
deseription, ¢(-) stands for a quality measure of a partition (c¢f. Dunng;).

3.2 A Best First Re-coloring Algorithm

To realize non-greedy search, we utilize the best first search strategy, which has been
widely utilized in Al communities, and seleet the best coloring among the candidate
colorings of a graph G(V, E). From the graph. a pre-defined number of vertices are
seleeted according to the descending order of d, (v, ¢(v)) in eq.(1) where v € V. Here,
dq(v.c(v)) can be interpreted as to what cxtent the vertex ¢ is an “outlier” for the
currently assigned cluster ¢(v). Thus, we seleet the vertex with the largest d, (v. ¢(v))
so that it ean be moved into the other cluster via re-coloring. The color of the seleeted
vertex is re-colored in order to increase the quality of partition as long as the constraints
in b-coloring are satisfied. The above proeesses are repeated for the specified number
of iterations.

Only critical vertices were utilized for estimating the quality of the partition in [6].
However. this ean result in unreliable quality estimation and misguidc search directions.
To alleviate this problem, we utilizc all the vertices for quality estimation so that the
algorithm works as an any-time algorithm and that only better partitions are returned.
Note that when the color of a non-critical vertex is re-colored. some critieal vertices
can become non-eritical, and vice versa. Thus, after re-coloring of a vertex, the status
of vertiees is eheeked and reflected in the following re-coloring process.

The proposed algorithm BFReColoring is summarized in Algorithm 1. In Algo-
rithm 1, b stands for the branching number, [ for the number of iterations. One re-colored
partition is obtained at line 6 by ealling ReColoring in Algorithm 2. In Algorithm 2,
the vertex with the largest average dissimilarity is selected at line 4. The color with the
best quality is assigned for the vertex at line 7 via ReColoring in Algorithm 2.

" N(vq) returns the set of adjacent vertices to the vertex .
=\ denotes set difference.
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Algorithm 1. BFReColoring

Require: GG(V, E)

Require: P // a b-coloring partition of G(V , E)

Require: b // the brauching wuuber

Require: [ // the wunber of iterations

D Pocarched < U; Peana < 0; /1 P represents a set of partitions

2: Pc‘urrrut <« P

3: for: < 0.1 < l;i++ do

4: P searc hed <= ’Psenrr‘h(—d U {P(‘urrent}

52 forj<0;(j<b);j++do

6: P < reColoring(P current Psearched) I call reColoring in Algorithm 2

7 Peana & P(ﬂ1ld U {P*}

8: end for

9: Pnenrrhad <« chur« hed V] Pcnnd

10 Pourrent < argmax q(P’) /1 q(-) evaluates the quality of a partition
PIE’P(U,”[

1 P('mld <« P/'and \ {PrurTLnt}

12: end for

13: return  argmax q(P’)
PIEPsPar-n hed

For a graph, computation of d,(v;, ¢(v;)) for all the vertices can bc conducted in
O(n?) at the beginning and it can be updated in O(n) at line 4 in Algorithm 2. By de-
noting the time complexity of quality evaluation ¢(-) as p*, line 7 takes at most O(Ap)
since |C,,(v*)] < A+ 1. Algorithm 2 can take O(n(n + A%p)) in the worst case when
both while loops at lines 3 and 6 are exhaustively iterated. However, this is rather too
pessimistic estimation, since these while loops are for avoiding the duplicated parti-
tions. Thus, in most cases the most expensive process (line 7) is called only once in
Algorithm 2. Thus, complexity of Algorithm 1 can be considered as O(blAp)*.

3.3 A Color Exchange Algorithm

If the color of a critical vertex is changed, the number of b-dominating vertices will de-
crease. Since b-dominating vertices are considered as useful for sustaining inter-cluster
separation, re-coloring was conducted only on non-critical vertices in [6].

Although it is difficult to re-color critical vertices sequentially without decreasing the
number of b-dominating vertices, this problem can be resolved if more than one vertices
are re-colored simultaneously. As a first step, we propose a color exchange algorithm
for critical vertices. We define that two adjacent critical vertices are color exchangeable
if the following three conditions are satisfied.

