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Preface

These proceedings contain the refereed papers and posters presented at the 28"
Annual European Conference on Information Retrieval (ECIR, 2006), which was
held at Imperial College London in South Kensington between April 10 and 12,
2006. ECIR is the annual conference of the British Computer Society’s Infor-
mation Retrieval Specialist Group. The event started its life as a colloquium in
1978 and was held in the UK each year until 1998, when the event took place
in Grenoble, France. Since then the venue has alternated between the UK and
Continental Europe. In the last decade ECIR has grown to become the major
European forum for the discussion of research in the field of information retrieval.

ECIR 2006 received 177 paper and 73 poster submissions, largely from the
UK (18%) and Continental Europe (50%), but we had many sub- missions from
further afield including America (7%), Asia (21%), Middle East and Africa (2%),
and Australasia (2%). In total 37 papers and 28 posters were accepted, and
two papers were converted to posters. All contributions were reviewed by at
least three reviewers in a double anonymous process and then ranked during a
Programme Committee meeting with respect to scientific quality and originality.
It is a good and healthy sign for information retrieval in general, and ECIR in
particular, that the submission rate has more than doubled over the past three
years. The downside, of course, is that many high-quality submissions had to be
rejected owing to a limited capacity of the conference.

ECIR has always been popular with research students and established re-
searchers alike, and this year 73% of the accepted papers and 66% of the ac-
cepted posters turned out to have a research student as their main author. The
67 accepted publications span a wide range of cutting-edge themes ranging from
formal models (5) over document & query representation and text understand-
ing (5), design and evaluation (8), topic identification and news retrieval (3),
user interests and workspaces (5), clustering and classification (8), refinement
and feedback (4), performance and peer-to-peer networks (4), Web search (3),
structure/ XML (6), multimedia (8), cross-language retrieval (6) to genomic in-
formation retrieval (2).

We are greatly indebted to the reviewers who spent a great deal of their time
giving useful feedback, ensuring the high quality and standard of the selected
publications and adhering to rather tight deadlines. We thank the Prize Com-
mittee for identifying the very best publications. Thanks go to our platinum
sponsors EPSRC, European Information Retrieval Specialist Group of CEPIS,
Google, and GCHQ); our golden sponsors Microsoft Research Cambridge, Yahoo
Research Barcelona, Sharp Laboratories of Europe, Apriorie, and Lemur Con-
sulting; and our silver sponsors the Multimedia Knowledge Management Net-
work, Imperial College London, Queen Mary, University of London, and Elsevier.
Together, the sponsors provided a significant amount of money that, amongst
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other things, helped more than 40 students to attend the conference. We are
immensely grateful to David Hawking, who agreed to come all the way from
Canberra, Australia, to give the keynote talk on Enterprise Search. Last, not
least, we thank our universities Imperial College London, City University and
Queen Mary, University of London, and the countless local helpers at each place
who ensured the smooth organization of ECIR 2006.

February 2006 Mounia Lalmas
Andrew MacFarlane

Stefan Riiger

Anastasios Tombros
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Abstract. This paper summarises the scientific work presented at the
28th European Conference on Information Retrieval and demonstrates
that the field has not only significantly progressed over the last year
but has also continued to make inroads into areas such as Genomics,
Multimedia, Peer-to-Peer and XML retrieval.

Introduction. Information Retrieval is certainly one of those thriving research
fields that — despite being relatively old and established — still generates an
enormous amount of new interest: the last decade has not only seen eminently
successful commercial applications that survived the dot-com bubble but also
new challenges such as the hidden and visible Web, enterprise repositories, dig-
ital libraries, multimedia, semi-structured documents and new theoretical ap-
proaches. It appears that, now more than ever, new and diversified approaches
are necessary to stem the tide of information that engulfs us in all shapes and
forms. Document collections that increase in size, vary in type and prompt dif-
ferent user needs have driven the information retrieval community to revisit es-
tablished formal models and create new ones; to look at appropriate document
& query representation and increase automated text understanding; to rethink
experimental design and evaluation; to improve topic identification and news
retrieval; to research user interests and workspaces; to develop specific cluster-
ing and classification approaches; to work on query refinement and feedback; to
increase performance and design peer-to-peer networks; to contribute to Web
search approaches; to create novel XML query approaches; to shift paradigms
for multimedia retrieval; to refine methods in cross-language retrieval; and to
establish more methods for the new field of genomic Information Retrieval. All
this proves that Information Retrieval as a research field continues to push the
boundaries of the scientific state of the art and proceeds to positively change the
way we all browse, search, select, assess and evaluate, ie, ultimately access and
use information.

Formal Models. Amati [I] introduces three hypergeometric models, namely
KL, DLH and DLLH, using the Divergence from Randomnesss approach, and
compares these models to other relevant models of Information Retrieval. Ex-
periments show that these models have an excellent performance with small and

M. Lalmas et al. (Eds.): ECIR 2006, LNCS 3936, pp. 1-{I1] 2006.
© Springer-Verlag Berlin Heidelberg 2006
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very large collections. Azzopardi and Losada [2] present an efficient implemen-
tation of the multiple-Bernoulli language model, which makes it comparable in
speed to traditional term matching algorithms. Ferndndez et al. [3] argue that
the performance of score-based aggregation is affected by artificial deviations
consistently occurring in the input score distributions. They propose to rectify
this by normalising the scores to a common distribution before combination.
Wan and Yang [4] propose a novel document similarity measure based on the
Proportional Transportation Distance. They show, using the TDT-3 data, that
this measure improves on the previously proposed similarity measure based on
optimal matching by allowing many-to-many matching between subtopics of
documents. Wang et al. [B] propose a probabilistic user-item relevance model
to re-formulate the problem of implicit acquisition of user preferences for log-
based collaborative filtering to perform recommendations. They show that the
approach provides a better recommendation performance on a music play-list
data set.

Document & Query Representation and Text Understanding. Chang
and Poon [6] propose a common phrase index as an efficient index structure to
support phrase queries in a very large text database. The structure is an exten-
sion of previous index structures for phrases and achieves better query efficiency
with negligible extra storage cost. Ernst-Gerlach and Fuhr [7] describe a new
approach for retrieval in texts with non-standard spelling, which is important
for historic texts in English or German. The approach is based on a new algo-
rithm for generating search term variants in ancient orthography and is shown to
outperform competing methods. Karbasi and Boughanem [8] develop a method
to assess the potential role of the term frequency-inverse document frequency
measures commonly used in text retrieval systems. They identify a novel factor,
which is shown to be significant for retrieving relevant documents, especially in
large collections.

Kane et al. [9] use a machine learning approach for classifying document read-
ability based on a simple set of features that attempt to measure the syntactic
complexity of text. Meyer zu Eissen and Stein [I0] propose a novel plagiarism
detection method that identifies potentially plagiarised passages by analysing a
single document with respect to variations in writing style; they also identify
new features for the quantification of style aspects for this purpose.

Design and Evaluation. Clough et al. [I1] argue that, within the framework
of geographic information retrieval, spatial relevance should be considered inde-
pendently from thematic relevance. They suggest that spatial relevance requires
greater assessor effort and more localised geographic knowledge than judging
thematic relevance. Demartini and Mizzaro [12] classify 44 different information
retrieval evaluation metrics according to the notions of document relevance and
of retrieval. Kirsch et al. [I3] research whether the inclusion of information about
a user’s social environment and his or her position in the social network of his or
her peers leads to an improvement in search effectiveness. Liang et al. [T4] present
a new metric for measuring summary quality based on representativeness and
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judgeability. They argue that the elements that make up an evaluation method-
ology are interdependent, and the way in which they are combined is critical to
its effectiveness. Della Mea et al. [I5] carry out a number of text retrieval experi-
ments using the Average Distance Measure and show that it is highly correlated
with traditional effectiveness metrics. Mooney et al. [T6] carry out a physiological
user study that shows that users exhibit galvanic skin response when watching
movies engaging in interactive tasks. They examine how these data might be
exploited for indexing of data for search and within the search process itself.
Vinay et al. [I7] investigate the problem of some text collections being more
difficult to search or more complex to organise into topics than others. Using
the Cox-Lewis statistic to measure this complexity, they demonstrate that this
analysis is useful in text retrieval. Wen et al. [I8] investigate the effect of topic
familiarity on users’ relevance judgements and find that users employ different
relevance criteria when searching on less familiar topics.

Topic Identification and News Retrieval. Parapar and Barreiro [19] present
two sentence retrieval methods, Latent Semantic Indexing retrieval and a topic
identification method based on Singular Value Decomposition. Experiments on
the TREC novelty track data show these techniques as valid alternative ap-
proaches to other more ad-hoc methods devised for this task. Smith and
Rodriguez [20] present an algorithm for topic detection that considers the tem-
poral evolution of news and the structure of Web documents, the result of which
is used for searching and navigating in an online news source. Yao et al. [21]
present a novel method to identify important news in the Web environment that
consists of diversified online news sites. Their method uses a tripartite graph
to capture the facts that a piece of important news generally occupies a visu-
ally significant place in some homepage of a news site and that important news
events will be reported by many news sites.

User Interests and Workspaces. Bogers and van den Bosch [22] present a
novel method of re-ranking search results within closed-community search envi-
ronments; it utilises information related to topical expertise of workgroup mem-
bers. Boydell and Smyth [23] describe how snippet-text and title similarities can
be used to promote documents without selection history in collaborative retrieval
environments. Freschi et al. [24] propose a technique for filtering obfuscated spam
e-mail using approximate pattern matching performed on the original message
and on its phonetic transcription. Tamine-Lechani and Boughanem [25] present
a retrieval model based on influence diagrams to incorporate long-term interests
of the users into the retrieval process. Vildjiounaite and Kyllonen [26] deploy
a Support Vector Machine classifier to learn how to associate user information
needs with the contents of their electronic calendar to facilitate proactive infor-
mation collection and presentation.

Clustering and Classification. Bouma and de Rijke [27] investigate the im-
pact on classification accuracy of broadness and narrowness of categories in terms
of their distance to the root of a hierarchically organised thesaurus. Carpineto
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et al. [28] present Credino, a clustering engine for PDAs based on the theory
of concept lattices that can help overcome some specific challenges posed by
small-screen, narrow-band devices. Chakraborti et al. [29] adapt Latent Seman-
tic Indexing for document classification by treating class labels as additional
terms. Ke et al. [30] present an improved procedure for automatically categoris-
ing e-mails into user-defined folders that have few example messages. Naughton
et al. [31] cluster text spans in a news article that refer to the same event and
exploit the order in which events are described for better clustering. Osinski [32]
shows how approximate matrix factorisations can be used to organise document
summaries returned by a search engine into meaningful thematic categories. San-
Juan and Ibekwe-SanJuan [33] present a new method for clustering multi-word
terms based on general lexico-syntactic relations that does not require prior do-
main knowledge or the existence of a training set. Yin and Power [34] present a
machine-learning approach for ranking Web documents according to the propor-
tion of procedural text they contain, where “procedural text” refers to ordered
lists of steps, which are very common in some instructional genres such as online
manuals.

Refinement and Feedback. Clinchant et al. [35] investigate various lexical
entailment models in information retrieval, using the language modelling frame-
work. They show that lexical entailment potentially provides a significant boost
in performance, similar to pseudo-relevance feedback, but at a lower computa-
tional cost. Keskustalo et al. [36] define a user model, which helps to quantify
some interaction decisions involved in simulated relevance feedback. They use
the model to construct several simulated relevance feedback scenarios in a labo-
ratory setting. Rode and Hiemstra [37] propose a new kind of relevance feedback
that shows how so-called query profiles can be employed for disambiguation and
clarification. Yamout et al. [38] demonstrate a new relevance feedback technique
which propagates relevance information of individual documents to unlabelled
documents within a given neighbourhood.

Performance and Peer-to-Peer Networks. Biittcher and Clarke [39] present
a hybrid approach in which long posting lists are updated in-place, while short
lists are updated using a merge strategy. Experimental results show that bet-
ter indexing performance is obtained with this hybrid approach than either
method (in-place, merge-based) alone. Kohlschiitter et al. [40] introduce a two-
dimensional Web model and adapt the PageRank algorithm to efficiently com-
pute an exact rank vector of Web pages, which even for large-scale Web graphs,
requires only a few minutes and iteration steps. Nottelmann and Fuhr [41] in-
vestigate different building blocks of peer-to-peer architectures, among them the
decision-theoretic framework, CORI, hierarchical networks, distributed hash ta-
bles and HyperCubes. Siersdorfer and Sizov [42] describe an efficient method
to construct reliable machine learning applications in peer-to-peer networks by
building ensemble-based meta methods.
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Web Search. Joho and Jose [43] carry out a comparative evaluation of textual
and visual forms of document summaries as an additional document surrogate
in the search result presentation. Mishne and de Rijke [44] present an analysis
of a large blog search engine query log, exploring a number of angles such as
query intent, query topics, and user sessions, and show that blog searches have
different intents than general Web searches. Song et al. [45] suggest the use of the
location of query terms occurring in a URL for measuring how well a Web page
is matched with a user’s information need in Web search. This is done through
an estimate of URL hit types, i.e. the prior probability of being a good answer
given the type of query term hits in the URL.

Structure/XML. Caracciolo and de Rijke [46] examine multiple query-
independent ways of segmenting texts into coherent chunks that can be
returned in response to a query. They show this approach to be a viable so-
lution for providing a “go-read-here” functionality. Cornacchia and de Vries [47]
use array comprehensions as a novel way to bridge the gap between databases
and information retrieval. Schenkel and Theobald [48] present a framework that
expands a keyword query into a full-fledged content-and-structure query for rel-
evance feedback in XML retrieval. Extensive experiments on INEX benchmark
show the feasibility of the approach. Van Zwol et al. [49] present a visual query
formulation technique for structured document retrieval that aims at reducing
the complexity of the query formulation process and required knowledge of the
underlying document structure for the user, while maintaining full expression
power, as offered by the NEXI query language for XML retrieval. Vittaut and
Gallinari [50] use a model trained to optimise a ranking loss criterion to im-
prove the performance of a baseline structured document retrieval system. The
model uses a learning ranking algorithm that operates on scores computed from
document elements and from their local structural context. Wang and Rolleke
[51] investigate a new, parameter free, ranking method for structured documents
based on context-specific inverse document frequency.

Multimedia. Chen et al. [52] consider episodic memory, based on time and
location, for system design in image retrieval. Their user studies show that the
browser that clusters images based on time and location data combined was
significantly better than four other more standard browsers. Demuth et al. [53]
propose an efficient motion retrieval system based on the query-by-example par-
adigm. This system employs qualitative, geometric similarity measures, which
allows for intuitive and interactive browsing in a purely content-based fashion
without relying on textual annotations. Gurrin et al. [54] investigate the use of
relevance feedback in a text-based video retrieval setting and identify an optimal
number of terms for composing new queries based on feedback data. Schedl et al.
[55] investigate approaches for album cover retrieval that use image search func-
tions of popular search engines and complement them with content analysis.
Smeaton et al. [56] investigate a novel, object-based modality for video retrieval,
where objects appearing in the video are segmented from their background and
are used for retrieval based on their low-level visual features. Urban and Jose [57]
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propose a novel image retrieval system that incorporates a workspace where users
can organise their search results. A task-oriented and user-centred experiment
shows that the proposed approach leads to a more effective and enjoyable search
experience. Wilkins et al. [58] automatically determine visual feature weights for
content-based image retrieval using a subset of top query results. Zhang et al. [59]
propose decision fusion and hierarchical classifier approaches to combine short
and long term audio features for detecting game highlights in TV tennis videos.

Cross-Language Retrieval. Alberair and Sanderson [60] study how morpho-
logical variants of Arabic queries affect retrieval accuracy. Awadallah and Rauber
[61] introduce novel techniques for generating answer choices in a multiple choice
question answering setting and evaluate it on English and Arabic question an-
swering data. Hoenkamp and van Dijk [62] use the analogy of fingerprinting as
employed in forensics to investigate whether Latent Semantic Analysis, and the
hyperspace analog to language are directed towards meaning, and this across
languages. Koolen et al. [63] propose a cross-language approach to historic doc-
ument retrieval. In particular, they investigate the automatic construction of
translation resources for historic languages and the retrieval of historic docu-
ments using cross-language information retrieval techniques. Whittaker et al.
[64] describe how their statistical pattern classification approach can be used
for the rapid development of a Question Answering system in a new language.
Zhang et al. [65] present a system that automatically collects high quality paral-
lel bilingual corpora from the Web. The proposed system use multiple features
to identify parallel texts via a k-nearest-neighbour classifier.

Genomic Information Retrieval. Bernstein and Cameron [66] present an ap-
proach based on document fingerprinting for identifying highly similar sequences
in large genomic collections. Their approach is shown to use a modest amount
of memory and to execute in a time roughly proportional to the size of the col-
lection. Zhou et al. [67] focused on addressing the synonym and polysemy issue
within the language model framework. A comparative experiment on the TREC
2004 Genomics Track data shows that significant improvements are obtained by
incorporating concept-based indexing into a basic language model for this task.
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The advent of the current generation of Web search engines around 1998 chal-
lenged the relevance of academic information retrieval research — established
evaluation methodologies didn’t scale and nor did they reflect the diverse pur-
poses to which search engines are now put. Academic ranking algorithms of the
time almost completely ignored the features which underpin modern web search:
query-independent evidence and evidence external to the document. Unlike their
commercial counterparts, academic researchers have for years been unable to ac-
cess Web scale collections and their corresponding link graphs and search logs.

For all the impressive achievements of the Web search companies, great search
challenges remain. Nowhere is this more so than behind the organisational fire-
wall, where employees cry out for effective search tools to permit them to find
what they need among huge accumulations of text data, heterogeneous both in
type and in format, and subject to security and privacy restrictions. Worldwide,
there are almost certainly hundreds of thousands of organisations whose elec-
tronic text holdings are larger than (but very different from!) the TREC ad hoc
corpus. Do we as an academic community know anything about the character of
these collections? Do we know how employees search? What they search for? How
they judge the value of what is retrieved? Do we have effective algorithms which
can deliver results tailored to the context of their search? Enterprise search is
at a more manageable scale than the Web, but nonetheless presents formidable
problems for academic researchers. Can academic researchers overcome them, or
will the field be left to commercial companies?

The talk will outline the nature of the enterprise search domain, review the
current state of research in the area, present some research results, highlight
some non-standard applications of search, discuss evaluation methodologies and
pose challenges.

Biography. David Hawking is the founder and chief scientist of CSIRO’s enter-
prise search engine project (Funnelback: http://funnelback.com). Funnelback
is a commercial product permitting effective metadata and/or content search of
heterogeneous enterprise information sources including websites, email, fileshares
and databases. David was a coordinator of the Web track at the international
Text Retrieval Conference from 1997-2004 and has been responsible for the cre-
ation and distribution of text retrieval benchmark collections now in use at over
120 research organisations worldwide. In 2003 he was awarded an honorary doc-
torate from the University of Neuchatel in Switzerland for his contributions to
the objective evaluation of search quality. He won the Chris Wallace award for
contribution to computer science research in Australasia, for the years 2001-2003.
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Abstract. We introduce the hypergeometric models KL, DLH and DLLH using
the DFR approach, and we compare these models to other relevant models of IR.
The hypergeometric models are based on the probability of observing two pro-
babilities: the relative within-document term frequency and the entire collection
term frequency. Hypergeometric models are parameter-free models of IR. Expe-
riments show that these models have an excellent performance with small and
very large collections. We provide their foundations from the same IR probabi-
lity space of language modelling (LM). We finally discuss the difference between
DFR and LM. Briefly, DFR is a frequentist (Type I), or combinatorial approach,
whilst language models use a Bayesian (Type II) approach for mixing the two
probabilities, being thus inherently parametric in its nature.

1 Introduction

In a problem of statistical inference, the distribution generating the empirical data have
a mathematical form and contains certain parameters, such as mean, variance or other
characteristics with unknown values. In Information Retrieval (IR), statistical inference
is a very complex type of inference since it involves stratified textual data and different
populations, different types of information tasks and information needs, and more im-
portantly a relevance relation is defined over the set of documents. Models for IR may
therefore contain parameters whose estimation is based on relevance data.

Language Modelling (LM) [5l[7,[14] is an example of application of statistical infe-
rence to IR. According to the language modelling approach to IR [19,[6[13] a document
is a sample of the population, and language model computes the probability that a query
is generated by a document. In LM we may use either the mixing or the compounding
of two probability distributions, the first distribution models the document, the second
one models the collection. The combination of these two probability distributions has
the effect of smoothing the raw likelihood of occurrence of a term in a document. The
statistical combination, whether it is of mixing or compounding type, contains a para-
meter. In general the value of this parameter is determined by a set of training data made
up of a set of topics together with the complete set of relevance values made by some
assessors. It is a matter of fact that the optimal value of this parameter varies according
to the size, the content of the collection, as well as to the length of the queries, and thus
performance may significantly change from collection to collection, and for different
query-lengths.

Although DFR baseline models were originally motivated by providing parameter-
free models for IR [4]], recent developments of the DFR approach have shown that a re-
finement of the term frequency normalization component (also known as the document

M. Lalmas et al. (Eds.): ECIR 2006, LNCS 3936, pp. 13-241 2006.
(© Springer-Verlag Berlin Heidelberg 2006
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length normalization problem) may improve the performance of DFR models [2,12].
A parameter ¢ was introduced to define how “large” is the standard document length
in the collection. Term-frequencies are then resized according to the standard length.
In general the standard length is the average document length in the collection, and in
such a case cis set to 1.

Since LM and the most general form of the DFR models use a parameter, the exis-
tence of a highly performing model of IR, easy to implement and completely free from
parameters, is still an open problem. The introduction of new parameter-free models
must however perform consistently well on small and very large collections, and with
different query lengths.

The present investigation on parameter free models for IR thus is important from
both theoretical and pragmatical perspectives. The main result of this paper is the de-
finition of very simple but highly performing models of IR that make only use of the
textual data and not of the relevance data.

There are other two well known parameter-free models of IR: the vector space mo-
del 231125124} [20] and Ponte and Croft’s model [19]. Except Ponte and Croft’s model,
we here show that language modelling is inherently Bayesian, and it is thus based on
parameter smoothing techniques.

Our analysis will start with two foundational views: frequentist and Bayesian. We
revisit the information retrieval inference problem assuming these alternative positi-
ons. With the aim of producing a parameter free model for IR in mind, we finally
provide a document-query matching function based on the information theoretic de-
finition of divergence given by the hypergeometric distribution. Also, we experimen-
tally compare the frequentist approach to language modelling, BM25 and to other DFR
models.

2 The Metaphor of the Urn Models for IR Models

We assume that IR is modeled by a set of urns or recipients. Sampling consists in
the experiment of drawing balls of different colours V (the vocabulary or the index)
from these urns. In the urn paradigm the population of balls represent all tokens of the
collection, and the colours are simply the terms listed in the index. Each urn (document)
has a prior probability to be selected P(d), and the balls (tokens) of the same colour
(term) have a prior probability P(t) to be drawn. A document is thus regarded as a
sample of the population. In the DFR approach the matching function between a query-
term and a document is the probability of extracting a number tf (term frequency) balls
of the same colour out of 1(d) trials (document length).

An alternative approach is used by Language Modelling. It computes the probability
of the query-term in the document by smoothing the maximum likelihood

estimate (MLE) of the term-frequency in the document, p = , with the relative term-

tf

1(d)
TF

frequency in the collection, P(t) = ———, where tf is the within-document frequency,

1(d) the document length, TF is the number of tokens of that term in the collection and
TFC is the overall number of tokens in the collection. Smoothing can be obtained by
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either mixing these two probabilities, or extracting the MLE from the compounding of
the multinomial distribution with a prior distribution, for example Dirichlet’s Priors.
Let us see in details similarities and differences of these two approaches.

2.1 Types of Urns

We may classify IR models according to the way we interpret the stratification of the
population [[10]. We can imagine an ordinary sampling experiment as the selection of
balls from a single urn, in general with replacement and shuffling. This is called a Type
I model. We may select before a urn at a random, and then make an experiment as
described by a Type I model. The urn selection generates a Type II model. Type III
model is similarly defined. Translating this hierarchy to IR, we may say

— IR model of Type I. One single urn, where the urn can be either a document or a
collection.

— IR model of Type II. We have several urns, which represent either a set of docu-
ments or a set of collections.

— IR model of Type III. Different urns containg other urns (set of sets of docu-
ments/collections).

Before we construct the frequentist (non-Bayesian) model, we would like to quote
Good’s argument on the choice of Type I or Type II model for probability estima-

tion [10, page 5-11]:

[...] The Bayesian will wish to ascribe different weights to different
initial (or Type II) distributions. [...] Just as the non-Bayesian finds it expe-
dient to construct mathematical models of Type I probability distributions in
which he tries to minimize the number of parameters, the Bayesian will do the
same, but with both the Type I and Type II probability distributions. This leads
to Type II problems of estimation and significance.

If the Type II probability distribution is unknown, like with the Dirichlet priors in LM,
then the Bayesian methodology necessarily leads to the parameter estimation problem.

2.2 IR Model of Type I: The Document as a Sample of the Collection

The natural choice for generating a language model of a document is the binomial
process. The document is a finite binary sequence of Bernoulli trials whose outcome can
be either a success, that is an occurrence of the term, or a failure, that is an occurrence
of a different term. To be more precise, we also assume that the finite binary sequence
is random, that is any trial is statistically independent from its preceding trials. In a
Bernoulli process the probability of a given sequence is

P(ifld, p) = p - (1-p)! (DT

where p is the probability of occurrence of the term.

1(d)
tf

words), therefore the probability is given by the binomial

There are of exchangeable sequences (in IR they are also called a bag of
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1(d -
P(ifld. p) = ( (tf)) ptf - (1p)@-f M
The best value for the parameter p in the binomial is unknown. We note that the
dP(ifld. p)

likelihood P(tf]d, p) is maximised when = 0 which is equivalent to set p to

the maximum likelihood estimate MLE of the term in the document:

tf
p=—— (MLE 2
P =g MLE) @)
When the prior p is unknown, then the MLE is a good estimate for p. However we
know that the prior probability of occurrence of the term t is the relative term-frequency

in the collection:
TF

t) = ——
(®) TFC
But, what does happen if we substitute the prior P(t) for p in Equation[IR?
Let us then substitute P(t) for p in Equation[Il For each document d the prior, P(t)
of Equation 3 will be fixed, whilst p of Equation 2] will vary. We have seen that the
probability in Equation[I]is maximised with documents d for which p goes towards the

3)

F
value P(t) = TFC" That is, the maximum likelihood estimator coincides with the prior

P(t) when the sample is selected randomly, or better, when the tokens of the term in the
document occur randomly. In summary, when the document is little informative, the
MLE p of a term in the document approaches the prior P(t). For non informative terms,
we may say that they occur randomly. There are words which always fit to this ran-
dom behaviour. These are the functional words, and they are also called non-specialty
words [[11]]. Usually these words are kept in a list of non-informative words, that con-
stitute the so called stop list.

But, documents are not built randomly, and thus documents cannot be regarded as
they were random samples of the population of the collection. Frequencies of words
are biased by some content or semantics. The more a document model diverges from
a random behaviour, the more informative it is. In such a case, if the MLE p of a term
and its prior P(t) diverge, the binomial probability diminishes, and the term conveys
information. We may assume that the divergence given by the binomial can be used as a
measure of the significance of the term (the smaller the binomial , the more significant
the term). The mechanism of the DFR models, but also of the 2-Poisson and BM25
models (see a formal derivation of the BM25 from a DFR model [4]), encompasses
explicitly such a divergence measure. Then, following our intuition on the divergence
from randomness, it would be very natural to use the probability

P(tf|d) = <l(tcfl)> p(of (1 p() D1 W

to define a measure of divergence of the probabilities p and P(t.

