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Monday Tuesday Wednesday
Start Time 24/09/2012 25/09/2012 26/09/2012
9.00 Tutorials
and
Workshops
1000 () Coffee break Coffee break
1030 [10.30 Coffee break TuelA TuelB TuelC Tue1D Wed1A Wed1B
11.00 Tutorials Bayesian Learning  Associati Reinf nt Industry Distance-Based Time Series
and and Graphical Rules and Learning Track Methods and
Workshops Models Frequent and and Temporal Data
(Wills) Patterns Planning | Kernels Mining
12.00 - (Chem-LT1) (Chem-LT2) (Chem-LT3) (Chem-LT4) (Chem-LT1) (Chem-LT2)
unc
1210 break
Lunch break Lunch break
13.30
14.00 Tue2A Tue2B Tue2C Tue2D Wed2A Wed2B
Tutorials Graphs, Trees, Rankings and  Ensemble Methods Industry Social Network Large-Scale,
and Sequences Recommendations Track Mining | Distributed and
Workshops and Parallel Mining
(Wills) Strings | and Learning |
(Chem-LT1) (Chem-LT2) (Chem-LT3) (Chem-LT4) (Chem-LT1) (Chem-LT2)
[ Coffee break Coffee break
16.00 |
16.10 Coffee break Tue3A Tue3B Tue3C Tue3D Wed3A Wed3B
Dimensionality Multi-Relational ~ Semi-Supervised Demo Data Mining Sensor Data
Reduction, Feature Mining and Spotlights Process
Selection and and Transductive (Chem-LT1) (Chem-LT2)
- Extraction Learning Learning
(Chem-LT1) (Chem-LT2) (Chem-LT3) (Chem-LT4)
17.50
i k
19.00 Poster session and software demos fi
(Victoria Rooms) )
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Wills 3.32 Wills 3.30 Wills OCC Wills 3.33 Wills 1.5 Wills Great Hall

Wills G25

Wills 3.31

Monday at a Glance

16.30

17.00

18.00

Friday Workshop

Sentiment Discovery from Affective Data

Mohamed Medhat Gaber, Mihaela Cocea, Stephan Weibelzahl,
Ernestina Menasalvas and Cyril Labbé
09:00-17:00 Room: Wills, 1.5

The current expansion of social media leads to masses of affective data related to people’s emotions, sentiments and
opinions. Knowledge discovery from such data is an emerging area of research in the past few years, with a potential
number of applications of paramount importance to business organisations, individual users and governments. Data
mining and machine learning techniques are used to discover knowledge from various types of affective data such
as ratings, text or browsing data. Although research in this area has grown considerably in the recent years, knowl-
edge discovery from affective data is in its infancy state with more open issues and challenges which often requires
interdisciplinary approaches.

10:30-10:35

10:35-11:30

11:30-12:00

12:00-12:30

12:30-13:00

13:00-14:30

14:45-15:00

15:00-15:15

15:15-15:45

15:45-16:00

16:00-16:30

16:30-17:00

17:00-17:15

Welcome Address
Mohamed Medhat Gaber

Invited Talk: Multi-modal Affective Data Analytics
Mykola Pechenizkiy

New Features for Sentiment Analysis: Do Sentences Matter?
Gizem Gezici, Berrin Yanikoglu, Dilek Tapucu and Yiicel Saygin

Product Reputation Model: An Opinion Mining Based Approach
Ahmad Abdel-Hafez, Yue Xu and Dian Tjondronegoro

Building Word-Emotion Mapping Dictionary for Online News
Yanghui Rao, Xiaojun Quan, Liu Wenyin, Qing Li and Mingliang Chen

Lunch (not provided)

Predicting Emotion Labels for Chinese Microblog Texts
Zheng Yuan and Matthew Purver

Feature Weighting Strategies in Sentiment Analysis
Olena Kummer and Jacques Savoy

Sentimentor: Sentiment Analysis of Twitter Streams
Gulden Uchyigit and James Sepencer

Mining for Opinions Across Domains: A Cross-Language Study
Anna Kravchenko

Coffee Break

Comparative Experiments for Multilingual Sentiment Analysis using Machine Translation
Alexandra Balahur and Marco Turchi

Towards an Abstractive Opinion Summarisation of Multiple Reviews in the Tourism Domain
Cyril Labbé and Frangois Portet
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Wills Memorial Building

All Monday and Friday sessions except Monday welcome reception.

Great Hall

Main Entrance

Ground Floor First Fioor

IWC PG

Third Floor

Friday Workshop

Community Mining and People Recommenders

Data mining and knowledge discovery in social networks has advanced significantly over the past several years, due to
the availability of a large variety of offline and online social network systems. The focus of COMMPER 2012 is on social
networks with special focus on community mining and people recommenders. Community minding involves topics
such as the analysis of scientific communities and collaboration networks, including bibliometrics, and the formation
of teams. People recommenders focus on the all topics where recommender systems are used to enable connections
among users, such systems can be found on all types of social networks such as photo sharing websites, expert search,

Jaakko Hollmén, Panagiotis Papapetrou and Luiz Augusto Pizzato
10:00-17:00 Room: Wills, OCC

mentoring systems and online dating.

10:30-10:45

10:45-11:45

11:45-12:15

12:15-12:45

12:45-13:15

13:15-14:45

14:45-15:15

15:15-15:45

15:45-16:15

16:15-16:45

16:45-17:30

18:00

Welcome Address
Papapetrou Panagiotis, Hollmén Jaakko and Luiz Augusto Pizzato

Keynote Talk: Entity Selection and Ranking for Data-mining Applications
Evimaria Terzi

Discussion: Challenges in the Area of Community Mining and People Recommenders
Panagiotis Papapetrou, Jaakko Hollmén and Luiz Augusto Pizzato

Mining Dynamic Networks: The Importance of Pre-processing on Downstream Analytics
Sofus Macskassy

Mining the Dynamics of Scientific Publication Networks for Collaboration Recommendation
Rushed Kanawati

Lunch (not provided)

Supporting Community Mining and People Recommendations in a Social Internetworking
Scenario
Francesco Buccafurri, Gianluca Lax, Biagio Liberto, Antonino Nocera and Domenico Ursino

Testing People To People Recommender in a Live Environment
Michael Meisel, Stefan Dahms and Andreas Ittner

Identifying Topical Twitter Communities via User List Aggregation
Derek Greene, Derek O'Callaghan and Padraig Cunningham

Social Citation: Finding Roles in Social Networks. An Analysis of TV-Series Web Forums
Nikolay Anokhin, James Lanagan and Julien Velcin

Discussion: Challenges in the Area of Community Mining and People Recommenders
Panagiotis Papapetrou, Jaakko Hollmén and Luiz Augusto Pizzato

Workshop Dinner and Drinks at a Local Pub
To join us please register your interest with one of the organisers by the end of the lunch break.
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Welcome

It is our great pleasure to welcome you to ECML-PKDD 2012 in Bristol, UK. We have worked hard - together with a
local team and a large number of dedicated chairs who are listed in the conference proceedings — to bring you a high-
quality and varied scientific programme. This booklet has been put together to help you find your way through the
conference and make the most of your stay in Bristol.

In addition to this programme booklet we have developed two online tools that provide personalised recommen-
dations based on your publication profile on DBLP. One is accessible via a web browser and the other is an iPhone
app available from the App Store; surf to www.ecmlpkdd2012.net/apps/ for the links. These conference planners
are brought to you by the PreSift team: Ruthie Hambley, Tom Kelly, Louise Millard, Andrew Pickin and Simon Price.
We hope you find them useful - feel free to email PreSift@cs.bris.ac.uk with your feedback.

No conference would be possible without a team of dedicated volunteers, and we gratefully acknowledge the help
of the following MSc students, PhD students and postdocs:

Reem Al-Otaibi David Kirchheimer Andrew Pickin

Qipeng Chen Akis Kontonasios Seyed Ali Sadegh Zadeh
Ilias Flaounas Tom Lansdall-Welfare Nick Sampson

Noor Hafhizah Daniel Lewis Raul Santos-Rodriguez
Osian Haines Kevin Lloyd Pranshu Saxena

Joe Heath Foteini Markatopoulou Rakhi Singh

Elena Hensinger Louise Millard Eirini Spyropoulou
Patricia Jiménez Aguirre Pablo Munoz Espada Saatviga Sudhahar
Nanlin Jin Ricardo Nanculef Claudio Taranto
Namita Kalantri Yizhao Ni Konstantin Tretjakov
Georgios Kalogiros Athanasia Notta Bowen Yan

During the week they can be recognised by their blue T-shirts with the ECML-PKDD 2012 logo (you can pick up your
own T-shirt on Friday). Please talk to them if you have any questions, they are there to help.

Peter Flach, Tijl De Bie and Nello Cristianini
ECMLPKDD2012pcchairs@cs.bris.ac.uk

Friday Workshop

Active Learning in Real-world Applications

Laurent Candillier, Max Chevalier and Vincent Lemaire
10:30-16:00 Room: Wills, 3.32

This workshop aims to offer a meeting opportunity for academics and industry-related researchers, belonging to the
various communities of Computational Intelligence, Machine Learning, Experimental Design and Data Mining to
discuss new areas of active learning, and to bridge the gap between data acquisition or experimentation and model
building. How active sampling, incremental learning and data acquisition, can contribute towards the design and
modeling of highly intelligent machine learning systems?

Machine learning indicates methods and algorithms which allow a model to learn a behavior thanks to examples.
Active learning gathers methods which select examples used to build a training dataset for the predictive model. All
the strategies aim to use a set of examples as small as possible and to select the most informative examples.

When designing active learning algorithms for real-world data, some specific issues are raised. The main ones
are scalability and practicability. Methods must be able to handle high volumes of data, in spaces of possibly high-
dimension, and the process for labeling new examples by an expert must be optimized.

We encouraged papers that describe applications of active learning in real-world. The industrial context, the main
difficulties met and the original solution developed, had to be described. An associated challenge
(http://www.nomao.com/labs/challenge) has been conjointly organized on a practical application of active learning.
The challenge and the results obtained will be presented.

10:30-11:30 Invited Talk: Active Learning for Discovery in the Laboratory: Characterising Biomolecular
Systems
Chris Lovell

11:30-12:15 Challenge Presentation: Design and Analysis of the Nomao challenge: Active Learning in the
Real-World
Laurent Candillier and Vincent Lemaire

12:15-12:45 Challenge winner: Batch-Mode Active Learning by Using Misclassified Data
Tengyu Sun and Jie Zhou

12:45-13:15 Position paper: Programmer’s Active Learning: A Broader Perspective of Choices for Real-
World Classification Tasks that Matter
George Forman

13:15-14:45 Lunch (not provided)

14:45-15:15 Incorporating Density in Active Learning with Application to Ranking
Wenbin Cai and Ya Zhang

15:15-15:45 Active Learning in the Spatial-domain for Landslide Mapping in Remote Sensing Images
Andre Stumpf, Nicolas Lachiche, Jean-Philippe Malet, Norman Kerle and Anne Puissant

15:45-16:00 Participants Open Discussion
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Monday Morning Tutorials

Advanced Topics in Data Stream Mining

Albert Bifet, Joao Gama, Richard Gavalda, Georg Krempl, Mykola Pechenizkiy,
Bernhard Pfahringer, Myra Spiliopoulou and Indré Zliobaité
09:00-12:00 Room: Wills, 3.31

Nowadays, the quantity of data that is created every two days is estimated to be 5 exabytes. This amount of data is
similar to the amount of data created from the dawn of time up until 2003. Moreover, it was estimated that 2007 was
the first year in which it was not possible to store all the data that we are producing. This massive amount of real time
streaming data opens new challenging discovery tasks. Some of them are already addressed with mature algorithms,
while new challenges emerge, including learning on not one but multiple streams. This tutorial has two parts. The
first part gives an introduction to recent advances in algorithmic techniques and tools to cope with challenges on
stream mining. The second part discusses state of the art research on mining multiple streams — distributed streams
and interdependent relational streams.

Concept drift plays a central role in this tutorial. In the first part, we address it in the context of conventional one-
stream mining to set the scene. In the second part, we recapitulate on it after introducing multiple-stream mining,
and we also consider machine learning methods that are appropriate for incremental data and slow streams.

The first part, ‘Mining One Stream’, will be presented by Albert Bifet, Ricardo Gavalda, Mykola Pechenizkiy, Bern-
hard Pfahringer, and Indré Zliobaité.

The second part, ‘Mining Multiple Streams’ will be presented by Joao Gama, Myra Spiliopoulou, and Georg Krempl.

Advanced Topics in Ensemble Learning
IToannis Partalas, Alberto Suarez, Daniel Hernandez Lobato,
Grigorios Tsoumakas and Gonzalo Martinez
09:00-12:00 Room: Wills, G25

Ensemble methods are widely used by the machine learning community because they lead to improvements in accu-
racy and robustness in many prediction problems of practical interest. Furthermore, they offer appealing solutions
to several interesting learning problems, such as dealing with small or large datasets, performing data fusion and
modeling concept drift. Notwithstanding, using ensemble methods also poses some challenges. Specifically, in many
problems very large ensembles need to be generated to achieve good generalization performance. Similarly, the en-
semble prediction is typically generated by querying all the classifiers contained in the ensemble, a process that can
be computationally expensive. In this tutorial we give a brief introduction to ensemble methods for machine learning
and describe ensemble pruning techniques to deal with the shortcomings described. We also introduce advanced
research topics of current interest, such as the problem of determining the optimal ensemble size or techniques to
make ensembles scale to large learning problems.

10

Friday Afternoon Tutorials

Probabilistic Modeling of Ranking
Jose A. Lozano and Ekhiiie Irurozki
14:30-17:00 Room: Wills, 3.31

Rankings and permutations have become, nowadays, ubiquitous. They appear in numerous areas of computer sys-
tems: information retrieval, recommender systems, identity tracking or chemical compound classification, etc. Deal-
ing with rankings, and particularly with rankings of many objects is a complex computational task as the number of
permutations of n objects scales factorially in 7. Recently a number of approaches have come to the machine learning
arena to address this kind of data. Most of these approaches are based on the building of a probability distribution over
the space of rankings. However, given the complexity of storing, learning and making inference on this kind of models,
different simplifying assumptions have been considered: the use of parametric models, models based on low-order
statistics, models based on kernels and the definition and use of notions of independence and conditional indepen-
dence in the space of permutations. In this tutorial we will review the literature on the topic, explaining the different
approaches in detail that have emerged in the literature, putting them in relation with other non-probabilistic ranking
models and giving a collection of open problems in the area. In addition we will present the most relevant applications
in the field as well as the most common benchmark datasets and software.