Definition 1 (Color Exchangeable). For a graph and its partition (coloring) P, let P’
be the coloring by exchanging the colors of two adjacent critical vertices. If P’ satisfies
the followings, these vertices are called color excliangeable:

* Dunng can be calculated in O(n?) and updated in O(n) for re-coloring of a vertex.
* Admittedly. O(bl(n(n + A%p))) in the worst case in standard notation,
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Algorithm 2. reColoring

Require: P ..rent I/ a b-coloring partition of G(V | E)
Require: P archea !l a set of searched parririons

1: P' <= P yrrent Il copy the coloring (pariition)

2: V' < Vi I candidare vertices in P’

3: while V' # 0 do

4 v' = argmaxdg(r, c(v))

ve V'’
5. C' <= 01 C' swres e 1esied colors of v/
6:  while C,,(v*) \ C’" # 0 do

7 c'(v')y < argmax  q(P(v*. o))/ P(v".c)is a partition with color ¢ for v*
ceCpvnNC’

8: C' < C"u{c (v*)} I add 10 the already 1ested colors

9: re-color c{(v* )} o ¢*(r*) in P’

10: if P& Pocurenca then

11: return P’ // return the re-colored pariition

12: end if

13: re-color ¢” (") back to the original ¢(z") in P // P’ was already searched

14: end while

|5.' VI <~ V’ \\ {1"}
16: end while

17: return ()

1. all the adjacent vertices have different colors,
2. the number of b-dominating vertices is not decreased,
3. the number of colors is not decreased.

Currently, candidate vertices for color exchangc are: 1) a b-dominating vertex v; and its
supporting vertex r;. or, 2) for some b-dominating vertcx. its two supporting vertices 1';
and v. For a b-dominating vertex v;, a supporting vertex v; is the only vertex with color
¢(v;) in N(v;). Thus, if the color ¢(v;) is different from the neighboring colors of v;,
exchanging their colors docs not decrease the number of b-dominating vertices. Sim-
ilarly, for a b-dominating vertex, cxchanging the colors of its two supporting vertices
does not dccrease the number of b-dominating vertices.

The proposed algorithm ExColors is summarized in Algorithm 3. For thc selected
vertex, at line 5 the candidate vertices for color exchange are enumerated using ExVer-
tices in Algorithm 4. Color exchange is conducted if a) the pair of critical verticcs are
color exchangcable, and b) the quality of partition would be improved (line 9). If there
are more than one vertcx for exchange, the vertex with the maximum avcrage dissimi-
larity is selected.

As in Algorithm 2, sclection of a vertex can be conducted in O(n) at line 3 in Algo-
rithm 3. Since up to two-step neighboring vertices for the selected vertex are checked in
Algorithm 4, at most O(A?) vertices are obtained as the candidates. Thus, the overall
time complexity of Algorithm 3 is O(u(n + A%p))3.

% As in Section 3.2, time complexity ol (-) is denoted as p.
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Algorithm 3. ExColors

Require: G(V', E) //A graph which a set of vertices and a set of edges
Require: P/la partition which is a b-coloring of G(V , E)

I V<V,

2: while V/ # () do

3: ;= arg maxd,(vi,c(v;))

v eV’

4 VeV {w}

5: V. :=ExVertices(G, P, v,) // call ExVertices in Algorithm 4
6:  while V/, # D do

7 vy := arg max da (v, c(vy))
;€ eI::
8: Vel:: &= Vel:r \ {TJ}
] if (c(v;) and ¢(v; ) is exchangeable) A (q(P) < q(P(exchange(c(v:), ¢(v;))) then
10: exchange color ¢(v;) and ¢(v;) in P

Il the colors of v; and v are exchangeable and the quality would be improved
11: V' < V,; Dbreak:
125 end if
13:  end while
14: end while
15: return P

3.4 Working Examples

As shown in Section 2.4, for the graph and its coloring in Fig. 2, the colorings in Fig. 4
(Dunn¢; = 1.500) and Fig. 5 (Dunng = 1.000) are obtained by BFReColoring and
ExColors, respectively. Non-critical vertices a, ¢, f, i were re-colored in Fig. 4. The
colors of critical vertices b and h were exchanged in Fig. 5.