! The same formula is used for query expansion by merging top-ranked documents into a single
sample.
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Document ranking is thus obtained by ordering the documents which minimize Equa-
tionHl As we already observed Equationdis maximised when the MLE is equal to P(t),
and in such a case the term distributes randomly (non informative terms), but Equation[4]
is minimised when the two probabilities p and P(t) diverge (informative terms). In other
words the probability of EquationHlis inversely related to a measure of informativeness
of the term. We may soon regard Equation [ as primitive. However, we want to derive
Equation @ by using aType I model. Doing this we see that the DFR approach is thus
frequentist, since it comes from a Type I model, and in contraposition we see that LM
employes a Bayesian Type II model. Never the less, both LM and DFR share the same
basic probabilistic space. Let us explore these aspects in details.

3 Type I Model: The Hypergeometric Model

We said that a DFR model assumes a high divergence between MLEs and prior probabi-
lities as a measure of a high informativeness of the term. In other words P(tf|d, p = P(t))
of Equationd and information content are inversely related. We need a function which
is additive on independent events (terms), and the logarithmic function is the only func-
tion which satisfies such a condition:

Inf(tf]|d) = — log, P(tf]ld,p = P(t))

We now want to show Equationd with a direct derivation from a frequentist approach.
The frequentist approach to IR yields the system of probabilities using the paradigm
of the occupancy numbers, or with a less sophisticated terminology, transforming the
IR inference problem into a combinatorial form. A well known combinatorial problem
is the following: in a population of TFC balls there are TF red balls. What is the pro-
bability that in a sample of cardinality 1(d) there is exactly a number tf of red balls?

There are [ TF TFC — TF
ereare 1(d) — tf

> . Therefore the proba-

) ways to choose a red ball, and there are ( ) to choose a

ball of different colour. All possible configurations are (Ff(lji?

<TF> . <TFC —TF)

tf 1(d) —tf

P(ifld) - 5)
(o)

The probability distribution of Equation[3is called the hypergeometric distribution.
An equivalent formula can be obtained by swapping 1(d) with TF:

<l(d)) (TFC—I(d)>
tf )\ TF—tf
P(tf|d) =

)

bility is




18 G. Amati
A limit theorem for the hypergeometric distribution is (see [9, page 59]):

tf e\ l@)-tf
(%) (ro-rc) (1-r0-437)
< P(tf|d) <

-1(d)
1(d) tf I(d)—tf [, 1I(d)
( o )P(t) (1—P(1)) (1 —TFC>

TF
where P(t) is the frequency TFC of the term in the collection. Therefore, the binomial
distribution of Equation[d]

B(I(d), tf, P(t)) = (1(&1)) pOtf (1 — p(o) -t

is obtained as a limiting form of the hypergeometric distribution when the population
1(d)
— 7~ 0

TFC is very large and the size of the sample is very small, that is when both TFC

tf
and TRC ™ 0. Thus, we have formally derived the Equationdt

Inf(tf[|d) = — log, P(tf|d, p = P(t)) = — log, B(1(d), tf, P(t))
— oz, | () PO (1 - (o)1

We need to simplify relation [ to have a workable model of IR. To obtain this, we
start with a very useful relation that relates the binomial distribution to the informa-
tion theoretic divergence D of ¢ from 1 (also called the symmetric Kullback-Leibler
divergence):

¢

D(¢,¢)=¢'10gza+(1—¢)'10g

Renyi [21]] indeed proves the following relation:

512 (p, P(1))
(27 - tf(1 —p))=

where p is the MLE of the probability of the term in the document d of Equation 2l We
(1-p)

_ . ~ (1=P())

small. Using the asymmetric Kullback-Leibler divergence

KL(p|[P(t) = p - log, (%)

(1-9)
2 (1—1)

(6)

may delete the contribution of (1 — p) - log, in Equation[7]because it is very

we can further simplify the information content:

Inf(tf]|d) ~ 1(d) - D (p, P(t)) + 0.5log, (27 - tf - (1 — p))
~ 1(d) - KL(|[P(1)) + 0.5 log, (27 - 1f - (1 — p))

~ tf - log, <%) +0.5log, (27 - tf- (1 — P))
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3.1 DLH and DLLH: Parameter-Free Models of IR

To obtain the matching function we use the average amount of information of the term.
Inf(tf]|d)

Instead of using the raw average information carried by a term, that is , We use
the cross-entropy function. With cross-entropy the average information is a smoothed
with the Laplace normalization L [4]. The Laplace smoothing is similar to Robertson
and Walker’s normalization used for the family of BM models [22]. Briefly, we derive
the model DLH (DFR model based on the Hypergeometric distribution and the Laplace
normalization) as:

weight — Inf(tf|d)  —logy BO(d), tf, P(t))

t+1 tf+ 1
tf - log, (%) 405 log, (27 - tf - (1 — p)) (PLH) ®)
N 1

Instead of the average information we may also use the product of two information
contents

. 1 D .
weight = log, (H_t_f) . (tf- log, (%) +0.5-logy (2 - tf- (1 — p))) (DLLH)
©))

Since the first addendum of Equation[8lis related to the asymmetric Kullback-Leibler
divergence as follows:

. p
1(d) - KL(p||P(t)) =tf -1 —
This suggest to use a further simplified parameter-free model of IR, called KL:

o Ud)-KL@|P) o P
weight = Tl T log, (P(t)) (KL) (10)

where p is the MLE as defined in EquationRland P(t) is the prior given by Equation[3
The use of KL divergence is also used in LM [26,[15]]. The query expansion weigh-
ting function as used in language modeling approach is obtained by minimizing the
KL-divergence between the document language model and the feedback set of returned
documents.

2 Now, p = % and P(t) = %, and also TFC = N - avg_length, where N is the num-

ber of documents in the collection and avg_length is the average length. Thus the ratio
P (i __TF i ili i -
PO — (l( d)) \ (N»an _length) contains very small probability factors. In the implementa
tion these small factors might lead to errors. We suggest to associate the statistics contained in
the formula differently, to avoid the appearance of very small numbers, as follows:

e (g5 ) = s (- 2denst) (V)
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4 Type II Model: Language Models

Let us take again the binomial distribution of Equation [1] as the likelihood probabi-
lity with parameter p unknown. Bayes’ Theorem compounds the likelihood distribution
with Type II priors P(p|d) over the document collection. The Dirichlet distribution can
be used to assign the priors. In such a case, the compound generates the generalised
hypergeometric distribution:

1(d _
(") o a1 i)

(Y e

Dirichlet priors has a set of parameters Ay, ..., Ay > 0, one parameter for each
term t; of the vocabulary of size V. The term-frequencies obviously satisfy the condition
tf; + ... + tfyy = 1(d). The Dirichlet priors are:

P(d|tf) = (11)

r(4) PR
T T(Ay)Pr P

A= ZA and sz—l

The a posteriori probability distribution after conditionalizing on the Type II distri-
bution P(p,,...,py|d, A1,. .., Ay) takes the same form of Equation[] that is:

P(pl,...,pv|d,A1,...,Av) =

P(d|tf1, S ,th7A1, .. 7Av) =
F(A + l(d)) tf1+A1—1 . ptfv-‘rAv—l
F(Al +tf1)'--F(Av+tfv) ! v

Setting A = - P(t) with g an unkown parameter, the MLE of the compound of the
likelihood with probability P as defined by Equation[IT]or Hlis:

P

Using additivity on independent events of the logarithmic function, we have:

QI
p(Qld) x 5 Z on (s

) ~logy(Id) + ) (LM).

5 Comparison of the Frequentist with the Bayesian Approach

We have seen that the frequentist approach defines a parameter-free model of IR, while
the Bayesian approach leads to the construction of a parameter based model of IR. The
main difference between the two approaches are
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Table 1. Short queries (Title) of the Robust Track of TREC 2004 (250 queries)

Model MAP |R Prec.|Prec. at 5|Prec. at 10

DLLH 0.2483]0.2887| 0.4651 | 0.4281
DLH 0.2438]0.2858 | 0.4843 | 0.4373
KL 0.2343]0.2765| 0.4763 | 0.4289

Ponte & Croft 0.2383|0.2847 | 0.4297 | 0.3972
LM (1 = 600) 0.251910.2939| 0.4803 | 0.4313
BM25 (b=0.75, k=1.2)|0.2418| 0.2858 | 0.4731 | 0.4273
PL2 (c=6) 0.2563(0.2979| 0.4876 | 0.4430

1. DFR approach computes the probability of observing two probabilities, while LM
smoothes the MLE of a term in the document.

2. DFR approach weights terms according to the improbability of observing the MLE
of a term in the document given the prior, and it is based on information theoretic
notions, such as amount of information and uncertainty. LM instead weights the
probability of observing the term in a document given a prior distribution.

3. In DFR approach there are no non-zero probabilities, that is when a term does
not occur in a document it does not contribute at all to the document score. On
the contrary, a term that does not appear in a document plays an important role in
LM approach. This requires extra computational costs either in terms of additional
index or retrieval structures.

4. The basic DFR models (such as Formulas [8l and O) can be used as they are
for query expansion. A parameter free model of query expansion can be also de-
fined [3]. Also Kullback-Leibler divergence based techniques for query expan-
sion [8L126], as it was here shown, are approximations of the hypergeometric model
and the binomial model.

5. With DFR approach we can combine LM with DFR models or BM25 into a single
model, with the advantage of not having non-zero probabilities [1L/13]].

6. On the other hand, Bayesian approach is flexible and easy to be applied with a stra-
tified population and in presence of other parameters, while frequentist approach
requires a major attention to model complex combinatorial problems.

Table 2. Short queries (Title) with DFR Query Expansion of Robust Track 2004 (250 queries)
with 40 most informative terms from 8 topmost-retrieved documents

Model MAP R Prec.|Prec. at 5|Prec. at 10

DLLH 0.3052(0.3303 | 0.5012 | 0.4538
DLH 0.2912(0.3181| 0.4980 | 0.4514
KL 0.2821{0.3096| 0.4948 | 0.4462

LM (1=400) 0.2968]0.3245| 0.4867 | 0.4562
BM25 (b=0.75, k=1.2)|0.2950{0.3182| 0.4956 | 0.4482
PL2 (c=6) 0.2984(0.3253| 0.5052 | 0.4622
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Table 3. Title and DFR Query Expansion (QE) - Terabyte Track 2004 (GOV2). In order to make
a comparison with DLH, we here display the best baseline run. It is relative to the same system
that obtained the best TREC run, but using query expansion and single keyword approach only.

Model MAP

DLH 0.277

best TREC 0.284

baseline (with QE) of the best TREC|0.253

6 Experiments

We used two test collections of TREC (Text REtrieval Conference). The first collection
is from disks 4 and 5 of TREC minus the CR collection and consists of about 2 Gbytes
of data, with 528,107 documents and 91,088,037 pointers. The second collection is the
terabyte collection GOV2 and consists of about 426 GB Gbytes of data, with about 25
million documents. We used 250 queries (queries 300-450 and 600-700) of the Robust
(ad hoc) track of TREC 2004 with the 2GB collection. These queries are ad hoc topics
used i since TREC 7. We used also 50 topics of the Terabyte track of TREC 2004. The
optimal performance value of ¢ of the DFR models depends on either the query-length
(short or long, with or without query expansion) or the collection. The length of the
query with query expansion can be regarded short in the case of the Terabyte collection
because only 10 additional terms were added to the topics, while it must be considered
long in the case of the 2GB collection, because 40 additional terms were added to the
topics. We have compared the new models KL, DLH and DLLH with BM25, LM, Ponte
and Croft’s parameter free model of LM , and the Poisson model PL2, that was shown
to have an excellent performance in both .GOV and the terabyte collection GOV?2 at the
TREC conference [17,[18]. We have used a default value ¢ = 6 for PL2. On the other
hand, we have used different optimal values of u for the model LM. The same query
expansion techniques as described in [3] has been applied to all models.

7 Discussion of the Results and Conclusions

We have derived from the frequentist approach of IR some very simple document-
ranking models which we have shown to perform very well with two different col-
lection sizes (a collection of 2 GB and a collection of 426 GB). These models are free
from parameters and can be used with any collection without tuning parameters. The
problem of parameter tuning is instead important in the language modelling approach.
Zhai and Lafferty report that an inadequate smoothing may hurt the performance
more heavily in the case of long and verbose queries. Also, the optimal value of the
LM parameter pu tends to be larger for long queries than for short queries. They observe
that smoothing plays a more important role for long queries than for short queries. They
also observe that Dirichlet prior performs worse on long queries than title queries on
the web collection. In particular, for each subcollection contained in the 2GB collection
the optimal value of  varies from 500 to 4000 for the short queries and from 2000 to
5000 for the long queries. They conclude that the optimal value of © depends both on
the collection and the verbosity of the query.
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The hypergeometric models have very good performance. In particular, they have
the best MAP for short queries with query expansion on the 2GB collection. As for
the Terabyte collection, they have better performance than the best TREC run that uses
query expansion and single keyword approach, and a close performance to the best run,
which however uses additional document and term structures.
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Abstract. A novel document similarity measure based on the Proportional
Transportation Distance (PTD) is proposed in this paper. The proposed measure
improves on the previously proposed similarity measure based on optimal
matching by allowing many-to-many matching between subtopics of docu-
ments. After documents are decomposed into sets of subtopics, the Proportional
Transportation Distance is employed to evaluate the similarity between sets of
subtopics for two documents by solving a transportation problem. Experiments
on TDT-3 data demonstrate its good ability for measuring document similarity
and also its high robustness, i.e. it does not rely on the underlying document de-
composition algorithm largely as the optimal matching based measure.

1 Introduction

Measuring pairwise document similarity is critical to various text applications, such as
document clustering, document filtering, and nearest neighbor search. Most text applica-
tions aim to measure document similarity by how much information (content)
the documents share. Lin [11] clarifies the intuitions about similarity as follows: The
similarity between documents A and B is positively related to their commonality and
negatively related to the differences between them. The commonality and difference
between documents are measured based on the co-occurrences of words or phrases in
the documents. If two documents share more words/phrases while keep less different
words/phrases, the documents are more similar. Most popular similarity measures, such
as the Cosine measure, the Dice measure, the Jaccard measure, the Overlap measure
[3, 18] and the information-theoretic measure [2], all observe the above intuitions.
However, the above similarity measures do not take into account the document
structure, e.g. the subtopic' structure, thus losing the information of word distribution
over the document structure. Wan and Peng [19] propose an optimal matching based
similarity measure to take into account the subtopic structures of documents, with
the TextTiling algorithm to decompose the documents and the optimal matching
technique to match the subtopics and get the overall similarity value. However, the
optimal matching based measure is limited by allowing only one-to-one matching
between subtopics. In reality, the one-to-one matching between subtopics is not the
same as human’s cognition. From human’s perspective, any two subtopics are more
or less similar, thus can be matched more or less. In other words, one subtopic in a

"In this paper, a subtopic is represented by a coherent block of text, either contiguous or
incontiguous.

M. Lalmas et al. (Eds.): ECIR 2006, LNCS 3936, pp. 25-[36]2006.
© Springer-Verlag Berlin Heidelberg 2006
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document should be allowed to be matched to more than one subtopic in the other
document with different weights, and thus the many-to-many matching is allowed
between the subtopics of two documents.

In this study we propose a novel measure based on the Proportional Transportation
Distance (PTD) to evaluate document similarity by allowing many-to-many matching
between subtopics. First, documents are decomposed into sets of subtopics, each
subtopic being represented by a contiguous or incontiguous block of text, and then
the Proportional Transportation Distance is employed to evaluate the similarity
between two sets of subtopics for two documents by solving a transportation problem.
Experiments evaluate the performance of a number of popular similarity measures
and results show the PTD-based measure outperforms all other similarity measures,
including the optimal matching based measure. We also explore the sentence cluster-
ing algorithm for document decomposition in addition to the TextTiling algorithm,
and the experimental results show that the PTD-based measure has a stably high
performance with either the sentence clustering algorithm or the TextTiling algorithm
for document decomposition, while the optimal matching based measure performs
poorly with the sentence clustering algorithm. In other words, the proposed
PTD-based measure does not rely largely on the document decomposition algorithm,
while the optimal matching based method relies largely on the TextTiling composi-
tion algorithm.

The rest of this paper is organized as follows: Section 2 reviews the popular simi-
larity measures, including the Cosine measure, the information theoretic measure, the
optimal matching based measure and the measures derived from popular retrieval
functions. In Section 3, we propose the new similarity measure based on the Propor-
tional Transportation Distance. Experiments and results are described in Section 4.
Section 5 gives our conclusions and future work.

2 Popular Similarity Measures

2.1 The Cosine Measure

The Cosine measure is the most popular measure for document similarity based on
vector space model (VSM). The vector space model creates a space in which docu-
ments are represented by vectors. For a fixed collection of documents, an
m-dimensional vector is generated for each document from sets of terms with associ-
ated weights, where m is the number of unique terms in the document collection.
Then, a vector similarity function is used to compute the similarity between vectors.

In VSM, weights associated with the terms are calculated based on term frequency
tfy, and inverse document frequency idf,. The similarity sim(a,b), between two docu-
ments a and b, can be defined as the normalized inner product of the two vectors
dand b :

ﬁ L J b _ Zteaﬂb(wﬂ,l : Wb,t)

I;‘ \/Zteawﬂﬂz XZtebwb,tz

where f represents a term. aNb gets the common words between a and b. Document
weight w,,is computed by tf, * idf,

Simcosine (a’b) (1)

a
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2.2 The Information Theoretic Measure

Aslam and Frost [2] extend the concept that the assessment of pairwise object similar-
ity can be approached in an axiomatic manner using information theory and delevop
an information-theoretic measure for pairwise document similarity as follows:

2.3 min{p,.p,, Jlogz(t)
Zt p.Jogz(t)+ Zt Py Jog7z(t)

In the above equation, the probability 7Z(t) is simply the fraction of corpus docu-

Sim; , (a,b) =

2

ments containing term £ For each document d and term t, let p,, be the fractional

occurrence of term £ in document &, thus, th it =1 for all d. Two (normalized)

documents & and b share min{ p,,, p,, } amount of term t in “common,” while they

contain p,, and p;,; amount of term findividually.

2.3 The Optimal Matching Based Measure

A similarity measure taking into account the subtopic structure is proposed by Wan
and Peng [19]. Given two documents X and Y, the TextTiling algorithm [7] is adopted
to get their subtopic structures. The subtopic structures are represented by the se-
quences of TextTiles X={x;,x,...,x,} and Y={y;,y,...y.}, respectively, where x; repre-
sents a subtopic (TextTile) in document X and y; represents a subtopic (TextTile) in
document Y. Then a bipartite graph G={X, Y, E} is built for the documents X and Y. A
weight wy; is assigned to every edge e;, measuring the similarity between x; and y; with
the Cosine measure Lastly the Kuhn-Munkres algorithm [20] is applied to acquire the
total value of the optimal matching in the graph. In order to balance the effect of the
lengths of different documents, the total value is normalized as follows:

optmatch(a ,b)
min (length(a) ,length(b) )

sim gy (a,b) = (3)
where optmatch(d,,d,) represents the total value of the optimal matching for d; and d,.
length(d) represents the count of text segments in document d and min(a,b) returns
the minimal value of a and b. The normalized value is taken as the final similarity
between the two documents.

The TextTiling algorithm will be described in detail later. The optimal matching
(OM) is a classical problem in graph theory. A matching M of the bipartite graph G is
a subset of the edges with the property that no two edges of M share the same node.
OM is basically an extension of maximum matching (MM) and aims to find the
matching M that has the largest total weight. According to its definition, the optimal
matching allows only one-to-one matching between subtopics in the documents.

2.4 Measures Derived from Retrieval Models

2.4.1 The BM25 Measure
The BM25 measure [13, 14] is one of the most popular retrieval models in a probabil-
istic framework and is widely used in the Okapi system. In this study, we use the
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BM25 model to compute the similarity value between documents by using one docu-
ment as the query. Given the query document ¢, the similarity score for the document
d is defined as follows:

N-n +0.5 (K+DXf

SC0re s (0, d) = 2., f,, Xlog(—— ) dl;’r )
teq t . K % (1—b)+b d +fd,
avedlf ’

where t represents a unique term; N is the number of documents in the collection; n,is
the number of documents in which term t exists; f;,is the frequency of term ¢ in g; f;,
is the frequency of term ¢ in d; dlf, is the sum of term frequencies in d; avedIf is the
average of dIf, in the collection; K=2.0, b=0.8 are constants.

Note that given two documents a and b, the similarity value computed with this
measure when a is taken as the query would be different from the similarity value
when b is taken as the query. In the experiments, the query documents are selected
beforehand, and so we can apply this measure directly, so do the following Pivoit-
edVSM measure and language model measure.

2.4.2 The Vector Space Model with Pivoted Document Length Normalization
The vector space model with pivoted document length normalization [17] is also a
popular retrieval model and is used in the Smart system [16]. In this study, we use this
retrieval model to compute the similarity value between documents by using one
document as the query. Given the query document ¢, the similarity score for the
document d is defined as follows:

SCOTChyoeavem(d d) =

1+1o 5
S (1+log(f,, ) xidf, x YT ! ©)
P ’ 1+logavef,) avedlb+ S x(dlb, —avedlb

where ? represents a unique term; f;,is the frequency of term # in ¢; f;,is the frequency
of term ¢ in d; idf, is the inverse document frequency of term ¢; dlf; is the sum of term
frequencies in d (or the document length of d); dib, is the number of unique terms in
d; avefyis the average of term frequencies in d (i.e., “dIf,/dlb;”); avedIb is the average
of dlb, in the collection; $§=0.2 is a constant.

2.4.3 The Language Model Measure

The language model measure [5, 22] adopts a probabilistic framework and it inter-
prets the relevance between a document and a query as the probability of generating
the query from the document. We use the frequently used the Dirichlet prior smooth-

ing method for the unigram document model 0d. Given the query document g, the

similarity score for the document d is defined as follows:

f]d" + (1= A)X Py, (t10)) (6)

score | (q,d)=Hp(tI9d)=210g(/1>< M
d

teq teq

where f;;;is the frequency of term ¢ in d; dIf, is the sum of term frequencies in d (or the
document length of d); A =dIf, /(dIf, + &), and Py (tIC) is the maximum
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likelihood estimate of the probability of term ¢ in collection C. 4 is a parameter and
is usually set to be multiples of the average document length.

3 The Proposed PTD-Based Measure

The proposed measure circumvents the problem of the optimal matching based meas-
ure by employing the Proportional Transportation Distance to allow many-to-many
matching between subtopics, thus benefiting the evaluation of document similarity
based on subtopic structure.

Similarly, the framework of the proposed PTD-based measure is composed of the
following two steps: 1) Decompose documents into sets of subtopics; 2) Evaluate
document similarity based on the subtopic sets.

In the first step, different algorithms can be adopted to decompose documents, such
as the TextTiling algorithm and the sentence clustering algorithm. In the second step,
the proposed measure formalizes the problem as a transportation problem and adopts
the Proportional Transportation Distance to solve this problem, while the previous
optimal matching based measure formalizes the problem as an optimal matching
problem and adopts the Kuhn-Munkres algorithm to solve this problem.

3.1 Document Decomposition

3.1.1 TextTiling

A document usually has a discourse structure and the structure can be characterized as
a sequence of subtopical discussions that occur in the context of a few main topic
discussions. For example, a news text about China-US relationship, whose main topic
is the good bilateral relationship between China and the United States, can be de-
scribed as consisting of the following subdiscussions (numbers indicate paragraph
numbers):

1 Intro-the establishment of China-US relationships
2-3 The officers exchange visits

4-5 The culture exchange between the two countries
6-7 The booming trade between the two countries

8 Outlook and summary

Texttiling is a technique for automatically subdividing text into multi-paragraph
units that represent subtopics.

The algorithm of TextTiling detects subtopic boundaries by analyzing patterns of
lexical connectivity and word distribution. The main idea is that terms that describe a
subtopic will co-occur locally, and a switch to a new subtopic will be signaled by the
ending of co-occurrence of one set of terms and the beginning of the co-occurrence of
a different set of terms. The algorithm has the following three steps:

1) Tokenization: The input text is divided into individual lexical units, i.e. pseu-
dosentences of a predefined size;

2) Lexical score determination: All pairs of adjacent lexical units are compared and
assigned a similarity value;

3) Boudary identification: The resulting sequence of similarity values is graphed
and smoothed, and then is examined for peaks and valleys. The subtopic boundaries
are assumed to occur at the largest valleys in the graph.
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For TextTiling, subtopic discussions are assumed to occur within the scope of one
or more overarching main topics, which span the length of the text. Since the seg-
ments are adjacent and non-overlapping, they are called TextTiles.

The computational complexity is approximately linear with the document length,
and more efficient implementations are available, such as Kaufmann’s work [10] and
JTextTile [4].

3.1.2 Sentence Clustering

The clustering algorithm is often used to automatically discover the subtopics in a set
of documents and group the documents by those subtopics. Similarly, the clustering
technique can be taken to automatically discover the subtopics in a set of sentences of
a document and group the sentences by those subtopics, such as Zha’s work [21]. In
this study, we employ the hierarchical agglomerative clustering algorithm to group
sentences in a document and get the subtopic structure. Note that the sentences within
one of the resultant subtopics might not be consecutive, while the sentences within
one of those subtopics produced by the TextTiling algorithm are consecutive.

The algorithm is as follows: initially, each sentence is an individual cluster; then
we iteratively merge two sentences with the largest similarity value to form a new
cluster until this similarity value is below a pre-set merging threshold. The merging
threshold can be determined through cross-validation. We employ the widely used
average-link method to compute the similarity between two clusters as follows:

n

Z,:Z]sim (s;.s;) )

i1 j=

sim (c,,c,) =
m X n

where s;, s; are sentences in cluster ¢; and cluster c;respectively, and m is the number
of sentences in cluster ¢; and »n is the number of sentences in cluster c,.

Finally, the sentences in a cluster represent a subtopic.

The computational complexity of the clustering algorithm is O(n’), where n is the
number of sentences in a document.

3.1.3 The PTD-Based Measure

Giannopoulos and Veltkamp [6] propose the Proportional Transportation Distance
(PTD) in order to get a similarity measure based on weight transportation such that
the surplus of weight between two point sets in taken into account and the triangle
inequality still holds. The PTD evaluates dissimilarity between two weighted point
sets where a distance measure between single points, which we call the ground dis-
tance is given. The PTD “lifts” this distance from individual points to full sets.

In our context, the point sets are the subtopic sets for documents, and a weighted
graph is constructed to model the similarity between two documents, and then PTD is
employed to compute the minimum cost of the weighted graph as the similarity value
between two documents. The problem is formalized as follows:

Given two document A and B, a weighted graph G is constructed as follows:

Let A={(t,,,w,),(t,,W,)s...(t,,,W,,)} as the weighted point set of

am

document A, f,; represents a subtopic in document A and its weight w ; is the total

number of the words in the sentences within the subtopic £, .
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Let B = {(t,,,W,,), (2,5, Wy, ). (2,,,W,, )} as the weighted point set of docu-
ment B, #,; represents a subtopic in document B and its weight w,, is the total num-
ber of the words in the sentences within the subtopic Ly -

Let D = {dz,} as the distance matrix where dl.j is the distance between subtopics

land1,; . In our case, di]. is computed by 1-s;, where s; is the Cosine similarity

ijs
between the two blocks of texts for subtopics 7, and ?,, .

Let G={A, B, D} as a weighted graph constructed by A, B and D.
V = A U B is the vertex set while D = {dij} is the edge set. Wy, Wy are the

total weights of A, B respectively.
In the weighted graph G, the set of all feasible flows ¢ = [f};] from A to B is de-
fined by the following constraints:

f;20 1<i<m 1<j<n ®)
D fy=ws 1<i<m ©)
j=1

U w, W

> f% 1<j<n (10)
i=1 B

DD fi=W, (1)

i=1 j=I

Constraint (8) allows moving words from A to B and not vice versa. Constraint (9)
and (11) force all of A’s weight to move to the positions of points in B. Constraint
(10) ensures that this is done in a way that preserves the old percentages of weight
in B.