Understanding and Managing Cascades on Large
Graphs

B. Aditya Prakash and Christos Faloutsos
14:30-17:00 Room: Wills, G25

How do contagions spread in population networks? Which group should we market to, for maximizing product pene-
tration? Will a given YouTube video go viral? Who are the best people to vaccinate? What happens when two products
compete? The objective of this tutorial is to provide an intuitive and concise overview of most important theoretical
results and algorithms to help us understand and manipulate such propagation-style processes on large networks.
The tutorial will contain three parts: (a) Theoretical results on the behavior of fundamental models; (b) Scalable Algo-
rithms for changing the behavior of these processes e.g., for immunization, marketing etc.; and (c) Empirical Studies
of diffusion on blogs and on-line websites like Twitter. We finally conclude with future research directions. The prob-
lems we focus on are central in surprisingly diverse areas: from computer science and engineering, epidemiology and
public health, product marketing to information dissemination. Our emphasis is on intuition behind each topic, and
guidelines for the practitioner.
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Monday Workshop

Mining Ubiquitous and Social Environments

Martin Atzmueller and Andreas Hotho
09:00-16:00 Room: Wills, OCC

The goal of this workshop is to promote an interdisciplinary forum for researchers working in the fields of ubiquitous
computing, social web, Web 2.0, and social networks which are interested in utilizing data mining in a ubiquitous set-
ting. The workshop features contributions adopting state-of-the-art mining algorithms on ubiquitous social data. We
want to accelerate the process of identifying the power of advanced data mining operating on data collected in ubiq-
uitous and social environments, as well as the process of advancing data mining through lessons learned in analyzing
these new data.

09:00-09:15 Welcome

09:15-10:30 Extracting Social and Community Intelligence by Mining Large Scale Digital Footprints
Dagqging Zhang

10:30-11:00 Coffee Break

11:00-11:35 Guiding User Groupings - Learning and Combining Classification for Itemset Structuring
Mathias Verbeke, Ilija Subasic and Bettina Berendt

11:35-11:55 A Fast and Simple Method for Profiling a Population of Twitter Users
Hideki Asoh, Kazushi Ikeda and Chihiro Ono

11:55-12:15 An Analysis of Interactions Within and Between Extreme Right Communities in Social Media
Derek O'Callaghan, Derek Greene, Maura Conway, Joe Carthy and Padraig Cunningham

12:15-13:45 Lunch (not provided)

13:45-14:05 Geographically-Aware Mining of AIS Messages to Track Ship Itineraries
Annalisa Appice, Donato Malerba and Antonietta Lanza

14:05-14:40 Robust Language Identification in Short, Noisy Texts: Improvements to LIGA
John Vogel and David Tresner-Kirsch

14:40-15:15 Identifying Time-Respecting Subgraphs in Temporal Networks
Ursula Redmond, Martin Harrigan and Padraig Cunningham

15:15-16:00 Discussion + Closing

12

Friday Invited Talk

Declarative Modeling for Machine Learning
and Data Mining

Luc De Raedt

University of Leuven, Belgium
luc.deraedt@cs.kuleuven.be
http://people.cs.kuleuven.be/~luc.deraedt/

Friday 09:00-10:00 Room: Wills, Great Hall

Abstract

Despite the popularity of machine learning and data mining today, it remains challenging to develop applications and
software that incorporates machine learning or data mining techniques. This is because machine learning and data
mining have focussed on developing high-performance algorithms for solving particular tasks rather than on develop-
ing general principles and techniques. I propose to alleviate these problems by applying the constraint programming
methodology to machine learning and data mining and to specify machine learning and data mining problems as
constraint satisfaction and optimization problems. What is essential is that the user be provided with a way to declar-
atively specify what the machine learning or data mining problem is rather than having to outline how that solution
needs to be computed. This corresponds to a model + solver-based approach to machine learning and data mining,
in which the user specifies the problem in a high level modeling language and the system automatically transforms
such models into a format that can be used by a solver to efficiently generate a solution. This should be much easier
for the user than having to implement or adapt an algorithm that computes a particular solution to a specific prob-
lem. Throughout the talk, I shall use illustrations from our work on constraint programming for itemset mining and
probabilistic programming.

Bio

Luc De Raedt is a full professor (of research) at the University of Leuven (KU Leuven) in the Department of Com-
puter Science and a former chair of Machine Learning at the Albert-Ludwigs-University in Freiburg. Luc De Raedt
has been working in the areas of artificial intelligence and computer science, especially on computational logic, ma-
chine learning and data mining, probabilistic reasoning and constraint programming and their applications in bio-
and chemoinformatics, vision and robotics, natural language processing, and engineering. His work has typically
crossed boundaries between different research areas, often working towards an integration of their principles. He is
well-known for his early work on inductive logic programming (combining logic with learning). Since 2000, he has
been working towards a further integration of logical and relational learning with probabilistic reasoning (statistical
relational learning and probabilistic programming) and on inductive querying in databases. During the last three
years he has been fascinated by the possibility of combining constraint programming principles with data mining and
machine learning. He is currently coordinating a European IST FET project in this area (ICON - Inductive Constraint
Programming) and is the program chair of the 20th European Conference on Artificial Intelligence (Montpellier, 2012).
He was a program co-chair of ICML 2005 and ECML/PKDD 2001.
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Monday Workshop

New Frontiers in Mining Complex Patterns
Annalisa Appice, Michelangelo Ceci, Corrado Loglisci,
Giuseppe Manco, Elio Masciari and Zbigniew W. Ras
09:00-16:00 Room: Wills, 3.32

This workshop is concerned with emerging technologies and applications where complex patterns in expressive lan-
guages are extracted from new prominent data sources like blogs, event or log data, biological data, spatio-temporal
data, social networks, mobility data, sensor data and streams, and so on. Advanced techniques, which preserve the
informative richness of data and allow us to efficiently and efficaciously identify complex information units present
in such data, will be presented.

09:00-09:10 WELCOME

09:10-10:00 Invited Talk: Advances in Semantic Data Mining

Nada Lavra¢

THEORY

10:00-10:15 Towards the Definition of Learning Systems with Configurable Operators and Heuristics
Fernando Martinez-Plumed, Cesar Ferri, José Herndndez-Orallo and Maria José Ramirez-
Quintana

10:15-10:30 Reducing Examples in Relational Learning with Bounded-Treewidth Hypotheses
Ondrej Kuzelka, Andrea Szabéovd and Filip Zelezny

10:30-11:00 Coffee Break

MISC COMPLEX DATA

11:00-11:15 Mining Complex Event Patterns in Computer Networks
Dietmar Seipel, Philipp Neubeck, Stefan Kohler and Martin Atzmueller

11:15-11:30 Learning with Aggregation and Correlation in the Presence of Large Fluctuations
Eric Paquet, Herna Lydia Viktor and Hongyu Guo

11:30-11:45 Machine Learning as an Objective Approach to Understanding Musical Origin
Claire Q and Ross King

11:45-12:00 Object-driven Action Rules and their Application to Hypernasality Treatment
Ayman Hajja, Alicja Wieczorkowska, Zbigniew Ras and Ryszard Gubrynowicz

12:00-12:10 Pre-filtering Features in Random Forests for Microarray Data Classification
Nicoletta Dessi, Gabriele Milia and Barbara Pes

12:10-13:25 Lunch (not provided)

TRAJECTORIES AND TIME SERIES

13:25-13:40 MatArcs: An Exploratory Data Analysis of Recurring Patterns in Multivariate Time Series
Julia Gaebler, Stephan Spiegel and Sahin Albayrak

13:40-13:55 Effectively Grouping Trajectory Streams
Gianni Costa, Giuseppe Manco and Elio Masciari

13:55-14:10 Healthcare Trajectory Mining by Combining Multi-dimensional Component and Itemsets
Elias Egho, Dino Ienco, Nicolas Jay, Amedeo Napoli, Pascal Poncelet, Catherine Quantin, Chedy
Raissi and Maguelonne Teisseire

14:10-14:25 Graph-Based Approaches to Clustering Network-Constrained Trajectory Data
Mohamed Khalil El Mahrsi and Fabrice Rossi

14:25-14:30 Break

14

Thursday Sessions, with Abstracts

Room: Chem, T2

Thu3B: Natural Language Processing Chair: Eric Gaussier

16:10-16:35 Collective Information Extraction with Context-Specific Consistencies
Peter Kluegl, Martin Toepfer, Florian Lemmerich, Andreas Hotho and Frank Puppe

Conditional Random Fields (CRFs) have been widely used for information extraction from free texts as well as from
semi-structured documents. Interesting entities in semi-structured domains are often consistently structured within
a certain context or document. However, their actual compositions vary and are possibly inconsistent among different
contexts. We present two collective information extraction approaches based on CRFs for exploiting these context-
specific consistencies. The first approach extends linear-chain CRFs by additional factors specified by a classifier,
which learns such consistencies during inference. In a second extended approach, we propose a variant of skip-chain
CRFs, which enables the model to transfer long-range evidence about the consistency of the entities. The practical
relevance of the presented work for real-world information extraction systems is highlighted in an empirical study.
Both approaches achieve a considerable error reduction.

16:35-17:00 Supervised Learning of Semantic Relatedness
Ran El-Yaniv and David Yanay

We propose and study a novel supervised approach to learning statistical semantic relatedness models from subjec-
tively annotated training examples. The proposed semantic model consists of parameterized co-occurrence statistics
associated with textual units of a large background knowledge corpus. We present an efficient algorithm for learning
such semantic models from a training sample of relatedness preferences. Our method is corpus independent and
can essentially rely on any sufficiently large (unstructured) collection of coherent texts. Moreover, the approach fa-
cilitates the fitting of semantic models for specific users or groups of users. We present the results of extensive range
of experiments from small to large scale, indicating that the proposed method is effective and competitive with the
state-of-the-art.

17:00-17:25 Unsupervised Bayesian Part of Speech Inference with Particle Gibbs
Gregory Dubbin and Phil Blunsom

As linguistic models incorporate more subtle nuances of language and its structure, standard inference techniques
can fall behind. These models are often tightly coupled such that they defy clever dynamic programming tricks. Here
we demonstrate that Sequential Monte Carlo approaches, i.e. particle filters, are well suited to approximating such
models. We implement two particle filters, which jointly sample either sentences or word types, and incorporate them
into a Particle Gibbs sampler for Bayesian inference of syntactic part-of-speech categories. We analyze the behavior
of the samplers and compare them to an exact block sentence sampler, a local sampler, and an existing heuristic word
type sampler. We also explore the benefits of mixing Particle Gibbs and standard samplers.

17:25-17:50 WikiSent: Weakly Supervised Sentiment Analysis through Extractive Summarization with
Wikipedia
Subhabrata Mukherjee and Pushpak Bhattacharyya
This paper describes a weakly supervised system for sentiment analysis in the movie review domain. The objective is
to classify a movie review into a polarity class, positive or negative, based on those sentences bearing opinion on the
movie alone, leaving out other irrelevant text. Wikipedia incorporates the world knowledge of movie-specific features
in the system which is used to obtain an extractive summary of the review, consisting of the revieweraAZs opinions
about the specific aspects of the movie. This filters out the concepts which are irrelevant or objective with respect to
the given movie. The proposed system, WikiSent, does not require any labeled data for training. It achieves a better or
comparable accuracy to the existing semi-supervised and unsupervised systems in the domain, on the same dataset.
We also perform a general movie review trend analysis using WikiSent.
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Monday Workshop

The Silver Lining: Learning from Unexpected Results

Joaquin Vanschoren and Wouter Duivesteijn
09:30-16:00 Room: Wills, 3.33

This workshop is dedicated to the proposition that insight often begins with unexpected results. Successful methods
do not simply fall from the sky: they are discovered based on clues gathered by trying several ideas, learning from
surprising results, and building an understanding of what works, what does not, and why. Unexpected results chart
the boundaries of our knowledge: they identify errors, reveal false assumptions, and force us to dig deeper.

This process is rarely mentioned in the machine learning and data mining discourse, meaning that such insight
is essentially lost. Ironically, while we have long understood that learning from only positive results is substantially
harder than learning from both positives and negatives, there exists a publication bias that favours (incremental)
successes over novel discoveries of why some ideas, while intuitive and plausible, do not work.

Good science consists of carefully designed experiments, systematic procedures, and honest evaluations, even if
not all results are positive. As a scientific area where empirical methods dominate, it is a given that people try many
ideas and obtain surprising results in the experimental stage. We can learn a lot if we analyze scientifically why an
intuitive and plausible experiment did not work as expected.

Just as every cloud has a silver lining, these unexpected results define the actual boundaries of our field: they high-
light what we do not yet understand, and often point to interesting and open problems that ought to be explored.
With this workshop, we want to give a voice to those unexpected results that deserve wider dissemination.

09:30-10:30 Opening Keynote: Unexpected Results in Monte-Carlo Tree Search
Olivier Teytaud (Université Paris-Sud)

10:30-11:00 Coffee Break

11:00-11:30 Generation of an Empirical Theory for Positive-Versus-Negative Ensemble Classification
Patricia Lutu (University of Pretoria)

11:30-12:00 How to Make the Most of Result Evaluation?
Ana Costa e Silva (University of Porto)

12:00-13:30 Lunch (not provided)

13:30-14:30 Keynote: On the Search for and Appreciation of Unexpected Results in Data Mining Research
(or: Science — we Might be Doing it Wrong)
Albrecht Zimmermann (University of Leuven)

14:30-15:00 Adventures in Feature Selection on an Industrial Dataset...and Ensuing General Discoveries
George Forman (Hewlett-Packard Labs)

15:00-16:00 Panel Discussion

16

Thursday Sessions, with Abstracts
Room: Chem, LT3

Thu2C: Multi-Task and Transfer Learning II Chair: George Paliouras

14:00-14:25 Discriminative Factor Alignment across Heterogeneous Feature Space
Fangwei Hu, Tianqi Chen, Nathan N. Liu, Qiang Yang and Yong Yu

Transfer learning as a new machine learning paradigm has gained increasing attention lately. In situations where the
training data in a target domain are not sufficient to learn predictive models effectively, transfer learning leverages
auxiliary source data from related domains for learning. While most of the existing works in this area are only fo-
cused on using the source data with the same representational structure as the target data, in this paper, we push this
boundary further by extending transfer between text and images.

We integrate documents , tags and images to build a heterogeneous transfer learning factor alignment model
and apply it to improve the performance of tag recommendation. Many algorithms for tag recommendation have
been proposed, but many of them have problem; the algorithm may not perform well under cold start conditions or
for items from the long tail of the tag frequency distribution. However, with the help of documents, our algorithm
handles these problems and generally outperforms other tag recommendation methods, especially the non-transfer
factor alignment model.