Furthermore, critical vertices are considered for color exchange in ExColors; on the
other hand, non-critical vertices are re-colored in BFReColoring. Since V. NV, =0,
these are mutually independent and orthogonal with respect to the re-colored vertices.
Thus, these can be utilized in conjunction. The coloring in Fig. 6 (with Dunng=1.750)
is obtained by applying both algorithms. In this example, critical vertices b and h, a
non-critical vertex f were re-colored. Thus, the proposed approach enables to obtain
better partitions (colorings) by enlarging the search space via non-grecdy search and
re-coloring of critical vertices.

4 Preliminary Evaluations

4.1 Evaluation Measures

In addition to Dunn¢ in eq.(4), we also evaluated a) micro-averaged Precision, and b)
distinetness, of a partition. As in Dunng, the larger the evaluated value is, the better
the partition is.

Micro-Averaged Precision. Micro-averaged precision is a widely utilized measurc
in information retricval community [1]. Based on the cross table of true clusters and
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Algorithm 4. ExVertices

Require: G(V, E) //A graph which a set of vertices and a set of edges
Require: P //a partition which is a b-coloring of G(V . E)
Require: v;:avertex

1: if v; € V4 then

2: V.. := supporting vertices of v

3: elseif v; € V, then

4:  foreach v, € N(v,)do

S8 if (1, € Va) A (v, is a supporting vertex of v,,) then
6: V.. := {vn }U supporting vertices of v,

73 end if

8:  end for

9: end if

0

) '
: return V.

assigned elusters, it is ealculated by averaging the preeision of data assignment to each
construeted cluster. Please refer to |1] for the details. We eall this Precision hereafter.

Distinctness. The varianee of the distribution match between elusters (', and ('} in a
partition is defined as:

) ] , ’
Var(Cy,, () = [—)Z Z(P((l{ = 2;|Cn) — P(ai = x5|C1))” 5)
ER )

where p is the number of attributes. P(a; = x;;|C}) represents the conditional proba-
bility of attribute @; taking the value r;; in cluster (.
The distinctness of a partition P is defined as the average variance | 14]:

ko k
Y. 3. Var(Ch,C)

. _ Rl =l
Dist(P) = PP = 1) (6)

4.2 Experimental Settings

Preliminary evaluations were eondueted over several UCI datasets |11]. The utilized
datasets were: Zoo (101 data, 7 labels), Teaching Assistant Evaluation (tae) (151 data,
3 labels), and Protein Localization Sites (eeoli) (336 data, 8 labels). In all the datasets,
each data item has its true elass label. The true class labels are regarded as “ground
truth” and utilized to caleulate Precision. After normalizing each attribute to [0,1] as
in Weka [17]), dissimilarities between data items were caleulated using the standard
Euelidian distance.

The proposed algorithms (with BFReColoring, with ExColors, with both of them)
were compared with the following clustering algorithms: 1) previous re-coloring algo-
rithim [6]. 2) kmeans algorithm [10], and 3) EM algorithm [3]. Weka [17]) was used
for kmeans and EM. Since kmeans and EM require the number of clusters, the true
number of elusters was specified for each dataset.
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Table 4. Result (zoo dataset)  Table 5. Result (tae dataset)  Table 6. Result (ecoli dataset)

Prec| Dist|Dunnyg Prec| Dist |Dunng Pree| Dist|Dunng
BF |0.812]0.479| 1.050 BF ]0.444({0.363| 0.983 BF |0.63110.444] 0.831
Ex [0.743|0.577| 0.796 Ex ]0.430|0.355| 0.923 Ex ]0.591|0.449] 0.653

Ex+BF|0.812/0.479| 1.050  Ex+BF|0.444|0.363| 0.983  Ex+BF|[0.631]0.444] 0.831

greedy 10.73310.401| 0910  greedy ]0.430{0.530| 1.350  greedy [0.324{0.419] 1.004

kmeans|0.723(0.489| 1.014  kmeans[0.517{0.458| 1.132  kmeans|0.613]0.153} 0.609
EM (0.673|0.591| 0.981 EM [0.404]0.321| 1.141 EM ]0.619(0.168] 0.604

Following the expcrimental setting in [6], the same graph and its partition (eoloring
of the graph) were given to the proposed algorithms and 1), and Dunng(-) was used as
the quality measure ¢(-) in the algorithms. In Algorithm 1, & was set to 10 and [ was set
to 10°. The threshold for defining the graph structure was set so that the same number
of colors (clusters) was obtained in each dataset.