The PTD(A,B) is given by:
min Fefzszfd"f 12
PTD (A,B) = =LA .
W,

Finally, the similarity between documents A and B is defined as:
Simy, (A, B) =1—PTD(A, B). (13)

Simprp(A,B) is normalized in the range of [0,1]. The higher the value of Simprp(A,B) ,
the more similar the documents A and B.

The PTD is in fact a modification of the Earth Mover’s Distance (EMD) [15] and
has all properties of the EMD for equal total weight sets. For example, it naturally
extends the notion of a similarity distance between subtopics to that of a similarity
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distance between subtopic sets, or documents by allowing for many-to-many matches
among subtopics according to their similarity.

The PTD is calculated by first dividing, for both point sets, every point’s weight by
its point set’s total weight, and then calculating the EMD for the resulting point sets.
Efficient algorithms for the transportation problem are available, which are important
to compute EMD efficiently. We used the transportation simplex method [8], a
streamlined simplex algorithm that exploits the special structure of the transportation
problem. A theoretical analysis of the computational complexity of the transportation
simplex is hard, since it is based on the simplex algorithm which can have, in general,
an exponential worst case. However, in our context, the performance is improved by
the fact that the size of the vertex set in the graph is small. Other efficient methods to
solve the transportation problem have been developed, such as interior-point algo-
rithms [9] which have polynomial time complexity.

4 Experiments

4.1 Experimental Setup

In order to evaluate the performance for the similarity measures, we use a number of
documents as queries and retrieve similar documents from a document corpus based
on different similarity measures. Then the returned list of 200 documents is compared
with the ground truth list. The higher the document is in the ranked list, the more
similar it is with the query document.

As a Java implementation of the TextTiling algorithm, the JTextTile with the rec-
ommended parameter settings is used to segment texts into contiguous topic seg-
ments. For the sentence clustering algorithm, we explore different merging thresholds.

To perform the experiments, a ground truth data set is required. As in previous
work [19], we build the ground truth data set from the TDT-3 corpus, which has been
used for evaluation of the task of topic detection and tracking [1] in 1999 and 2000.
TDT-3 corpus is annotated by Linguistic Data Consortium (LDC) from 8 English
sources and 3 Mandarin sources for the period of October through December 1998.
120 topics are defined and about 9000 stories are annotated over these topics with an
“on-topic” table presenting all stories explicitly marked as relevant to a given topic.

According to the specification of TDT, the on-topic stories within the same topic
are similar and relevant. After removing the stories written in Chinese, we use 40
topics and more than 2500 stories as a test set, while the others are used as a training
set. Sentence tokenization is firstly applied to all documents. The stop word list in
Smart is employed in order to remove stop words. Then we use Porter’s stemmer [12]
to remove common morphological and inflectional endings from English words. The
TextTiling algorithm and the sentence clustering algorithm are adopted to decompose
documents respectively. The total stories are considered as the document collection
for search, and for each topic we simulate a search as follows: The first document
within the topic is considered as the query document and all the other documents
within the same topic are the relevant (similar) documents, while all the documents
within other topics are considered irrelevant (dissimilar) to the query document. Then
the system compares the query document with all documents in the document collec-
tion with one of the similarity measures, returning a ranked list of 200 documents.
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The higher the document is in the ranked list, the more similar it is with the query
document.

As in TREC? experiments, we use the average precisions (P) at top N results, i.e.
P@5 and P@]0, and the non-interpolated mean average precision (MAP) to measure
the performance. Note that the number of documents within each topic is different
and some topics contain even less than 5 documents, so its corresponding precisions
may be low. But these circumstances do not affect the comparison of the performance
for different measures.

4.2 Experimental Results

4.2.1 Similarity Measure Comparison

The results of MAP, P@]0 and P@20 for different similarity measures are shown
and compared in Figure 1. For the PTD-based measure and the OM-based measure,
the performance is dependent on the document decomposition algorithm, so we plot
the highest precisions they achieve based on the TextTling algorithm. We mainly
concern about the MAP value. The upper bounds are the ideal values under the as-
sumption that all the relevant (similar) documents are retrieved and ranked higher
than those irrelevant (dissimilar) documents in the ranked list. If the number of rele-
vant documents for a query document is smaller than 5 or 10, the P@5 or P@ /0 for
this query will never reach 100%. There are a few such queries in the TDT3 corpus,
so the average p@5 or P@10 (i.e. the upper bounds of P@5 or P@ /0) will not reach
100%.
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Fig. 1. Performance comparison for different similarity measures

Seen from Figure 1, the PTD-based measure outperforms all other similarity meas-
ures on MAP and P@35, including the optimal matching based measure. Other obser-
vations are similar to those in previous work [5], e.g. the measures derived from the
popular retrieval functions perform poorly because the full document query differ

2 http://trec.nist.gov
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from the short query in that the full document contains more redundant and
ambiguous information and even greater noise effects; the Cosine measure has a high
performance for evaluating document similarity.

4.2.2 Performance Comparison for Document Decomposition Algorithms

Both the proposed PTD-based measure and the OM-based measure rely on the sub-
topic sets, which can be produced by either the TexTiling algorithm or the sentence
clustering algorithm described earlier. Figures 2, 3 and 4 show the MAP, P@5, P@]0
results for the PTD-based measure and the OM-based measure with different docu-
ment decomposition algorithms, respectively. The TextTiling algorithm and the sen-
tence clustering algorithm with different merging similarity thresholds are compared
in the figures. For example, “cluster(0.01)” refers to the sentence clustering algorithm
with the merging similarity threshold set to 0.01.
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Fig. 2. MAP comparison for different document decomposition algorithms
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Fig. 4. P@10 comparison for different document decomposition algorithms

We can see from Figures 2, 3 and 4 that with the sentence clustering algorithm for
document decomposition, the PTD-based measure performs much better than the
OM-based measure, though both measures have better performance with
the TextTiling algorithm than that with the sentence clustering algorithm. Moreover,
the PTD-based measure has a stably high performance for different document decom-
position algorithms, while the OM-based measure relies largely on the TextTiling
algorithm for document decomposition. In other words, the PTD-based measure is
much more robust than the OM-based measure.

5 Conclusions

In this paper, a novel measure based on the Proportional Transportation Distance
(PTD) is proposed to evaluate document similarity by allowing many-to-many match-
ing between subtopics. The proposed measure overcomes the problem in the existing
optimal matching based measure that only one-to-one matching is allowed between
subtopics. We also explore different algorithms to decompose documents. Experi-
mental results show the high performance and robustness of the PTD-based measure.

In future work, we will apply the proposed measure to evaluate the semi-structured
document similarity. Other tasks, such as document clustering will also be explored
based on the proposed measure.
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Abstract. Implicit acquisition of user preferences makes log-based col-
laborative filtering favorable in practice to accomplish recommendations.
In this paper, we follow a formal approach in text retrieval to re-formulate
the problem. Based on the classic probability ranking principle, we pro-
pose a probabilistic user-item relevance model. Under this formal model,
we show that user-based and item-based approaches are only two differ-
ent factorizations with different independence assumptions. Moreover,
we show that smoothing is an important aspect to estimate the param-
eters of the models due to data sparsity. By adding linear interpolation
smoothing, the proposed model gives a probabilistic justification of us-
ing TFxIDF-like item ranking in collaborative filtering. Besides giving
the insight understanding of the problem of collaborative filtering, we
also show experiments in which the proposed method provides a better
recommendation performance on a music play-list data set.

1 Introduction

Generally, a collaborative filtering algorithm uses a collection of user profiles
to identify interesting “information” for these users. A particular user gets a
recommendation based on the user profiles of other, similar users. User profiles
are commonly obtained by explicitly asking users to rate the items. Collaborative
filtering has often been formulated as a self-contained problem, apart from the
classic information retrieval problem (i.e. ad hoc text retrieval). Research started
with heuristic implementations of “Word of Mouth” (e.g. user-based approaches
[1]), and moved to item-based approaches [I7], and, more recently, various model-
based approaches have been introduced ([8,[13]).

Previous research ([3]) has shown that users are very unlikely to provide an
explicit rating. Asking the user to rate items is annoying and should be avoided
when possible. Alternatively, user profiles can also be obtained by implicitly ob-
serving user interactions with the system. For instance, music play-list indicates
the music taste of a user, and web query logs could indicate the interest of a
user for certain web sites. The implicit acquisition of user preferences makes

M. Lalmas et al. (Eds.): ECIR 2006, LNCS 3936, pp. 37-E8] 2006.
© Springer-Verlag Berlin Heidelberg 2006
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the so-called “log-based” collaborative filtering more favorable in practice (see
Section [2]).

Therefore, this paper focuses on log-based collaborative filtering. We identify
a close relationship between log-based collaborative filtering and text informa-
tion retrieval. We build a user-item relevance model to re-formulate collabora-
tive filtering under the classic probability ranking principle. Given our user-item
relevance models, we also introduce a linear interpolation smoothing into col-
laborative filtering. We show that the smoothing is important to estimate the
model parameters correctly due to the data sparsity. Similar to the situation in
text retrieval, the user-item relevance model provides a probabilistic justification
of using TF xIDF like item weighting in collaborative filtering.

2 Background

2.1 Rating-Based Collaborative Filtering

The preference information about items can either be based on ratings (explicit
interest functions) or log-archives (implicit interest functions). Their differences
lead, to our view, to two different ways to approach collaborative filtering: rating-
based and log-based. Rating-based collaborative filtering is based on user profiles
that contain rated items. The majority of the literature addresses rating-based
collaborative filtering, which has been studied in depth ([I3]). Different rating-
based approaches are often classified as memory-based or model-based. In the
memory-based approach, all rating examples are stored as-is into memory (in
contrast to learning an abstraction). In the prediction phase, similar users or
items are sorted based on the memorized ratings. Based on the ratings of these
similar users or items, a recommendation for the query user can be generated.
Examples of memory-based collaborative filtering include item correlation-based
methods ([I7]), user clustering ([20]) and locally weighted regression ([I]). The
advantage of the memory-based methods over their model-based alternatives is
that they have less parameters to be tuned, while the disadvantage is that the
approach cannot deal with data sparsity in a principled manner.

In the model-based approach, training examples are used to generate a model
that is able to predict the ratings for items that a query user has not rated
before. Examples include decision trees ([I]), latent class models ([8]), and fac-
tor models ([2]). The ‘compact’ models in these methods could solve the data
sparsity problem to a certain extent. However, the requirement of tuning an
often significant number of parameters or hidden variables has prevented these
methods from practical usage.

Recently, to overcome the drawbacks of these approaches to collaborative
filtering, researchers have started to combine both memory-based and model-

based approaches ([14,19]).

2.2 Log-Based Collaborative Filtering

Implicit interest functions usually generate binary-valued preferences. That is a
one indicates as a “file is downloaded”, or a “web-site is visited”. Few log-based
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collaborative filtering approaches that deal with such data have been developed
thus far. Two examples are the item-based Top-N collaborative filtering approach
([A10]) and Amazon’s item-based collaborative filtering ([12]).

The following characteristics make log-based collaborative filtering more sim-
ilar to the problem of text retrieval than the rating-based approaches:

— Log-based user profiles, e.g., play-lists, are usually binary-valued. Usually,
one means ‘relevance’ or ‘likeness’, and zero indicates ‘non-relevance’ or ‘non-
likeness’. Moreover, in most of the situations, non-relevance and non-likeness
are hardly observed. This is similar to the concept of ‘relevance’ in text
retrieval.

— The goal for rating-based collaborative filtering is to predict the rating of
users, while the goal for the log-based algorithms is to rank the items to
the user in order of decreasing relevance. As a result, evaluation is different.
In rating-based collaborative filtering, the mean square error (MSE) of the
predicted rating is used, while in log-based collaborative filtering, recall and
precision are employed.

Therefore, this paper proposes to apply the probabilistic framework developed
for text retrieval to log-based collaborative filtering. We consider the following
formal setting. The information that has to be filtered, e.g., images, movies
or audio files, is represented as a set of items. We introduce discrete random
variables U€ {u1,...,ux} and I€ {i1,...,ip} to represent a user and an item
in the collection, respectively. K is the number of users while M is the number
of items in the collection. Let L,, denote a user profile list for user ux € U.
L,, is a set of items that user u has previously shown interest in. Ly, (im,) =1
(or iy, € Ly, ) indicates that item 4,, € I, is in the list while L,, (im,) = 0 (or
I, ¢ Ly, ) otherwise. The number of items in the list is denoted as | L, |-

The purpose of log-based collaborative filtering is to rank the relevance of a
target item to a user. This could be represented by the retrieval status value
(RSV) of a target item towards a user, denoted as: RSV, (i,). Heuristic im-
plementations of “Word of Mouth’ introduced in [4,[6] give the following basic
item-based and user-based approaches to calculate the RSV when we consider
the binary case:

User-based : RSV, (im) = Z su (wk, up) Ly, (im)

Top-N similar up

Item-based : RSV, (im) = Z 51(ipyim)
Vip:ip €L

(1)

where s; and sy are the two similarity measures between two items and two
users, respectively. The two commonly used similarity measures are the Pearson
Correlation and the Cosine similarity ([I]). Alternatively, frequency counting
has been used as a basis for similarity measures in ([4,[10]). To suppress the
influence of items that are being purchased frequently, they have introduced a
TF xIDF-like weighting (similarity) function:
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C(ibv im)/c(iM)

c(ip)®

2)

S](ib, Zm) -

K
where ¢(ip, im) = Y Ly, (im) N Ly, (Ip)) is the number of user profiles in which
k=1

both items i, and 4,, exist (i.e., items they co-occur); and ¢(7) is the number of
user profiles containing item i. « is a tuning parameter.

3 A User-Item Relevance Model

In log-based collaborative filtering, users want to know which items fit their
interests best. This section adopts the probabilistic relevance model proposed in
text retrieval domain ([ITL[I5]) to measure the relevance between user interests
and items. We intend to answer the following basic question:

— What is the probability that this item is relevant to this user, given his or
her profile.

To answer this question, we first define the sample space of relevance: @g. It
has two values: ‘relevant’ r and ‘non-relevant’ 7. Let R be a random variable
over the sample space @g. Likewise, let U be a discrete random variable over
the sample space of user id’s: Py = {uq, ...,ux} and let I be a random variable
over the sample space of item id’s: &1 = {i1,...,ip}, where K is the number of
users and M the number of items in the collection. In other words, U refers to
the user identifiers and I refers to the item identifiers.

We then denote P as a probability function on the joint sample space @ x
®@; x . In a probability framework, we can answer the above basic question
by estimating the probability of relevance P(R = r|U,I). The relevance rank
of items in the collection @; for a given user U = wy, (i.e. retrieval status value
(RSV) of a given target item toward a user) can be formulated as the odds of
the relevance:

_log P(r|ug, i)

RSVuk (Zm) - ]og P(ﬂuka ZWL)

(3)
For simplicity, R =r, R =7, U = ug, and I = i,, are denoted as r, 7, uy, and
im, respectively.

Hence, the evidence for the relevance of an item towards a user is based
on both the positive evidence (indicating the relevance) as well as the negative
evidence (indicating the non-relevance). Once we know, for a given user, the RSV
of each item I in the collection (excluding the items that the user has already
expressed interest in), we sort these items in decreasing order. The highest ranked
items are recommended to the user.

In order to estimate the conditional probabilities in Eq. [3], i.e. the relevance
and non-relevance between the user and the item, we need to factorize the
equation along the item or the user dimension. We propose to consider both
item-based generation (i.e., using items as features to represent the user) and
user-based generation (i.e., treating users as features to represent an item). Since
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the two generative models are very similar to each other, for readability, the re-
mainder of the paper presents our results using the item-based generation model;
the analogous model based on user-based generation is given in Appendix A.

3.1 Item-Based Generation

P(ug|ipm,o)P(e]iy,)

Plarlim) , the following log-odds ratio

By factorizing P(e|uy,%,,) with
can be obtained from Eq. @)):
P(rlim, ur) o Puklim, ) Plim|r)P(r)

Pilimue) % Pluglimr) T8 Pl P Y

RSV, (im) = log

Without explicit evidence for non-relevance, and following the language modelling
approach to information retrieval ([I1]), we now assume that: 1) independence
between wuy, and iy in the non-relevance case (7), i.e., P(ug, |im,7) = P(ug|F);
and, 2) equal priors for both uy and 4,,, given that the item is non-relevant. Then
the two non-relevance terms can be removed and the RSV becomes:

RSV, (im) = log P(ug|im,r) + log P(im|r) (5)

Note that the two negative terms in Eq. @) can always be added to the model,
when the negative evidences are captured.

To estimate the conditional probability P(ug|im,r) in Eq. (@), consider the
following: Instead of placing users in the sample space of user id’s, we can also
use the set of items that the user likes (L,, ) to represent the user (uy). This
step is similar to using a ‘bag-of-words’ representation of queries or documents
in the text retrieval domain ([16]). This implies: P(ug|im,7) = P (L, |im, ). We
call these representing items as query items. Note that, different with the target
item %,,, the query items do not need to be ranked since the user has already
expressed interest in them.

Further, we assume that the items in the user profile list L,, (query items)
are conditionally independent from each other. Although this naive Bayes as-
sumption does not hold in many real situations, it has been empirically shown
to be a competitive approach (e.g., in text classification ([5L18]). Under this
assumption, Eq. (B) becomes:

RSV, (im) =1og P(Ly, |im, ) + log P(im|r)

= Y log Pliplim,r) + log P(in|r) (6)

Vib:ibELuk
The conditional probability P(ip|im,r) corresponds to the relevance of an item
1y, given that another item i,, is relevant. This probability can be estimated by
counting the number of user profiles that contain both items ¢, and i,,, divided
by the total number of user profiles in which i,, exists (see also, [10]):

P(ip, im|r) _ c(iby im)
P(ip|r) c(im)

(7)

Pml(ib|im7 71) =
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3.2 Probability Estimation and Smoothing

Using the frequency count in Eq. () to estimate the above probability corre-
sponds to using its maximum likelihood estimator. However, many item-to-item
co-occurrence counts will be zero, due to the sparseness of the user-item matrix.
Therefore, we apply a smoothing technique to adjust the maximum likelihood
estimation ([I8]).

In information retrieval (|2I]), most smoothing methods apply two different
distributions: one for the words that occur in the document, and one for the
words that do not. Here, we also adopt this formulation. To estimate P (ip|iy,, ),
we use Ps(ip|im, ), when c¢(ip,im) > 0, while when ¢(ip, i) = 0 (i.e., 45 and
im do not co-occur in any of the user profiles), we assume the probability is
proportional to the general frequency of 7 for the whole user profile set. That is
P(ip|im,r) = oy, P(ip|r), where «;  depends on item i,,. Then, the conditional
probability between a user and an item can be formulated as follows:

log P(ug|im,r) =1og P(Luy, |im,T)
= Z log Py (ip|im, ) + Z log a;, P(ip|r)

Vip iy € Ly, NC(ipy8m ) >0 Vip iy € Ly N(iyim )=0

_ Z log Py (ip|im, 7 )_|_ Z log s, P(ip|r) (8)

Q; ip|r
Viy:iy € Luy Ne(ib,im)>0 i P (00]r) Viyiiy€ L,

1p |2 T .
= Z log ( b‘ (m7| )) + |Luk | log o, + Z log P(’Lb|7“)
Wiy 1ip € Ly (i im ) >0 Wiy iy € Lu,,

Since the last term is independent from the target item i,,, it can be dropped
when we calculate the RSV of item 4,,. Combining Eq. (@) and Eq. ), we obtain
the following:

RSVy, (im)

PS ; .m7 .
- S g2 p togas, +log Plinlr) ()

V’L’b:ibEL“kﬁ(‘(’Lb,’Lm)>O azmp(2b|’r)

Eq. (@) gives a generative ranking formula. Next, we consider a special case: a
linear interpolation smoothing.

The Linear Interpolation Smoothing. A linear interpolation smoothing can
be defined as a linear interpolation between the maximum likelihood estimation
and background model. To use it, if we define:

Ps(ib‘imﬂ“) = (1 - )\)Pml(ib\im,r) + )\P(ib|r)

10
ai?n = >\ ( )

where Ppi(ip|im,r) is the maximum likelihood estimation as given in Eq. ().
The item prior probability P(ip|r) is used as background model. Furthermore,
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the parameter A € [0,1] is a parameter that balances the maximum likelihood
estimation and background model (a larger A means more smoothing). Usually,
the best value for A is found from a training data. The linear interpolation
smoothing leads to the following RSV:

RSVy, (im)

_ (1 = N P (iplim, ) . . 11
- > log(1 + NI )+ log Plin|r) (M)

Vip iy € Ly NC(ipy8m ) >0

3.3 Discussion

IDF. The usage of TFxIDF-like ranking shown in Eq. [l was studied in [4] and
has been shown to have the best performance. However, [4] does not provide the
justification about the usage of the inverse item frequency (1/P(ip|r)) by proba-
bility theory. By considering the log-based collaborative filtering probabilistically
and proposing the linear interpolation smoothing, our user-item relevance model
in Eq. [l provides a probabilistic justification. Our ranking formula can directly
be interpreted as TF xIDF-like ranking, since:

Pt (iplim, ) o< c(ipyim)/c(im) and P(ip|r) o< c(ip) (12)

Also, Eq. [ allows a very intuitive understanding of the statistical ranking
mechanisms that play a role in log-based collaborative filtering:

— The relevance rank of a target item i, is the sum of both its popularity
(prior probability P(iy,|r)) and its co-occurrence (first term in Eq. [[1]) with
the items (i) in the profile list of the target user. The co-occurrence is
higher if more user expresses interest in target item (i,,) as well as item 4.
However, the co-occurrence should be suppressed more when the popularity
of the item in the profile of the target user (P(ip|r)) is higher.

— When X approaches 0, smoothing from the background model is minimal. Tt
emphasizes the co-occurrence count, and the model reduces to the traditional
item-based approach ([I2]). When the A approaches 1, the model is more
smooth, emphasizing the background model. When the parameter equals 1,
the ranking becomes equivalent to coordination level matching ([7]), which
is simply counting the number of times for which c(ip, i,,) > 0.

Two Representations. Traditionally, collaborative filtering makes a distinc-
tion between user-based and item-based approaches. Our probabilistic user-item
relevance model, derived with an information retrieval view on collaborative
filtering, demonstrates that the user-based (Eq. [[6) and item-based (Eq. [
models are equivalent from the probabilistic point of view, since they have ac-
tually been derived from the same generative relevance model (Eq.[B]). The only
difference in derivation corresponds to the choice of independence assumptions,
leading to the two different factorizations.

Consequently, this formula gives a much better understanding of the under-
lying statistical assumptions that are made in these two approaches. In the
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user-based approach, a target item is assumed to be judged or rated indepen-
dently (see the Appendix A) while in the item-based approach, a target user is
assumed to independently judge or rate each query item. Besides the differences
in the number of users (K) and the number of items (M), we believe that these
underlying assumptions are the major factors to influence the performances of
these two approaches in practice.

4 Experiments

The standard data set used in the evaluation of collaborative filtering algorithms
(MovieLens) is rating-based, which is not suitable for testing our method using
log-based user profiles. The user logs we used were collected from the Audioscrob-
blerl community. The audioscrobbler data set is collected from the play-lists of
the users in the community by using a plug-in in the users’ media players (for
instance, Winamp, iTunes, XMMS etc). Plug-ins send the title (song name and
artist name) of every song users play to the Audioscrobbler server, which updates
the user’s musical profile with the new song. That is, when a user plays a song in
a certain time, this transaction is recorded as a form of {userID, itemID, ¢} tuple
in the database.

For computational reasons, we randomly sampled the data set to limit the
number of users to 428 users and the number of items to 516. The sparsity
(percentage of zero values in the user-item matrix) is 96.86% .

For cross-validation, we randomly divided this data set into a training set
(80% of the users) and a test set (20% of the users). Results are obtains by
averaging 5 different runs (sampling of training/test set). The training set was
used to estimate the model. The test set was used for evaluating the accuracy of
the recommendations on the new users, whose user profiles are not in the training
set. For each test user, 50% of the items of a test user were put into the user
profile list. The other 50% of the items were used to test the recommendations.
By doing so, the number of items in the user profiles reflects the distribution in
the overall data set.

The effectiveness of the log-based collaborative filtering experiments can be
measured using the precision and recall of the recommendations. Precision mea-
sures the proportion of recommended items that are ground truth items (only
partially known, by the half of the user profiles). The recall measures the pro-
portion of the ground truth items that are recommended. Note that the items in
the profiles of the test user represent only a fraction of the items that the user
truly liked. Therefore, the measured precision underestimates the true precision
([9). In the case of making recommendations, precision seems more important
than recall. However, to analyze the behavior of our method, we report both
metrics on our experimental results.

We first studied the behavior of the linear interpolation smoothing. For this,
we plotted the average precision and recall rate for the different values of the
smoothing parameter A. This is shown in Fig. [l

! Audioscrobbler is found at http://www.audioscrobbler.com/



A User-Item Relevance Model for Log-Based Collaborative Filtering 45

—6— Top-1 retum

06l Top-10 return|
—— Top-20 retumn|

—+— Top-40 return|

—o— Top-1 retum
Top-10 return|
Top-20 return
—— Top-40 return|

°
&
T

°
S

Recommendation Precision
Recommendation Recall
°
@

°
©
T

02

0.1 L L : > c v . L L . f v s s i e < ¢ Ad—.
o 01 02 03 04 0.5 0.6 0.7 08 0.9 1 0 0.1 02 03 0.4 05 06 0.7 08 0.9 1
lambda lambda

(a) Precision (b) Recall

Fig. 1. Performance of the linear interpolation smoothing

Fig. [ (a) and (b) show that both precision and recall drop when A reaches
its extreme values zero and one. The precision is sensitive to A, especially the
early precision (when only a small number of items are recommended). Recall
is less sensitive to the actual value of this parameter, having its optimum at a
wide range of values. Effectiveness tends to be higher on both metrics when A
is large; when M is approximately 0.9, the precision seems optimal. An optimal
range of A near one can be explained by the sparsity of user profiles, causing
the prior probability P(iy|r) to be much smaller than the conditional probability
Prui(ip|im, 7). The background model is therefore only emphasized for values of
A closer to one. In combination with the experimental results that we obtained,
this suggests that smoothing the co-occurrence probabilities with the background
model (prior probability P(ip|r)) improves recommendation performance.

Next, we compared our user-item relevance model to other log-based collab-
orative filtering approaches. Our goal here is to see, using our user-item rele-
vance model, whether the smoothing and inverse item frequency should improve
recommendation performance with respect to the other methods. For this, we
focused on the item-based generation (denoted as UIR-Item). We set A to the
optimal value 0.9. We compared our results to those obtained with the Top-N-
suggest recommendation engine, a well-known log-based collaborative filtering
implementation ([IIIID This engine implements a variety of log-based recom-
mendation algorithms. We compared our own results to both the item-based
TF xIDF-like version (denoted as ITEM-TFIDF) as well the user-based cosine
similarity method (denoted as User-CosSim), setting the parameters to the opti-
mal ones according to the user manual. Additionally, for item-based approaches,
we also used other similarity measures: the commonly used cosine similarity
(denoted as Item-CosSim) and Pearson correlation (denoted as Item-CorSim).
Results are shown in Table[Il For the precision, our user-item relevance model
with the item-based generation (UIR-Item) outperforms other log-based collabo-
rative filtering approaches for all four different number of returned items. Overall,

2 http://www-users.cs.umn.edu/”~ karypis/suggest/
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Table 1. Comparison of Recommendation Performance

Top-1 Item|Top-10 Item|Top-20 Item|Top-40 Item

UIR-Item 0.62 0.52 0.44 0.35
Item-TFIDF 0.55 0.47 0.40 0.31
Item-CosSim 0.56 0.46 0.38 0.31
Item-CorSim 0.50 0.38 0.33 0.27
User-CosSim 0.55 0.42 0.34 0.27

(a) Precision
Top-1 Item|Top-10 Item|Top-20 Item|Top-40 Item

UIR-Item 0.02 0.15 0.25 0.40

Item-TFIDF 0.02 0.15 0.26 0.41

Item-CosSim 0.02 0.13 0.22 0.35

Item-CorSim 0.01 0.11 0.19 0.31

User-CosSim 0.02 0.15 0.25 0.39
(b) Recall

TF xIDF-like ranking ranks second. The obtained experimental results demon-
strate that smoothing contributes to a better recommendation precision in the
two ways also found by [21]. On the one hand, smoothing compensates for missing
data in the user-item matrix, and on the other hand, it plays the role of inverse
item frequency to emphasize the weight of the items with the best discriminative
power. With respect to recall, all four algorithms perform almost identically. This
is consistent to our first experiment that recommendation precision is sensitive
to the smoothing parameters while the recommendation recall is not.