14:25-14:50 Learning to Perceive Two-Dimensional Displays Using Probabilistic Grammars
Nan Li, William W. Cohen and Kenneth R. Koedinger

People learn to read and understand various displays (e.g., tables on webpages and software user interfaces) every
day. How do humans learn to process such displays? Can computers be efficiently taught to understand and use
such displays? In this paper, we use statistical learning to model how humans learn to perceive visual displays. We
extend an existing probabilistic context-free grammar learner to support learning within a two-dimensional space
by incorporating spatial and temporal information. Experimental results in both synthetic domains and real world
domains show that the proposed learning algorithm is effective in acquiring user interface layout. Furthermore, we
evaluate the effectiveness of the proposed algorithm within an intelligent tutoring agent, SimStudent, by integrating
the learned display representation into the agent. Experimental results in learning complex problem solving skills in
three domains show that the learned display representation is as good as one created by a human expert, in that skill
learning using the learned representation is as effective as using a manually created representation.

14:50-15:15 Sparse Gaussian Processes for Multi-task Learning
Yuyang Wang and Roni Khardon

Multi-task learning models using Gaussian processes (GP) have been recently developed and successfully applied in
various applications. The main difficulty with this approach is the computational cost of inference using the union
of examples from all tasks. The paper investigates this problem for the grouped mixed-effect GP model where each
individual response is given by a fixed-effect, taken from one of a set of unknown groups, plus a random individual
effect function that captures variations among individuals. Such models have been widely used in previous work but
no sparse solutions have been developed. The paper presents the first sparse solution for such problems, showing
how the sparse approximation can be obtained by maximizing a variational lower bound on the marginal likelihood,
generalizing ideas from single-task Gaussian processes to handle the mixed-effect model as well as grouping. Exper-
iments using artificial and real data validate the approach showing that it can recover the performance of inference
with the full sample, that it outperforms baseline methods, and that it outperforms state of the art sparse solutions for
other multi-task GP formulations.

15:15-15:40 Transfer Spectral Clustering
Wenhao Jiang and Fu-lai Chung

Transferring knowledge from auxiliary datasets has been proved useful in machine learning tasks. Its adoption in
clustering however is still limited. Despite of its superior performance, spectral clustering has not yet been incor-
porated with knowledge transfer or transfer learning. In this paper, we make such an attempt and propose a new
algorithm called transfer spectral clustering (TSC). It involves not only the data manifold information of the cluster-
ing task but also the feature manifold information shared between related clustering tasks. Furthermore, it makes
use of co-clustering to achieve and control the knowledge transfer among tasks. As demonstrated by the experimen-
tal results, TSC can greatly improve the clustering performance by effectively using auxiliary unlabeled data when
compared with other state-of-the-art clustering algorithms.
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Monday Invited Talk

Analyzing Text and Social Network Data with
Probabilistic Models

Padhraic Smyth

University of California, Irvine, USA
smythQics.uci.edu
http://www.ics.uci.edu/~smyth/

Monday 17:00-18:00 Room: Wills, Great Hall

Abstract

Exploring and understanding large text and social network data sets is of increasing interest across multiple fields, in
computer science, social science, history, medicine, and more. This talk will present an overview of recent work using
probabilistic latent variable models to analyze such data. Latent variable models have a long tradition in data analysis
and typically hypothesize the existence of simple unobserved phenomena to explain relatively complex observed
data. In the past decade there has been substantial work on extending the scope of these approaches from relatively
small simple data sets to much more complex text and network data. We will discuss the basic concepts behind these
developments, reviewing key ideas, recent advances, and open issues. In addition we will highlight common ideas
that lie beneath the surface of different approaches including links (for example) to work in matrix factorization. The
concluding part of the talk will focus more specifically on recent work with temporal social networks, specifically data
in the form of time-stamped events between nodes (such as emails exchanged among individuals over time).

Bio

Padhraic Smyth is a Professor at the University of California, Irvine, in the Department of Computer Science with a
joint appointment in Statistics, and is also Director of the Center for Machine Learning and Intelligent Systems at
UC Irvine. His research interests include machine learning, data mining, pattern recognition, and applied statistics
and he has published over 150 papers on these topics. He was a recipient of best paper awards at the 2002 and 1997
ACM SIGKDD Conferences, received the ACM SIGKDD Innovation Award in 2009, and was named a AAAI Fellow in
2010. He is co-author of Modeling the Internet and the Web: Probabilistic Methods and Algorithms (with Pierre Baldi
and Paolo Frasconi in 2003), and co-author of Principles of Data Mining, MIT Press (with David Hand and Heikki
Mannila in 2001). Padhraic has served in editorial and advisory positions for journals such as the Journal of Machine
Learning Research, the Journal of the American Statistical Association, and the IEEE Transactions on Knowledge and
Data Engineering. While at UC Irvine he has received research funding from agencies such as NSE NIH, IARPA, NASA,
and DOE, and from companies such as Google, IBM, Yahoo!, Experian, and Microsoft. In addition to his academic
research he is also active in industry consulting, working with companies such as eBay, Yahoo!, Microsoft, Oracle,
Nokia, and AT&T, as well as serving as scientific advisor to local startups in Orange County. He also served as an
academic advisor to Netflix for the Netflix prize competition from 2006 to 2009. Padhraic received a first class honors
degree in Electronic Engineering from National University of Ireland (Galway) in 1984, and the MSEE and PhD degrees
(in 1985 and 1988 respectively) in Electrical Engineering from the California Institute of Technology. From 1988 to 1996
he was a Technical Group Leader at the Jet Propulsion Laboratory, Pasadena, and has been on the faculty at UC Irvine
since 1996.
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Thursday Sessions, with Abstracts
Room: Chem, LT1

Thu2A: Graphs, Trees, Sequences and Strings II Chair: Albert Bifet

14:00-14:25 An Efficiently Computable Support Measure for Frequent Subgraph Pattern Mining
Yuyi Wang and Jan Ramon

Graph support measures are functions measuring how frequently a given subgraph pattern occurs in a given database
graph. An important class of support measures relies on overlap graphs. A major advantage of the overlap graph based
approaches is that they combine anti-monotonicity with counting occurrences of a pattern which are independent
according to certain criteria. However, existing overlap graph based support measures are expensive to compute.

In this paper, we propose a new support measure which is based on a new notion of independence. We show
that our measure is the solution to a linear program which is usually sparse, and using interior point methods can
be computed efficiently. We show experimentally that for large networks, in contrast to earlier overlap graph based
proposals, pattern mining based on our support measure is feasible.

14:25-14:50 Efficient Graph Kernels by Randomization
Marion Neumann, Novi Patricia, Roman Garnett and Kristian Kersting

Learning from complex data is becoming increasingly important, and graph kernels have recently evolved into a
rapidly developing branch of learning on structured data. However, previously proposed kernels rely on having dis-
crete node label information. In this paper, we explore the power of continuous node-level features for propagation-
based graph kernels. Specifically, propagation kernels exploit node label distributions from propagation schemes like
label propagation, which naturally enables the construction of graph kernels for partially labeled graphs. In order to
efficiently extract graph features from continuous node label distributions, and in general from continuous vector-
valued node attributes, we utilize randomized techniques, which easily allow for deriving similarity measures based
on propagated information. We show that propagation kernels utilizing locality-sensitive hashing reduce the runtime
of existing graph kernels by several orders of magnitude. We evaluate the performance of various propagation kernels
on real-world bioinformatics and image benchmark datasets.

14:50-15:15 Graph Mining for Object Tracking in Videos
Fabien Diot, Elisa Fromont, Baptiste Jeudy, Emmanuel Marilly and Olivier Martinot

This paper shows a concrete example of the use of graph mining for tracking objects in videos with moving cameras
and without any contextual information on the objects to track. To make the mining algorithm efficient, we benefit
from a video representation based on dynamic (evolving through time) planar graphs. We then define a number of
constraints to efficiently find our so-called spatio-temporal graph patterns. Those patterns are linked through an
occurrences graph to allow us to tackle occlusion or graph features instability problems in the video. Experiments on
synthetic and real videos show that our method is effective and allows us to find relevant patterns for our tracking
application.

15:15-15:40 Hypergraph Learning with Hyperedge Expansion
Li Pu and Boi Faltings

We propose a new formulation called hyperedge expansion (HE) for hypergraph learning. The HE expansion trans-
forms the hypergraph into a directed graph on the hyperedge level. Compared to the existing works (e.g. star expan-
sion or normalized hypergraph cut), the learning results with HE expansion would be less sensitive to the vertex distri-
bution among clusters, especially in the case that cluster sizes are unbalanced. Because of the special structure of the
auxiliary directed graph, the linear eigenvalue problem of the Laplacian can be transformed into a quadratic eigen-
value problem, which has some special properties suitable for semi-supervised learning and clustering problems. We
show in the experiments that the new algorithms based on the HE expansion achieves statistically significant gains in
classification performance and good scalability for the co-occurrence data.
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Tuesday Sessions at a Glance

Room: Chem, LT1

TuelA: Bayesian Learning and Graphical Models Chair: Jaakko Hollmén

10:30-10:55 An Experimental Comparison of Hybrid Algorithms for Bayesian Network Structure Learning
Maxime Gasse, Alex Aussem and Haytham Elghazel

10:55-11:20 Bayesian Network Classifiers with Reduced Precision Parameters
Sebastian Tschiatschek, Peter Reinprecht, Manfred Miicke and Franz Pernkopf

11:20-11:45 Combining Subjective Probabilities and Data in Training Markov Logic Networks
Tivadar Pdpai, Shalini Ghosh and Henry Kautz

11:45-12:10 Score-Based Bayesian Skill Learning
Shengbo Guo, Scott Sanner, Thore Graepel and Wray Buntine

Room: Chem, LT2

TuelB: Association Rules and Frequent Patterns Chair: Matthijs van Leeuwen

10:30-10:55 Discovering Descriptive Tile Trees by Mining Optimal Geometric Subtiles
Nikolaj Tatti and Jilles Vreeken

10:55-11:20 Efficient Discovery of Association Rules and Frequent Itemsets through Sampling with Tight
Performance Guarantees
Matteo Riondato and Eli Upfal

11:20-11:45 General Algorithms for Mining Closed Flexible Patterns under Various Equivalence Relations
Tomohiro I, Yuki Enokuma, Hideo Bannai and Masayuki Takeda

11:45-12:10 Smoothing Categorical Data
Arno Siebes and René Kersten

Room: Chem, LT3

TuelC: Reinforcement Learning and Planning I Chair: Balaraman Ravindran

10:30-10:55 Adaptive Planning for Markov Decision Processes with Uncertain Transition Models via
Incremental Feature Dependency Discovery
N. Kemal Ure, Alborz Geramifard, Girish Chowdhary and Jonathan P How

10:55-11:20 APRIL: Active Preference Learning-Based Reinforcement Learning
Riad Akrour, Marc Schoenauer and Micheéle Sebag

11:20-11:45 Autonomous Data-Driven Decision-Making in Smart Electricity Markets
Markus Peters, Wolfgang Ketter, Maytal Saar-Tsechansky and John Collins

11:45-12:10 Bayesian Nonparametric Inverse Reinforcement Learning
Bernard Michini and Jonathan P How

Room: Chem, LT4

TuelD: Industry Track on Big Data Chair: Cedric Archambeau

10:30-11:20 Large-Scale Language Learning
Slav Petrov (Google)

11:20-12:10 Finding Low-Dimensional Structure in High-Dimensional Visual Data
David Wipf (Microsoft Research Asia)

20

Thursday Sessions, with Abstracts
Room: Chem, LT2

ThulB: Rule Learning and Subgroup Discovery Chair: Eyke Hiillermeier

10:30-10:55 A Bayesian Approach for Classification Rule Mining in Quantitative Databases
Dominique Gay and Marc Boullé

We suggest a new framework for classification rule mining in quantitative data sets founded on Bayes theory - without
univariate preprocessing of attributes. We introduce a space of rule models and a prior distribution defined on this
model space. As aresult, we obtain the definition of a parameter-free criterion for classification rules. We show that the
new criterion identifies interesting classification rules while being highly resilient to spurious patterns. We develop
a new parameter-free algorithm to mine locally optimal classification rules efficiently. The mined rules are directly
used as new features in a classification process based on a selective naive Bayes classifier. The resulting classifier
demonstrates higher inductive performance than state-of-the-art rule-based classifiers.

10:55-11:20 A Bayesian Scoring Technique for Mining Predictive and Non-Spurious Rules
Iyad Batal, Gregory Cooper and Milos Hauskrecht

Rule mining is an important class of data mining methods for discovering interesting patterns in data. The success of
arule mining method heavily depends on the evaluation function that is used to assess the quality of the rules. In this
work, we propose a new rule evaluation score - the Predictive and Non-Spurious Rules (PNSR) score. This score relies
on Bayesian inference to evaluate the quality of the rules and considers the structure of the rules to filter out spurious
rules. We present an efficient algorithm for finding rules with high PNSR scores. The experiments demonstrate that
our method is able to cover and explain the data with a much smaller rule set than existing methods.

11:20-11:45 Generic Pattern Trees for Exhaustive Exceptional Model Mining
Florian Lemmerich, Martin Becker and Martin Atzmueller

Exceptional model mining has been proposed as a variant of subgroup discovery especially focusing on complex target
concepts. Currently, efficient mining algorithms are limited to heuristic (non exhaustive) methods. In this paper,
we propose a novel approach for fast exhaustive exceptional model mining: We introduce the concept of valuation
bases as an intermediate condensed data representation, and present the general GP-growth algorithm based on FP-
growth. Furthermore, we discuss the scope of the proposed approach by drawing an analogy to data stream mining
and provide examples for several different model classes. Runtime experiments show improvements of more than an
order of magnitude in comparison to a naive exhaustive depth-first search.