4.3 Results

The results are summarized in Tables 4, 5, 6. In the tables, BF stands for BFReColor-
ing (Algorithm 1), Ex stands for ExColors, (Algorithm 3), Ex+BF stands for applying
ExColors and BFReColoring in this order, greedy stands for the algorithm in [6].

The results show that the proposed algorithms outperform the other algorithms in
most cases w.r.t. Preeision. Since the evaluation based on the true class label is consid-
ered as the so-called “ground truth” evaluation, the results indicate that the proposed
approach is promising toward improving re-coloring based clustering.

Intuitively, Dist(-) in eq.(6) evaluates to what extent the obtained clusters differ w.r.t.
the prediction of the attribute value. The results varied depending on the datasets and it
is difficult to draw a decisive conclusion w.r.t. distinetness from the results.

Dunng(+) in eq.(4) was used as the quality measure ¢(-) in our algorithms and
greedy. These algorithms improved this quality, and the values were larger than those
obtained by kmeans and EM (exeept for tac dataset). However, in Table 6, greedy
returned the largest Dunng/(-) value, but it is actually the worst w.r.t. Precision.

4.4 Discussion

Results in Seetion 4.3 indicate that thc proposed approach is effeetive for improving
the performance of re-coloring based elustering in terms of Precision. Unfortunately,
Precision eannot be utilized as the quality measure g(-) in any algorithms directly,
since it is caleulated based on the “true™ labels. Note that “true” labels are unavail-
able for elustering or in unsupervised learning in general. On the other hand, eq.(4) can
be caleulated only from the available data and thus ean be utilized. It is not yet clear
how the latter eorrelates with Preeision. In addition, the performanee of BF and Ex+BF
was the same for these datasets. Much more work needs to be condueted for investigat-
ing the usage of dissimilarity information in the algorithm.
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S Conclusion

This paper has proposed an approaeh toward improving re-eoloring based clustering
with graph b-coloring. Based on the notion of b-coloring in graph theory [12], eluster-
ing algorithms were proposed in previous approach; however, these were still restrictive
in terms of the explored seareh spaee due to its greedy and sequential re-eoloring pro-
cess. In this paper a best first re-eoloring algorithm was proposed to realize non-greedy
search for the admissible colors of vertices. A color exchange algorithm was proposed
to remedy the problem in sequential re-coloring. Both algorithms enlarge the seareh
spaee and re-color the vertiees of a graph to improve the quality of elusters, while guar-
anteeing the property of b-coloring. In addition, these algorithms are orthogonal with
rcspect to the re-eolored vertices and thus can be utilized in conjunction.

Preliminary evaluations were eondueted over several UCI datascts. The results are
eneouraging for pursuing this line of researeh, especially for obtaining better clusters
with respeet to the ground truth micro-averaged preeision. However, with respect to
other elustering validations indiees, it was rather comparable to other approaehes and
could not always outperform theni. We plan to eonduect more evaluations and investigate
the suitable quality measure to guide the seareh proeess in the proposed algorithms.
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Abstract. This paper presents a methodology for expert-guided analy-
sis of large data sets, including large text corpora. Its main ingredient is
the algorithm for semi-supervised data clustering using cluster size con-
stramnts which hnplements several improvenients over existing k-means
constrained clustering algorithms. First, it allows for a larger set of nser-
defined cluster size constraints of different types (lower- and upper-bound
constraints). Second, it allows for dynamic re-assignment of predefined
constraints to clusters in iterative cluster computation /optimization, thus
improving the results of constrained clustering. Third, it allows for expert-
guided cluster optimization achieved by combining constrained clustering
and data visnalization, which enables finer-grained expert’s control over
the clustering process, leading to further improvements of the quality of
obtained clustering solutions. Incorporating data visnalization into the
clustering process allows the user to select referential points which act as
constraint ancliors in the course of iterative cluster computation. The pro-
posed semi-supervised constrained clustering methodelogy has been im-
plemented using a service-oriented data mining enviromnent Orange4WS§S
and evalnated on different document corpora.