5 Conclusions

This paper identified a close relationship between log-based collaborative filter-
ing and the methods developed for text information retrieval. We have built a
user-item relevance model to re-formulate the collaborative filtering problem un-
der the classic probability ranking principle. Using this probabilistic framework
of user-item relevance models, we introduced a linear interpolation smoothing
in collaborative filtering. We showed that smoothing is an important aspect to
estimate models due to the data sparsity. Similar to the situation in text re-
trieval, the user-item relevance model provides a probabilistic justification of
using TF xIDF-like item weighting in collaborative filtering.

Our further research aims to introduce relevance feedback into collaborative
filtering. One of the powerful characteristics of linear interpolation smoothing is
that we can vary smoothing parameter: A — A(ip) for the different items iy, in the
user profile. It can then be treated as the importance of the query item. In the
beginning, all the items in the user profile are treated equally. From relevance
feedback, the importance value for different query items can be updated by using
EM algorithm ([7]).
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A User-Based Generation

By factorizing P(e|ug, i) With P(iy,|ug, ®)P(e|uk)/P(im|uk), the following log-
odds ratio can be obtained from Eq.[3]:

RSV, (im) = log P(rlim, ur)

B (i ur)
o Plinfusr) Pl PO)
=18 B u ) T Plug ) P(7) (13)
P (i |ug,r)
x log ————= (lm|uk,)

When the non-relevance evidence is absent, and following the language model
([I11), we now assume equal priors for iy, in the non-relevant case. Then, the
non-relevance term can be removed and the RSV becomes:

RSV, (im) = log P(im|uk, ) (14)

Instead of using the item list to represent the user, we use each user’s judgment
as a feature to represent an item. For this, we introduce a list L; , for each item
im, where m = {1,..., M'}. This list enumerates the users who have expressed
interest in the item i,,. L; (ux) = 1 (or ux € L;,) denotes that user uy is in
the list, while L;  (ur) = 0 (or uy ¢ L;,,) otherwise. The number of users in the
list corresponds to |L;,,|.
Replacing i, with L,  , after we assume each user’s judgment to a particular

item is independent, we have:

RSV, (im) = log P(im|uk,r) = Z log P(up|ug,r) (15)

Vup:up €Ly,

Similar to the item-based generation, when we use linear interpolation smoothing
to estimate P(up|ug,r), we obtain the final ranking formula:

RSVuk (lm) = Z log P(’LLb|’LLk7T)

YVup:up€Lj,,

1 — NP (uplug, r

(16)

| log A

Vup:up €L, Ne(up,ug)>0

where X € [0,1] is the smoothing parameter.
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Abstract. In this paper, we describe a new approach for retrieval in texts with
non-standard spelling, which is important for historic texts in English or German.
For this purpose, we present a new algorithm for generating search term variants
in ancient orthography. By applying a spell checker on a corpus of historic texts,
we generate a list of candidate terms for which the contemporary spellings have
to be assigned manually. Then our algorithm produces a set of probabilistic rules.
These probabilities can be considered for ranking in the retrieval stage. An exper-
imental comparison shows that our approach outperforms competing methods.

1 Introduction

In 2005, we have seen a number of initiatives addressing the problem of digitising books
and making them available on the Internet, following earlier less ambitious projects like
e. g. project Gutenberﬂ. The US search engine Google proclaimed an effort to digitise
15 million books. Some months later, the Open Content Alliancd was formed by sev-
eral companies, research institutes and universities from the US. Since these initiatives
are focusing on books in English only — and mainly as a reaction to the Google digi-
tisation initiative — the European Union plans to create a European digital library in
order to preserve the culture of the European countries. This library should include texts
from the traditional European libraries and make them available on the Internet. So far,
19 European libraries have signed the corresponding manifest [[6]. There have been al-
ready several digitisation projects in the past, but only a small fraction of the library
content is digitised so far. With a European digital library project, the collections that
are available in the Internet could be growing exponentially.

In contrast to countries with institutions defining spelling standards (e.g. Spain,
France), Englisﬂ?] and German [[11]] spelling was not stable over several centuries. En-
glish spelling was more or less fixed around 1800. In contrast, German spelling was not
standardised until 1901/1902. Before that date, there was the rule ‘write as you speak’
(phonological principle of spelling) [8]. Because of the various dialects and the varia-
tions over time, German spelling before 1900 was highly time- and region-dependent.
But even for languages like French where the orthography has been standardised, early
spelling variants are occurring [2]. Furthermore, the predominant part of the 6,000

1 http://www.gutenberg.org/
2 http://www.opencontentalliance.org/
3 http://en.wikipedia.org/wiki/English spelling) access 20 January 2005 11:05.
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contemporary spoken languages never became official languages and thus, they have
never been standardised at all [[15]].

The non-standard spelling produces problems when searching in the historic parts
of digital libraries. Most users will enter search terms in their contemporary language
which differs from the historic language used in the documents. In order to solve this
problem, our project deals with the research and development of a search engine where
the user can formulate queries in contemporary language for searching in documents
with an old spelling that is possibly unknown to the user. For this purpose, we are
developing transformation rules for generating historic spellings from a given word.

More specifically, our project aims at the following goals:

— The development of time- and location-specific rule sets. The revision of rules from
the text basis and from statistical analyses should be possible.

— The development of new distance measures for spelling variants on the basis of a
modified Levenshtein similarity measure.

— Application of the search engine in other German digitisation projects (e.g. the
Nietzsche project [[1]).

The search engine under development is based on the probabilistic information re-
trieval engine PIRE [9] and will create a platform that supports the interactive, iterative
development of new rules.

The paper has the following structure. In Section 2, we give a brief survey over
related work. Section 3 discusses approaches for the search in text collections with
non-standard spelling, and outlines our work. The core of our approach is presented in
Section 4, where we specify the generation of rules for transforming words into their
ancient spellings. Our approach is evaluated in Section 5, and the last section concludes
the paper and gives an outlook on future work.

2 Related Work

Rayson et.al. [[14] describe a project for dealing with historic spellings of English. They
developed a variant detector for English texts from the 16th-19th century. A major dif-
ference to our work consists in the fact that German is a highly inflected language, in
contrast to English. Thus approaches developed for English can hardly be applied for
German.

Previous digitisation projects for the German language (e.g the Bayrische Staats-
bibliothekﬂ) employed standard search engines. Some of them are thesaurus-based (in
combination with manual indexing), but they do not offer specific support for search-
ing in historic texts. Other approaches use dictionaries for this purpose. However, this
approach covers only the words contained in the dictionary. Furthermore, the time and
effort for the manual construction of the word entries is rather high.

We want to overcome this disadvantage with a rule-based approach, in order to be
able to cover the complete vocabulary (and thus increase recall). On the other hand, the
rules to be developed should be sufficiently precise, for distinguishing between spelling
variants of the search term and other words.

4 http://www.bsb-muenchen.de/mdz/
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The topic addressed in this paper is related to problem of approximate name match-
ing [10]. There names with an incorrect spelling have to be found in a list of names.
However, the major difference between the two problems consists in the fact that names
usually differ only in their spelling, but not in their pronunciation. In contrast, words
from historic texts may also differ in their pronunciation, mainly due to regional dialects
[15]. These differences can also have effects on the spelling (see section[I)).

The problem studied here is also somewhat related to cross-language information
retrieval [[12], since in both cases mappings between words are considered. However,
our problem can be solved by means of mappings at the grapheme level, while only
dictionary-based approaches are suitable for cross-language information retrieval.

3 Searching in Text Collections with Non-standard Spelling

There are two possible approaches for searching in texts with spelling variants:

1. Stemming at indexing time: This standard information retrieval method requires the
set of stemming rules to be known at indexing time. In the case of spelling variants,
also rules for the standardisation of the different spellings are necessary. However,
the German language is a highly inflected language. Rule-based stemming for con-
temporary German requires rather complex rule sets, so it would be very difficult
to find the inflection rules which map the ancient spelling onto the associated con-
temporary radical. In our case, no rule set for spelling standardisation exists (and,
due to the time- and region-dependence, will probably never become available).

2. Generation of search term variants at retrieval time: For this query expansion again
rules for inflections and derivations of words as well as for handling spelling vari-
ants are required, but this time in the opposite direction, i.e. we need a mapping

search term — contemporary inflections (or derivations) — spelling variants
This approach is more flexible, as new rule sets can easily be adopted.

Indeed, the first approach would be a lot faster than the second one, because the time-
sensitive processing of the transformation happens once when a new collection gets
indexed. However, we assume that rule sets for spelling variations will not be fixed for
quite a long time and so only the second approach gives us the necessary flexibility.

In the latter approach, we first have to deal with morphological variations, before
we can start constructing the rules for spelling variants. For this purpose, we are using
a contemporary dictionaryﬁ containing the full word forms [13]. Thus, when the user
enters a search term (in its basic word form), the dictionary yields all inflected forms.
This way, we can focus on the second mapping, i.e. the generation of spelling variants
of the inflected forms.

By comparing the inflected forms of the dictionary with the word list of our corpus
(or using a spell checker), we are getting a list of candidate words in non-standard
spelling (some words also may not be contained in the dictionary, though). On the other
hand, this method will not be able to detect homographs (ancient spelling that matches

5 http://wortschatz.uni-leipzig.de/
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a different contemporary word); this issue will be addressed at a later stage of our
project. This way, we get a list of candidate words from our corpus. Then, we have to
check manually if the words are really in a non-standard spelling, and have to assign
the equivalent words in the contemporary standard spelling. After that, we can focus on
the second step — the building of new rules.

Even though the studied language is German we also found examples for English
[[14]] where our approach could be employed. E. g. always — alwaies (y — ie), sudden
— suddain (e — ai), and publicly — publikely (c — ke).

In the following we list some example rules developed manually for the 19th century
German (Table/[T).

Table 1. Example rules for German

Contemp. spelling|19th century |rules |

wiedergaben widergaben |wieder — wider [(1)
ie—1i

akzeptieren acceptieren |kz — cc 2)
k—cAz—c

iiberall ueberall i — ue 3)

seht sehet t— et @)

The first example shows two rules at different levels of specialisation. The first
rule transforms a prefix whereas the second one only transforms an allograph (see
section [5.2). The next example also offers two possibilities. In this case the transfor-
mation can consist of one rule or the concatenation of two rules. However it becomes
apparent that the precision of the first rule would be much higher than that of the second
rule. The third case shows a very common rule for umlauts. The last example contains
a very general rule, but it could reach a higher precision if the rule is connected with
context information (in this case the end of the word). So not only the transformation
itself is important, but also the associated position.

Even though our approach requires a substantial manual effort at the beginning, we
expect that only little additional work is required later when the collection is growing
continually — due to the fact that we are working at the grapheme level.

4 Generation of Transformation Rules

As described above, our rule generation method starts with a training sample of his-
toric texts, on which we run a spell checker for contemporary Germanfl. For all words
marked as incorrect spelling, the contemporary word form has to be assigned manually;
furthermore, we determine c¢f the number of occurrences of each historic word form.
Thus, we have a set H of triplets (a,h,cf) (contemporary word form a, full word form
h, collection frequency cf).

6 We are not using the contemporary dictionary for this purpose, since it contains a large number
of spelling errors, due to the fact that it was built automatically from large volumes of Web

pages.
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In the following, we denote a character string a also as a sequence ay . . . a,. Further-
more, if n =0, then g . .. a, denotes the empty string €, and a|b denotes the concatena-
tion of strings (for convenience, we don’t distinguish between characters and strings of
length 1 here). The definitions apply accordingly for a character string h. Furthermore,
we assume that each word form has a leading and a trailing blank. For lists we use the
Prolog-like notation [/1,...,I], and we also use the notation [A|¢] for splitting a list into
head 4 and tail ¢.

For generating transformation rules, we use the set H containing the contemporary
words and their historic spellings. First, we compare the two words and determine so-
called ‘rule cores’, i.e. the necessary transformations. In a second step, we generate
rule candidates that also consider context information from the word a. Finally, in the
third step, we select the useful rules by pruning the candidate set. For describing the
different steps, we are specifying the functions involved — the corresponding algo-
rithms offer various possibilities for optimisations, which are still under development
(a straightforward implementation could be achieved by using Prolog or a function-
oriented programming language).

4.1 Generate Rule Cores

For the rule cores, we determine the necessary transformations and also identify the
corresponding contexts. First, we define a function rcg1(), which creates a mixed list of
transformations and contexts when being called with two words and an empty string as
initial value. For example, for a=* unniitz > and b=° unnuts ’, rcg(a,b,” *) would yield
p= [ unn’,(‘0’,w’),t’,(‘2’,s”),  ’].

regl(ag...an,hy ... hy,p) =
[P] ,ifn=m=0
regl(ay...an,hy ... Wy, play Jifar=mh
p,(ar...aj,hi...h)|regl(aj...an by ... hy,€)]
sothata;,| = hjy1 and j+mis minimum  , if @) # hy

Given such a list L, we now generate the rule cores, i.e. the transformations with the
left and right contexts, by means of the following recursive function:

reg(L) =
0 Jf L] =1
{ reg(L")U{(l,z,r)} with L =[I,z,r|R] and L' = [r|R] , otherwise

For our example from above, we would get the following 2-element set of rule cores:
{(4 unn’,(‘ij’7‘u’),6t’), (Gt”(ﬁz”‘s’)’é 9).

4.2 Generate Rule Candidates

For each rule core, we want to generate a set of rule candidates, by successively adding
left and right context to the left-hand side of a transformation rule. Besides considering
the exact characters occurring in the context, we also regard abstractions to the two
character classes vowels and consonants denoted by V and C, respectively. In addition,
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B denotes a blank. Thus, the left context of a transformation has the general syntax
B?[CN]*[‘a’..‘z’]*m, and the right context follows the grammar [‘a’..‘z’ |*[C/V]*B?.

For each element (/,(s,d),r) from our list of rule cores, we call the function
rg(l,r, (g,s,€,d)) which is defined as follows:

rg(l,rt) = rgel(l,rt) Urger(l,rt) Urge(l,rt)
rge(l,rt) = rgl(l,nt) Urgr(l,nt)U{r}

rgel(ly ... Ly, vy oo i, (f,8,0,d)) =
{ rg(ly .. Ly—v,r1 ooty (Ll f,5,b,d)) ,ifn>0
0 , otherwise
rger(ly...Ly,r1 oo .rm, (f,8,b,d)) =
{ rg(ly...Lyyra ..ty (f,8,D|r1,d)) ,if m >0
0 , otherwise
rgl(ly ... Lyyry o, (f,5,b,d)) =

rge(ly...dy—1,r1...1m, (cc(l)|f,8,b,d)) ,if n >0
0 , otherwise

rgr(ly .. dy,ry .. .rm, (f,8,b,d)) =

rge(ly...Ly,ro...vm, (| f,8,b|cc(r1),d)) ,if m>0
0 , otherwise

Here rgcl() and rger() generate rules containing literal characters, whereas rge() pro-
duces rules with the generalisations mentioned above. rgl() generalises the next charac-
ter of the left context, and rgr() the next character on the right. In practical applications,
we further restrict the number of candidate rules generated by these functions by defin-
ing a maximum length for the left and right context to be considered.

For our example from above, the following candidate rules are generated (among
others: (&,l,&,u), (n,ii,e,n), (&,i,t,u), (n,i,t,u) (C,i,e,u), (¢i,C,u), (C,i,C,u).

Given these candidate rules for a contemporary word a and its historic form h, we
generate a tuple (a,h,¢f, (f,s,b,d)) for each candidate rule; in addition, ¢f denotes the
collection frequency of h. The set of these tuples for all our triplets from H forms the
set of training instances E.

4.3 Rule Set Pruning

The generation of the final transformation rules can be regarded as a classification task,
where we have to distinguish between ‘correct’ and ‘incorrect’ rules. The set E of in-
stances e; = (a;,h;, cfi, (fi,s:,bi,d;)) € E with the rule candidates contains the positive
examples. The negative examples consists of the words a in £ where a rule can be
applied, but has not been generatedﬁ.

7 According to the notation of regular expressions, ? denotes an occurrence once or not at all
and * denotes an occurrence zero or more times.

8 This is only an approximation, but a proper set of negative examples would require a huge
manual effort.
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For deriving a good set of transformation rules, we have developed an extension of
the PRISM algorithm developed in data mining [4]. PRISM assumes that we have a set
of instances to be classified into a set of classes (in our case: correct/incorrect rules).
Instances are described by a fixed set of attributes with values from a nominal scale. For
each class C, the algorithm tries to find a set of high-precision rules for identifying the
instances belonging to C.

For each class C
Initialise E to the instance set
While E contains instances in C
Create a rule R with an empty left-hand side that predicts C
Until R is perfect (or there are no more attributes to use) do
For each attribute A not mentioned in R, and each value v,
Consider adding the condition A=v to the left-hand side of R
Select A and v to maximise the accuracy p/t
(break ties by choosing the condition with the largest p)
Add A=v to R
Remove the instances covered by R from E

Unfortunately, we cannot apply PRISM directly, for two major reasons:

1. We are not aiming at perfect rules, since this would result in rules which are specific
for each contemporary word form — and thus, hardly any words not seen before
would be covered by these rules (i.e. we would get a high precision, but very low
recall).

2. Instead of a set of attributes with fixed sets of nominal values, we have a possibly
infinite set of left-hand sides of rules. For this reason, we are generating rule candi-
dates from examples, whereas PRISM generates rules independent from examples
and then tests their quality. In PRISM, adding a condition to a rule results in a more
specific rule. In our case, we also have generalisation/specialisation relationships
between rule antecedents, which we can exploit for directing the search.

Based on these considerations, we have developed the rule pruning algorithm that
takes the candidate set £ and outputs a final set F' of rules. (Similar algorithms have been
proposed for text categorisation, see e. g. [3]], but they do not consider the specialisation
hierarchy on rule conditions.) As additional parameters, two cutoff values have to be
specified for this algorithm: g, denotes the minimum number (of tokens) of correct
applications of a rule, and pp,, is the minimum precision of rules to be considered.

Let us assume that we have a Boolean function match(r,a) which tests if the word
a satisfies the right-hand side of rule r. Based on this function, the most expensive step
in our algorithm is the search for all word forms where match() yields true. In order
to speed up this process, we first sort the instances by the rule itself; thus, we have
to perform the search only once for each rule (and not once per instance). Due to the
regular structure of our rules, we can use an access structure like a PAT array [7] for
determining all matching word forms.

In the following ¢; denotes the number of positive occurrences of rule r and p; de-
notes the precision of rule r.
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For each training instance e;, let
Ei = {V‘}’ EENTr= (a,h,Cf, (ﬁvsiubivdi))}
m; = z ij

e;CEAmatch(e;,a;)
qi = 2 cfj
ejEE,-
qi
mj

pi=

Remove all instances ¢; from E where p; < pPmin V ¢i < ¢min-
Let F =0.

while E # 0 do

1. from the instances with the highest p values, select those with the highest g values
and among those, choose one for which there is no instance in £ with a more
general rule. Let e; denote this instance.

2. F=FU(e;,pi).

3. remove all instances from E where e; applies: let

D= {ej|ej € E/\ej = (ajahjacfjv(f/»sjaijdj)) A
dey € ENey = (ahhj,cfb(ﬁ,si,bi,dk))

Thenset E := E — D.
od.

4.4 Rule Application

Given the set of probabilistic rules as described above, they can be applied in our search
engine. For a contemporary word a, we want to generate all historic spellings. Thus, for
any element (r;, p;) € F, if match(r;,a), r; is applied to a, thus yielding the word a;. This
way we are generating a set of historic spellings for a single word a, by application of
single rules. Obviously, these word forms are not all equally precise. Therefore, these
words should be assigned weights which reflect the precision of the rules they resulted
from [17]].

Our retrieval engine considers the precision of rules in the following way:

For a spelling variant w generated from a search term ¢, we interpret p as the prob-
ability p = P(+ — w) that ¢ implies w. Since our search engine is based on retrieval
as uncertain inference, these probabilities can be easily incorporated into the retrieval
process (e.g. in the simple case of binary indexing and single-term queries, p would be
the weight of a document containing w).

5 Evaluation

For evaluation, we compared our new approach with two other methods developed be-
fore. Here we first describe the alternative methods, and then we present the experimen-
tal results.
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5.1 Manually-Built Rules

In [[L1], the manual construction of two rule sets for 19th century German texts is de-
scribed. For the first rule set, each rule can only be applied at most once at a specific
position in a word (e. g. 4 — e). In contrast, the rules from the second rule set (e. g. aa
— a) can be applied an arbitrary number of times. Due to the fact that spelling vari-
ants often occur because of differences in pronunciation, a part of the rules have been
developed by comparing pronunciations. Other rules have been developed by literature
research. For each word in question, these rules are applied onto the contemporary and
the historic word form. If the results of the transformations are equal, this means that a
historic spelling variant has been found.

5.2 Variant Graph

The approach presented in [2]] is similar to phonetic name matching. For each graphem,
the appropriate allographs are generated. For example, the grapheme f has the allo-
graphs {u,v, f, ff,pf}. Given the set of allographs for each graphem, a variant graph
can be build for each input word in contemporary spelling. For each grapheme in the
input word this graph contains the corresponding allographs; each path in the graph
produces one variant spelling. As an example, Figure 1 shows the variant graph for the
word ‘Himmel’ (sky).

E

Fig. 1. The variant graph for ‘himmel’

5.3 Experiments

For a comparative evaluation of the different approaches, we used documents from the
Nietzsche collection and other smaller collections containing texts from the 19th cen-
tury. The manually build rule set had been developed only based on the Nietzsche col-
lection while the rule set for the other two approaches had been developed for the whole
test collection. Our small collection contains 64290 word tokens, with 11326 different
words (types). After feeding the types into the spell checker, followed by manual check-
ing of the marked words, we were left with 717 different words in historic spellings.

Since our new approach requires a training sample, we split the available data such
that two thirds of the instances were used as training sample, and the remaining third as
test sample.

The recall and precision values are based on collection frequency of the retrieved full
word forms. The results of applying the three approaches to the test sample are shown
in Table
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Table 2. Recall and precision figures of the three approaches

Approach Precision|Recall
Manual rules 0.53 0.09
Variant graph 0.48 0.69
Automatic rules| 0.45 0.88

The manually developed rules from [[L1] perform poorly, as they achieve a precision
of 0.53, but only a recall of 0.09. In addition to the low quality, a major disadvantage
of the manual rules is the intellectual effort for their development. Thus, this approach
does not seem to be suitable for supporting retrieval of texts in historic spelling, because
we did not even get an expected high precision for the available rules.

With the variant graph, we reach a similar precision, but a recall level of 0.69.
Roughly speaking, this approach misses one out of three words in historic spelling; this
is not a satisfying result - even though only a fraction of all words occur in non-standard
spelling. Another drawback of the variant graph method is the large number of spelling
variants generated (e. g. 18 in Figure 1), which increases retrieval times substantially.

The automatic generated rules reach a precision of 0.45 and a recall of 0.88. In
comparison to the other two approaches, precision is slightly inferior. On the other
hand, the recall is 28 % better as that of the variant graph method.

With the automatically generated rules, it is also simple to look at the precision
values for single rules. These precision values are based on the collection frequency
of full word forms and the false positives the rules are used for. Table [3] shows some
frequently used rules with their corresponding precision values.

We generated a first rule set with the parameters ppin, = 0.0 and gnin = 1. By ap-
plying higher thresholds values pp;, in our rule pruning algorithm, we can increase the
precision on the test sample. Table 4 shows the corresponding results. A reasonable
threshold seems to be 0.4, because recall decreases only slightly from 0.88 to 0.86,
while precision decreases from 0.45 to 0.77 and is consequently superior to the preci-
sion values of the other two approaches.

Table 3. Frequently used rules

Rules |C0ntext | Frequency | Precision|Examples

t—th 116 0.67 Einteilung - Eintheilung

4 — ae |post: C |42 0.98 Amter - Aemter

s— B 35 0.62 aus - aul}

k—c 32 0.8 Kollegien - Collegien

i — ue 20 0.69 Ubertragung - Uebertragung
i—ai 18 1.0 souverin - souverain

Table 4. Recall and Precision for different threshold values pyi,

pmin 0.0 0.1 |02 |03 [0.4 |0.5 0.6 0.7 |0.8 [0.9 |1.0
Recall |0.88]0.87]0.87]0.87]0.86]0.73]0.73]0.69]0.65|0.63]0.29
Precision|0.45]0.65|0.65[0.75]0.77]0.93]0.94]0.96]0.98[0.99[1.00
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Overall, these results the implementation of our new approach show that automati-
cally generated rules outperform previous methods, and that we are on the right track
to achieve a high quality in the generation of historic spellings.

6 Conclusion and Future Work

In this paper, we have discussed the problem of retrieval in historic texts with non-
standard spelling. We have shown that due to the large variations in historic spellings,
the standard stemming approach cannot be applied. Instead, historic variants of the
search terms have to be generated. By using a contemporary dictionary containing the
inflected word forms, we first map the search term onto its inflected forms, and then
generate the corresponding historic variants. For this purpose, we have described a ma-
chine learning method for generating appropriate transformation rules. Since the rules
have probabilistic weights, these weights can be considered in retrieval for weighting
the documents matched by search terms generated through weighted rules.

So far, we have only a first version of our algorithm. As an obvious extension of the
basic algorithm, we should consider better parameter estimation methods for estimating
the precision of rules with a small number of positive examples. The manual analysis
of the errors on the test set has shown that a large number of errors is caused by a few
words. Thus, these words should be considered as exceptions in the rules — so the rule
generation algorithm should be modified accordingly.

For an application of our approach to large corpora, we are also working on the de-
velopment of an interactive tool for rule generation. Instead of assessing a large number
of ‘misspelled” words before starting rule generation, the interactive tool would start
with a few assessed examples only, generate rule candidates and then ask the user for
judging about (a representative sample of) other words where these rules apply.

So far, our method has been applied to German texts only. However, by exchanging
the linguistic resources (i.e. the dictionary containing the full word forms) it can be
easily applied to other languages.

The module for generating historic variants of search terms will be integrated in a
probabilistic engine for the retrieval of historic texts. Only through retrieval experiments
with historic collections, we can assess the ultimate quality of the new method presented
here.
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Abstract. In this paper, we propose a common phrase index as an ef-
ficient index structure to support phrase queries in a very large text
database. Our structure is an extension of previous index structures for
phrases and achieves better query efficiency with negligible extra storage
cost. In our experimental evaluation, a common phrase index has 5%
and 20% improvement in query time for the overall and large queries
(queries of long phrases) respectively over an auziliary nextword indez.
Moreover, it uses only 1% extra storage cost. Compared with an inverted
index, our improvement is 40% and 72% for the overall and large queries
respectively.

1 Introduction

In this information age, search engine acts as an efficient tool for seeking in-
formation from a vast heap of online texts. By providing an ad hoc query, we
can immediately get a set of texts from gigabytes text database. As the Internet
is growing at an extremely fast pace, the number of hosts available increased
more than 130 folds (from 1.3 to 171 million) in the last decade. Hence, search
engines should be able to evaluate queries efficiently and effectively. In other
words, the systems should resolve queries quickly and also provide accurately
what the users want [I3]. In order to improve the effectiveness of searching, con-
sidering phrases in searching and indexing seems to be an interesting idea for
the following reasons:

— Phrases come closer than individual words or their stems to express struc-
tured concepts.