11:45-12:10 Handling Time Changing Data with Adaptive Very Fast Decision Rules
Petr Kosina and Jodo Gama

Data streams are usually characterized by changes in the underlying distribution generating data. Therefore algo-
rithms designed to work with data streams should be able to detect changes and quickly adapt the decision model.
Rules are one of the most interpretable and flexible models for data mining prediction tasks. In this paper we present
the Adaptive Very Fast Decision Rules (AVFDR), an on-line, any-time and one-pass algorithm for learning decision rules
in the context of time changing data. AVFDR can learn ordered and unordered rule sets. It is able to adapt the decision
model via incremental induction and specialization of rules. Detecting local drifts takes advantage of the modularity
of rule sets. In AVFDR, each individual rule monitors the evolution of performance metrics to detect concept drift.
AVFDR prunes rules that detect drift. This explicit change detection mechanism provides useful information about the
dynamics of the process generating data, faster adaption to changes and generates compact rule sets. The experimen-
tal evaluation shows this method is able to learn fast and compact rule sets from evolving streams in comparison to
alternative methods.
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Tuesday Sessions at a Glance

Room: Chem, LT1

Tue3A: Dimensionality Reduction, Feature Selection and Extraction Chair: Katharina Morik

16:10-16:35 Embedding Monte Carlo Search of Features in Tree-Based Ensemble Methods
Francis Maes, Pierre Geurts and Louis Wehenkel

16:35-17:00 Hypergraph Spectra for Semi-supervised Feature Selection
Zhihong Zhang, Edwin R. Hancock and Xiao Bai

17:00-17:25 Learning Neighborhoods for Metric Learning
Jun Wang, Adam Woznica and Alexandros Kalousis

17:25-17:50 PCA, Eigenvector Localization and Clustering for Side-Channel Attacks on Cryptographic
Hardware Devices

Dimitrios Mavroeidis, Lejla Batina, Twan van Laarhoven and Elena Marchiori

Room: Chem, LT2

Tue3B: Multi-Relational Mining and Learning Chair: Pauli Miettinen

16:10-16:35 Author Name Disambiguation Using a New Categorical Distribution Similarity
Shaohua Li, Gao Cong and Chunyan Miao

16:35-17:00 Lifted Online Training of Relational Models with Stochastic Gradient Methods
Babak Ahmadi, Kristian Kersting and Sriraam Natarajan

17:00-17:25 Scalable Relation Prediction Exploiting Both Intrarelational Correlation and Contextual
Information

Xueyan Jiang, Volker Tresp, Yi Huang, Maximilian Nickel and Hans-Peter Kriegel
17:25-17:50 Relational Differential Prediction
Houssam Nassif, Vitor Santos Costa, Elizabeth S. Burnside and David Page

Room: Chem, LT3

Tue3C: Semi-Supervised and Transductive Learning Chair: Florence d’Alché

16:10-16:35 Bidirectional Semi-supervised Learning with Graphs
Tomoharu Iwata and Kevin Duh

16:35-17:00 Graph-Based Transduction with Confidence
Matan Orbach and Koby Crammer

17:00-17:25 Maximum Consistency Preferential Random Walks
Deguang Kong and Chris Ding

17:25-17:50 Semi-supervised Multi-label Classification: A Simultaneous Large-Margin, Subspace
Learning Approach
Yuhong Guo and Dale Schuurmans

Room: Chem, L'T4

Tue3D: Demo Spotlights Chair: Bettina Berendt and Myra Spiliopoulou

16:10-16:20 VIKAMINE - Open-Source Subgroup Discovery, Pattern Mining, and Analytics
Martin Atzmueller and Florian Lemmerich

16:20-16:30 Association Rule Mining Following the Web Search Paradigm
Radek Skrabal, Milan Simiinek, Stanislav Vojir, Andrej Hazucha, Tomds Marek, David Chuddn
and Tomas Kliegr

session continues on next page
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Thursday Sessions, with Abstracts
Room: Chem, LT1
Chair: Francesco Bonchi

ThulA: Social Network Mining II

10:30-10:55 On Approximation of Real-World Influence Spread
Yu Yang, Enhong Chen, Qi Liu, Biao Xiang, Tong Xu and Shafqat Ali Shad

To find the most influential nodes for viral marketing, several models have been proposed to describe the influence
propagation process. Among them, the Independent Cascade (IC) Model is most widely-studied. However, under IC
model, computing influence spread (i.e., the expected number of nodes that will be influenced) for each given seed set
has been proved to be #P-hard. To that end, in this paper, we propose GS algorithm for quick approximation of influ-
ence spread by solving a linear system, based on the fact that propagation probabilities in real-world social networks
are usually quite small. Furthermore, for better approximation, we study the structural defect problem existing in net-
works, and correspondingly, propose enhanced algorithms, GSbyStep and SSSbyStep, by incorporating the Maximum
Influence Path heuristic. Our algorithms are evaluated by extensive experiments on four social networks. Experimen-
tal results show that our algorithms can get better approximations to the IC model than the state-of-the-arts.

10:55-11:20 Opinion Formation by Voter Model with Temporal Decay Dynamics
Masahiro Kimura, Kazumi Saito, Kouzou Ohara and Hiroshi Motoda

Social networks play an important role for spreading information and forming opinions. A variety of voter models
have been defined that help analyze how people make decisions based on their neighbors’ decisions. In these studies,
common practice has been to use the latest decisions in opinion formation process. However, people may decide
their opinions by taking account not only of their neighbors’ latest opinions, but also of their neighbors’ past opin-
ions. To incorporate this effect, we enhance the original voter model and define the temporal decay voter (TDV)
model incorporating a temporary decay function with parameters, and propose an efficient method of learning these
parameters from the observed opinion diffusion data. We further propose an efficient method of selecting the most
appropriate decay function from among the candidate functions each with the optimized parameter values. We adopt
three functions as the typical candidates: the exponential decay, the power-law decay, and no decay, and evaluate the
proposed method (parameter learning and model selection) through extensive experiments. We, first, experimentally
demonstrate, by using synthetic data, the effectiveness of the proposed method, and then we analyze the real opinion
diffusion data from a Japanese word-of-mouth communication site for cosmetics using three decay functions above,
and show that most opinions conform to the TDV model of the power-law decay function.

11:20-11:45 Viral Marketing for Product Cross-Sell through Social Networks
Ramasuri Narayanam and Amit A. Nanavati

The well known influence maximization problem (or viral marketing through social networks) deals with selecting a
few influential initial seeds to maximize the awareness of product(s) over the social network. In this paper, we in-
troduce a novel and generalized version of the influence maximization problem that considers simultaneously the
following three practical aspects: (i) Often cross-sell among products is possible, (ii) Product specific costs (and ben-
efits) for promoting the products have to be considered, and (iii) Since a company often has budget constraints, the
initial seeds have to be chosen within a given budget. We refer to this generalized problem setting as Budgeted Influ-
ence Maximization with Cross-sell of Products (B-IMCP). To the best of our knowledge, we are not aware of any work
in the literature that addresses the B-IMCP problem which is the subject matter of this paper. Given a fixed budget,
one of the key issues associated with the B-IMCP problem is to choose the initial seeds within this budget not only for
the individual products, but also for promoting cross-sell phenomenon among these products. In particular, the fol-
lowing are the specific contributions of this paper: (i) We propose an influence propagation model to capture both the
cross-sell phenomenon and product specific costs and benefits; (ii) As the B-IMCP problem is NP-hard computation-
ally, we present a simple greedy approximation algorithm and then derive the approximation guarantee of this greedy
algorithm by drawing upon the results from the theory of matroids; (iii) We then outline two efficient heuristics based
on well known concepts in the literature. Finally, we experimentally evaluate the proposed approach for the B-IMCP
problem using a few well known social network data sets such as WikiVote data set, Epinions, and Telecom call detail
records data.

11:45-12:10 Which Topic will You Follow?
Deqing Yang, Yanghua Xiao, Bo Xu, Hanghang Tong, Wei Wang and Sheng Huang
Who are the most appropriate candidates to receive a call-for-paper or call-for-participation? What session topics
should we propose for a conference of next year? To answer these questions, we need to precisely predict research
topics of authors. In this paper, we build a MLR (Multiple Logistic Regression) model to predict the topic-following
behavior of an author. By empirical studies, we find that social influence and homophily are two fundamental driving
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Tuesday Sessions, with Abstracts
Room: Chem, LT1

TuelA: Bayesian Learning and Graphical Models Chair: Jaakko Hollmén

10:30-10:55 An Experimental Comparison of Hybrid Algorithms for Bayesian Network Structure Learning
Maxime Gasse, Alex Aussem and Haytham Elghazel

We present a novel hybrid algorithm for Bayesian network structure learning, called Hybrid HPC (H2PC). It first re-
constructs the skeleton of a Bayesian network and then performs a Bayesian-scoring greedy hill-climbing search to
orient the edges. It is based on a subroutine called HPC, that combines ideas from incremental and divide-and-
conquer constraint-based methods to learn the parents and children of a target variable. We conduct an experimental
comparison of H2PC against Max-Min Hill-Climbing (MMHC), which is currently the most powerful state-of-the-art
algorithm for Bayesian network structure learning, on several benchmarks with various data sizes. Our extensive
experiments show that H2PC outperforms MMHC both in terms of goodness of fit to new data and in terms of the
quality of the network structure itself, which is closer to the true dependence structure of the data, without increasing
the computational burden involved. The source code (in R) of H2PC as well as all data sets used for the empirical tests
are publicly available.

10:55-11:20 Bayesian Network Classifiers with Reduced Precision Parameters
Sebastian Tschiatschek, Peter Reinprecht, Manfred Miicke and Franz Pernkopf

Bayesian network classifiers (BNCs) are probabilistic classifiers showing good performance in many applications.
They consist of a directed acyclic graph and a set of conditional probabilities associated with the nodes of the graph.
These conditional probabilities are also referred to as parameters of the BNCs. According to common believe, these
classifiers are insensitive to deviations of the conditional probabilities under certain conditions. The first condition
is that these probabilities are not too extreme, i.e. not too close to 0 or 1. The second is that the posterior over the
classes is significantly different. In this paper, we investigate the effect of precision reduction of the parameters on
the classification performance of BNCs. The probabilities are either determined generatively or discriminatively. Dis-
criminative probabilities are typically more extreme. However, our results indicate that BNCs with discriminatively
optimized parameters are almost as robust to precision reduction as BNCs with generatively optimized parameters.
Furthermore, even large precision reduction does not decrease classification performance significantly. Our results
allow the implementation of BNCs with less computational complexity. This supports application in embedded sys-
tems using floating-point numbers with small bit-width. Reduced bit-widths further enable to represent BNCs in the
integer domain while maintaining the classification performance.

11:20-11:45 Combining Subjective Probabilities and Data in Training Markov Logic Networks
Tivadar Pdpai, Shalini Ghosh and Henry Kautz

Markov logic is a rich language that allows one to specify a knowledge base as a set of weighted first-order logic formu-
las, and to define a probability distribution over truth assignments to ground atoms using this knowledge base. Usu-
ally, the weight of a formula cannot be related to the probability of the formula without taking into account the weights
of the other formulas. In general, this is not an issue, since the weights are learned from training data. However, in
many domains (e.g. healthcare, dependable systems, etc.), only little or no training data may be available, but one has
access to a domain expert whose knowledge is available in the form of subjective probabilities. Within the framework
of Bayesian statistics, we present a formalism for using a domain expert’s knowledge for weight learning. Our ap-
proach defines priors that are different from and more general than previously used Gaussian priors over weights. We
show how one can learn weights in an MLN by combining subjective probabilities and training data, without requir-
ing that the domain expert provides consistent knowledge. Additionally, we also provide a formalism for capturing
conditional subjective probabilities, which are often easier to obtain and more reliable than non-conditional proba-
bilities. We demonstrate the effectiveness of our approach by extensive experiments in a domain that models failure
dependencies in a cyber-physical system. Moreover, we demonstrate the advantages of using our proposed prior over
that of using non-zero mean Gaussian priors in a commonly cited social network MLN testbed.

11:45-12:10 Score-Based Bayesian Skill Learning
Shengbo Guo, Scott Sanner, Thore Graepel and Wray Buntine

We extend the Bayesian skill rating system of TrueSkill to accommodate score-based match outcomes. TrueSkill has
proven to be a very effective algorithm for matchmaking — the process of pairing competitors based on similar skill-
level —in competitive online gaming. However, for the case of two teams/players, TrueSkill only learns from win, lose,
or draw outcomes and cannot use additional match outcome information such as scores. To address this deficiency,
we propose novel Bayesian graphical models as extensions of TrueSkill that (1) model player’s offence and defence
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Thursday Sessions at a Glance

Room: Chem, [T1

Thu2A: Graphs, Trees, Sequences and Strings II Chair: Albert Bifet

14:00-14:25 An Efficiently Computable Support Measure for Frequent Subgraph Pattern Mining
Yuyi Wang and Jan Ramon

14:25-14:50 Efficient Graph Kernels by Randomization
Marion Neumann, Novi Patricia, Roman Garnett and Kristian Kersting

14:50-15:15 Graph Mining for Object Tracking in Videos
Fabien Diot, Elisa Fromont, Baptiste Jeudy, Emmanuel Marilly and Olivier Martinot

15:15-15:40 Hypergraph Learning with Hyperedge Expansion
Li Pu and Boi Faltings

Room: Chem, LT2

Thu2B: Classification Chair: Alessandro Moschitti

14:00-14:25 A Note on Extending Generalization Bounds for Binary Large-Margin Classifiers to Multiple
Classes
Uriin Dogan, Tobias Glasmachers and Christian Igel

14:25-14:50 Extension of the Rocchio Classification Method to Multi-modal Categorization of Documents
in Social Media
Amin Mantrach and Jean-Michel Renders

14:50-15:15 Label-Noise Robust Logistic Regression and Its Applications
Jakramate Bootkrajang and Ata Kabdn

15:15-15:40 Sentiment Classification with Supervised Sequence Embedding
Dmitriy Bespalov, Yanjun Qi, Bing Bai and Ali Shokoufandeh

Room: Chem, LT3

Thu2C: Multi-Task and Transfer Learning II Chair: George Paliouras

14:00-14:25 Discriminative Factor Alignment across Heterogeneous Feature Space
Fangwei Hu, Tianqi Chen, Nathan N. Liu, Qiang Yang and Yong Yu

14:25-14:50 Learning to Perceive Two-Dimensional Displays Using Probabilistic Grammars
Nan Li, William W. Cohen and Kenneth R. Koedinger

14:50-15:15 Sparse Gaussian Processes for Multi-task Learning
Yuyang Wang and Roni Khardon

15:15-15:40 Transfer Spectral Clustering
Wenhao Jiang and Fu-lai Chung

Room: Chem, LT4

Thu2D: Industry Track: Startup Stories Chair: David Barber

14:00-14:50 Somebody Needs your Algorithm — Cloud‘N’Sci.fi
Petri Myllymaki (University of Helsinki, Ekahau, Cloud‘N’Sci) and Pauli Misikangas (Ekahau,
CloudN’Sci)

14:50-15:40 Machine Learning at PeerIndex: Telling stories about users and their influence
Ferenc Huszar (Peerindex)
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Tuesday Sessions, with Abstracts
Room: Chem, LT2

TuelB: Association Rules and Frequent Patterns Chair: Matthijs van Leeuwen

10:30-10:55 Discovering Descriptive Tile Trees by Mining Optimal Geometric Subtiles
Nikolaj Tatti and Jilles Vreeken

When analysing binary data, the ease at which one can interpret results is very important. Many existing methods,
however, discover either models that are difficult to read, or return so many results interpretation becomes impossible.
Here, we study a fully automated approach for mining easily interpretable models for binary data. We model data
hierarchically with noisy tiles—rectangles with significantly different density than their parent tile. To identify good
trees, we employ the Minimum Description Length principle.