1 Introduction

Clustering 1s a method of unsupervised learning, alimed at assigning a set of
data instanees into subsets called clusters so that instances in the same cluster
are similar according to a predefined similarity measure. I{-means clustering 8]
has proven to be an effective tool both in data and text mining. In text mining,
k-means clustering is being used extensively for exploratory text analysis inclhud-
ing concept identification |9] and document corpora visualization [14]. Although
widely used because of its speed and simplicity, the k-means chistering algorithim
and its variants have some serious drawbacks which Hmit their use in specific
scenarios.

The most popnlar version of k-means. i.c. the Forgy's algorithm [1,8] is known
to produce unbalanced and/or empty clusters when applied to datasets with a
high number of dimensions and a large number of clusters |3,8]. For example,
clustering of Web browsing data [3] with 300 dimensions (features) resulted on
average in 4.1 and 12.1 empty clusters where k was set to 50 and 100, respectively.
More generally, this phenomenon was observed when clustering data with the

B.-T. Zhang and M.A. Orgun (Eds.): PRICAI 2010, LNAI 6230, pp. 219-230, 2010.
© Springer-Verlag Berlin tleidelberg 2010
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nuniber of dimensions n > 10, where the number of desired clusters was set to
k > 20 [3]. The problem of empty aud nnbalanced clusters lias heen addressed
in the arca of eonstrained clustering, briefly introdueced below.

1.1 Constrained Clustering

Constrained clustering is a elass of semi-supervised learning algoritlims which
can be divided into two main groups. Clustering algorithms with instance-based
constraints typically incorporate a set of must-link constraints and/or eannot-
link constraints [19]. Clustering algorithms with cluster-based constrains [3,18],
on the other hand, incorporate constraints concerning the size or shape of in-
dividual elusters. In order to address the problem of empty clnsters mentioned
above, Bradley, Beinett, and Demiriz [3] proposed a constrained clustering al-
gorithm, explicitly adding k constraints to the nnderlying optimization problem
which state that each eluster i should contain at least 7, poiuts. By integrating
these constraints into the optimization procedure, they present a clear, mathe-
matieally well-formed solution which can be also generalized to other constraints
(e.g. ontlier removal or speeifie groupings).

In this paper, we present a metliod for semi-supervised constrained data clus-
tering using eluster size eonstraints, upgrading the k-means clustering method.
To do so, we first briefly present the k-means algorithm with additional con-
straints. For the sake of clarity. the same notation as in |3] is used throughont
this introductory sectionl.

Let D = {2, i = 1,...,m} be a dataset in R" and & the desired number
of elusters. Thien, the problemn of k-means clustering is to fiud cluster centers
(6575 H— C* where the sum of the squared error' (SSE) is minimized [17).
More formally, this can be written as:

m
min E win dist (', C") (1)
c! ck £ h=1,....k
Grai® ey
This equation. however, can be reformulated into an equivalent form where bi-
nary selector variables T; ), are introduced. These variables indicate the mem-
bership of data points to clusters: T; , = 1 if data point x' is elosest to ecenter
C" and zero otherwise. The reformulated Eq. 1 is then as follows [3]:

7111'7&1'2}11'2(’ il Z:=1 T p, - dist (x*, C")
where Zﬁﬂ TSR N e [ (2)

T fiae 05 1 i o 0 HR= Sy vnsil

The proof that the new equation with seclector variables is equivalent to the
original can be found in [4] as Lemma 2.1. Note that it is possible for the k-
means algorithm to produce one or more empty chusters i.e. Y .- Tip = 0 as
such a solution satisfies the Karush-Kulin-Tucker (KKT) eonditions |17] for Eq.