— Phrases have a smaller degree of ambiguity than their constituent words.
That is, while two words are both ambiguous, the combination is not, since
each of its two constituent words creates a context for the unambiguous
interpretation of the other.

— By using phrases as index terms, a document that contains a phrase would
be ranked higher than a document that just contains its constituent words
in unrelated contexts.

* The work described in this paper was fully supported by a grant from the Research
Grants Council of the Hong Kong Special Administrative Region, China [Project
No. CityU 1198/03E].

! Source: Internet Software Consortium (http://www.isc.org/).

M. Lalmas et al. (Eds.): ECIR 2006, LNCS 3936, pp. 61-[Z1] 2006.
© Springer-Verlag Berlin Heidelberg 2006
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Previous research works on phrase recognition and automatic phrase forma-
tion [6,[7,8] resulted in improved retrieval effectiveness. Also, an amalgamated
hierarchical browsing and hierarchical thesaurus browsing can be used to dis-
play the result set of documents in a more effective way than simply listing the
results [T1].

To efficiently resolve a query with gigabytes of online texts, an efficient way of
indexing is essential. A conventional and practical way of indexing is the inverted
index [I7]. For each term in the index, there are a list of postings with document
identification numbers, within-document frequencies and offsets at which the
term appears. To resolve a query, we can simply combine the lists attached to
each of the query terms to get the results. It is straightforward to intersect the
lists with the consideration of the offsets of the terms to produce the result set for
a phrase query. However, for evaluating common words, the process of merging is
slow due to the long list of postings retrieved. Even if we use pruning techniques
like frequency-sorted indexing and impact-sorted indexing so that we need not
retrieve the whole postings list of a term [12/5,[12], the number of retrieved
highest-scored postings of a common word can still reach several megabytes.
Also, these early termination heruistics do not retain the complete set of result
documents.

Nextword index provides a fast alternative for resolving phrase queries, phrase
browsing, and phrase completion [I5]. Unlike an inverted index, it has a list of
nextwords and positions following each distinct word. The set of first words is
known as the wvocabulary or firstword. The words following the firstwords are
called nextwords. The major drawback of using nextword indez is its large space
consumption which is around 60% of the size of the indexed data. With careful
optimization techniques [3], the size of a nextword index file can be reduced to
49% of the indexed data. An auziliary nextword index proposed by Bahle et. al
[4] further reduces the space overhead to only 10% of the size of the inverted
index file.

In this paper, we propose a new indexing structure which we call common
phrase index. Building on the ideas of the inverted index and auxiliary nextword
index, it divides the vocabulary into two sets: rare words and common words.
We attach a list of postings to each of the rare words as in an inverted index. For
the common words, it differs from the nextword index structure in that it has a
collection of trees such that each root-to-leaf path represents a phrase starting
from a common word and ending in a terminal word. Moreover, postings lists
are only attached to the leaf nodes of the tree. This combination of structures
breaks down the original inverted lists of terms and provides useful additional
information for evaluating phrases efficiently from a large text database. Similar
to our index, Moffat and Zobel [I0] proposed that inverted lists can be broken
into groups by introducing synchronization points. However, our index applied
the concept of phrase and hence has the following advantages over it. First, it
supports fast phrase query evluation. Also, it breaks only some inverted lists
but provides significant improvement in efficiency. Last, it is not required to
determine the number of document pointers in a group.
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In our experiments, we implemented a prototype system to compare an in-
verted index, auxiliary nextword index, and common phrase index against a set
of benchmark documents and query logs. Our results show that common phrase
index speeds up the overall efficiency and large-sized query evaluation by 5% and
20% respectively. Both the inverted index and nextword index have a significant
increase in the query time as the size of query increases. In contrast, common
phrase index shows only a slight increase in query time as the query size in-
creases. Also, the storage usage is just increased by about 1% of the auxiliary
nextword index.

The rest of this paper is organized as follows. Section 2] and [ describe the in-
verted index, nextword index, and auxiliary nextword index. Section [ introduces
our common phrase index and its interesting characteristics. Section [ explains
our experiment setup and presents our results. Section [0l is our conclusion and
future work.

2 Inverted Indexes

Inverted indez, or inverted file structure, is the most commonly used index struc-
ture for database management and information retrieval systems [9]. An inverted
index is a two-level structure. The upper level is all the index terms for the col-
lection. For text database, the index terms are usually the words occurring in
the text, and all words are included. The lower level is a set of postings lists, one
per index term. Following the notation of Zobel and Moffat [16], each posting is
a triple of the form:
< d, fd,t7 [01, ceey Ofd,t} >

where d is the identifier of a document containing term ¢, the frequency of ¢ in d
is fq,t, and the o values are the positions in d at which ¢ is observed. To evaluate
a query, each query term is used to fetch a postings list via the vocabulary
search. For instance, suppose we have the following four documents associated
with their contents:

Document 1 {Computer Science}

Document 2 {Computer Engineering}

Document 3 {Search Engine}

Document 4 {Computer Science: Search Engine}.

Then, the postings lists of “computer” and “science” are:

<computer, 3, <1, 1, [11>, <2, 1, [1]>, <4, 1, [1]>>
<science, 2, <1, 1, [2]>, <4, 1, [2]>>.

It indicates that document 1, 2, and 4 have one occurrence of “computer” each
at the position 1 of the documents. The term “science” exists at position 2 of
both document 1 and 4. To resolve a phrase query “Computer Science”, we
first retrieve the corresponding postings list of each query term and then we
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sort the lists according to the value f; in ascending order. Finally we intersect
the lists one by one from the rarest to the most common term with a temporary
structure. When intersecting the sorted lists, we have to consider the proximity.
The query terms “Computer” and “Science” have a position difference of one.
Hence, for each intersect operation, we first see if there is any document identifier
present in both structures. For each matched document, we check if the offsets of
them are having a position difference of one. So, the results of the phrase query
“Computer Science” are document 1 and 4.

3 Nextword Indexes and Auxiliary Nextword Indexes

Inverted index is not efficient for evaluating query with common terms since
the three most common words account for about 4% of the size of the whole
index file [4] and retrieving such long postings list can suffer a long operation
time. Hence, nextword index [I5] is proposed to construct an index by recording
additional index for supporting fast evaluation of phrase queries.

A nextword index is a three-level structure. The highest level is of the dis-
tinct index terms in the collection, which we call firstwords. At the middle level,
for each firstword there is a collection of nextwords, which are the words ob-
served to follow that firstword in the indexed text. At the lowest level, for
each nextword there is a postings list of the positions at which that firstword-
nextword pair occur. Using the same example we employed in Section 2] the
postings lists of all firstword-nextword pairs of the nextword index are shown
below:

<computer_science, 2, <1, 1, [1]1>, <4, 1, [1]>>
<computer_engineering, 1, <2, 1, [1]>>
<science_search, 1, <4, 1, [2]>>
<search_engine, 2, <3, 1, [1]>, <4, 1, [3]>>.

To pose a phrase query “Computer Science”, nextword index just needs to fetch
a single list of postings instead of retrieving two long lists of postings and per-
forming intersection. This speeds up the evaluation of a phrase query. The ap-
plications of nextword index can be found in [I5]. However, the size of index is
large. Bahle et. al [4] observe the weakness of resolving phrase query by using an
inverted index and the enormous size overhead of a nextword index and hence
proposed auxiliary nextword index. The main idea of the auxiliary nextword
index is that only the top-frequency words are to be indexed with nextwords.
For example, using the same sample documents as Section [2] and assuming that
“computer” is the only high-frequency or common word, all firstword-nextword
pairs of the auxiliary nextword index are as:

<computer_science, 2, <1, 1, [1]1>, <4, 1, [1]1>>
<computer_engineering, 1, <2, 1, [1]>>.
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To resolve a query, the steps are similar to an inverted index. However, the
auxiliary nextword index first contends with the common words of query terms,
and then the rest. Experimental result in [4] shows that having the three most
common terms as firstwords consumes just 10% of space of the inverted index.
Therefore, a huge amount of space is saved compared with nextword index. The
ideal size of phrase query for an auxiliary nextword index is two because only
one fetching is required. However, in the query log of Excite dating 1997 and
1999, queries of size two occupied only 35.28%. For queries of size one, which
accounts for 25.36%, no index can be more efficient than an inverted index. For
the remaining 39.36% of queries, a nextword index has to perform at least two
fetchings and one intersection. We will show that a common phrase index can
further improve the efficiency for query size larger than two.

4 Common Phrase Indexes

The main difference between a common phrase index and an auxiliary nextword
index is that the additional index terms are not fix-sized firstword-nextword pairs
but variable-sized common phrases. For each common phrase, there is a postings
list of the positions at which that common phrase occur.

4.1 Common Phrases

We define common phrase as a sequence of two or more contiguous words that
starts with a common word and ends in a terminal word.

We define common words as those words having the highest frequencies in
a set of queries. Thus our notion of common word is sensitive to the query
workload. For concreteness, we take the Excite query log dating 1997 and 1999
as reference. We first count the frequency of each distinct word of the query
logs. The highest-frequency words are known as common words and the others
are called rare words.

Terminal words are words which are likely to be the end of a phrase. We
observe that in an auxiliary nextword index, some of the indexed pairs (e.g.
“in_all”, “in_new”, “in_the”) can actually be expanded in order to achieve fur-
ther efficiency improvement. These firstword-nextword pairs do not end in a
significant or terminal word (to be defined). We have investigated the 2.1 mil-
lion queries in the query logs of the Excite dating 1997 and 1999. In the logs,
we count the frequency of each function (or part-of-speech) of the last word of
all queries by submitting the words to Merriam-Webster OnLine and retrieving
the corresponding functions, see Table [Il If a word has more than one func-
tion, we take the most popular function of the word. Note that, the function
Others includes misspellings and proper nouns. In the table, we observe that
prepositions, adverbs, conjunctions, definite articles, indefinite articles, and pro-
nouns occupy only 0.408% of all last words of the queries. That is, a query
often contains a phrase with last word having other kinds of function. Thus,
we define the terminal word of our common phrase as any word whose function
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Table 1. Function Frequency of Query Last Word

Function Frequency|Percentage
adjective 62482 2.938%
preposition 1556 | 0.073%
adverb 5116 0.241%
conjunction 209 0.010%
definite article 79 0.004%
indefinite article 15 0.001%
verb 126252 5.936%
noun 1050804 | 49.410%
pronoun 1686 0.079%
others 878512 | 41.308%

(). |
L@%@ﬂ ]

Rare <ienn>, <o > <o > ‘

Words

Fig. 1. Common Phrase Index Structure

is not a preposition, adverb, conjunction, definite article, indefinite article, or
Pronoun.

The structure of common phrase index is illustrated in Figure [II where the
(C’s are common words, R’s are rare words, T’s are terminal words, and W’s
are the others. The concept of common phrase index can be easily illustrated
by using a simple example to compare the structure of auxiliary nextword in-
dex and common phrase index. For instance, suppose we have the following
documents:

Document 1 {Students of the same year}
Document 2 {Computer and applications}
Document 3 {Usage of the Search Engine}.

For the sake of brevity, we omit all the postings lists of the rare words. Then,
the auxiliary nextword index for the documents contains:
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<and_applications, 1, <2, 1, [2]>>
<computer_and, 1, <2, 1, [1]1>>
<of_the, 2, <1, 1, [2]>, <3, 1, [2]>>
<the_same, 1, <1, 1, [3]>»>
<the_search, 1, <3, 1, [3]>>

while the common phrase index for the documents contains:

<and_applications, 1, <2, 1, [2]>>
<computer_and_applications, 1, <2, 1, [1]>>
<of __the_same_year, 1, <1, 1, [2]>>
<of_the_search, 1, <3, 1, [2]>>
<the_same_year, 1, <1, 1, [3]>>
<the_search, 1, <3, 1, [3]>>.

The number of contiguous words in an auxiliary nextword index is capped at
two while that in a common phrase index is not limited. The size of a common
phrase stops growing when it encounters a terminal word. In the above example,
the postings list of the firstword-nextword pair “of_the” in the nextword index is
broken down into “of_the_same_year” and “of_the_search” in the common phrase
index. By issuing a query “computer and applications”, auxiliary nextword index
has to perform two fetchings and one intersection while the common phrase index
has to perform just a single fetching.

Note that by using common phrase index, high efficiency in phrase evaluation
can be sustained even if the query size is large. Our experiments in Section
show that improvement of common phrase index enlarges when the query size
increases. The further breakdown of the postings lists in common phrase index
supports high efficiency with low additional storage overhead comparing with
auxiliary nextword index.

4.2 Query Evaluation
To evaluate a query with common phrase index, we perform the following steps:

1. Identify the first common word of the query.

2. Expand the common word to a common phrase by adding the succeeding
words of it until a terminal word or end of query is reached. If the common
phrase is found, fetch the postings list to a temporary structure. Then mark
all the words of the common phrase as covered.

3. Find the next common word from the query terms that are not yet covered.

4. Repeat Step 2 and intersect the fetched postings list with the temporary
structure until all common words are covered.

5. For all the words not yet covered, which must be rare words, fetch the as-
sociated postings list and intersect with the postings list in the temporary
structure.

4.3 Dynamic Nature of Common and Rare Words

Our experiments use a set of common words that is “ideal” for a certain set of
queries. In reality, the set of highest-frequency words in query log keeps changing.
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We have studied a report that analysed an Excite query log of 16 September 1997
[14] which listed the top 75 terms that are occurring more than 1110 times in
the 531,416 unique queries. The top 8 terms with more than 5000 times each in
unique queries are the words likely to have high-frequency at anytime, they are
“and”, “of”, “sex”, “free”, “the”, “nude”, “pictures”, and “in”. These terms have
80778 or 15.2% of the total occurrences of the top 75 terms. However, some terms
ranked in the top 75 are not that stable especially for those having less than 2000
times each in unique queries. They are popular for querying at a certain period of
time because of some incidences. For example, the terms “princess” and “diana”
which are having 1461 and 1885 times respectively in 1997 because many people
are in memory of Diana, Princess of Wales. The high-frequency word “diana” is
ranked at 31°¢ in 1997 but it falls to 315" when we take both 1997 and 1999
Excite query log into consideration. The term “princess” is ranked from 45 in
1997 and dropped to 362" in both 1997 and 1999.

Our observation suggests that common phrase index should be dynamically
changing according to the high-frequency terms at that time. Basically, common
phrase index is a combination of an inverted index and additional indexes of
common phrases. By using this combination, it is easy for updating the index
file. The system has to keep the frequency of each query term. For each word
newly falling into the set of common words, we break down the corresponding
postings list into several lists indexed by common phrases. In contrast, for each
word that is newly excluded from the set of common words, we can union the
lists of common phrases into one list.

5 Experiments

In our experiment, we implemented a prototype system to evaluate phrase
queries for comparing the efficiency and total size of inverted index, auxiliary
nextword index, and common phrase index. We used a database system, MySQL,
to store all the postings lists, vocabularies, and dictionary. All experiments were
run on an Intel 3 GHz Pentium 4-based server with 2 Gb of memory, running
Linux operating system under light load.

We used a set of benchmark documents and query logs in our experiments.
For test documents, we used the . Gov web research collection from TREC. This
collection is especially for Information Retrieval systems in a Web context and
large-scale information retrieval systems design and evaluation. It was collected
in early 2002 and contains about 1.25 million .gov web pages with a total size of
about 18.1 Gbytes. For test queries, we used the query logs provided by Excite
dating to 1997 and 1999. These are the same query logs used by Bahle et. al [4].
There are 2.1 million queries in the query logs (including duplicates).

We did the following preprocessing to each document. First of all, any format-
ting information such as HITML or XML tags are removed from the document.
Special characters are replaced by blanks and all upper-case letters are changed
to lower-case. After these, a document becomes a sequence of words separated
by blanks. We then constructed the postings lists for each kind of indexing and
stored them in database.
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In our experiments, we first focus on comparison in efficiency between auxil-
iary nextword index and common phrase index. We tried designating different
number of words as common words in the vocabulary for both indexes, see
Table[2l For each size of the set of common words, we show the overall efficiency
and also break down the results according to the query size in order to pinpoint
where improvements are made. For all the different sizes of the set of common
words we have tested, we have about 4% improvement in the overall efficiency.
For queries of size one and two, the common phrase index does not have any

Table 2. Efficiency in average milliseconds of Auxiliary Nextword Index (ANI) and
Common Phrase Index (CPI) with 10, 20, and 255 common words. (A = ANI — CPI)

Query Size| ANI(10) CPI(10) Zx7ray| ANI(20) CPI(20) y7ray |ANI(255) CPI(255) aritassy
Overall | 367.47 352.30 4.13% | 359.34 341.72 4.90% | 247.77 23755 4.12%
1 79.99  79.98 0.01% | 80.05 79.66 0.49% | 77.36  76.88  0.62%
2 302.49 302.42 0.02% | 300.69 299.60 0.36% | 243.04 241.44  0.66%
3 452.96 44821 1.04% | 445.90 438.91 1.57% | 322.16 311.65 3.26%
4 643.85 619.25 3.82% | 625.79 596.87 4.62% | 383.80 36247  5.56%
5 708.75 642.19 9.39% | 680.87 608.02 10.70% | 375.01  335.58 10.52%
>6 980.00 804.69 17.89%| 921.68 729.56 20.85% | 397.77  331.88 16.56%

Table 3. Efficiency in average milliseconds of Inverted Index (II), Auxilary Nextword
Index (ANI) and Common Phrase Index (CPI) with 255 common words

ANI(255)[CPI(255)

TT—ANI(255) [ II—CPI(255)

Query Size| 11

Overall | 401.80

1 79.97

2 307.57

3 488.34

4 701.48

5 857.19
>6 1223.12

247.77 | 237.55
77.36 76.88
243.04 | 241.44
322.16 | 311.65
383.80 | 362.47
375.01 | 335.58
397.77 | 331.88

1T 7
38.33% 40.88%
3.26% 3.86%
20.98% 21.50%
34.03% 36.18%
45.28% 48.33%
56.25% 60.85%
67.48% 72.87%

Table 4. Size of Inverted Index (II), Auxilary Nextword Index (ANI) and Common
Phrase Index (CPI) with 10, 20, and 255 common words

Index(Common words)|Index Size (Gb) CPIEZJ)\,;ELI;”(Z) mdezl(f)_n
1I 23.08 - -
ANI(10) 25.67 - 11.24%
ANI(20) 26.56 - 15.08%
ANI(255) 26.86 - 16.38%
CPI(10) 25.96 1.13% 12.50%
CPI(20) 26.94 1.44% 16.73%
CPI(255) 27.28 1.59% 18.22%
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improvement as we have expected because it can at most extract phrases of the
same length as in auxiliary nextword index. Note that, the improvement rate in-
creases when the size of query increases. Common phrase index can even achieve
more than 16% improvement when the query size is larger than or equal to six.
We also compare the efficiency between the inverted index, auxiliary nextword
index, and common phrase index, see Table Bl Again, we observe that common
phrase index has a better improvement rate (the rightmost two columns) than
auxiliary nextword index.

The total index sizes of different indexings are shown in Table @l As can be
seen, total index size of the common phrase index is just larger than that of the
auxiliary nextword index by about 1.5%. It is a negligible trade-off for higher
efficiency in query evaluation.

6 Conclusion

We have proposed a novel extension of auxiliary nextword index. Phrase queries
on large text databases can be supported by using common phrase indez. In this
approach, all words in the text document are indexed the same as inverted index;
in addition, the most common words are indexed via common phrase. Unlike the
inverted index and auxiliary nextword index where the size of an index term is
fixed (one word for an inverted index and two words for an auxiliary nextword
index), common phrase index has variable-sized index term. These variable-sized
index terms further break down the postings lists and support the fastest phrase
query evaluation among inverted index and auxiliary nextword index. Having efi-
ciency improvement especially for query size larger than or equal to three, the to-
tal size of it is just larger than that of an auxiliary nextword index by about 1.5%.

Our experimental results show that we can implement common phrase index
for evaluating phrase queries with no significant storage overhead. The only
additional requirement is having a dictionary for checking of terminal words.
However, the dictionary is rather static. Therefore, it can be used for a long
period of time after we built it once.

In our future work, we will also implement and experiment a version of our
index that can adjust its structure according to the dynamic nature of common
words. Since the performance of a common phrase index is highly related to the
chosen common words, it requires the index to be updated after a certain period
of time. We expect that our system will further improve the efficiency with the
dynamic update nature implemented.
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Abstract. The effectiveness of the information retrieval systems is largely
dependent on term-weighting. Most current term-weighting approaches involve
the use of term frequency normalization. We develop here a method to assess
the potential role of the term frequency-inverse document frequency measures
that are commonly used in text retrieval systems. Since automatic information
retrieval systems have to deal with documents of varying sizes and terms of
varying frequencies, we carried out preliminary tests to evaluate the effect of
term-weighing items on the retrieval performance. With regard to the
preliminary tests, we identify a novel factor (effective level of term frequency)
that represents the document content based on its length and maximum term-
frequency. This factor is used to find the maximum main terms within the
documents and an appropriate subset of documents containing the query terms.
We show that, all document terms need not be considered for ranking a
document with respect to a query. Regarding the result of the experiments, the
effective level of term frequency (EL) is a significant factor in retrieving
relevant documents, especially in large collections. Experiments were under-
taken on TREC collections to evaluate the effectiveness of our proposal.

1 Introduction

As the volume of information increases, automatic and effective information retrieval
methods become essential to deal with the growth of information. By far, many stud-
ies show that most information is text based and high retrieval performance is closely
related to the use of appropriate term-weighting scheme [1]. Term weighting has been
introduced to fit exhaustivity and specificity of the search, where the exhaustivity is
related to recall and specificity to precision [2].

One of the most commonly used term weighting schemes is #f-idf model that is
based on two basic principles:

— For a given term in a document, the more a term is frequent, the more likely the
term is relevant to the document

— For a given term, the more the term occurs throughout all documents, the less
likely the term discriminates between documents [3].

There are numerous variants of #f-idf weighting and selecting an appropriate scheme
requires considering some constraints for study a new collection, especially large
collections. The previous works show in spite of the fact that the number of index
terms does not increase proportionally with collection size, the terms discrimination

M. Lalmas et al. (Eds.): ECIR 2006, LNCS 3936, pp. 72-[83]2006.
© Springer-Verlag Berlin Heidelberg 2006
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problem is amplified in the large collections. Therefore the effectiveness of #f-idf
measures needs to be revised with the increasing the collection size due to term het-
erogeneity.

In this paper, we investigate a basic existing weighting scheme to propose a new
term-weighting approach supporting the #f-idf model. First, we present the factorial
analysis of the weighting scheme. Next, we evaluate the impact of the document
length on the different factor of this scheme. Based on our observations, we present a
novel factor for document length normalization (effective level of term frequency)
which is used to find the maximum main terms within the documents. We verify the
impact of this factor on the large TREC collections.

The remainder of the paper is organized as follows. We present a simple overview
of term significance and term weight normalization in Section 2. In Section 3, we
describe our method for document length normalization in details. The retrieval
model and test collections are described in Section 4. In Section 5, the evaluation of
the new method and experimental results are presented. Finally, we discuss our find-
ings and results in Section 6.

2 Models for Term Weight Normalization

The definition of term (the indexing unit), is very critical in the information retrieval
field. Index terms can be used as meta-information that describes documents, and as
key that helps for seeking information. Automatic document indexing removes the
non significant terms (function terms) from the documents, so the documents will
only be represented by content bearing terms [1]. This indexing can be based on term
frequency, where terms that have both high and low frequency within a document are
considered to be function terms [2].

Using the term frequency for indexing is one of the main issues in text retrieval
domain which is stated by Luhn [4]. It is well known that term frequency is largely
dependent on the document length (i.e. the number of tokens in a document) and
needs to be normalized using a technique called ferm frequency normalization [5].
There are various normalized formulas such as “Okapi BM25” [6], “Lnu” [7], “dtu”
[8], “Pivoted normalization” [9] that are used for the various IR models. Two
important reasons for term frequency normalization are:

— The same term usually occurs repeatedly in long documents
— A long document has usually a large size of vocabulary [3].

3 Effective Level of Term Frequency

The main idea of the novel factor for document length normalization (effective level
of term frequency) comes from observation of techniques embedded in any normali-
zation method. Most of the common normalization methods, such as maximum term
frequency, pivoted normalization, byte length normalization use the document length
factor. In addition these methods involve the use of tuned parameters which have an
important impact on the effectiveness of the IR systems [10]. Document length nor-
malization is considered one of the more often studies in the text retrieval researches.
Fang et al. present a set of basic constraints that correspond to the major well-known
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IR heuristics, especially t#f-idf weighting and document length normalization tech-
niques [11]. Singhal et al. show the retrieval effectiveness is improved when a nor-
malization scheme retrieves documents of all lengths with similar chances as their
likelihood of relevance [9].

In our approach, we characterize a traditional retrieval function based on #f-idf
measures by introducing an efficient constraint. The goal is to determine the impor-
tance degree of a query term within each document and collection by ranking terms
based on term frequency.

We define an effective level factor, noted EL(d) , as a percentage (X%) of ranked
terms based on term frequency in document d and 4°(d,¢) the importance degree (the

rank) of term t within document d according to its frequency.

Example: Let us consider a document d;={t;, t,, t3, t,, ts, ts}, with terms having the
following frequency, noted f (d,t):

f(d;, t))=16, f(d;, tp)=1, f(dy, )= 8, f(dy, t;)=5, f(dy, ts)=1, f(dy, tg)=3.
The terms are ranked in decreasing order of their frequency in the document.
dd.) =1 ad.) =2, dd.u)=3. dd.t)=4%4 dd.,) =5 d(d.z)=>5
If the terms ts, t; and t, are considered as important in d; the EL(d,) will be 50%.

Note: the lower d°(d, ¢) is, the higher the importance of term t within document d is.

The value of EL factor regulates the interaction between frequency and importance
degree of a term in the documents. This means that, a document is more relevant for a
query term if this term is one of the important terms within the document. Based on
this constraint, we must find the optimum value of EL. which improves the retrieval
efficiency. In Section 5, we apply this constraint to our retrieval function in two
phases. In the first phase, we obtain the retrieval results for a set of 50 queries with
the original retrieval function (see equation 2). Next, we repeat this experiment ten
times by applying the EL factor to this function. Each time, we select X% of the
documents’ terms as important terms and we will not consider other terms for re-
trieval. In first time: we will consider just 5% of the document’s terms by ranking
terms based on term frequency, in second time: we will select 10% of the terms
within documents as important terms and etc. In the second phase, we consider that
X% of the document’s terms are more important than the others and they will get too
over-weighted. Based on this hypothesis, we will compare the results of experiments
with the initial results.

4 Experimental Framework

4.1 Utilized Retrieval Model

We used Mercure model (an information retrieval system based on spreading activa-
tion process) [12]. Mercure is implemented a vector space model. The document
terms are weighted using a kind of #f-idf measure inspired by OKAPI [13] and
SMART term weighting. The weights of term-document are expressed by:
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W, term-document weight of term t and document dj

- tfij: term frequency of t in the document d.
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- N: total number of documents and n.: number of documents containing term t

- dl;: length of document d

- Al: average document length
- hl1, h2, h3, h4 and h5: constant parameters.
In our experiments the constant parameters were set to 0.1, 0.8, 0.2, 0.7 and 1
respectively and the query terms are weighted according to their frequency within

the query.

4.2 Test Collections

These experiments were undertaken on GOV1 (A crawl of .gov Web sites from early
2002) [14] and WT10G (A subset of the Web from TREC 2001) [15] of the TREC
test collections. The details of these collections are shown in Table 1.