We propose STIJL, a greedy any-time algorithm for mining good tile trees from binary data. Iteratively, it finds the
locally optimal addition to the current tree, allowing overlap with tiles of the same parent. A major result of this paper
is that we find the optimal tile in only ©(NM min(N, M)) time. STIJL can either be employed as a top-k miner, or by
MDL we can identify the tree that describes the data best.

Experiments show we find succinct models that accurately summarise the data, and, by their hierarchical property
are easily interpretable.

10:55-11:20 Efficient Discovery of Association Rules and Frequent Itemsets through Sampling with Tight
Performance Guarantees
Matteo Riondato and Eli Upfal

The tasks of extracting (top-K) Frequent Itemsets (FI's) and Association Rules (AR’s) are fundamental primitives in data
mining and database applications. Exact algorithms for these problems exist and are widely used, but their running
time is hindered by the need of scanning the entire dataset, possibly multiple times. High quality approximations of
FI's and AR’s are sufficient for most practical uses, and a number of recent works explored the application of sampling
for fast discovery of approximate solutions to the problems. However, these works do not provide satisfactory perfor-
mance guarantees on the quality of the approximation, due to the difficulty of bounding the probability of under- or
over-sampling any one of an unknown number of frequent itemsets. In this work we circumvent this issue by apply-
ing the statistical concept of Vapnik-Chervonenkis (VC) dimension to develop a novel technique for providing tight
bounds on the sample size that guarantees approximation within user-specified parameters. Our technique applies
both to absolute and to relative approximations of (top-K) FI's and AR’s. The resulting sample size is linearly depen-
dent on the VC-dimension of a range space associated with the dataset to be mined. The main theoretical contribution
of this work is a characterization of the VC-dimension of this range space and a proof that it is upper bounded by an
easy-to-compute characteristic quantity of the dataset which we call d-index, namely the maximum integer d such
that the dataset contains at least d transactions of length at least d. We show that this bound is strict for a large class
of datasets. The resulting sample size for an absolute (resp. relative) (¢,5)-approximation of the collection of FI's is
OAWNS + Smw: (resp. O(—2E_ (dlog 2*£ .lomwv: transactions, which is a significant improvement over previ-

£2(2-6)0 2-00
ous known results. We present an extensive experimental evaluation of our technique on real and artificial datasets,

demonstrating the practicality of our methods, and showing that they achieve even higher quality approximations
than what is guaranteed by the analysis.

11:20-11:45 General Algorithms for Mining Closed Flexible Patterns under Various Equivalence Relations
Tomohiro I, Yuki Enokuma, Hideo Bannai and Masayuki Takeda

We address the closed pattern discovery problem in sequential databases for the class of flexible patterns. We propose
two techniques of coarsening existing equivalence relations on the set of patterns to obtain new equivalence relations.
Our new algorithm GenCloFlex is a generalization of MaxFlex proposed by Arimura and Uno (2007) that was designed
for a particular equivalence relation. GenCloFlex can cope with existing, as well as new equivalence relations, and we
investigate the computational complexities of the algorithm for respective equivalence relations. Then, we present
an improved algorithm GenCloFlex+ based on new pruning techniques, which improve the delay time per output
for some of the equivalence relations. By computational experiments on synthetic data, we show that most of the
redundancies in the mined patterns are removed using the proposed equivalence relations.

11:45-12:10 Smoothing Categorical Data
Arno Siebes and René Kersten

Global models of a dataset reflect not only the large scale structure of the data distribution, they also reflect small(er)
scale structure. Hence, if one wants to see the large scale structure, one should somehow subtract this smaller scale
structure from the model.
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Thursday Invited Talk

Solving Problems with Visual Analytics:
Challenges and Applications

Daniel Keim

University of Konstanz
Daniel.Keim@uni-konstanz.de
www.informatik.uni-konstanz.de/arbeitsgruppen/infovis/mitglieder/
prof-dr-daniel-keim/

Thursday 09:00-10:00 Room: Chem, LT1

Abstract

Never before in history data is generated and collected at such high volumes as it is today. As the volumes of data
available to business people, scientists, and the public increase, their effective use becomes more challenging. Keep-
ing up to date with the flood of data, using standard tools for data analysis and exploration, is fraught with difficulty.
The field of visual analytics seeks to provide people with better and more effective ways to explore and understand
large datasets, while also enabling them to act upon their findings immediately. Visual analytics integrates the ana-
lytic capabilities of the computer and the perceptual and intellectual abilities of the human analyst, allowing novel
discoveries and empowering individuals to take control of the analytical process. Visual analytics enables unexpected
insights, which may lead to beneficial and profitable innovation. The talk presents the challenges of visual analyt-
ics and exemplifies them with several application examples, which illustrate the exiting potential of current visual
analysis techniques but also their limitations.

Bio

Daniel A. Keim is full professor and head of the Information Visualization and Data Analysis Research Group at the
University of Konstanz, Germany. He has been actively involved in information visualization and data analysis re-
search for about 20 years and developed a number of novel visual analysis techniques for very large data sets with
applications to a wide range of application areas including financial analysis, network analysis, geo-spatial analysis,
as well as text and multimedia analysis. His research resulted in two recent books “Solving problems with Visual An-
alytics” and “Interactive Data Visualization” which he both co-authored. Dr. Keim has been program co-chair of the
IEEE InfoVis and IEEE VAST symposia as well as the SIGKDD conference, and he is or was member of the IEEE InfoVis,
IEEE VAST, and EuroVis steering committees. He is an associate editor of Palgrave’s Information Visualization Journal
(since 2001) and has been an associate editor of the IEEE Transactions on Visualization and Computer Graphics (1999-
2004), the IEEE Transactions on Knowledge and Data Engineering (2002-2007), and the Knowledge and Information
System Journal (2006-2011). He is coordinator of the German Strategic Research Initiative (SPP) on Scalable Visual
Analytics and he was the scientific coordinator of the EU Coordination Action on Visual Analytics called VisMaster.
Dr. Keim got his Ph.D. and habilitation degrees in computer science from the University of Munich. Before joining
the University of Konstanz, Dr. Keim was associate professor at the University of Halle, Germany and Technology
Consultant at AT&T Shannon Research Labs, NJ, USA.
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Tuesday Sessions, with Abstracts
Room: Chem, LT3

TuelC: Reinforcement Learning and Planning I Chair: Balaraman Ravindran

10:30-10:55 Adaptive Planning for Markov Decision Processes with Uncertain Transition Models via
Incremental Feature Dependency Discovery
N. Kemal Ure, Alborz Geramifard, Girish Chowdhary and Jonathan P How

Solving large scale sequential decision making problems without prior knowledge of the state transition model is a
key problem in the planning literature. One approach to tackle this problem is to learn the state transition model
online using limited observed measurements. We present an adaptive function approximator (incremental Feature
Dependency Discovery (iFDD)) that grows the set of features online to approximately represent the transition model.
The approach leverages existing feature-dependencies to build a sparse representation of the state transition model.
Theoretical analysis and numerical simulations in domains with state space sizes varying from thousands to millions
are used to illustrate the benefit of using iFDD for incrementally building transition models in a planning framework.

10:55-11:20 APRIL: Active Preference Learning-Based Reinforcement Learning
Riad Akrour, Marc Schoenauer and Michele Sebag

This paper focuses on reinforcement learning (RL) with limited prior knowledge. In the domain of swarm robotics
for instance, the expert can hardly design a reward function or demonstrate the target behavior, forbidding the use
of both standard RL and inverse reinforcement learning. Although with a limited expertise, the human expert is still
often able to emit preferences and rank the agent demonstrations. Earlier work has presented an iterative preference-
based RL framework: expert preferences are exploited to learn an approximate policy return, thus enabling the agent
to achieve direct policy search. Iteratively, the agent selects a new candidate policy and demonstrates it; the expert
ranks the new demonstration comparatively to the previous best one; the expert’s ranking feedback enables the agent
to refine the approximate policy return, and the process is iterated.

In this paper, preference-based reinforcement learning is combined with active ranking in order to decrease the
number of ranking queries to the expert needed to yield a satisfactory policy. Experiments on the mountain car and
the cancer treatment testbeds witness that a couple of dozen rankings enable to learn a competent policy.

11:20-11:45 Autonomous Data-Driven Decision-Making in Smart Electricity Markets
Markus Peters, Wolfgang Ketter, Maytal Saar-Tsechansky and John Collins

For the vision of a Smart Grid to materialize, substantial advances in intelligent decentralized control mechanisms
are required. We propose a novel class of autonomous broker agents for retail electricity trading that can operate in a
wide range of Smart Electricity Markets, and that are capable of deriving long-term, profit-maximizing policies. Our
brokers use Reinforcement Learning with function approximation, they can accommodate arbitrary economic signals
from their environments, and they learn efficiently over the large state spaces resulting from these signals. Our design
is the first that can accommodate an offline training phase so as to automatically optimize the broker for particular
market conditions. We demonstrate the performance of our design in a series of experiments using real-world energy
market data, and find that it outperforms previous approaches by a significant margin.

11:45-12:10 Bayesian Nonparametric Inverse Reinforcement Learning
Bernard Michini and Jonathan P How

Inverse reinforcement learning (IRL) is the task of learning the reward function of a Markov Decision Process (MDP)
given the transition function and a set of observed demonstrations in the form of state-action pairs. Current IRL algo-
rithms attempt to find a single reward function which explains the entire observation set. In practice, this leads to a
computationally-costly search over a large (typically infinite) space of complex reward functions. This paper proposes
the notion that if the observations can be partitioned into smaller groups, a class of much simpler reward functions
can be used to explain each group. The proposed method uses a Bayesian nonparametric mixture model to automati-
cally partition the data and find a set of simple reward functions corresponding to each partition. The simple rewards
are interpreted intuitively as subgoals, which can be used to predict actions or analyze which states are important to
the demonstrator. Experimental results are given for simple examples showing comparable performance to other IRL
algorithms in nominal situations. Moreover, the proposed method handles cyclic tasks (where the agent begins and
ends in the same state) that would break existing algorithms without modification. Finally, the new algorithm has a
fundamentally different structure than previous methods, making it more computationally efficient in a real-world
learning scenario where the state space is large but the demonstration set is small.
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Wednesday Sessions, with Abstracts
Room: Chem, LT2

‘Wed3B: Sensor Data Chair: Martin Atzmueller

16:10-16:35 MDL-Based Analysis of Time Series at Multiple Time-Scales
Ugo Vespier, Arno Knobbe, Siegfried Nijssen and Joaquin Vanschoren

The behavior of many complex physical systems is affected by a variety of phenomena occurring at different temporal
scales. Time series data produced by measuring properties of such systems often mirrors this fact by appearing as
a composition of signals across different time scales. When the final goal of the analysis is to model the individual
phenomena affecting a system, it is crucial to be able to recognize the right temporal scales and to separate the in-
dividual components of the data. In this paper, we approach this challenge through a combination of the Minimum
Description Length (MDL) principle, feature selection strategies, and convolution techniques from the signal process-
ing field. As a result, our algorithm produces a good decomposition of a given time series and, as a side effect, builds a
compact representation of its identified components. Experiments demonstrate that our method manages to identify
correctly both the number and the temporal scale of the components for real-world as well as artificial data and show
the usefulness of our method as an exploratory tool for analyzing time series data.

16:35-17:00 Separable Approximate Optimization of Support Vector Machines for Distributed Sensing
Sangkyun Lee, Marco Stolpe and Katharina Morik

Sensor measurements from diverse locations connected with possibly low bandwidth communication channels pose
a challenge of resource-restricted distributed data analyses. In such settings it would be desirable to perform learning
in each location as much as possible, without transferring all data to a central node. Applying the support vector
machines (SVMs) with nonlinear kernels becomes nontrivial, however.

In this paper, we present an efficient optimization scheme for training SVMs over such sensor networks. Our
framework performs optimization independently in each node, using only the local features stored in the respective
node. We make use of multiple local kernels and explicit approximations to the feature mappings induced by them.
Together they allow us constructing a separable surrogate objective that provides an upper bound of the primal SVM
objective. A central coordination is also designed to adjust the weights among local kernels for improved prediction,
while minimizing communication cost.

17:00-17:25 Unsupervised Inference of Auditory Attention from Biosensors
Melih Kandemir, Arto Klami, Akos Vetek and Samuel Kaski

We study ways of automatically inferring the level of attention a user is paying to auditory content, with applications
for example in automatic podcast highlighting and auto-pause, as well as in a selection mechanism in auditory inter-
faces. In particular, we demonstrate how the level of attention can be inferred in an unsupervised fashion, without
requiring any labeled training data. The approach is based on measuring the (generalized) correlation or synchrony
between the auditory content and physiological signals reflecting the state of the user. We hypothesize that the syn-
chrony is higher when the user is paying attention to the content, and show empirically that the level of attention
can indeed be inferred based on the correlation. In particular, we demonstrate that the novel method of time-varying
Bayesian canonical correlation analysis gives unsupervised prediction accuracy comparable to having trained a su-
pervised Gaussian process regression with labeled training data recorded from other users.
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Tuesday Sessions, with Abstracts
Room: Chem, LT2

Tue2B: Rankings and Recommendations Chair: Carlos Soares

14:00-14:25 A Live Comparison of Methods for Personalized Article Recommendation at Forbes.com
Evan Kirshenbaum, George Forman and Michael Dugan

We present the results of a multi-phase study to optimize strategies for generating personalized article recommenda-
tions at the Forbes.com web site. In the first phase we compared the performance of a variety of recommendation
methods on historical data. In the second phase we deployed a live system at Forbes.com for five months on a sample
of 82,000 users, each randomly assigned to one of 20 methods. We analyze the live results both in terms of click-
through rate (CTR) and user session lengths. The method with the best CTR was a hybrid of collaborative-filtering
and a content-based method that leverages Wikipedia-based concept features, post-processed by a novel Bayesian
remapping technique that we introduce. It both statistically significantly beat decayed popularity and increased CTR
by 37%.

14:25-14:50 Active Evaluation of Ranking Functions Based on Graded Relevance
Christoph Sawadle, Steffen Bickel, Timo von Oertzen, Tobias Scheffer and Niels Landwehr

Evaluating the quality of ranking functions is a core task in web search and other information retrieval domains. Be-
cause query distributions and item relevance change over time, ranking models often cannot be evaluated accurately
on held-out training data. Instead, considerable effort is spent on manually labeling the relevance of query results
for test queries in order to track ranking performance. We address the problem of estimating ranking performance
as accurately as possible on a fixed labeling budget. Estimates are based on a set of most informative test queries
selected by an active sampling distribution. Query labeling costs depend on the number of result items as well as
item-specific attributes such as document length. We derive cost-optimal sampling distributions for the commonly
used performance measures Discounted Cumulative Gain (DCG) and Expected Reciprocal Rank (ERR). Experiments
on web search engine data illustrate significant reductions in labeling costs.