1 SSE is also know as scatter.
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2. The coustrained k-means algorithm can be now formalized by adding the
following cluster size constraints to Eq. 2:

m

Z Tin 27 (3)

i=1

Values represented by 75, are constants specified in advance by the user. ln
plain terms, each cluster A must contain at least 7, data points. To assure
that the constructed optiniization problem is solvable we add a sanity condi-
tion z:‘l v < meowhich states that the sum of all size constraints is not larger
than the size of the observed set of data instances.

Finally, the constrained k-mmeans algorithm is. like the classic k-means, defined
as an iterative two-step procedure which iterates between solving the linear pro-
gram defined by Eq. 2 and 3 to obtain values for selector variables T, (cluster
assignment step), followed by updating the cluster centers C" (cluster update
step). As a last remark on the constrained k-means algorithm the following
statenients were proven to be trne |3]:

1. The constrained k-means algorithm terminates in a fintte number of iteration
in a locally optimal cluster assigniment.

2. The cluster assignment sub-problem (step 1 of each iteration) is equivalent
to the Minimum Cost Flow (MCF) network optimization problem.

3. According to statement (2) above and [2] the optimal flow of the equivalent
MCF problem is integer-valied whicli means that the optimal binary values
for T;; can be obtained without explicitly declaring themn as integer thns
solving the integer programming problem (ILP) whicli is know to beloug to
the NP — hard class of problems [11].

1.2 Summary of Researcli Advances and Paper Outline

The main contribution of this paper is a methodology for expert-guided analysis
of large data sets, including large text corpora. lts main ingredient is the al-
goritlim for semi-supervised data clustering using cluster size constraints which
successfully eliminates some limitations of existing k-means constrained clus-
tering algoritlims. First, it allows for a larger set of user-defined cluster size
constraints of different types (lower- and upper-bound constraints). Second, it
allows for dynamic re-assigmuent of predefined constraints to clusters in itera-
tive cluster computation/optimization. Third, it allows for expert-guided cluster
optimization. The proposed semi-supervised coustrained clustering algorithim is
presented in Section 2. Expert-guidance is achieved by combining constrained
clustering and data visualization, which enables finer-grained expert’s control
over the clustering process, leading to further mmprovements of the quality of
obtained clustermg solutions. Incorporating data visualization into the cluster-
ing proecess, as described i1 Section 3, allows the user to explore the data and
to sclect referential points representing initial cluster centroids. which (in the
simplest scenario) act also as constraint anchors iu the course of iterative cluster
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computation. The proposed semi-supervised constrained clustering methodol-
ogy has been implemented using a service-oriented data mining euvironment
OrangedWS [15]. The evaluation of the methodology on various text corpora
is presented in Section 4. The paper concludes with a summary and plans for
further work.

2 Semi-supervised k-Means with Cluster Size Constraints

The constrained variant of the k-mmeans algorithni, presented in Section 1, is not
appropriate if a certain cluster size constraint needs to be assigned to a cluster
with specific semantics (e.g. cluster containing documents discussing a certain
topic). During the clustering process, cluster centers “travel” in the direction,
opposite to the gradient of the target function in the observed space which
means that each specified constraint 7, will apply to an unknown part of the
space with input data. The only applicable scenario (which was also addresed
by the authors [3]) is the casc with balanced counstraints where all 7, are equal.
(in this special case one is not concerned with the size of an individual cluster,
thie objective is just to eliminate emipty or very small clusters).

Therefore, we propose a modified algorithm (Algorithm 1), which is able to
overcomte the indicated problem. To this end, our variant of the algorithm main-
tains points of reference with respect to the given constraints and modifies the
optimization problein specifications accordingly. 1t should be noted, however,
that the new variant requires certain amount of domain knowledge (user’s back-
ground knowledge) in order to be applied successfully. In the context of clustering
document corpora, which is the target domain of this paper, such knowledge can
be provided by visualization, as shown in Section 3 below.