Table 1. Details of the test collections

Collection GOV1 WT10G
# Documents' 1,034,442 1,691,808
# Terms 1,679,541 3,024,452
# Queries 50 50
Avg. Words per Document 250 267
Avg. Single Words per Document 143.5 156.1
Collection Size * 18.1 GB 10 GB

Table 2. Summary statistics for used query setsCollection

Collection | Topic set Topic field Min Max length Avg
GOV1 551 -600 Title & 2 6
Description
WT10G 501 - 550 Title & 1 4
Description

The GOV1 collection has less documents than WT10G but has a much larger aver-
age document size (15k vs 7k). TREC topic sets (551- 600 for GOV1 and 501-550 for

! Number of indexed documents by Mercure.
% The collections have been compressed.



76 S. Karbasi and M. Boughanem

WT10G) and their corresponding relevance judgments are used in our experiments. Test
queries are created using the Title and Description fields of these topic sets. The statisti-
cal information of the query sets is presented in Table 2. For each query, the first
20 documents retrieved by the system are returned. These experiments have been per-
formed with no relevance feedback and no query expansion.

5 Experiments, Results and Discussion

5.1 Effect of Term-Weighting Items

We carried out preliminary tests to know the effect of term-weighing items in our
retrieval model. We chose three factors: A (term frequency), B (inverse document
frequency), C (normalized document length) and analysed the performance of the
retrieval model with various factor combinations. Table 3 shows the precisions ob-
tained with only #f, factor and its effectiveness. Table 4 illustrates the retrieval preci-
sions obtained by combination of #f and the other factors for two collections. The
following functions with various factor combinations have been used in this section.

Factor Retrieval function
e wi=1fj
1 N
o f&idf w, =1f, *(hl +h, *log(D
n;
o f &length ff.
i

M/,./» =

dl, )
h3+h4*ﬂ+h5*tj”.

In Table 4, the notation “#f & idf & length” indicates the use of original function (2).

Based on this analysis and its results, we notice that normalized document length is
the most important factor and idf is the least important factor for two collections. In
addition, Fig. 2 clearly depict that the effect of length factor will be more important in
combination with idf factor for two test collections.

In reality, the importance of document length normalization is a recurring theme in
IR and full-text retrieval necessitates a revision of document length normalization
[16], especially in large collections. Following the above experiments, we tried to
study more profoundly the effect of length factor. In Section 5.2, we will argue the
impact of document length on term frequency and importance degree of term for two
test collections.

Table 3. Retrieval precisions obtained with only #f factor

GOVl WTI10G
Factor tf Factor tf
P@5 0.0286 P@5 0.0440
P@10 0.0245 P@10 0.0500
P@l15 0.0224 P@15 0.0487
P@20 0.0173 P@20 0.0490
Avg Precision | (,0227 Avg Precision | (,0474
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Table 4. Retrieval precisions obtained with various factor combinations

GOV1 WT10G

tf tf

tf tf & tf tf &

Factor & & idf Factor & & idf

Idf length & idf length &
length length
P@5 0.0449 | 0.1878 0.2286 P@5 0.0640 0.2000 0.2960
P@10 0.0388 0.1612 0.1755 P@10 0.0700 0.1900 0.3000
P@l15 0.0360 0.1497 0.1581 P@15 0.0653 0.1793 0.2683
P@20 0.0327 0.1367 0.1490 P@20 0.0560 0.1750 0.2590
Avg Precision | 0.0376 | 0.1588 | 0.1770 Avg Precision | 0.0628 | 0.1855 | 0.2800
A (change) 0.0149 0.1361 0.1543 A (change) 0.0154 0.1381 0.2326

GOV1 Collection
0,20 WT10G Collection

0.18 / - co 0,28 -~
—o- 1

016 0,24 / o
c 0,14
o c
Z 012 e
e ]
& 010 8o
o
% 008 $ 012
g oge g 008
< 0,04 . z 0 [

0,02 0,04

0,00 0,00

B0 B1 B0 B1

Fig. 2. Interaction between factor B (Idf) and factor C (Length) for two collections (level 0:
leaving out the factor, level 1: using the factor)

5.2 Document Length Analysis

The overall aim of the present section is to investigate the relationships between
document length and the other factors of our retrieval function in the test collections.
Since the collections contain the documents of varying lengths, we analysed the
document length normalization technique which is used by retrieval function 2. In this
function, all of the documents are retrieved with similar conditions as their likelihood
of relevance. On the other hand, normalized document length decreases the retrieval
chances of long documents in preference over shorter documents [16].

We analysed the impact of the length factor on the retrieval effectiveness and its
impact on the other factors with calculating their correlation coefficients. Therefore,
we chose a set of ten terms at random from each collection. We computed the
correlation coefficients between different factors (term frequency, document length
and importance degree) in the documents that contain these terms. Table 5 shows
some characteristics of ten chosen terms and the computed correlation coefficients for
two collections. The following notations are used in Table 5.
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e N-Doc: number of documents containing the chosen term
e RI1: correlation coefficient between term frequency #f and document length | d |

e R2: correlation coefficient between term frequency #f and importance degree d°(d ,t)
e R3: correlation coefficient between document length | d | and importance degree d"(d ,t)

Looking at Table 5, we notice that there is not high correlation between #f and
document length factors. The maximum correlation coefficient between #f and
document length factors is 0.24 for GOV 1collection and 0.17 for WT10G collection.
This means that the relationship between two factors is weak. Afterwards, we verified
the correlation coefficient between 1f and d°(d,r) which is presented by R2. The small

values of R2 (between -0.11 and -0.27 for GOV1 collection; between -0.03 and -0.13
for WT10G collection) show a low correlation between #f and d°(d,¢). Consequently,

the high frequency of a term is not a good reason to estimate that this term is located
in a long document. Also, the high value of #f cannot present a high importance degree
of term. Indeed, using document length factor for term frequency normalization
penalizes the term weights of a long document in according with its length. But, the
retrieval chances of small documents containing the low frequency terms will be
increased.

Next, we verified the correlation between document length and importance degree
of term in the documents containing ten chosen terms. The R3 values present this
correlation. These values show that the correlation between document length and
importance degree of term is higher than the correlation between document length and
term frequency. Therefore, the influence of d°(d,t) can be verified for discrimination

the documents’ terms.

Table 5. Correlation coefficients between various factors in the documents containing the
chosen terms

GOVI WT10G
Term N- R1 R2 R3 Term N-Doc R1 R2 R3
Doc

Bilingu 2418 0.1876 | -0.1766 0.6933 Biograph 4762 0.1746 -0.0859 | 0.7817
Boll 740 0.0451 -0.2746 0.7177 Booker 1143 0.1659 -0.1261 0.6191
Diabet 8759 0.0948 | -0.1996 0.6204 Camel 2348 0.0123 -0.1058 | 0.8940
Eradic 3081 0.1176 | -0.2406 0.7372 Humid 4573 0.1080 -0.1119 | 0.6726
Farmer 13802 | 0.1841 -0.2093 0.6223 Invent 9069 0.1456 -0.0990 | 0.7407
Golf 4587 0.1220 | -0.1106 0.7454 Pheromone 239 0.0941 -0.1220 | 0.5744
Mother 10801 0.1596 | -0.2376 0.6650 Referenc 8036 0.1437 -0.0262 | 0.7647
Resort 5677 0.0699 | -0.2209 0.7909 Scar 8163 0.0651 -0.0581 0.7732
Tornado 6460 0.2404 | -0.1689 0.5855 Solar 9440 0.1023 -0.0955 | 0.5970
Visa 7345 0.1123 | -0.2014 0.6985 Steroid 2140 0.0314 -0.0670 | 0.7452

In conclusion, we can say as the length of a document grows, the importance
degrees of the terms within this document decrease (as noted in Section 3, the
lower d°(d,¢) is, the higher the importance of term ¢ in document d is and inversely).
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In the other word, all of the terms within a long document are not good indicators
for document content and we should consider more significant terms for retrieval. We
suggest that it will be useful to determine how many of document terms
are significant and they should be relied upon more than the other terms in the
retrieval process. In the next section, we continue to verify this analysis using the
EL factor.

5.3 Analysis of the Effective Level of Term Frequency (EL)

In this study, our experiments focused on verifying the effectiveness of our hypothesis
described in Section 3, and specifying the characteristics of test collections. Based on
the previous analyses, we used the importance degree of term as a novel factor for
document length normalization. We applied the EL factor to the retrieval function 2 in
two phases.

5.3.1 Phase One

We obtained the retrieval results for a set of 50 queries (the queries sets are presented
in Section 4.2), with considering X% of the documents’ terms as important terms and
we didn’t consider the other terms of documents for retrieval. We repeated this ex-
periment ten times with various values of X (i.e. on each time the number of consid-
ered terms for retrieving is changed). The new term-document weighting function
using EL factor is as follows:

f, R(rf,-){hl +h, *log <N>]
& 3)

w; =

*dlj N
hy+h, E+h5 tflj

with:
-d ( d, ,I_) : the importance degree of term t; within document d;

- EL(d)) : X% of ranked terms based on term frequency in document d; (X: 5, 10,
20,...,90)

Rty if ¢(d,)<=ELd) then R()=1 “)
else  R(t)=0.

The obtained results in this phase and that obtained with original function are listed
in Table 6.

For GOV1 collection, the values of P@35, exact precision and average precision are
higher than those obtained by function 2 when EL has been set to 10%. In addition,
the average precisions obtained in all of the ten experiments (10 cases) are higher than
initial average precision.

For WT10G collection the 10%, 20% and 30% of ranked terms achieve the higher
values for P@5 compared to function 2 but the average precisions are decreased.
Following these observations, we reviewed the characteristic of WT10G collection.
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We noticed that there are more than 3,000,000 indexed terms in WT10G collection
but the number of indexed terms in GOV 1 collection is smaller. Moreover, in WT10G
collection, the number of terms with #/=1 is more than that is in GOV collection.

To verify the general applicability of effective level of term frequency (EL factor),
we tested it again using a different scheme of the constraint 4.

Table 6. Precisions obtained with function 2 and function 3 (phase one)

GoVi WT10G
Rewieval Fncion. | g1y | PGS | precon | precision | P@5 | procison | _Preision
Initial Function (2) | - 0.2286 0.1227 0.1770 0.2960 0.1006 0.2800
5 (%) 0.2245 0.1282 0.1892 0.2840 0.0847 0.2476
10 (%) 0.2367 0.1358 0.1919 0.3040 0.0804 0.2550
20 (%) 0.2327 0.1353 0.1903 0.3120 0.0808 0.2695
Function 3 30 (%) 0.2204 0.1295 0.1835 0.3120 0.0915 0.2793
40 (%) 0.2204 0.1228 0.1846 0.2800 0.0901 0.2727
50 (%) 0.2286 0.1191 0.1827 0.2840 0.0901 0.2758
60 (%) 0.2245 0.1187 0.1806 0.2840 0.0901 0.2764
70 (%) 0.2245 0.1187 0.1806 0.2840 0.0901 0.2761
80 (%) 0.2245 0.1187 0.1806 0.2840 0.0901 0.2758
90 (%) 0.2245 0.1187 0.1806 0.2840 0.0901 0.2758

5.3.2 Phase Two

The obtained results from phase one show that the EL factor with preceding constraint
does not achieve important improvements on WT10G. After verifying the indexed
terms in WT10G collection, we observed that the document terms are very heteroge-
neous and the majority of terms are low frequency. In consequence, most of the low
frequency terms are important and they should be considered for retrieving. Hence,
we changed the constraint 4 to the following constraint:

R(ty): if du(dj,,[_) <=EL(d) then R(t;)=2 3)
else  R(ty) =1.

This constraint means that we consider all of the documents’ terms for retrieving
but certain terms (identified by EL) are weighted twice as much as other terms. Like
as previous phase, we applied this constraint to the initial function ten times (In first
time EL=5%, in second time EL=10% and etc.). After comparing the obtained
precisions, we noticed that in the second case (i.e. when the weights of 10% of ranked
terms are doubled), the values of P@5, exact precision and average precision are
higher than the others. Moreover the obtained precisions are higher than the results of
function 2. For instance, the improvement of the average precision is +17.63% for
GOV collection.

The obtained results from second case and those obtained by function 2 are listed
in Table 7 and their Recall-Precision curves are presented in Fig. 3. As a result, the
EL factor with constraint 5 improves the retrieval results in a large and heteroge-
neous collection such as WT10G. Finally, higher precisions explain that our proposed



Document Length Normalization Using EL of Term Frequency 81
GOV1 collection
0,5
SA_  Function 3
04 O. Initial Function
c 0,3
K]
.g." 0,2
0,1
0,0
0,0 0,2 0,4 0,6 0,8 1,0
recall points
WT10G collection
0,5 “A. Function 3
O. Initial Function
0,4
s 03
a 0,2
0,1
0,0
0,0 0,2 0,4 0,6 0,8 1,0
recall points
Fig. 3. Recall / Precision curves on GOV1 and WT10G (phase two, EL=10%)
Table 7. Precisions obtained with function 2 and function 3 (phase two, EL=10%)
GOV WTI10G
Retrieval Exact MAP Exact MAP
Function p@s Precision p@s Precision
Initial Function (2) | 0.2286 0.1227 0.1770 0.2960 0.1006 0.2800
Function 3 0.2653 0.1373 0.2082 0.3160 0.1126 0.2905
Improvement +16.05 % +11.90 % | +17.63 % | +6.76 % | +11.93 % | +3.75 %

technique performs well in two collections and we can say

effective factor for document lengths normalization.

6 Conclusion

The web information and data collections grow continuously and user’s requests in
information retrieval systems will be more special. Therefore, the new techniques and
researches are necessary to deal with the explosive growth of information. It is well
known that #f-idf weighting scheme is still one of the most plausible approaches to the
text retrieval model. However, the heterogeneity becomes more important in large

the EL factor is an

text collections and term discrimination problem is amplified in these collections.
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In present paper we have described a new approach to document length
normalization scheme called effective level of term frequency with identifying a
novel factor (EL). By investigating a basic scheme of #f-idf weighting and measuring
the effect of its items we proposed our new method, which can be used in large
collections. We tested the new scheme using two large web collections and evaluated
its retrieval performance. According to experimental results, we found that document
length has a strong effect on the retrieval effectiveness. Furthermore, we applied our
novel factor (EL) to Mercure IR system. In our approach, all document terms need not
be used for ranking a document with respect to a query and it is not necessary to
consider all of the documents containing the query terms. This method has shown its
successful applicability and EL is a significant factor to retrieve relevant documents.
In general this method increases the performance of the information retrieval systems
and improves the query run-time, by considering just the important terms and
identifying an appropriate data subset. In the future, we will verify the performance of
EL factor by extended experiments and we will specify the optimal conditions for
utilizing this factor in terabyte data collections.
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Abstract. We research whether the inclusion of information about an
information user’s social environment and his position in the social net-
work of his peers leads to an improval in search effectiveness.

Traditional information retrieval methods fail to address the fact that
information production and consumption are social activities. We amelio-
rate this problem by extending the domain model of information retrieval
to include social networks.

We describe a technique for information retrieval in such an enviro-
ment and evaluate it in comparison to vector space retrieval.

1 Introduction

In the late 1990s, the field of information retrieval rose to meet new challenges
posed by the ubiquitous nature of the world wide web: Information retrieval in
an environment where individual documents are not characterized only by their
content, but also by their relationship to other documents. By the means of hy-
perlinks, a web author can express associations with other authors’” documents
that may reside anywhere on the web. Successful techniques for this task are
primarily characterized by their reliance on the spectral properties of the web
graph. Prime examples are the PageRank algorithm [I] and the HITS [2] algo-
rithm, both of which represent first-order approximations of matrices derived
from the web graph: The adjacency matrix in the case of PageRank, and the
bibliographic and co-citation coupling matrices in the case of HITS. At the core
of both algorithms is an acknowledgement of the democratic and social nature of
the web: A human author’s act of including a hyperlink to another page is an act
of social interaction. A hyperlink expresses an endorsement of the page that is
linked to. The sum of all hyperlinks is used to determine the relative importance
of all pages — as a sum of judgements made by humans. This idea revolutionized
the the field of web retrieval and shaped the nature of web retrieval systems for
years to come.

However, the nature of the web has changed since the inception of spectral
retrieval techniques. Whereas previously, web pages were crafted as individual
documents, nowadays many web pages amount to nothing more than user in-
terfaces: interfaces to an underlying database, an underlying information space
that is made accessible via the web. Many of these information spaces model so-
cial relationships between their participants in a much more direct manner than
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one could glean from analyzing the surface hyperlink structure of the interface.
A logical next step is directly analyzing the social structure of the information
space. This social structure may then be used for the purpose of information
retrieval. This paper presents an attempt to leverage social networks for infor-
mation retrieval, in environments that do not follow the usual presumptions
made in web retrieval.

The rest of this paper is structured as follows: Sect. [ lists related work.
Sect. Bldescribes social software on the web. Sect. Bl gives an extended information
retrieval models which includes social relations, and explains a retrieval technique
based on this model. Sect. Bl presents the evaluation of this technique. Sect.
concludes the paper.

2 Related Work

Google was one of the first web search engines to incorporate analysis of the web
graph into its ranking algorithms. The PageRank algorithm [I] was a novelty
among search engines at the time and was quickly singled out among independent
observers as the main factor for its success. The impact of PageRank on the
quality of Google’s search results is not known; as is common for a web search
engine, the innards of its scoring algorithm are kept secret. Evidence for the
importance of PageRank in web retrieval is still scarce: According to [3], only
11 of 74 submitted runs at the TREC-2004 ‘Web’ track used PageRank, and only
one of the top systems used it.

ReferralWeb [45] is a system for mining social relations from the web and ex-
ploring social networks. The authors describe it as ‘combining of social networks
and collaborative filtering’; its focus is extracting a social network from web
pages, finding experts for a topic and linking the searcher to the expert by a
path in the social network. ReferralWeb differs from other social networking ap-
plications because it extracts social links from publicly available information on
the web; it does not require the user to sign up with a service and explicitly name
his colleagues and collaborators. A formal evaluation of ReferralWeb’s effective-
ness, as compared to other information retrieval systems, was not conducted to
our knowledge.

I-sPY [6] is an experimental meta search engine developed at University College,
Dublin, Ireland. 1-sPY implements collaborative ranking, borrowing ideas from
collaborative filtering: It aggregates relevance judgements from a community of
people and uses them in later searches for the same keywords to boost pages
which are known to be good. Users are required to join a specific community
before executing a query; one user can only be part of one community at a time,
requiring the user to change the community as the subject matter of his search
changes. 1-SPY does not facilitate the formation of a community. It does not use
information about the social relations between its users, and does not facilitate
the formation of such relations.
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ISKODOR is a prototype system developed at University of Bonn aiming to com-
bine three aspects of user-centred information retrieval: personalization, collab-
oration and socialization. These principles form three pillars of a new web search
paradigm called ‘congenial web search’ [7]. The framework supports a common
representation of documents, queries, and relationships, which form individual
context information of a user’s search interest. The prototype employs a peer-to-
peer architecture in order to share explicit feedback with other users. The user’s
faith in the service is strengthened, as he himself controls which information is
stored and disseminated about him. Whereas personalized and collaborative as-
pects are already implemented in the prototype, research presented in this paper
forms the basis of the social aspect of the system.

3 Social Software and the Web

One of the earliest applications of computer networks were electronic mailing
lists and discussion groups. Precursors of the internet, for example BITNET and
Usenet, already supported interaction and discussion among groups of users.
Interaction between a large number of users is supported on these system at a
negligible cost. Recently, the focus of social software has shifted from dedicated
platforms to the web; popular examples include the following:

Wikis are a form of collaborative authoring environment that is characterized
by the fact that every user can add, edit, and delete content at will. The first
wiki was WikiWikiWeb, launched by Ward Cunningham in 1995 as a supplement
to the Portland Pattern Repository, a web site about software design patterns.
A number of software packages and similar projects followed; the largest wiki
is purported to be Wikipedia, an online encyclopedia that employs the wiki
principles. The quality of published content varies wildly; some wikis contain
nothing more than a few quickly written ideas, others, like Wikipedia, aim for
publication-quality content.

Blogs are an internet phenomenon originating in the late 1990s: Websites that
continually publish new articles on their front page, written by one individual
or a group of people. Blog entries can be tied to their author; linking between
entries is supported in the form of comments or so-called ‘trackback links’, in
which the author of another blog refers in his entry to the original entry. Blogs
can take many forms, for example personal blogs, topical blogs or corporate
blogs. Another typical feature is the so-called ‘blogroll’: A list of other blogs
the author reads regularly. This may be used to determine social links between
authors, but it is not universally adopted.

Social networking platforms like Friendster, orkut or openBC are dedicated web
applications for the formation of social networks. Users have the ability to name
their friends among the users explicitly and advertise them on a special page.
Finding paths between two users in the social network is often supported, as are
group discussions.
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We call these systems ‘social information spaces’ [§] or ’social software’. The
social interactions between users of these systems are hidden beneath the web
front-end in databases, and thus are not directly accessible to web search en-
gines. The resulting social network can be seen as the ‘deep structure of the
web’. Efforts of the Semantic Web initiative [9] aim to provide this information
in machine-readable form, for example with the Dublin Core standard [10] for
document metadata or the ‘Friend of a Friend’ standard [I1] for expressing the
relations between individuals.

With the increasing use of social software, social ties and the structure of
the social network become tractable. In such a setting, incorporation of social
networks into information retrieval processes is a desirable feature.

4 Models and Techniques for Social Retrieval

Social information retrieval systems are distinguished from other types of IR
systems by the incorporation of information about social networks and relation-
ships into the information retrieval process. This feature necessitates an extended
model for information retrieval, as well as new techniques that make use of social
information.

4.1 Domain Model for Social IR

The traditional models for information retrieval concern themselves with doc-
uments, queries, and their relations to each other: A document is relevant to
a query, a document references other documents, a query is similar to other
queries. Likewise, social network analysis models individuals and their relations
with each other. Information retrieval systems traditionally do not model indi-
viduals, neither in their role as users of the system, nor as authors of the retrieved
documents, and social networks do not incorporate retrievable content.

Social IR combines the models of information retrieval and social networks
with each other. By incorporating individuals into the model, we gain a greater
insight into their role in the information retrieval and production process (Fig.[I]).
New associations between the entities become apparent: Individuals appear in
their role as information producers or information consumers, queries relate to
an individual’s information needs, or describe a topic about which an individual
possesses knowledge.

A social IR system is characterized by the presence of all three types of entities:
documents, queries, and individuals. Most systems will only use a subset of
the possible associations between the entities, depending on the domain of the
system. Modeling the relations between individuals is mandatory for a social IR
system; all other types of associations are optional, as long as all three entities
have an association with at least one other.

This characterization of a social IR system raises the question of suitable do-
mains for such a system. The world wide web in its current state is evidently not
a suitable domain: It lacks reliable authorship information, as well as information
about social relations between authors. The increasing use of machine-readable
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Fig. 1. A domain model for social information retrieval

metadata — for example in the aforementioned Dublin Core and ‘Friend of a
Friend’ standards — gives hope that this will change in the long run. An attempt
at mining social relations from the web is described in [4}[5].

Subsets of the web provide more suitable domains. The entirety of blog sites
on the web (often called ‘blogosphere’) is one such domain: Blog entries can
usually be associated with an author, and via comments or so-called trackback
links, communication between blog authors can be ascertained, leading to a
social network. Such information is usually not available in machine-readable
format and has to be extracted using information extraction techniques. Some
blogging services, for example LiveJournal [I2], already provide it in machine-
readable form. Wikis are also an environment that allows to ascertain authorship
of a document, usually via the revision history. Interaction between users can be
determined by co-authorship, or by discussions on dedicated talk pages; however,
this information is often not portable between different wikis. Direct access to
the underlying database often makes extraction of this information much easier.

For application of social IR to other domains, availability of the required in-
formation needs to be determined beforehand. Specialized techniques may have
to be employed in order to extract it. We do however surmise that similar char-
acteristics govern the structure of all social information spaces, and that similar
techniques are applicable.

Traditional information retrieval techniques which are based solely on
analysing document content, while very successful in many contexts, fail badly
when the information need is underspecified, and when a large number of relevant
documents exist. In this sense, social IR can be understood as a formalization
of search techniques we commonly use to assess the quality of information — by
looking at the author’s standing in his community.

We use an associative network as the underlying representation. An associa-
tive network is a graph of information items, with unlabeled, weighted, directed
or undirected edges (‘associations’) between nodes. In agreement with the do-
main model, we use three kinds of nodes: for individuals, documents, and queries.
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Definition 1. For a set of individuals I, a set of documents D, and a set of
queries @Q the domain is represented by a weighted, directed graph G = (V, E),
where V =ITWDWQ and E CV xV. A weight matriz C € IR|>VOIX|V| contains the
weight of the edges. For edges between individuals e € I x I, the weight function
expresses the strength of a social relationship between two individuals.

We use this domain for retrieval of documents from keyword queries. This task
is the most common task in information retrieval, which ensures comparability
with other systems. Systems that store associations between users and queries,
or between queries and documents, are mostly found in the experimental field
of personalized and collaborative retrieval; they have not found their way into
the mainstream of IR yet.

4.2 Techniques for Social IR

The domain model presented in the last section is able to accomodate many
aspects of social information retrieval. We concentrate on retrieval of docu-
ments from keyword queries in an environment where authorship information
is available.

A central idea is that the authority of an author can be inferred from his
position in the social network, and that this authority measure can be applied
to the documents he authored. Whether a document is relevant to a query can
be determined using conventional IR techniques. A social IR system for this task
is therefore composed of two parts: An authority measure for individuals in the
social network, and a relevance measure for documents as regards queries. Both
measures are combined to provide an improved ranking of documents.

In our experiments, we evaluate the use of PageRank as an authority mea-
sure for graphs. PageRank [I] is one of the most well-known algorithms for link
analysis. In web retrieval, the PageRank algorithm is usually formulated based
on a random surfer model: A user starts on a random web page and follows one
outlink of this page at random and repeats this process on every page he reaches.
Assuming that the link graph consists of a single strongly connected component
(ie. there is a path from every page to every other page), the random surfer will
eventually visit every page in the web graph. One may consider this sequence of
pages as a Markov chain and compute the stationary probability of the random
surfer being on a given page at any time. The stationary probability may be
computed using linear algebra methods: Let A be the adjacency matrix of the

web graph G. Let M be a row-normalized version of A, that is (M);; = %

Then the PageRank vector r is the maximal eigenvector of

(%1 +(1 —@M)T ,

provided that G is ergodic [13]. € is the ‘bias’: The probability that the random
surfer will teleport to a random page instead of following an outlink.

In order to get an idea of the application of PageRank to a social network, it
is instructive to compute the PageRank scores for a well-known social network.
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Table 1. PageRank scores for the coauthorship network of the SIGIR corpus. Scores
are normalized and are computed with a teleportation probability of € = 0.3.

rank name PageRank
1. Bruce W. Croft 7.929
2. Clement T. Yu 4.716
3. James P. Callan 4.092
4. Norbert Fuhr 3.731
5. Susan T. Dumais 3.731
6. Mark Sanderson 3.601
7. Nicholas J. Belkin 3.518
8. Vijay V. Raghavan 3.303
9. James Allan 3.200
10. Jan O. Pedersen 3.135

We computed PageRank scores for a coauthorship network extracted from 25
years of SIGIR proceedings (from 1978-2003); the ten highest-ranking authors
are listed in Tab. 1

In social IR, we apply the PageRank algorithm to the social network, ie. the
graph G[I]. We compute a PageRank score r; for every node i in the social
network. We ignore the fact that several disconnected components may exist
in the social network: Since they are small compared to the giant component,
they can be expected to contribute little to the document set, which means that
documents produced by individuals not in the giant component will only be
relevant for very few of the expected queries. We use a bias of € = 0.3, further
ameliorating the problem.

The score r; is then assigned to the documents:

Vde DViel: (i,d) e E=rqg=r;

If a document has more than one author, one has the option of either accumulat-
ing the PageRank scores (rg = Z(i’ der r;), or of chosing either the maximum,
minimum, or average of the PageRank scores of the authors. If the edges be-
tween nodes for individuals and document nodes are non-uniform in weight, one
can also incorporate this weight information when transferring PageRank scores
from authors to documents.