14:50-15:15 Fast ALS-Based Tensor Factorization for Context-Aware Recommendation from Implicit
Feedback
Baldzs Hidasi and Domonkos Tikk

Albeit the implicit feedback based recommendation problem—when only the user history is available but there are
no ratings—is the most typical setting in real-world applications, it is much less researched than the explicit feedback
case. State-of-the-art algorithms that are efficient on the explicit case cannot be straightforwardly transformed to
the implicit case if scalability should be maintained. There are few implicit feedback benchmark datasets, therefore
new ideas are usually experimented on explicit benchmarks. In this paper, we propose a generic context-aware im-
plicit feedback recommender algorithm, coined iTALS. iTALS applies a fast, ALS-based tensor factorization learning
method that scales linearly with the number of non-zero elements in the tensor. The method also allows us to incor-
porate various contextual information into the model while maintaining its computational efficiency. We present two
context-aware implementation variants of iTALS. The first incorporates seasonality and enables to distinguish user
behavior in different time intervals. The other views the user history as sequential information and has the ability
to recognize usage pattern typical to certain group of items, e.g. to automatically tell apart product types that are
typically purchased repetitively or once. Experiments performed on five implicit datasets (LastFM 1K, Grocery, VoD,
and “implicitized” Netflix and MovieLens 10M) show that by integrating context-aware information with our factor-
ization framework into the state-of-the-art implicit recommender algorithm the recommendation quality improves
significantly.

15:15-15:40 Probability Estimation for Multi-class Classification Based on Label Ranking
Weiwei Cheng and Eyke Hiillermeier

We consider the problem of probability estimation in the setting of multi-class classification. While this problem
has already been addressed in the literature, we tackle it from a novel perspective. Exploiting the close connection
between probability estimation and ranking, our idea is to solve the former on the basis of the latter, taking advantage
of recently developed methods for label ranking. More specifically, we argue that the Plackett-Luce ranking model is a
very natural choice in this context, especially as it can be seen as a multinomial extension of the Bradley-Terry model.
The latter provides the basis of pairwise coupling techniques, which arguably constitute the state-of-the-art in multi-
class probability estimation. We explore the relationship between the pairwise and the ranking-based approach to
probability estimation, both formally and empirically. Using synthetic and real-world data, we show that our method
does not only enjoy nice theoretical properties, but is also competitive in terms of accuracy and efficiency.
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Wednesday Sessions, with Abstracts
Room: Chem, LT3

Wed2C: Online Learning and Data Streams Chair: Jodo Gama

14:00-14:25 Adaptive Two-View Online Learning for Math Topic Classification
Tam T. Nguyen, Kuiyu Chang and Siu Cheung Hui

Text categorization has been a popular research topic for years and has become more or less a practical technology.
However, there exists little research on math topic classification. Math documents contain both textual data and math
expressions. The text and math can be considered as two related but different views of a math document. The goal
of online math topic classification is to automatically categorize a math document containing both mathematical
expressions and textual content into an appropriate topic without the need for periodically retraining the classifier.
To achieve this, it is essential to have a two-view online classification algorithm, which deals with the textual data
view and the math expression view at the same time. In this paper, we propose a novel adaptive two-view online math
document classifier based on the Passive Aggressive (PA) algorithm. The proposed approach is evaluated on real
world math questions and answers from the Math Overflow question answering system. Compared to the baseline PA
algorithm, our method’s overall F-measure is improved by up to 3%. The improvement of our algorithm over the plain
math expression view is almost 6%.

14:25-14:50 BDUOL: Double Updating Online Learning on a Fixed Budget
Peilin Zhao and Steven C.H. Hoi

Kernel-based online learning often exhibits promising empirical performance for various applications according to
previous studies. However, it often suffers a main shortcoming, that is, the unbounded number of support vectors,
making it unsuitable for handling large-scale datasets. In this paper, we investigate the problem of budget kernel-
based online learning that aims to constrain the number of support vectors by a predefined budget when learning
the kernel-based prediction function in the online learning process. Unlike the existing studies, we present a new
framework of budget kernel-based online learning based on a recently proposed online learning method called “Dou-
ble Updating Online Learning" (DUOL), which has shown state-of-the-art performance as compared with the other
traditional kernel-based online learning algorithms. We analyze the theoretical underpinning of the proposed Budget
Double Updating Online Learning (BDUOL) framework, and then propose several BDUOL algorithms by designing
different budget maintenance strategies. We evaluate the empirical performance of the proposed BDUOL algorithms
by comparing them with several well-known budget kernel-based online learning algorithms, in which encouraging
results validate the efficacy of the proposed technique.

14:50-15:15 Improved Counter Based Algorithms for Frequent Pairs Mining in Transactional Data Streams
Konstantin Kutzkov

A straightforward approach to frequent pairs mining in transactional streams is to generate all pairs occurring in
transactions and apply a frequent items mining algorithm to the resulting stream. The well-known counter based
algorithms FREQUENT and SPACE-SAVING are known to achieve a very good approximation when the frequencies of
the items in the stream adhere to a skewed distribution.

Motivated by observations on real datasets, we present a general technique for applying FREQUENT and SPACE-
SAVING to transactional data streams for the case when the transactions considerably vary in their lengths. Despite
of its simplicity, we show through extensive experiments that our approach is considerably more efficient and precise
than the naive application of FREQUENT and SPACE-SAVING.

15:15-15:40 Mirror Descent for Metric Learning: A Unified Approach
Gautam Kunapuli and Jude Shavlik

Most metric learning methods are characterized by diverse loss functions and projection methods, which naturally
begs the question: is there a wider framework that can generalize many of these methods? In addition, ever persistent
issues are those of scalability to large data sets and the question of kernelizability. We propose a unified approach to
Mahalanobis metric learning: an online regularized metric learning algorithm based on the ideas of composite objec-
tive mirror descent (COMID). The metric learning problem is formulated as a regularized positive semi-definite matrix
learning problem, whose update rules can be derived using the comID framework. This approach aims to be scalable,
kernelizable, and admissible to many different types of Bregman and loss functions, which allows for the tailoring of
several different classes of algorithms. The most novel contribution is the use of the trace norm, which yields a sparse
metric in its eigenspectrum, thus simultaneously performing feature selection along with metric learning.
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Tuesday Sessions, with Abstracts
Room: Chem, LT1

Tue3A: Dimensionality Reduction, Feature Selection and Extraction Chair: Katharina Morik

16:10-16:35 Embedding Monte Carlo Search of Features in Tree-Based Ensemble Methods
Francis Maes, Pierre Geurts and Louis Wehenkel

Feature generation is the problem of automatically constructing good features for a given target learning problem.
While most feature generation algorithms belong either to the filter or to the wrapper approach, this paper focuses on
embedded feature generation. We propose a general scheme to embed feature generation in a wide range of tree-based
learning algorithms, including single decision trees, random forests and tree boosting. It is based on the formaliza-
tion of feature construction as a sequential decision making problem addressed by a tractable Monte Carlo search
algorithm coupled with node splitting. This leads to fast algorithms that are applicable to large-scale problems. We
empirically analyze the performances of these tree-based learners combined or not with the feature generation capa-
bility on several standard datasets.

16:35-17:00 Hypergraph Spectra for Semi-supervised Feature Selection
Zhihong Zhang, Edwin R. Hancock and Xiao Bai

In many data analysis tasks, one is often confronted with the problem of selecting features from very high dimen-
sional data. Most existing feature selection methods focus on ranking individual features based on a utility criterion,
and select the optimal feature set in a greedy manner. However, the feature combinations found in this way do not
give optimal classification performance, since they neglect the correlations among features. While the labeled data
required by supervised feature selection can be scarce, there is usually no shortage of unlabeled data. In this paper, we
propose a novel hypergraph based semi-supervised feature selection algorithm to select relevant features using both
labeled and unlabeled data. There are two main contributions in this paper. The first is that by incorporating mul-
tidimensional interaction information (MII) for higher order similarities measure, we establish a novel hypergraph
framework which is used for characterizing the multiple relationships within a set of samples. Thus, the structural
information latent in the data can be more effectively modeled. Secondly, we derive a hypergraph subspace learning
view of feature selection which casting the feature discriminant analysis into a regression framework that considers
the correlations among features. As a result, we can evaluate joint feature combinations, rather than being confined
to consider them individually. Experimental results demonstrate the effectiveness of our feature selection method on
anumber of standard face data-sets.

17:00-17:25 Learning Neighborhoods for Metric Learning
Jun Wang, Adam Woznica and Alexandros Kalousis

Metric learning methods have been shown to perform well on different learning tasks. Many of them rely on target
neighborhood relationships that are computed in the original feature space and remain fixed throughout learning.
As a result, the learned metric reflects the original neighborhood relations. We propose a novel formulation of the
metric learning problem in which, in addition to the metric, the target neighborhood relations are also learned in a
two-step iterative approach. The new formulation can be seen as a generalization of many existing metric learning
methods. The formulation includes a target neighbor assignment rule that assigns different numbers of neighbors
to instances according to their quality; ‘high quality’ instances get more neighbors. We experiment with two of its
instantiations that correspond to the metric learning algorithms LMNN and MCML and compare it to other metric
learning methods on a number of datasets. The experimental results show state-of-the-art performance and provide
evidence that learning the neighborhood relations does improve predictive performance.

17:25-17:50 PCA, Eigenvector Localization and Clustering for Side-Channel Attacks on Cryptographic
Hardware Devices
Dimitrios Mavroeidis, Lejla Batina, Twan van Laarhoven and Elena Marchiori

Spectral methods, ranging from traditional Principal Components Analysis to modern Laplacian matrix factorization,
have proven to be a valuable tool for a wide range of diverse data mining applications. Commonly these methods
are stated as optimization problems and employ the extremal (maximal or minimal) eigenvectors of a certain input
matrix for deriving the appropriate statistical inferences. Interestingly, recent studies have questioned this “modus
operandi" and revealed that useful information may also be present within low-order eigenvectors whose mass is
concentrated (localized) in a small part of their indexes. An application context where localized low-order eigenvec-
tors have been successfully employed is “Differential Power Analysis" (DPA). DPA is a well studied side-channel attack
on cryptographic hardware devices (such as smart cards) that employs statistical analysis of the device’s power con-
sumption in order to retrieve the secret key of the cryptographic algorithm. In this work we propose a data mining
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Wednesday Sessions, with Abstracts
Room: Chem, LT1

Wed2A: Social Network Mining I Chair: Jan Ramon

14:00-14:25 Discovering Links among Social Networks
Francesco Buccafurri, Gianluca Lax, Antonino Nocera, and Domenico Ursino

Distinct social networks are interconnected via bridge users, who play thus a key role when crossing information
is investigated in the context of Social Internetworking analysis. Unfortunately, not always users make their role of
bridge explicit by specifying the so-called me edge (i.e., the edge connecting the accounts of the same user in two
distinct social networks), missing thus a potentially very useful information. As a consequence, discovering missing
me edges is an important problem to face in this context yet not so far investigated. In this paper, we propose a
common-neighbors approach to detecting missing me edges, which returns good results in real life settings. Indeed,
an experimental campaign shows both that the state-of-the-art common-neighbors approaches cannot be effectively
applied to our problem and, conversely, that our approach returns precise and complete results.

14:25-14:50 Efficient Bi-objective Team Formation in Social Networks
Mehdi Kargar Aijun An, and Morteza Zihayat

We tackle the problem of finding a team of experts from a social network to complete a project that requires a set of
skills. The social network is modeled as a graph. A node in the graph represents an expert and has a weight represent-
ing the monetary cost for using the expert service. Two nodes in the graph can be connected and the weight on the
edge represents the communication cost between the two corresponding experts. Given a project, our objective is to
find a team of experts that covers all the required skills and also minimizes the communication cost as well as the per-
sonnel cost of the project. To minimize both of the objectives, we define a new combined cost function which is based
on the linear combination of the objectives (i.e. communication and personnel costs). We show that the problem of
minimizing the combined cost function is an NP-hard problem. Thus, one approximation algorithm is proposed to
solve the problem. The proposed approximation algorithm is bounded and the approximation ratio of the algorithm
is proved in the paper. Three heuristic algorithms based on different intuitions are also proposed for solving the prob-
lem. Extensive experiments on real datasets demonstrate the effectiveness and scalability of the proposed algorithms.

14:50-15:15 Feature-Enhanced Probabilistic Models for Diffusion Network Inference
Liaoruo Wang, Stefano Ermon and John E. Hopcroft

Cascading processes, such as disease contagion, viral marketing, and information diffusion, are a pervasive phe-
nomenon in many types of networks. The problem of devising intervention strategies to facilitate or inhibit such
processes has recently received considerable attention. However, a major challenge is that the underlying network is
often unknown. In this paper, we revisit the problem of inferring latent network structure given observations from
a diffusion process, such as the spread of trending topics in social media. We define a family of novel probabilistic
models that can explain recurrent cascading behavior, and take into account not only the time differences between
events but also a richer set of additional features. We show that MAP inference is tractable and can therefore scale to
very large real-world networks. Further, we demonstrate the effectiveness of our approach by inferring the underlying
network structure of a subset of the popular Twitter following network by analyzing the topics of a large number of
messages posted by users over a 10-month period. Experimental results show that our models accurately recover the
links of the Twitter network, and significantly improve the performance over previous models based entirely on time.