The idea of the proposed algorithm is the following. In order to apply con-
straiuts to specific parts of the data space, there have to exist the same number
of reference points, one for each constraint. Each such reference point character-
izes the part of the input data space where the constraint should be enforced.
However, as cluster centroids tend to travel through the data space during the
clustering process, the constraints are likely to be applied to a completely dif-
ferent part of the space than the initial data subspace. For this reason, our
algoritlim recomputes distances between reference points and the current cen-
troids in each iteration and reassigns constraints when necessary. The proposed
modification of the constrained k-means algorithm is presented as Algorithm 1.

Note, however, that reassignments of constraints modifies the underlying op-
timization problem which introduces the possibility of cyeling where clusters
exchange constraints without converging their centroids to final positions (the
Proposition 1 from Section 1 stating that the algorithm finishes in a finite num-
ber of steps no longer lolds). Although such situations are very unlikely to occur
in high dimensional data spaces with good initial centroids, a solution in these
rare cases is to employ simulated anncaling with a siple cooling schedule or to
introduce small random jitter of centroids. As already stated, a set of reference
points P, representing both initial chuster centroids and reference poiuts for con-
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Algorithm 1
Input:

data set in R" with m instances: D= {z', i =1,...,m}
desired mumber of clusters: k
set of constraims: 7 = {r...., T }
— set of reference points in R": P = {p', i = 1,...,k} which is also the set of initial
centweids: €% =[G, s =11,. ... B}

Output of iteration #:

- assignient of input data instances to clusters with respect to given constraints
set of cetroids: C* = {C**, i =1,...,k}

Each iteration ¢ of the algorithm consists of three steps:

1. Cluster assigniment.
Solve a linear program to obtain the values of selector variables T, :

o = - .
miramize b St Tt - dist (x',C"Y)
<
~k .
where e s = L= Bcsih

T B0 6 =T s ol il
T & gy W= Ye e
2. Cluster update.
Compute new centroids for the next iteration ¢+ /:

s 1 I“_h .1_1

foq 1 2 T t
chtH S~m ot if Li 1 Lin>0
— fwg=1| 1.h
(el otherwise

3. Permutation of constraints.
Assign newly computed centroids C"*! to reference points p' by compnting
binary selector variables V,!t! 50 that the total distance is minimized, and permnute
assignment of constraints to clusters accordingly:

Lk ok HTE M e |
maTeTAZE Y Y Ve st (% )
i if Vi lis true

7. otherwisc

straints, is required as input to the algorithm. In order to specify these points,
the user needs to have an understanding of the underlying data. To provide the
user with a better understanding of the underlying data, we employ a feature
space visualization algorithim based on least-squares meshes |16,14], described
in Section 3 below. Through data visualization, the user is able to anchor the
cluster size constraints to specific parts of interest in the data space.
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3 Methodology for Expert-Guided Constrained
Clustering Facilitated by Data Visualization

This section presents the proposed semi-supervised constrained clustering
methodology. In addition improving the constrained clustering algorithm
(Algorithmn 1), the main additional assets used in this process are data visualiza-
tion and user-guided constrained clustering through an interface to the visualized
data clouds, enabling initial centroid sclection and size constraints specification.
This section first ontlines thie steps of the proposed methodology, followed by
presenting the algorithm which enables the visnalization of the data space, more
specifically, a document space using the bag-of-words docuiment representation.
In the context of this paper. the process of visualization is seen as a procedure
which extracts knowledge about the underlying structure of the data. The visn-
alization method should namely be able to provide enough information to guide
the expert when specifying the constraints and should also (implicitly) help the
clustering algorithm to converge faster by providing good initial centroids. The
docunient corpora visualization method presented in this section is a combi-
nation of multidimensional scaling, least-squares solver, and internal k-means
clustering.

3.1 Methodology

The proposed semi-supervised constrained clustering methodology consists of
the following main steps:

1. The input data is preprocessed as required by the clustering and visnalization
algorithins.

2. The least-sqnares meshes data visualization algoritlumn is invokedt. As a result,
the user is preseuted with a 2D projection of high-dimensional data instances,
such as the one pres<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>