As a relevance measure for documents as regards a query, we employ a mod-
ified vector-space model. For a query ¢, the text retrieval component produces
a set of relevant document D, C D as well as a score rel(q,d) for every docu-
ment. The inclusion of r4 does not affect the result set Dy; it only influences the
ranking of the documents, enabling the user to find relevant documents more
quickly.

There are several models for combining PageRank with a text retrieval system.
The simplest method is to sort the documents d € D, by their PageRank score,
and present those with the highest r4 to the user first. However, this method
only works when a high precision of the result set is ensured [I].
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A very simple method of combining PageRank and relevance scores is
rq -rel(q, d) .

For our purposes, this method has the advantage of not having tunable pa-
rameters, and being invariant to normalization. We choose this method for our
experiments.

5 Evaluation

We evaluate the techniques in a known-item retrieval setting and compare them
to the baseline technique using the metrics average rank and inverse average
inverse rank (IAIR). A known-item retrieval setting reduces the amount of manual
labour required and allows a semi-automatic selection of items. By comparing
with a baseline technique on the same index, we eliminate external factors that
may account for differences in performance; this allows us to gauge the impact
of social retrieval techniques on retrieval performance. We use a modified vector-
space model as the baseline.

5.1 Setting

For evaluation, we use a mailing list archive from the years 2000-2005; the
archive contains 44108 messages written from 1834 different email addresses. For
evaluation, two different subsets of the corpus are used, one containing messages
from 2000-2005, and one from 2004. We construct a full-text index from the
message body, after removing quoted parts.

In addition to the full-text index, an associative network is constructed from
the messages:

— An author node is constructed for each email address. No effort is made to
reconcile different email addresses of one person.

— Every message is linked to its author, and every author is linked to his
messages.

— Authors are linked to each other based on how often they respond to one
another’s messages.

The extracted social network displays characteristics typical for social net-
works: It exhibits a high degree of clustering and short average shortest path
lengths, making it a ‘small-world network’ [14]. 70% of all authors are part of a
giant weak component, and the degree distribution follows a power law.

5.2 Choosing Query Terms

For choosing appropriate query terms for known-item retrieval, the following
strategy is used: From the subject lines of email messages, frequent bi- and tri-
grams are extracted. Subject lines are a good indicator of user information needs,
as many threads on a mailing list start with a question, and the question is usu-
ally summarized in the subject. Bi- and trigrams are especially apt candidates,
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because ‘real-world’ queries have been found to average between two and three
words [15].

Selecting n-grams by frequency alone is suboptimal, as some frequent n-grams
correlate highly with the author of the containing messages. In order to remove
these n-grams, the mutual information of the occurence of a specific n-gram
in the subject line and the author of the messages is determined. A desirable
n-gram for use as a query phrase therefore has a low mutual information with
the author, and a high document frequency at the same time. We sort n-grams
by mutual information divided by the frequency and use the n-grams with the
lowest score for evaluation:

I(n—gram, author)
df(n—gram)

score(n—gram) =

For each of the ten queries, one message is chosen as the ‘known item’; the
objective of this search: Only messages from 2004 are considered as relevant, and
only those messages are assessed that actually contain the sequence of query
terms in the subject line. The criteria for relevance are selected to mimic a
searcher looking for an item he has seen before.

The items to be retrieved are chosen by an expert in the subject matter, and
by a complete novice. Using two different relevance assessments allows us to
evaluate whether a social IR system caters more to novice users who desire more
general results of high quality, but know next to nothing about the authors, or
expert users who may have more specific interests, and can judge a person’s
authority within the community without assistance of the social IR system.

5.3 Results

Results of the evaluation are summarized in Tab. Bl For items chosen by an
expert searcher, the combination of PageRank and the vector-space model per-
forms better than the vector-space model alone for four of ten queries on the
2004 corpus; in one case, the result is a draw. While the average rank of the
found documents increases for PageRank search, the inverse average inverse rank
decreases: The average rank increases by 21.7% + 2.4, but the inverse average
inverse rank decreases by 6.2% = 0.5. This means that some documents are found
considerably later than with vector-space search, but for those documents in the
earlier parts of the result list, PageRank combined with vector space performs
better. This effect is even more pronounced on the 2000-2005 corpus, where
the average rank increases by 69.9% =+ 2.3, but the inverse average inverse rank
decreases by 24.6% +0.5. On the 2000-2005 corpus, the combination performs
better for six out of ten queries.

For the novice searcher, results are less pronounced. On the smaller corpus
from 2004, both the average rank and inverse average inverse rank decrease
(average rank by 13.1% + 1.5, 1AIR by 1.5% 4 0.3), whereas on the larger corpus,
the average rank is unchanged, but the I1AIR increases sharply (by 58.4% +0.4.)
On the smaller corpus, PageRank times vector space performs better for five out
of ten queries, with one draw; for the larger corpus, it performs better for four
out of ten queries, also with one draw.
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Table 2. Known-item retrieval on mailing list data. Columns labelled ‘VS’ contain
ranks from vector-space search, columns labelled ‘PR xVS’ contain ranks scored by
pagerank times vector space score. Rows ‘rank change’ and ‘IAIR change’ contain the
change compared to the baseline method ‘VS’ in percent.

method: VS PRxVS VS PRxVS
searcher: expert expert novice novice

on messages from 2004:
rank: 14.75+0.25 17.954+0.05 17.5+0.3 15.2+0

rank change [%)]: +21.7+2.4 —131+15
IAIR: 7.548 £0.032 7.082+£0.010 4.670 £0.013 4.599+£0
IAIR change [%)]: —6.2+0.5 —-1.5+0.3

on messages from 2000-2005:
rank: 24.44+03 41.45+£0.05 39.35+0.35 39.6+0

rank change [%]: +69.9+£2.3 +0.6+£0.9
IAIR: 8.787 £0.040 6.697 £0.012 4.962+£0.013 7.86+0
IAIR change [%]: —24.6+0.5 +58.4+0.4

This mirrors the results from [I], who report that ‘the benefits of PageRank
are the greatest for underspecified queries’ and that ‘for more specific searches
where recall is more important, the traditional information retrieval scores and
the PageRank should be combined.” The very nature of the known-item retrieval
task places an emphasis on recall, since the objective is finding one specific
document instead of just one of several that satisfy the information need.

6 Conclusion

We research how to integrate social networks in the information retrieval process
and whether this integration leads to a performance improvement. Several ap-
plications of the internet are identified as social media, for example wikis, blogs,
or mailing lists.

We propose a model for social information retrieval, which integrates the
domains of social network analysis and information retrieval. Meaningful associ-
ations become apparent which are not part of the traditional models. We define
social information retrieval as a retrieval process which includes a well-defined
subset of the constituents of the social IR model.

We apply graph-based techniques to social networks, using them outside
their traditional domains within information retrieval, namely web retrieval. We
thereby extend the state of the art in graph-based retrieval techniques.

The commonly cited benefits of social software, for example improved com-
munication among group members or emergence of communities, is important
but intangible. We aim to derive tangible benefits from the application of so-
cial networks, namely improved retrieval performance — by providing retrieval
techniques which are tailored to the emerging field of social software. We believe
that these tangible benefits will accelerate the adoption of social software.
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The main limitation of social IR follows from its domain model: it is only
applicable where a social network is present in the domain, or can be derived.
Furthermore, the quality of the social network is crucial. Limitations of other
graph-based retrieval methods also apply to social information retrieval. Com-
monly cited limitations of PageRank are that its benefits are greatest for under-
specified queries with many relevant results.

Evaluation of the prototype system was performed using non-standardized
corpora and evaluation scenarios. For comparing the prototype system with cur-
rent and future information retrieval systems, standardized corpora and evalua-
tion scenarios must be constructed. Standardized scenarios also permit to tune
the system for a particular retrieval task.

We chose not to base our evaluation on a web-based social information space,
because of the associated problems of scale, and the difficulties in extracting
suitable information. Instead, we use a mailing-list archive as an example of a
social information space which lends itself readily to evaluation. The expected
transferability of our results to other information spaces needs to be ascertained
in further experiments.

An important next step is the integration of social IR in the ISKODOR proto-
type developed at University of Bonn, in order to implement the third pillar of
the congenial web search paradigm [7].

We conclude that social network analysis is an important tool for information
retrieval.
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Abstract. The aim of our research is to produce and assess short summaries to
aid users’ relevance judgements, for example for a search engine result page. In
this paper we present our new metric for measuring summary quality based on
representativeness and judgeability, and compare the summary quality of our
system to that of Google. We discuss the basis for constructing our evaluation
methodology in contrast to previous relevant open evaluations, arguing that the
elements which make up an evaluation methodology: the tasks, data and
metrics, are interdependent and the way in which they are combined is critical
to the effectiveness of the methodology. The paper discusses the relationship
between these three factors as implemented in our own work, as well as in
SUMMAC/MUC/DUC.

1 Introduction

Interest in the difficult topic of evaluation of automatic summarisation has been long
standing [3]. The difficulties exist because evaluation procedures may depend on
many variables such as intended purpose of the summaries, maximum acceptable
length, type of texts being summarised and objective of the evaluation: in other words
the data, task and metrics under consideration. Any changes in these variables can
affect the outcome of the evaluation.

In this research, we have constructed a new methodology for evaluating web search
result summaries. We consider that the manner of construction affects the whole
evaluation process because of the interdependence of data, task and metrics. The
metrics we employ are representativeness and judgeability, and we combine these
measures to arrive at a third metric: summary quality. The related work of Berger and
Mittal [2] states that query relevant summaries should include fidelity and relevance.
It is important to note, however, that while our notion of representativeness equates to
fidelity, we do not measure relevance but rather the user’s ability to judge relevance
or irrelevance.

Methods of evaluating automatic summarisation systems can be broadly classified
into two types: intrinsic and extrinsic [1] [10]. Intrinsic evaluation assesses the quality
of a summary per se, examining aspects such as coherence, readability, grammatica-
lity, and fidelity. It does not consider the purpose of the system. Extrinsic evaluation,
on the other hand, examines the quality of a system’s output in relation to its purpose.
So, for example if a summariser’s purpose is to aid a user in making judgements about
the summaries’ usefulness then that is what is measured and this in turn can be the
subject of intrinsic and extrinsic evaluation [12]. In the case of our system, our

M. Lalmas et al. (Eds.): ECIR 2006, LNCS 3936, pp. 96 -{106] 2006.
© Springer-Verlag Berlin Heidelberg 2006
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representativeness score provides an intrinsic measurement of a summary’s fidelity to
an original source document, while the users’ ability to judge relevance provides an
extrinsic view of the system’s fitness for purpose. Together these two factors determine
our overarching extrinsic evaluation of the system’s quality.

As it has proven especially difficult to find system based metrics for summarisation
which genuinely reflect users’ perceptions of search engine effectiveness, we decided
to incorporate human judgement into our evaluation methodology and used Google to
generate comparative baseline summaries. The paper examines how this decision
affected the subsequent choice of data and metrics.

2 Relation to Earlier Work

The inter-relationship of the three factors pertinent to evaluation methodology
construction: data, task and metrics, is key to our work and has also been apparent in
recent related literature.

Of the early literature on automatic summarisation evaluation, the 1991 Message
Understanding Conference (MUC-3) is important for its inclusion of evaluation
methodology. The MUC-3 task was to extract data about terrorist incidents from
newswire articles. These articles were analysed to create a standard template, which
contained 18 slots for participant systems to fill in. Answer keys were generated by
humans for scoring purposes [4]. Finally, recall, precision, overgeneration and fallout
were used as evaluation metrics [5].

In 1998, the U.S. government completed the first large-scale, developer-indepen-
dent evaluation of automatic text summarisation systems: TIPSTER SUMMAC [13].
Three tasks were set in SUMMAC: 1. An ad hoc task to summarise a document as a
topic description in for subjects to make relevance judgements; 2. A categorisation
task: could subjects correctly categorise texts on the basis of the summary; 3. A
question answering task which measured whether the summaries contained the
answers to questions. News stories from newspaper sources were selected as data.
The evaluation metrics of task 1 and 2 were based on precision, recall and Fscore.
Task 3 was measured according to Answer Recall Average [9].

The Document Understanding Conference (DUC)' originated in 2001 and focuses
on automatic summarisation. In 2004, the DUC competition had five tasks: 1. Very
short single document summaries; 2. Short multi-document summaries; 3. Very short
cross-lingual single-document summaries; 4. Short cross-lingual multi-document
summaries, and 5. Short summaries focused by questions. Data used in Tasks 1 and 2
was English Newswire, in 3 and 4 Arabic document clusters and in 5 TREC English
document clusters. These five tasks were evaluated using the ROUGE metric [8].

Most recent studies have focussed on news articles, perhaps driven by the available
test data. MUC-3 restricted the data to terrorist stories from nine countries. The nar-
row range of documents allowed standard summary templates to be used, and the
recall and precision metrics to be used to measure the match between system
generated summaries and a human produced gold standard answer keys. SUMMAC,
while still dealing only with news stories, dealt with more genres than MUC-3,

" Document Understanding Conference. http://www-nlpir.nist.gov/projects/duc/guidelines/
2004.html
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making a template approach infeasible. Consequently using answer keys as the met-
hod of evaluation was not possible. The change in data collection led to SUMMAC
setting different summarisation tasks and evaluation metrics. This varied approach
was continued in DUC 2004 and DUC 2005.

In addition to the theoretical concerns behind this experimental methodology,
namely the consideration of intrinsic and extrinsic motivation, we also took into
account practical issues, so that rather than limiting the data to domain or genre
independent data as did SUMMAC/MUC/DUC, we chose to use unrestricted English
web pages. In this way we avoided the artificiality of the former tasks as well as word
overlap issues. Of course the problem with using human based evaluations is that they
are expensive in terms of time and sometimes in terms of the requirement for human
expertise also. But while evaluations such as SUMMAC/MUC/DUC employ human
expertise for producing the reference summaries, our methodology does not incur
such an outlay as we simply require the human user to make a judgement.

3 Evaluation Method

The evaluation methodology was developed as part of a project to identify ways of
improving internet search engine effectiveness from a searcher’s point of view, and in
particular to improve their ability to judge the relevance of pages by more effective
presentation of search results, namely the presented page summaries. Our discussion
focuses on the evaluation of our new summarisation algorithm, called Query Terms
Order (QTO) [7], but the conclusions are generalisable.

We wished to answer two initial questions from our experimental evaluation:
1. How well do our summaries represent their corresponding page contents
(Representa-tiveness)? 2. To what extent do the summaries help users judge the
relevance of the original web page (Judgeability)? Having answered these questions
we wished to determine a third aspect of the summaries: the Quality.

3.1 Data

The data for the task in hand was summaries of English language web documents.
Summary length was set at a standardised 160 characters as this number is an average
length derived from 1,000 Google returned summaries. We assume summary length
is related to speed of relevance judgement but we are not investigating that here. We
decided to work with TREC queries as they have standard descriptions of what
constitutes a relevant page, which we hoped would help improve the constancy of
inter subject relevance judgements [14]. Twelve TREC9* web track queries were
selected and numbered Q1 to Q12. We arrived at this number because should the
number be too small then we may not be able to get a significant result, while too
large a figure might affect the quality of the test result. Twelve was deemed
manageable in terms of how much a user could process without becoming tired of the
tasks. The actual queries chosen were those from which both QTO and Google could
produce useful summary data without producing error pages. Both Google and the
QTO system produced 10 summaries from each of the twelve queries.

2 Text TEtrieval Conference (TREC). http://trec.nist.gov/
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3.2 Task

Having produced single short summaries for each page in the result set, our task was
to evaluate them using the following criteria: the degree to which the summary
represented its original page (Representativeness), and the degree to which a user is
able to judge a summary relevant to the input query (Judgeability). Furthermore, we
wished to derive a measure of Summary Quality by averaging Representativeness and
Judgeability. We designed a user experiment to gather this data, and this is discussed
below.

Subjects. To do a blind test between the baseline (ie. Google) and QTO systems, we
required two groups of people, five in each, who fulfilled the following requirements.
They should be:

— mature;

— native English speakers in order to reduce the difficulty of understanding
summaries as much as possible;

— regular search engine users so that they all had an equal familiarity with search
engine results;

— in a close range of English language proficiency (i.e. PhD students in a university
computing school).

The sex of the participants was not considered relevant.

Test Sheets. The test was paper based in order to avoid possible confounding effects
from the computer user interface. Two test sheets were required for the following
tests:

— Representativeness

Subjects were presented with each summary on a separate single A4 sheet, followed
by a five point table: 1 (very unrepresentative) to 5 (very representative). The actual
web page was printed on each following sheet. Subjects were asked to read the
summary, check the actual web page on the following sheet then select 1 to 5 from the
table according to their judgement of the representativeness of the summary.

— Judgeability

Ten summaries were printed on a single sheet, and each of them was followed by
three check boxes denoting Relevant, Irrelevant and Unknown for the subject’s
judgement. On the top of the sheet the related query and its narrative from TREC was
printed. Subjects were asked to read each summary and check the related query then
select a judgement of Relevant, Irrelevant or Unknown on the summary judgeability
test sheets.

Test Procedure. The whole test was performed in four days: days 1 and 2 forming
cycle 1 for Q1 to Q6, and days 3 and 4 forming cycle 2 for Q7 to Q12. Ten subjects
were split equally into groups A and B. The Representativeness task was done in the
first day, and the Judgeability task in the second day of each cycle. On each day,
group A took the Google system and group B took QTO in the morning and they
swapped their systems in the afternoon (see Table 1).
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Table 1. Task timetable

Morning Afternoon

Day 1(Q1-Q6) A -- Google A --QTO

( Representativeness ) B --QTO B -- Google
Day 2 (Ql_'Qﬁ) A - Google A --QTO

( Judgeability ) B --QTO B -- Google
Day 3 (Q7-Q12) A -- Google A --QTO

( Representativeness ) B --QTO B -- Google
Day 4 (Q7:('212) A -- Google A --QTO

( Judgeability ) B --QTO B -- Google

Although each query in the Judgeability test took 5 minutes, the Representativeness
test lasted 20 minutes. This was the justification for splitting the test into morning and
afternoon sessions in order to ensure the maximum testing time did not exceed two
hours. We used blind testing so that the subjects did not know which system they
were assessing, and the test had no time restriction so that subjects did not feel
pressured.

3.3 Metrics

The calculations used to determine the representativeness, judgeability and quality of
the summaries are discussed below.

Representativeness Score. The formula (1) is used to calculate the summary repre-
sentativeness score of each query and focuses on finding each subject’s reaction to the
summaries. The consistency of a subject while they are making the judgements is
difficult to determine [6]. Therefore the variable of consistency is not taken into
account in the formula.

R=(Y.8)/5n: 0<R<1. (1)
1

Where R represents the mean value among subjects’ summary representativeness
scores and is normalised to between 0 and 1, Sn represents each summary’s
representativeness score determined by a subject, n represents the number of retrieved
links and the number 5 is used to normalise the result to between O to 1 because each
representativeness score can be marked from 1 to 5.

Judgeability Score. The summary judgeability score is calculated according to the
number of Unknown summaries. The more Unknown summaries the lower the
summary judgeability score is.

7 -Uj

J= 0<J<1. ()
Tj



Evaluating Web Search Result Summaries 101

Where J represents each subject’s judgeability score, and the value of J is between 0
and 1, 7j represents the total number of judgements (including Relevant, Irrelevant
and Unknown) and Uj represents the number of Unknown judgements.

Summary Quality Score. High representativeness or judgeability alone will not
always mean positive searcher perception. We need to balance both scores from
representativeness and judgeability in order to arrive a fair summary quality score.

This is also the reason for setting both R and / to between 0 and 1. Therefore, the
summary’s quality-SQ is averaged as formula (3) by the sum of formula (1) and
formula (2).

SO =R +J)2. 3)

4 Results

The Representativeness task results for both the QTO and Google systems are shown
in Table 2. Each cell’s entry represents a query’s representativeness score, which is
summed up from 10 subjects’ representativeness judgements. Each subject’s
representativeness score is calculated according to Formula (1) which is not discussed
in detail here.

Table 3 shows the judgements made by 10 subjects against each query. There is a
total of 100 judgements from 10 subjects each being one of Relevant, Irrelevant and
Unknown. Each judgement of Relevant, Irrelevant and Unknown is equally counted
as I. For example, the 100 judgements of Queryl from the 10 subjects are 43 of

Table 2. Representativeness task results

QTO GOOGLE
Q1 7.21 5.48
Q2 8.07 5.77
Q3 8.53 6.54
Q4 5.52 4.28
Q5 6.35 4.21
Q6 6.39 5.09
Q7 5.92 4.43
Q8 5.73 4.56
Q9 6.98 4.88
Q10 7.00 5.11
Q11 7.28 5.34
Q12 8.12 5.37
TOTAL 83.10 61.06
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Table 3. Subjects’ judgements of judgeability task

Q71O GOOGLE
R IR UN R IR UN
Q1 43 32 25 19 36 45
Q2 44 41 15 18 44 36
Q3 64 23 13 35 23 42
Q4 39 47 14 29 25 46
Q5 36 40 24 24 24 52
Q6 48 35 17 29 30 41
Q7 50 27 23 22 23 55
Q8 43 45 12 26 30 44
Q9 50 35 15 29 28 43
Q10 59 28 13 26 36 38
Q11 72 22 8 29 25 46
Q12 69 21 10 32 33 35
TOTAL 617 396 189 318 357 523
Table 4. Both systems’ summary quality results
QTO GOOGLE
Represent- | Judge- | Summary Represent- | Judge- | Summary
ativeness ability Quality ativeness ability | Quality
Q1 0.72 0.75 0.74 0.55 0.55 0.55
Q2 0.81 0.85 0.83 0.58 0.62 0.60
Q3 0.85 0.87 0.86 0.65 0.58 0.62
Q4 0.55 0.86 0.71 0.43 0.54 0.48
Q5 0.64 0.76 0.70 0.42 0.48 0.45
Q6 0.64 0.83 0.73 0.51 0.59 0.55
Q7 0.59 0.77 0.68 0.44 0.45 0.45
Q8 0.57 0.88 0.73 0.46 0.56 0.51
Q9 0.70 0.85 0.77 0.49 0.57 0.53
Q10 0.70 0.87 0.79 0.51 0.62 0.57
Q11 0.73 0.94 0.83 0.53 0.54 0.54
Q12 0.81 0.90 0.86 0.54 0.65 0.59
Mean 0.69 0.84 0.77 0.51 0.56 0.54
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Relevant, 32 of Irrelevant and 25 of Unknown for the QTO system. QTO produced a
total of 617, 396 and 189, Google produced 318, 357 and 523 Relevant, Irrelevant and
Unknown judgements respectively.

Table 4 shows the summary quality results of the QTO and Google systems, where
R represents the Representativeness score, J represents the Judgeability score and SQ
represents the Summary Quality score. We used the data from Table 2 to convert the
values in columns J by applying Formula (2). The values in R are also converted by
using data in Table 1 and divided by 10 subjects. Finally, the values in SQ columns
are derived from Formula (3). Both QTO’s Representativeness and Judgeability
scores are higher than Google’s, therefore the Summary Quality score of the QTO
system is demonstrably higher than Google’s.

5 Discussion

Figures 1 and 2 provide a comparison between QTO and Google of representativeness
and judgeability scores respectively. Clearly the curve for QTO is above the curve for
Google in both figures, which means that QTO’s summaries are more representative
and more easily judged than Google’s.

Figure 3 shows QTO and Google’s summary quality. Evidently QTO produced
approximately 20% better summary quality than Google in our experiment. To
determine if the result is significant we used a paired-samples t-test analysis [11] to
compare representativeness, judgeability and summary quality respectively and
obtained significant results in each case (df=11 p<0.05). We also determined that the
correlation of the Representativeness results is .894, of the Judgeability results i5.567,
and of the Summary Quality is .880, therefore they are significant. We suggest that

Representativeness Result
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Fig. 1. Representativeness result
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Judgeability Result
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Fig. 3. Summary quality results

this high correlation indicates a predictability in QTO’s summary quality performance
over that of Google.

Figure 4 shows all our test results. Q_Judgeability, Q_Representativeness and
Q_Quality represent the judgeability, representativeness and summary quality results
of the QTO system respectively. G_Judgeability, G_Representativeness and
G_Quality represent the results obtained for Google. The three curves of the QTO
system have higher scores than those for Google.
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Two Systems' Comparison by Subjects
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Fig. 4. Summary quality comparison by subjects

6 Conclusion

Automatic Summarisation evaluation is problematic due to the variety of factors that
can be considered in any methodology and the interplay between these factors. In this
paper we have discussed the factors that we believe influence the construction of an
automatic summarisation evaluation methodology and referred to three salient works
in the literature: namely SUMMAC, MUC and DUC. We have also presented our
own evaluation methodology, which considers our end purpose i.e. why we are
interested in producing summaries, the data we chose to use in response to the task,
and the metric we have developed for evaluation purposes.

The experimental set up is the key point of this paper. Our evaluation methodology
is not only task oriented but is also affected by end user considerations, namely: what
is the system’s role and who is it aimed at? The exponential rise in the numbers of
people spending increasing amounts of time searching for information means that the
problem ceases to be one just of the system efficiency and instead becomes one of
enhancing the user experience. Therefore, real users’ involvement is essential to
ensure our summariser will help to reduce the people’s search time. Also, by using
real users in the evaluation procedure makes the test more realistic. ~Although we
realise that encapsulating human judgement is expensive and time consuming, users’
perception cannot be ignored.

The fact that we chose real users for our extrinsic evaluation purpose influenced
the data we used because we wished to avoid personal bias influencing the evaluation,
hence we used TREC9 web track queries. Moreover our metric then had to account
for both representativeness and judgeability as independent measures and as a
combined score of summary quality. Thus, while the order in which an evaluation
methodology can be constructed is variable, it is not possible to ignore the impact that
task, data and metric have on each other.
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Abstract. Some text collections are more difficult to search or more complex to
organize into topics than others. What properties of the data characterize this
complexity? We use a variation of the Cox-Lewis statistic to measure the
natural tendency of a set of points to fall into clusters. We compute this quantity
for document collections that are represented as a set of term vectors. We
consider applications of the Cox-Lewis statistic in three scenarios: comparing
clusterability of different text collections using the same representation,
comparing different representations of the same text collection, and predicting
the query performance based on the clusterability of the query results set. Our
experimental results show a correlation between the observed effectiveness and
this statistic, thereby demonstrating the utility of such data analysis in text
retrieval.

1 Introduction

In information retrieval (IR) it is often observed that the same set of design choices
for data processing provides different effectiveness on different text collections.
While some of the variation in performance can be attributed to user factors, there are
algorithmic aspects that can be investigated in isolation from the user. Logically, we
would expect the size of a data collection, the number of terms used in the
representation of documents, the average number of relevant documents per query,
the diversity amongst documents, and other related properties to affect retrieval
performance. To the authors’ knowledge, no systematic study has been conducted to
evaluate the contribution of these factors to the effectiveness of retrieval techniques.

Ideally, we would like to be able to analyse a text collection in order to predict how
well a particular algorithm will perform against it. While it appears reasonable to
assume that the distribution of data points, i.e., document vectors, will affect
performance, it has proven very difficult to identify a measure of this distribution that
correlates with performance of a given algorithm. Amongst different properties that
characterise the structure of a dataset, we concentrate on the clusterability of the set of
points. This measure reflects the presence or absence of natural groups in the data and
is closely tied with the choice of representation (the document feature set and feature
weighting scheme) as well as the similarity metric used.