15:15-15:40 Influence Spread in Large-Scale Social Networks - A Belief Propagation Approach
Huy Nguyen and Rong Zheng

Influence maximization is the problem of finding a small set of seed nodes in a social network that maximizes the
spread of influence under a certain diffusion model. The Greedy algorithm for influence maximization first proposed
by Kempe, later improved by Leskovec suffers from two sources of computational deficiency: 1) the need to evaluate
many candidate nodes before selecting a new seed in each round, and 2) the calculation of the influence spread of
any seed set relies on Monte-Carlo simulations. In this work, we tackle both problems by devising efficient algorithms
to compute influence spread and determine the best candidate for seed selection. The fundamental insight behind
the proposed algorithms is the linkage between influence spread determination and belief propagation on a directed
acyclic graph (DAG). Experiments using real-world social network graphs with scales ranging from thousands to mil-
lions of edges demonstrate the superior performance of the proposed algorithms with moderate computation costs.
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Tuesday Sessions, with Abstracts
Room: Chem, LT2

Tue3B: Multi-Relational Mining and Learning Chair: Pauli Miettinen

16:10-16:35 Author Name Disambiguation Using a New Categorical Distribution Similarity
Shaohua Li, Gao Cong and Chunyan Miao

Author name ambiguity has been a long-standing problem which impairs the accuracy of publication retrieval and
bibliometric methods. Most of the existing disambiguation methods are built on similarity measures, e.g., “Jaccard
Coefficient”, between two sets of papers to be disambiguated, each set represented by a set of categorical features, e.g.,
coauthors and published venues'. Such measures perform bad when the two sets are small, which is typical in Author
Name Disambiguation. In this paper, we propose a novel categorical set similarity measure. We model an author’s
preference, e.g., to venues, using a categorical distribution, and derive a likelihood ratio to estimate the likelihood that
the two sets are drawn from the same distribution. This likelihood ratio is used as the similarity measure to decide
whether two sets belong to the same author. This measure is mathematically principled and verified to perform well
even when the cardinalities of the two compared sets are small. Additionally, we propose a new method to estimate the
number of distinct authors for a given name based on the name statistics extracted from a digital library. Experiment
shows that our method significantly outperforms a baseline method, a widely used benchmark method, and a real
system.

16:35-17:00 Lifted Online Training of Relational Models with Stochastic Gradient Methods
Babak Ahmadi, Kristian Kersting and Sriraam Natarajan

Lifted inference approaches have rendered large, previously intractable probabilistic inference problems quickly solv-
able by employing symmetries to handle whole sets of indistinguishable random variables. Still, in many if not most
situations training relational models will not benefit from lifting: symmetries within models easily break since vari-
ables become correlated by virtue of depending asymmetrically on evidence. An appealing idea for such situations
is to train and recombine local models. This breaks long-range dependencies and allows to exploit lifting within and
across the local training tasks. Moreover, it naturally paves the way for online training for relational models. Specifi-
cally, we develop the first lifted stochastic gradient optimization method with gain vector adaptation, which processes
each lifted piece one after the other. On several datasets, the resulting optimizer converges to the same quality solu-
tion over an order of magnitude faster, simply because unlike batch training it starts optimizing long before having
seen the entire mega-example even once.

17:00-17:25 Scalable Relation Prediction Exploiting Both Intrarelational Correlation and Contextual

Information

Xueyan Jiang, Volker Tresp, Yi Huang, Maximilian Nickel and Hans-Peter Kriegel
We consider the problem of predicting instantiated binary relations in a multi-relational setting and exploit both in-
trarelational correlations and contextual information. For the modular combination we discuss simple heuristics,
additive models and an approach that can be motivated from a hierarchical Bayesian perspective. In the concrete
examples we consider models that exploit contextual information both from the database and from contextual un-
structured information, e.g., information extracted from textual documents describing the involved entities. By using
low-rank approximations in the context models, the models perform latent semantic analyses and can generalize
across specific terms, i.e., the model might use similar latent representations for semantically related terms. All the
approaches we are considering have unique solutions. They can exploit sparse matrix algebra and are thus highly
scalable and can easily be generalized to new entities. We evaluate the effectiveness of nonlinear interaction terms
and reduce the number of terms by applying feature selection. For the optimization of the context model we use
an alternating least squares approach. We experimentally analyze scalability. We validate our approach using two
synthetic data sets and using two data sets derived from the Linked Open Data (LOD) cloud.

17:25-17:50 Relational Differential Prediction

Houssam Nassif, Vitor Santos Costa, Elizabeth S. Burnside and David Page
A typical classification problem involves building a model to correctly segregate instances of two or more classes.
Such a model exhibits differential prediction with respect to given data subsets when its performance is significantly
different over these subsets. Driven by a mammography application, we aim at learning rules that predict breast
cancer stage while maximizing differential prediction over age-stratified data. In this work, we present the first multi-
relational differential prediction (aka uplift modeling) system, and propose three different approaches to learn dif-
ferential predictive rules within the Inductive Logic Programming framework. We first test and validate our methods
on synthetic data, then apply them on a mammography dataset for breast cancer stage differential prediction rule
discovery. We mine a novel rule linking calcification to in situ breast cancer in older women.

Venues here refer to the journal or conference, such as J. ACM or SIGIR.
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Wednesday Sessions, with Abstracts
Room: Chem, LT2

Wed1B: Time Series and Temporal Data Mining Chair: Indreé Zliobaité

10:30-10:55 Community Trend Outlier Detection Using Soft Temporal Pattern Mining
Manish Gupta, Jing Gao, Yizhou Sun, and Jiawei Han

Numerous applications, such as bank transactions, road traffic, and news feeds, generate temporal datasets, in which
data evolves continuously. To understand the temporal behavior and characteristics of the dataset and its elements,
we need effective tools that can capture evolution of the objects. In this paper, we propose a novel and important
problem in evolution behavior discovery. Given a series of snapshots of a temporal dataset, each of which consists of
evolving communities, our goal is to find objects which evolve in a dramatically different way compared with the other
community members. We define such objects as community trend outliers. It is a challenging problem as evolutionary
patterns are hidden deeply in noisy evolving datasets and thus it is difficult to distinguish anomalous objects from
normal ones. We propose an effective two-step procedure to detect community trend outliers. We first model the
normal evolutionary behavior of communities across time using soft patterns discovered from the dataset. In the
second step, we propose effective measures to evaluate chances of an object deviating from the normal evolutionary
patterns. Experimental results on both synthetic and real datasets show that the proposed approach is highly effective
in discovering interesting community trend outliers.

10:55-11:20 Data Structures for Detecting Rare Variations in Time Series
Caio Valentim, Eduardo S. Laber and David Sotelo

In this paper we study, from both a theoretical and an experimental perspective, algorithms and data structures to
process queries that help in the detection of rare variations over time intervals that occur in time series. Our research
is strongly motivated by applications in financial domain.

11:20-11:45 Invariant Time-Series Classification
Josif Grabocka, Alexandros Nanopoulos and Lars Schmidt-Thieme

Time-series classification is a field of machine learning that has attracted considerable focus during the recent decades.

The large number of time-series application areas ranges from medical diagnosis up to financial econometrics. Sup-
port Vector Machines (SVMs) are reported to perform non-optimally in the domain of time series, because they suffer
detecting similarities in the lack of abundant training instances. In this study we present a novel time-series transfor-
mation method which significantly improves the performance of SVMs. Our novel transformation method is used to
enlarge the training set through creating new transformed instances from the support vector instances. The new trans-
formed instances encapsulate the necessary intra-class variations required to redefine the maximum margin decision
boundary. The proposed transformation method utilizes the variance distributions from the intra-class warping maps
to build transformation fields, which are applied to series instances using the Moving Least Squares algorithm. Ex-
tensive experimentations on 35 time series datasets demonstrate the superiority of the proposed method compared
to both the Dynamic Time Warping version of the Nearest Neighbor and the SVMs classifiers, outperforming them in
the majority of the experiments.

11:45-12:10 Learning Bi-clustered Vector Autoregressive Models
Tzu-Kuo Huang and Jeff Schneider

Vector Auto-regressive (VAR) models are useful for analyzing temporal dependencies among multivariate time series,
known as Granger causality. There exist methods for learning sparse VAR models, leading directly to causal networks
among the variables of interest. Another useful type of analysis comes from clustering methods, which summarize
multiple time series by putting them into groups. We develop a methodology that integrates both types of analyses,
motivated by the intuition that Granger causal relations in real-world time series may exhibit some clustering struc-
ture, in which case the estimation of both should be carried out together. Our methodology combines sparse learning
and a nonparametric bi-clustered prior over the VAR model, conducting full Bayesian inference via blocked Gibbs
sampling. Experiments on simulated and real data demonstrate improvements in both model estimation and clus-
tering quality over standard alternatives, and in particular biologically more meaningful clusters in a T-cell activation
gene expression time series dataset than those by other methods.
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Tuesday Sessions, with Abstracts

Room: Chem, T4

Tue3D: Demo Spotlights Chair: Bettina Berendt and Myra Spiliopoulou

16:10-16:20 VIKAMINE - Open-Source Subgroup Discovery, Pattern Mining, and Analytics
Martin Atzmueller and Florian Lemmerich

This paper presents an overview on the VIKAMINE? system for subgroup discovery, pattern mining and analytics. As
of VIKAMINE version 2, it is implemented as rich-client platform (RCP) application, based on the Eclipse® frame-
work. This provides for a highly-configurable environment, and allows modular extensions using plugins. We present
the system, briefly discuss exemplary plugins, and provide a sketch of successful applications.

16:20-16:30 Association Rule Mining Following the Web Search Paradigm
Radek Skrabal, Milan Simiinek, Stanislav Vojit, Andrej Hazucha, Tomds Marek, David Chuddn
and Tomds Kliegr

I:ZI Miner (sewebar.vse.cz/izi-miner) is an association rule mining system with a user interface resembling a
search engine. It brings to the web the notion of interactive pattern mining introduced by the MIME framework
at ECML11 and KDD’11. In comparison with MIME, I:ZI Miner discovers multi-valued attributes, supports the full
range of logical connectives and 19 interest measures. A relevance feedback module is used to filter the rules based
on previous user interactions.

16:30-16:40 OutRules: A Framework for Outlier Descriptions in Multiple Context Spaces
Emmanuel Miiller, Fabian Keller, Sebastian Blanc and Klemens Béhm

Analyzing exceptional objects is an important mining task. It includes the identification of outliers but also the de-
scription of outlier properties in contrast to regular objects. However, existing detection approaches miss to provide
important descriptions that allow human understanding of outlier reasons. In this work we present OutRules, a frame-
work for outlier descriptions that enable an easy understanding of multiple outlier reasons in different contexts. We
introduce outlier rules as a novel outlier description model. A rule illustrates the deviation of an outlier in contrast to
its context that is considered to be normal. Our framework highlights the practical use of outlier rules and provides
the basis for future development of outlier description models.

16:40-16:50 Knowledge Discovery through Symbolic Regression with HeuristicLab
Gabriel Kronberger, Stefan Wagner, Michael Kommenda, Andreas Beham, Andreas Scheibenpflug
and Michael Affenzeller

This contribution describes how symbolic regression can be used for knowledge discovery with the open-source soft-
ware HeuristicLab. HeuristicLab includes a large set of algorithms and problems for combinatorial optimization and
for regression and classification, including symbolic regression with genetic programming. It provides a rich GUI
to analyze and compare algorithms and identified models. This contribution mainly focuses on specific aspects of
symbolic regression that are unique to HeuristicLab, in particular, the identification of relevant variables and model
simplification.

16:50-17:00 An Aspect-Lexicon Creation and Evaluation Tool for Sentiment Analysis Researchers
Mus’ab Husaini, Ahmet Kogyigit, Dilek Tapucu, Berrin Yanikoglu and Yiicel Saygin

In this demo paper, we present SARE, a modular and extendable semi-automatic system that 1) assists researchers
in building gold-standard lexicons and evaluating their lexicon extraction algorithms; and 2) provides a general and
extendable sentiment analysis environment to help researchers analyze the behavior and errors of a core sentiment
analysis engine using a particular lexicon.

17:00-17:10 ASV Monitor: Creating Comparability of Machine Learning Methods for Content Analysis
Andpreas Niekler, Patrick Jihnichen and Gerhard Heyer

In this demonstration paper we present an application to compare and evaluate machine learning methods used for
natural language processing within a content analysis framework. Our aim is to provide an example set of possible
machine learning results for different inputs to increase the acceptance of using machine learning in settings that
originally rely on manual treatment. We will demonstrate the possibility to compare machine learning algorithms
regarding the outcome of the implemented approaches. The application allows the user to evaluate the benefit of
using machine learning algorithms for content analysis by a visual comparison of their results.

*http://www.vikamine.org
Shttp://www.eclipse.org
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Wednesday Sessions at a Glance

Room: Chem, [T1
Chair: Johannes Fiirnkranz

Wed3A: Data Mining Process

16:10-16:35 A Framework for Evaluating the Smoothness of Data-Mining Results
Gaurav Misra, Behzad Golshan and Evimaria Terzi

16:35-17:00 Coupled Bayesian Sets Algorithm for Semi-supervised Learning and Information Extraction
Saurabh Verma and Estevam R. Hruschka Jr.

17:00-17:25 Policy Iteration Based on a Learned Transition Model
Vivek Ramavajjala and Charles Elkan

Room: Chem, LT2
Chair: Martin Atzmueller

Wed3B: Sensor Data

16:10-16:35 MDL-Based Analysis of Time Series at Multiple Time-Scales
Ugo Vespier, Arno Knobbe, Siegfried Nijssen and Joaquin Vanschoren

16:35-17:00 Separable Approximate Optimization of Support Vector Machines for Distributed Sensing
Sangkyun Lee, Marco Stolpe and Katharina Morik

17:00-17:25 Unsupervised Inference of Auditory Attention from Biosensors
Melih Kandemir, Arto Klami, Akos Vetek and Samuel Kaski

Room: Chem, LT3

Wed3C: Privacy and Security Chair: Patrick Gallinari

16:10-16:35 AUDIO: An Integrity Auditing Framework of Outlier-Mining-as-a-Service Systems
Ruilin Liu, Hui (Wendy) Wang, Anna Monreale, Dino Pedreschi, Fosca Giannotti and Wenge Guo

16:35-17:00 Differentially Private Projected Histograms: Construction and Use for Prediction
Staal A. Vinterbo

17:00-17:25 Fairness-Aware Classifier with Prejudice Remover Regularizer
Toshihiro Kamishima, Shotaro Akaho, Hideki Asoh and Jun Sakuma

41

WEDNESDAY



AVAsdnNJ,

LE

‘sjuauoduIod MOpfIoMm
Mmau se way) Sursn pue sadiaTas qap Sunioduwir Aq dwm-unt 3uLmMp J[qISUIXa AJISea os[e S SMoL.Ipmo[) ‘uonedrdde
Paseq pnod B Ul PaINIaxa aq Ued Jey) MO[PIOM JUSISY0D B OJUI SAIIAIS | PUR S[00) ‘SWYILIOZ[E JO suonejuaw
-ordwr 1uaregIp uro{ pue a1eI1391Ur A[SSO[WRIS 0} SMO[IPMO[) SN UBD SIQUONNIRI] “9ISYMAUER WOIJ SMO[PIOM 9}
$S900® 0) paInbar are 19sM0Iq I\ B PUB UOIOIUUOD JOUIAUJ U AJUO SE ‘S}NSAI PUE YIOM Iy} dIeys pue 3sodxa
0] Aem £Ased UB )IM SIOYDILISAI $aPIA0Id SMOLIPMO]D ‘SUIDINOSPMOID JO SULId) U] 'SIIIAdP d[iqouwl SuIpnjour ‘suLioy
-1e[d pue s19smo1q gap Iofew [re ur suni uriojrerd mo ‘sutoperd 3ururur ejep sjqeredwod 0 ISBIIUOD U] "SMO[PI0M
JYINIUSIOS SATIORISIUI SSINIBIJ PUB ‘AISA0ISIP 93Pa[MOUD] PAIUALIO-9IAISS JO so[dourid ay) U0 paseq ST 1 “SMO[PHOM
Sururui elep 2ANILIANUI Jo SULTRYS PUE ‘UONNIAXa ‘Uonisodurod 10§ wirofjeld paseq pnopd uado ue syuasaxd 1aded siyf,

viavT VPN puv uvgadpod piA oluvry zouv[
wIofIe[d MO[PHIOM JYNUSIS Paseq Po[) V SMOLIPMOLD) 05:LT-0%:LT

'SOU0 MAU ppe AJISea 0] 91n329)1yd1e ul-3njd JUSIUIAU0D © pue ‘sisA[eue jo sadA) snorrea 10y sioyerado
JO ATRIqI] SAISUD)Xd UB SUTBIUOD }] "Pa}IaUU0D-0INe 3q 0} widy) Suimojpe ‘s1o0jerado uaamiaq doeyiajur afduirs e pue
‘s.103p.1ado J0.47100 ‘uonieIuasaIdar mopprom 1oeduwrod e sasn I seaued a31e[ e uo syndino o) syndut 199UU0D A[fenuew
0] 19sn 9y} a11nba1 10U $a0p SINVAY "SMo[pIom a3pamouy xa[duwod jo soueuajurew pue JurdAyojoid prder 1oy pausdis
-9p QUISUS MO[PIIOM [9A0U B ‘(SINVV) WIAISAS SUTUIRS] SUTYIR]A PUY SUTUTW BJB(] PIJIUBAPY dU) 9)BI)ISUOWAP I\

UILIOYISUDA QNSWEQNEQS UUDULIINDY 12]o
SIVAV UM JuswaSeuey MOPI0M dYHUSIIg 0F:L1-08:LT

“Apuatoyja suraned Jo spun| JuaIHIP SUNIqIYXd Aq BIBP JO SPUD] 9S9Y) UO SISATRUR 9[11BSI9A INO A1TED 0) SI9Sh JJouaq
[TIM 1T ‘S19S BIBP [BI JO SPUD| AUBUI UO Pa)sd) ST HAOIN_ LED 9JUIS 'SIMSaI Jururur Jo uonero[dxa aAnIBIANUI 91BIIOR]
0] pap1aoid st 90eJIIUT A[PUSLY-19sN ¥ ApUaLMIu0d surened erodural-oneds jJo spup| JUAIAHIP 93BUBW PUR 10BIXD
0] paudIsap sI YOIYM ‘GAON L4 pawreu “jiomaurel) e asodoxd am ‘ansst STyl Aq paleATIOJA own) awres ay) Je suroned
Jo spuny apdnnu sSeuew ANUSIIYJO 0) PAIOAIP YIOMIUILI] OU ST 318} ‘A[[RUONIPPY '$193(q0 Sutrowr a[eIs dAISSBUW JO
SISA[RUR 9]qB[ROS PUER S[(IXA[J 10] S[qRIBAR ST S[00) MJJ TOAOMOH 019 JUSWAFRURWI UONEIIUNWITIOD A[IqOUT ‘[011U0D
apIyaA “Apnis [eordofods ur “89 ‘suonesrjdde prrom [ear Auewr ur pardde usaq sey ejep yons SurzAeuy ‘surened
Terodua)-oneds paj[ed a1e $19s 193(qo asay) ‘A[rens() “19y1a801 [oAeI Ty S199(q0 Surrow Ay puy 01 SI YSB) [RIONID Y
“BJep 193(qo Suraowr sAIsseW JO AN[IqE[IRAR J9PIM Yonul & 0) pa] sey A3ojouyoa) Suruonisod ur syuawasordur U0y

2110513, SUUOJINSVIN PUD 12]aoUO0J [DISDJ ‘00U OUL( ‘IPH IPYN UPYJ
wId)sAS
Surury wrdneq rerodwd-oneds Suifjiun pue Juanyyg ue ySnoay) sari0)dafer], Sunosenxyg 0€:21-02:L1

ISIPI0YS
9 Jo armyxrur 91do) a8e1aAe a1} 03 199dsal YIIM SJUSWNIOP IYLING PUIUIUIOIDT ULD [00) B, ISIPIOYS B ojuo 1nd aq
ued Sursmoiq Surmp punoj sordo) pue SJUSWMOOP JUBAJ[AY “[[oM Sk $o1d0) PIPOD I0[0D YNIM UMOYS dIE SIUSIWNIOP
paaaimay sordo) pue SWIId) YOIBIS UdIMII( UOTIE[I A1) 910[dXd 0] SMOTE YoIym ‘so1d0) Papod 10103 IID) YIIM I3
-0} spI0Mm s1s933ns sur1a) Yo1eas Jo uonajdurod-one ayJ, “19p1o 1eyl Jursn 10700 0} paddewr axe sordoy, 9soo axe sordoy
Te[IUIS 1Y) YoNS I9pIo Teaul] & ur umoys are sordog, “Sursmoiq Surmp sordoy paALIap jo Supfeur asuas pre 0) S{uawndop
eIpadD{IM Pale[al WO pajoenxa sreuquiny) adew Aq paruedwodde are sordoy ‘uonippe uy ‘spiom doy Aq pajuasard
I UOTIBOO[TY JA[YILI(] 1UaeT Aq PaALIap so1do], *s1uawumoop e1padpipm Jo uondafjod ad1e| e a10[dxa 0} senbrutoa) uon
-BZI[ENSIA PUE YoIeas prom Ay ‘Surpapour o1doy saurquiod eyl —1a1odxgordoy, pajres — adAyojo1d e syuasard owap ay,

12POIYIS gUIY Puw $S12.d 091y ‘SUNQIUULE] LIdIPUDXI]Y
S[apoA d1do], Y3Im suondd[o) Juduwmdo( Surrojdxy :1aropdxgordoy, 02:LT-0T:LT

S1ODAISqY YI1m ‘SU01ssas Avpsany

ov

1U0ISD.L] 0]0D] PUD DIUNG 0D ‘1U11dSSD] Daipuyy ‘1ddiT 001vN
Adoossondadg uondiosqy Aey-X syusuwajduro) Sururea] suryde sur)0id ul Surpulg [eIdN 07 ST-0S:¥1

DPUZQDYDM SODMALA] PUD NDINYL, UDLISLIYD) ‘DSDYyonvg uviisiiy)) ‘Suiisio) uvystLy
[OIeag se UONeZLI0)de] XENeN 0S:71-00:71

Dfse)] 1Wes “1ey)
PIT ‘WeyD :wooy

MOeIL, 18109N ‘(IZP9M

yrjavys apnf puv yndvuny wvinpo
yoeoxddy payruq) v :Sururea| SLNIA 10§ JUISI IOLIIN 0F:ST-ST:ST

A0YZJNY UUDISUOY
sureaxng eje( [euondesuey, ur Surury sared yuanbar 1oy sunpriod[y paseq 19)1uno) pasoxduuy ST:ST-0S:FT

10H "H'D u2021$ puv ovyz uijiod
198png pax1y e uo Surures suruQ Supepdq s[qnod :10NAd 0S:HT-SZ:FT

my Sunayn nis puv Suvy) nliny ‘uadn3n ;[ wnf,
uonedyisse[) d1doy, yiep 10y Surured] durpuQ MIIA-oM], dandepy STYI-00:F1

BUIBD OBO( :ITBYD)
€17 ‘WayD wooy

sueans ele( pue SUIIed| auIuQ :DZPam

Suvyz vnyryz puv noyz Suvyonys Suvy) X pawmpg ‘Suvp ndSuayy ‘Suad oniovy
$13SBIR(] JAISSEIA] UT UOISSAITIY I1ISIS0T PazI[eudd 10§ SUNLIOS[y Tedurqns 07:GT-GT:GT

nM 1amovs) puv ny) unfoq ‘Suoy Suvy ‘ony Suil)
$3SSOT ()OOUISUON PUE ([}OOWIS PIZLILNSaY 10J SPOYIIA JUIISI(] JBUIPIOO)) INSBYI0)S ST:ST-0G:F1
sojnodo.pis “(q SPJOYIIN PUD SOSINOIY: SOISLIYD) ‘SIyvxapdpd *q sojoSuvag
suonisodurodd(q 10sud], d[qezifaresed asteds :dqn)req 0S:F1-ST:F1

HpuljIDY YOLIDd PUD $24QULY L ‘9SSID W
uonedyISSe[) SSe[D NNAl 9818 Ul 3dUAIAJU] ISk 10§ sapo)) sse[) 1oedwo) Surured] STHI-00:71

IN OBYZI :11BYD [ Sururea] pue SurUly [9[[eTed pue painqruisi(q ‘O[eds-a31eT :gZpam
2L ‘Wway) :wooy
Buayz Suoy puv uafn3n Angy
yoeoxddy uonededoad Jo1[9g V — SII0MION [10S d[eds-a81eT Ul peardg asuanpjuy 0%:ST-ST:ST
ouodoy] g uyof puv uoutiq ounfais ‘Suvp) on.oviry
QOUAIIU] HI0MIIN UOISNJJI(] 0] S[IPOIN INSI[IBGOIJ PIIUBRYUF-IINIEI] ST:ST-0G:F1

IAVY17 V21O pUv ‘UY UN1Yy IDSIDY 1PYIN
SHI0MIIN [RII0S UI UONBULIO] UIBA], IANI[(0-1g JUSYJ 0S:F1-STF1

0UIS.Lf) 0ITUIULO(T PUD “DIGION OUIUOIUY “XDT DINJUDIL) ‘LLIN[DIING 0IS2OUDL]
SHI0MIN [e100§ Suoure syury SULIA0ISIJ SZHI-00:FT

uowrey ue( Irey)
LI ‘Way) :wooy

1 SuTuTA YI0MIDN [BIO0S 'VZPIM

20UDID) D IV SUO01SSAS ADpsaupasm



Wednesday Plenary Talk

Ten-Year Award Talk: Non-Derivable
Frequent Itemsets

Toon Calders

Eindhoven University of Technology, The Netherlands
http://wwwis.win.tue.nl/~tcalders/

Bart Goethals

University of Antwerp, Belgium
http://adrem.ua.ac.be/~goethals/

Wednesday 09:00-10:00 Room: Chem, LT1

Abstract

In 1993, in their ACM SIGMOD’93 paper, Agrawal et al. proposed the frequent itemset mining problem. For many
years following the introduction of this problem, numerous studies on algorithms for this problem had resulted in
significant performance improvements for mining all frequent itemsets. At the same time, however, it also became
clear that problem definition in itself, was problematic: regardless of the algorithm being used, if the minimal support
threshold is set too low, or the data is highly correlated, the number of frequent itemsets itself becomes prohibitively
large. Furthermore, typically the collection of frequent itemsets contains a lot of redundancy.

To overcome this problem, several proposals were made to construct concise representations of the frequent item-
sets, instead of mining all frequent itemsets; the most well-known being the closed sets proposed by Pasquier et al. at
ICDT 1999. It is in this context that our ECML PKDD 2002 paper Mining All Non-Derivable Frequent Itemsets was
written. The main goal of our paper was to identify redundancies in the set of all frequent itemsets and to exploit
these redundancies in order to reduce the result of a mining operation. Deduction rules to derive tight bounds on
the support of candidate itemsets were proposed, and it was shown how the deduction rules allow for constructing a
minimal representation for all frequent itemsets.

In our presentation we present the most important properties and algorithms for mining non-derivable itemsets
from our 2002 paper and follow-up works. We will also position the non-derivable itemsets as part of a much larger
program of understanding the interactions of itemset frequencies as a special case of probabilistic reasoning, and end
with the recently developed statistically based itemset interestingness measures as a natural next step in this endeavor
to make pattern mining more meaningful.
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Wednesday Sessions at a Glance

Room: Chem, [T1

Wed1A: Distance-Based Methods and Kernels Chair: Stefan Riiping

10:30-10:55 Classifying Stem Cell Differentiation Images by Information Distance
Xianglilan Zhang, Hongnan Wang, Tony J. Collins, Zhigang Luo and Ming Li

10:55-11:20 Distance Metric Learning Revisited
Qiong Cao, Yiming Ying and Peng Li

11:20-11:45 Geodesic Analysis on the Gaussian RKHS Hypersphere
Nicolas Courty, Thomas Burger and Pierre-Frangois Marteau

11:45-12:10 The Bitvector Machine: A Fast and Robust Machine Learning Algorithm for Non-linear
Problems
Stefan Edelkamp and Martin Stommel

Room: Chem, LT2

Wed1B: Time Series and Temporal Data Mining Chair: Indreé Zliobaité

10:30-10:55 Community Trend Outlier Detection Using Soft Temporal Pattern Mining
Manish Gupta, Jing Gao, Yizhou Sun, and Jiawei Han

10:55-11:20 Data Structures for Detecting Rare Variations in Time Series
Caio Valentim, Eduardo S. Laber and David Sotelo

11:20-11:45 Invariant Time-Series Classification
Josif Grabocka, Alexandros Nanopoulos and Lars Schmidt-Thieme

11:45-12:10 Learning Bi-clustered Vector Autoregressive Models
Tzu-Kuo Huang and Jeff Schneider

Room: Chem, LT3
Chair: Willem Waegeman

Wed1C: Spatial and Geographical Data Mining

10:30-10:55 Inferring Geographic Coincidence in Ephemeral Social Networks
Honglei Zhuang, Alvin Chin, Sen Wu, Wei Wang, Xia Wang and Jie Tang
10:55-11:20 Socioscope: Spatio-temporal Signal Recovery from Social Media
Jun-Ming Xu, Aniruddha Bhargava, Robert Nowak and Xiaojin Zhu
11:20-11:45 Location Affiliation Networks: Bonding Social and Spatial Information
Konstantinos Pelechrinis and Prashant Krishnamurthy
11:45-12:10 Pedestrian Quantity Estimation with Trajectory Patterns
Thomas Liebig, Zhao Xu, Michael May and Stefan Wrobel

Room: Chem, LT4

Wed1D: Nectar Track Chair: Thomas Gartner

10:30-11:20 Learning Submodular Functions
Maria-Florina Balcan and Nicholas J.A. Harvey

11:20-12:10 Modelling Input Varying Correlations between Multiple Responses
Andrew Gordon Wilson and Zoubin Ghahramani
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