For measuring clusterability of text documents, a quantity based on the Cox-Lewis
statistic is suggested (originally proposed in [1] and not related to one of the current
authors). The use of this quantity is illustrated for three purposes. In Section 3 we
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compare four different datasets and estimate their relative complexities. In Section 4
we use this statistic to compare two different representations of the same dataset,
traditional tf-idf weighting and an entropy weighting described in [2]. We then apply
Latent Semantic Indexing to these two representations and examine the retrieval
performance before and after LSI by comparing the mean average precisions (MAP)
of the corresponding retrieved sets. Experimental results show a correlation between
the Cox-Lewis measure and the MAP results. Finally, in Section 5 we apply the Cox-
Lewis statistic to predict the search performance for a given query based on the
clusterability of the retrieved document set. We verify that the Cox-Lewis statistic of
the query result set correlates with the average precision, calculated based on the
query relevance judgments. While, in fact, our experiments focus on correlating the
relative query rankings that result from the Cox-Lewis statistic and the average
precision, respectively, the result has a much broader application. In particular, for
any given query it enables us to predict, whether the query would be harder or easier
than another query for which we may already have performance statistics based on the
relevance judgments. We conclude with a summary of our results in Section 6.

2 Background

The main inspiration behind the work of this paper is provided in [3]. Section 4.6 of
this book, entitled “Clustering tendency”, examines the validity of the blind use of
clustering algorithms on data. Most algorithms will create clusters regardless of the
presence of natural clusters in the data. In order to make an informed decision as to
whether or not to commit computing resources to data clustering, it is essential to
estimate the predisposition of the data to coalesce into groups. Of course, a posterior
analysis could be used to establish the quality of the clustering. However, it is
interesting to ask whether the computational effort of applying the clustering
algorithm would be justified at all. For that we would like to devise a measure of a
data’s clustering tendency. As we show in Sections 3, 4, and 5, such a measure exists
and can be used with some success to predict the complexity of text collections and,
explain the performance of methods that rely on structure in the data set.

Though it is difficult to define what it means for a data collection to be “easy” for
processing, a uniformly distributed random set of points is likely to qualify as being
difficult because of lack of structure that a suitably defined algorithm can take
advantage of. An estimation of the uniformity of a set of points may therefore give an
indication of “difficulty” for some tasks and this is the hypothesis we work on. We
begin by reviewing a few measures aimed at characterizing the uniformity in the
given data.

In application areas with very large dimensionalities, such as vector space
representation of data in text retrieval, certain metrics may cause all data points to
become almost equidistant from each other [4]. When the histogram of pairwise
distances is plotted, a complex dataset is defined as one where there is a narrow and
high peak with very light tails. Based on this intuition and some theoretical
justification, Chavez and Navarro [5] propose the quantity p=p?/26” as the
intrinsic dimensionality of a set of points. Here, [ is the mean inter-point distance and
G is the variance of the histogram of distances. When points are widely separated
(which is one side-effect of increased dimensionality), the mean distance between
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points increases. Furthermore, since every point is approximately at the same distance
from every other, the variance is low. Such a dataset, with large mean and low
variance for inter-point distances, has a large intrinsic dimensionality and implies
uniformity that may present difficulties for applications which rely upon structure in
the data representations.

There are a few problems with the direct application of intrinsic dimensionality to
text retrieval. The term-document matrix representing a text collection is very sparse,
i.e., contains an extremely small fraction of non-zero entries since each document may
contain only a small subset of terms from the term space of the collection. Due to the
sparsity of individual document vectors, the mean inter-document similarity, as
measured by the inner (dot) product of vectors, is almost always equal to 0, implying
that most document vectors are orthogonal to each other in the high dimensional space.
Moreover, the use of the inner product as a distance/similarity measure means that we
are not in a metric space (the triangle inequality law does not necessarily hold). One
way of converting the inner product similarity measure (with an upper bound of 1 for
vectors normalized to be of unit length) into a distance function is by taking
1-simiarlity. A similarity value that is almost always 0 would lead to an average
distance close to 1 (see Table 1). A value of the intrinsic dimensionality calculated
from such data would therefore not account for the possible structure in the set of
points. Chavez and Navarro’s measure might be more appropriate in situations where
the data has lower sparsity and thus leads to non-zero values for inter-point distances.

Epter et al in [6] discuss the problem of measuring the clustering tendency of a
given set of points. The authors suggest a visual method of examining the histogram of
pairwise distances, the presence of multiple peaks in the histogram would indicate the
presence of clusters. However, as we have just seen, this is likely to be ineffective in
the text retrieval scenario because of minimal variance in inter-document similarity.

Another algorithm to measure the uniformity of a dataset is proposed in [7]. The
authors begin with the null hypothesis that the given set of M points does not come
from a multidimensional uniform distribution. N additional points are sampled from
such a uniform distribution and are combined with the given set of M points. A
minimal spanning tree (MST)" over the set of (M+N) points is then constructed. The
number of links between the data points and the artificially generated points in the
final tree is an estimate of the uniformity of the dataset — the larger the number of
links, the more evidence to reject the null hypothesis. However, to build an MST
requires the computation of a complete weighted graph whose nodes represent the
points and the weights for the edges correspond to distances. In our case, the points
would be documents, and the complexity of the algorithm would be O(N?), where N
is the number of documents. This might be prohibitive for large collections.

Most relevant to our situation is [8]. The statistic recommended by the authors is a
measurement of the density of the term-document matrix (i.e. the percentage of non-
zero entries). The authors indicate that a higher density corresponds to highercluster-
ability. While the sparsity/density is most definitely a factor, the exact nature
of this dependence is not indicated. Further, the paper only deals with a binary
representation and is therefore not suitable for comparing different representations of

' A minimal spanning tree can be defined as the sub-graph (more specifically, a sub-tree) of a
given weighted undirected graph such that all the vertices are connected and the sum of the
weights of the edges is the minimum.
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documents. We wish to highlight the role of the geometry of the set of points, which
would not only depend on the binary presence/absence of the features, but also on the
weights associated with the features used in the representation.

Data analysis of this sort is usually performed as part of a larger application, most
natural of which is clustering. In this paper, we look at query performance prediction — a
problem that has recently received significant attention — and consider the influence
of the clusterability of the retrieved set for a query in a given data representation.
Properties of each query and its constituent terms are used to provide a prediction of
the relative ranking amongst queries. The most successful results to date have been
reported in [9] which defines a method of learning this prediction based on the
agreement between the results to a query and each of its sub-queries.

We are interested in text retrieval, and converting a collection of documents to a set
of points would involve the choice of a specific representation. Each such choice will
lead to a dataset with different characteristics. The aim of our research is to define a
property of these datasets that correlates with retrieval effectiveness, thereby
providing us with a guideline for making the design choices.

3 Measuring the Clusterability of a Document Collection

In this section we define the statistic that we use to characterize the clusterability of
data points and provide details of its calculation. The statistic is based on the Cox-
Lewis measure, defined in [1]. Its multidimensional equivalent is given in [10]. For
each of a number of randomly sampled points, we calculate the distance between the
randomly generated point and its closest point within the dataset (called a ‘marked
point’). Then, we determine the distance between the marked point and its nearest
neighbor within the given data. The ratio of these two distances, averaged over a
number of samples, is the Cox-Lewis statistic.

A rigorous treatment of the calculation of this statistic requires the definition of a
spatial point process which models the generation of the data and also provides a null
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(a) Unrestricted sampling window (b) Sampling window restricted to [0, 1]

Fig. 1. Effect of a wrongly chosen sampling window
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Calculate the minimum and maximum along each dimension

For every dimension j

{
Calculate min_j representing the minimum along dimension j across all points
Calculate max_j representing the maximum along dimension j across all points

}

Picking a random point
For a randomly chosen point i in the collection

{

For all dimensions j

{
If (i, j) 1= 0
Replace (i, j) by a randomly chosen value between max_j and min_j
/

/

Calculating the statistic

Find the point p with similarity $,,,, that is closest to the random point
Find p’s nearest neighbor with similarity s,, to p

Calculate R = S,404/ Sun

Average R over a series of random points

Fig. 2. Algorithm for the estimation procedure

hypothesis. Points can be sampled from this distribution to serve as pseudo data points.
For the Cox-Lewis test, these points are used as the initial random points. The statistical
significance of the value (after appropriate normalization) is then estimated. While
generative models have been proposed for text documents [11], estimating the parameters
of these models involves considerable computation. If we assume that two or more
document collections share the same generative model, then it is possible to provide a
basis for a relative comparison between the datasets that does not require normalization.

As has been noted in previous literature [3], the definition of a ‘sampling window’
from which a random point is generated is a critical factor for the Cox-Lewis statistic.
Since we are trying to measure a property that is internal to the data, the generation of
the random points needs to be done with care. In particular, we must sample data
points from within a window of appropriate size. The effect of a wrongly chosen
sampling window is illustrated in Figure 1.

In both cases, a set of 100 points were picked uniformly at random in the interval
[0, 1] in 2 dimensions — these are illustrated as crosses in the figures and represent the
dataset whose complexity we are attempting to measure. In case (a), the reference
random point is chosen from an unrestricted sampling window (a circle in the top
right hand corner) whereas in case (b), we impose a sampling window of [0, 1] in
both dimensions. In the first figure, as seen from the reference point, the data would
(wrongly) appear clustered. The presence of points all around the reference point in
the second case would indicate randomness.
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(a) Sampled from two Gaussians (b) Uniformly sampled

Fig. 3. Behaviour of the Cox-Lewis statistic on clustered and random data

Given a document collection as a set of points in a vector space, we define the size
of the sampling window by calculating the minimum and maximum for the vector
component along each axis. This defines a hyper-rectangle. We pick a point by
sampling values uniformly between the maximum and minimum along each
dimension. In order to maintain the dependence on sparsity, we pick a point from
within the dataset and replace its non-zero elements by randomly chosen values as
described above. This provides all the details of our estimation algorithm which is
described in Figure 2.

Figure 3 gives a visual illustration of the intuition behind this method. Figure (a)
shows 50 points sampled from each of two Gaussians and figure (b) shows 100 points
sampled from a uniform distribution. When the data contains inherent clusters, the
distance d,,,q between the randomly sampled point and its closest neighbor in the
dataset is likely to be much larger than the distance d,, between the marked point and
its nearest neighbor. In other words, on average the similarity s,q is much smaller
than s, leading to a small ratio for s;,4/sn,,. On the other hand, data with no structure
will have a larger average ratio S,,q/s,, and thus a larger Cox-Lewis statistic.

In our experiments we examine document sets using the vector space
representation and retrieval (VSM). For calculating the Cox-Lewis statistics we define
the multidimensional sampling window as above. Similar analysis can be performed
using other IR models. For example, in the language model, the sampling origin could
be obtained from the language model of the collection and the randomness statistic
can be calculated by the use of an appropriate similarity metric.

Rather than provide an interpretation of the absolute value of the Cox-Lewis
statistic for a given dataset, we use it as a basis for comparison of two or more
datasets. The details of the experiments are provided in the following sections. As an
illustration, we show in Table 1, the modified Cox-Lewis statistic and the intrinsic
dimensionality statistics for four standard IR collections. These are the Financial
Times collection (FT), the Congressional Record files (CR), the set of documents
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from the Foreign Broadcast Information Service (FB) and the Los Angeles Times
material (LA) — all subsets of TREC disks 4 & 5.

All four datasets were indexed using the set of terms obtained after the removal of
standard stopwords and application of the Porter stemmer and applying the tf-idf
termweighting. The distance d; between two documents i and j was calculated as
1-similarity, the dot product of unit document vectors being the similarity measure.
The values for the Cox-Lewis statistic and the intrinsic dimensionality were both
calculated from a random sample of 10% of documents in each dataset.

Table 1. Characteristics of the four IR collections considered

Mean Variance of -
. .. Intrinsic
inter- pairwise Dimensiona Cox-
Number of | Number of document | distance lit Lewis
documents d‘fmq“e_ ter! 111.15 distance |computations _ 2y/ ) | Statistic
(dimensionality) W ( 0.2) p=u
FB 130471 231574 0.999966 0.000008 61498.01 0.90789
CR 27922 166718 0.999869 0.000053 9387.21 3.91217
FT 210158 223468 0.999968 0.000007 75167.38 1.21419
LA 131896 187425 0.999978 0.000005 95537.22 1.29629

From Table 1 one observes the characteristics of the obtained data distributions in
terms of the Cox-Lewis and intrinsic dimensionality. Columns 4 through 6 provide the
mean, variance and intrinsic dimensionality as defined by Chavez and Navarro [5].
Based on this statistic, the four datasets are arranged in the order CR < FB < FT < LA in
terms of increasing complexity as defined in [5]. However, as we can see from Columns
4 and 5, most documents are at a uniform distance of close to 1 from each other.

The Cox-Lewis statistic provides information about the clusterability of the data
representations and clearly singles out the CR database as being more uniform in data
distribution, with the value 3.9. We note that this coincides with the experimental
evidence in TREC that CR data set has been most challenging for the retrieval
systems from the retrieval performance point of view.

In our objective to find the means for characterizing clusterability of data sets, we
aim at computationally efficient methods. The method should aid and supplement
current practices, such as clustering, and thus be simpler than the most basic
clustering algorithms themselves. Adopting a method that requires more sophisticated
and involved calculations would therefore counter our aims. Positive results for our
elementary procedure lend encouragement towards the use of such methods.

4 Studying the Effect of Representation on the Effectiveness of
LSI

Given a text collection, there are many ways of converting it to its digital form
depending on the choice of the retrieval model (e.g. vector space model, probabilistic
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model, language modeling, etc). Within the same model, there could be differences
based on design choices, e.g. constants in the Okapi weighting scheme, the smoothing
method in the language model, etc. Further, the choice of a similarity metric dictates
the inter-document relationships. In this section, we consider the vector space model
and examine the effect of the choice of weighting scheme (referred to here as
“representation”) on the success of Latent Semantic Indexing.

Latent Semantic Indexing (LSI) is a technique based in linear algebra that uses a
low rank approximation of the original term-document matrix [12]. This is done by
taking the Single Value Decomposition (SVD) of the matrix, which allows the
arrangement of the space to reflect the major associative patterns in the data, and
ignore the smaller, less important influences.

Though the success of LSI in text retrieval is unquestionable, the reasons for its
improved performance have not been properly understood. Papadimitriou et al make
an attempt towards this end by proving a theorem which is a weak form of the
following logical statement - “LSI performs well if the corpus is a reasonably focused
collection of meaningfully correlated documents” [13]. Amongst two representations
of a given corpus, we would therefore expect LSI to perform better with the
representation that better encapsulates the meaningful correlations between the
documents. Since LSI can be seen as an unsupervised clustering algorithm, we
hypothesize that the correlation amongst the documents in a corpus can be equated to
the clustering tendency of this collection and that LSI would perform better using the
representation that has a larger presence of natural groupings.

In [2], Dumais describes the following weighting scheme for use with LSI. The
term j in document i was given the weight

wy; =(; +D)*(—e¢;)
where
e, =1- N pilog(py)
=i log(N)
ly

8

P =

g; being the global frequency of term j, t;; the frequency of term j in document i and N
is the number of documents in the collection. This weighting is referred to as
“entropy” here. For comparison purposes, we consider a standard variant of the
traditional tf-idf weighting given by:

w; = (t;/11,)*log(N/g )

where t;;, g; and N are as before and ; is the length of document i. The documents are
then normalized for length.

4.1 Experiments

We compare the two representations for two datasets — the CRAN and the MED
collections — to estimate the potential benefits of LSI on the retrieval effectiveness.
Each dataset comes with a set of queries which were issued against the set of
documents before and after reduction by LSI (the dimensionality of the reduced space
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was 300). The dot product was used for scoring the documents with respect to the
query. The mean average precision (MAP) was calculated in each case, the percentage
change in the MAP gives us the improvement due to LSI. The results are provided in
the following table.

Table 2. Comparing representations and their effect on LSI performance

Cox-Lewis % increase in MAP
Number of Number of Statistic after LSI
documents terms tf-idf | entropy tf-idf entropy
CRAN 1400 7234 1.112 0.668 -1.47 41.36
MED 1033 10178 0.916 0.735 -2.95 14.19

The last two columns of Table 2 indicate the improvement (degradation) in
performance of using LSI given the two representations, tf-idf and entropy. We see
that for the tf-idf case, the retrieval performance as measured by MAP actually
degrades when LSI is applied. In contrast, there is a significant performance
improvement when LSI is applied to the entropy representation. Interestingly, we
observed that for both the datasets, the entropy representation has a lower value for
the Cox-Lewis statistic (i.e. higher clustering tendency) than the corresponding value
for the tf-idf scheme. This is in accordance with our intuition that the success of LSI
is dependant on the choice of a representation that is more clusterable.

5 Predicting Query Performance

The task of any IR system is to satisfy a user’s information need, as expressed in the
form of a query, by providing a list of possible answers. It is almost inevitable that
there will be queries which are difficult to answer by the system. Identifying such
queries is extremely important in order to ensure adequate performance levels across
queries. Difficult queries may need to be handled with extra care. The first task,
however, is characterizing such queries before presenting the results to the user.

TREC has recognized the issue of ‘difficult’ queries and in 2003 established the
Robust Track. A subset of older TREC queries and some new ones were used as the
set of topics for this task. 50 queries from TREC 6-8 were chosen based on the fact
that they had low average precision across participants but also had outliers in
the form of participants who did perform well on this topic. This made the definition
of the difficulty level of these queries dependant on the performance of systems of
earlier years.

In this section, we demonstrate how the Cox-Lewis statistic can be used to
characterize the ‘difficulty’ of the query by analyzing the clusterability of the query
result set. We show a high correlation between the Cox-Lewis statistics and the
average precision performance of the query.

We indexed TREC disks 4 & 5 by eliminating stopwords, applying Porter
stemming, and using the tf-idf weighting scheme. For topics 301-450 and 601-700 we
retrieved 100 top ranked documents using the inner dot product and calculated the



116 V. Vinay et al.

average (non-interpolated) precision for each query based on the available relevance
judgments.

From [14], we adopt the notion of the query-dependant extension to the
dot-product to calculate the Cox-Lewis statistics for each query result set. It is the
measure used to determine the closest point to the sampling origin and identify the
nearest neighbor of this marked point. Amongst the alternatives suggested by
Tombros and van Rijsbergen [14], we used “M1” where the final similarity between
two documents is a product of their inner product and the query-dependant
component:

N
Zdikd/k ch‘h

Sim(d,,d ;| q)=—==! * !

\/z i |

where d; and d; are the two documents, q is the query and c is the vector of terms
common to both d; and d; with weights ¢, being the average of di and dj.. We now
associate the retrieved set of each query with a value of the Cox-Lewis statistic.

According to the cluster hypothesis [15], documents that are relevant to a given
query are likely to be similar to each other. By evaluating the clustering tendency of a
query result set, we measure the degree of randomness in the retrieved set. We rank
the query result sets based on the Cox-Lewis statistic — the lower the value of the
statistic, the larger the tendency for this set of results to cluster. We expect that
queries whose result sets are more clusterable are those for which the retrieval system
performed well, according to the user relevance judgment and the corresponding
average precision. We compare this predicted ranking of queries with the ranking
based on the corresponding average precision.
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5.1 Experiments

Ordering based on the Cox-Lewis statistic provides us with a prediction of the
retrieval performance over the given set of queries. The Kendall t coefficient between
this and the actual ranking of queries based on the average precision was found to be
0.349. If we use a simple dot product rather than query-specific dot product for Cox-
Lewis calculation, the Kendall t coefficient is slightly lower at 0.324.

As discussed in [16], the value of the Kendall © metric alone is not sufficient. We
measure the change in the MAP scores while eliminating successively increasing
numbers of poorly performing topics. First, we take the predicted ranking of query
performance and calculate the MAP over the whole set of topics. We then drop the
topic which we expect to have performed worst, i.e., the topic with the largest Cox-
Lewis statistic over the top 100 ranked documents, and calculate the MAP for the set
of remaining topics. It should be expected that the MAP after removing the topic with
the least average precision would be slightly higher than the MAP of the entire set.
This procedure is continued by iteratively removing more and more queries. The
procedure is repeated to generate a second curve, this time considering the actual
ranking. The difference between the two curves (of changing MAP) that result from
removing the worst performing topic at each step, provides information about the
utility of the performance predicting method. As can be seen from figure 4, the two
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curves follow each other closely, indicating that the Cox-Lewis statistic was effective
in distinguishing the poorly performing queries from the well performing ones. The
value of the correlation coefficient also compares favorably to all but one other query
difficulty prediction method found in the literature [9].

Difference between predicted and actual ranking of queries
based on average precision

------- Predicted Ranking
—e—Actual Ranking
0.8 4
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Number of topics dropped

Fig. 4. Using the Cox-Lewis statistic to predict query performance using the Query-sensitive
similarity measure. The two curves in the figure follow each other closely.

6 Conclusions

In this paper, we illustrated the need and the benefit of measuring the clustering
tendency in a given set of points, as higher degrees of randomness in data typically
implies a higher complexity from the processing point of view. We proposed the use
of a statistic based on the Cox-Lewis measure to estimate the clustering tendency of a
given data set. We used this statistic to compare four different subsets of the TREC
collection, each of varying size and dimensionality. We concluded that the set of
documents comprising the Congressional Record files would be most irresponsive to
statistical algorithms due to its lower clusterability.

We use the same method to compare the effect of two distinct data representation
schemes of the same data set on the retrieval performance, facilitated by LSI. The
data representation that uses the entropy-based term weighting was found to have a
lower complexity, i.e., it is characterized by a presence of more natural groupings
than the tf-idf based representation. This was substantiated by the comparatively
better retrieval performance when LSI was applied to the representation with the
entropy-based weighting scheme.

Lastly, we addressed the question of predicting query performance. We showed
that the clusterability of the top 100 results of a set of TREC topics is a good indicator
of the query performance. More precisely, a relatively lower clustering tendency for
the retrieved set indicates a query whose retrieval was ineffective. We found that the
Cox-Lewis statistic performed favorably when predicting the ranking of the queries
that results from their respective average precision measures.
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Though the Cox-Lewis statistic proved useful, there are many open questions about
the relationship between the complexity of the data representation and various other
data properties, such as the number of data points (documents), the number of
dimensions (terms), the degree of sparsity, etc. Understanding the exact nature of
possible dependencies between the complexity and these factors would lead to better
practices and more effective methods. This objective is therefore of great importance
and will be the subject of our future work.
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Abstract. This paper presents two sentence retrieval methods. We
adopt the task definition done in the TREC Novelty Track: sentence
retrieval consists in the extraction of the relevant sentences for a query
from a set of relevant documents for that query. We have compared
the performance of the Latent Semantic Indexing (LSI) retrieval model
against the performance of a topic identification method, also based on
Singular Value Decomposition (SVD) but with a different sentence selec-
tion method. We used the TREC Novelty Track collections from years
2002 and 2003 for the evaluation. The results of our experiments show
that these techniques, particularly sentence retrieval based on topic iden-
tification, are valid alternative approaches to other more ad-hoc methods
devised for this task.

1 Introduction and Motivation

In this work we understand the task of sentence retrieval in the way defined in
the TREC Novelty Track. The Novelty Track was introduced for the first time in
the TREC 2002 conference [I] and is composed of two main tasks. The first one is
sentence retrieval: starting with a set of relevant documents for a query (topic in
the TREC terminology), the system must extract from those documents the rel-
evant sentences for that topic, removing the ones that do not contain significant
information or that are related to different topics. The second task starts from
the sentences retrieved in the first task or from the relevant sentences selected by
human assessors. Taking in account this set, the system must retrieve only the
novel sentences, i.e., sentences that contain new information with respect to the
previous sentences in the set. In this paper we have focused only in the first task.

Among the applications of sentence retrieval we find query-biased text sum-
marization and the presentation to the users of the most relevant sentences of the
documents retrieved in a results list [2]. Furthermore, the novelty task would re-
move the redundant information in the extracted sentences. Another application
could be the construction of question answering systems because query relevant
sentences can be useful to obtain the user’s query.

The research done for the Novelty Track can be divided in two groups. Some
systems try to adapt classical document retrieval techniques to sentence re-
trieval with a different definition of the parameters of interest. For example,

M. Lalmas et al. (Eds.): ECIR 2006, LNCS 3936, pp. 119-{I30} 2006.
© Springer-Verlag Berlin Heidelberg 2006



120 D. Parapar and A. Barreiro

the classical vector space model can be adapted with a new definition of term
frequency, inverse document frequency and document length. On the contrary,
some participants work with techniques specifically developed for related tasks
like summarization or passage retrieval. Anyway, every retrieval model based on
matching of query and sentence terms will have difficulties with the short length
of sentences. For this reason most systems use pseudo-relevance feedback [3] and
query and/or document expansion [4].

Despite of the research effort done, the effectiveness in the sentence retrieval
task still can be improved. Our idea was to test Latent Semantic Indexing (LSI)
because it had not been used before in this task and because it can lead to more
general and less ad-hoc solutions and because only a small set of documents has
to be analyzed in this task. Therefore, we expect effective and efficient solutions.

LSI [5L6] is a retrieval model based on dimensionality reduction. An initial
space of terms and documents is reduced to represent concepts instead of terms.
With this transformation LSI claims to remove the noise produced for the vari-
ability in the use of terms, extracting the underlying semantic concepts in a
document collection. Most retrieval models are based on the number of query
and document matching terms with different weighting schemes. Therefore, for
the sentence retrieval task, LSI can be appropriate because the query-sentence
similarity measure is not obtained in the initial space of terms and sentences. In
the TREC Novelty sentence retrieval task researchers are given a set of relevant
documents for each query. This homogeneous set can facilitate the extraction
of the latent semantic structure. LSI can be more effective than query expan-
sion since this strategy introduces noise in the queries trying to increase term
matching, and the expansion based on co-occurrence is going to be more difficult
in the case of the sentences. Meanwhile LSI reduces the noise at the cost of a
possible lost of information in the final reduced space. To achieve a good balance
between noise filtering and information loss, the selection of the dimensions in
the reduced space is crucial.

In this paper we also present another retrieval strategy based on topic
identification. This strategy was devised starting from the Gong and Liu [7]
summarization method. It uses Singular Value Decomposition (SVD) and topic
identification for developing a generic summarization method for single docu-
ments. This process consists of two steps. First, the main topics of a document
are identified from the SVD of the document text. Next, a sentence is selected
for each main topic and added to the summary. In our case we need to produce
a query-relevant set of sentences from a set of relevant documents for the query.
Instead of identifying the main topics of a single document, we first identify the
main topics of the query. In this last usage a topic is an aspect of the query and a
query can be about several topics. Please note that in some sections we will use
topic with the meaning of ”TREC topic”. Hereinafter the context is enough to
distinguish between the two meanings of the word topic. The sentence selection
process is also different. In the case of a generic summary of a single document,
we intend to maximize the coverage of the document’s main content by selecting
one sentence for each main topic. On the other hand, to address the sentence
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retrieval task, it is necessary to maximize the number of relevant sentences re-
trieved for each topic of the query. After the identification of the query topics,
we retrieve the set of relevant sentences for the topics.

We advance here that sentence retrieval based on topic identification outper-
forms the method based on LSI retrieval. In addition, it is competitive compared
with other more specific techniques.

The rest of the paper is organized as follows. In the next section we introduce
the LSI model and explain the alternative retrieval method proposed for sentence
retrieval. In section 3 the experimental setting is presented. In section 4 we show
and analyze the results. In section 5 different considerations and future research
lines are introduced. The paper ends with the conclusions section.

2 LSI and Topic Identification

2.1 LSI: Model

The LST model [51[6] is an extension of the the vector space model for information
retrieval based on a dimensionality reduction technique. LSI claims to capture
the latent semantic structure in the documents and represent them in function
of basic concepts and ideas instead of terms. This allows us to deal with the
polysemy and synonymy problems.

The first stage in LSI is the Singular Value Decomposition (SVD) in which
a matrix of terms by documents, obtained from the document collection, is
decomposed into three matrices and then truncated to a reduced space. In our
case we have a matrix A of terms by sentences (instead of documents) in which
the value of cell ij is associated with the apparitions of term ¢ in sentence j
weighted with local and global weights. This matrix can be decomposed in the
following way:

Atxs :TterT’XTSf'XS (1)

where,
t: number of terms
s: number of sentences
r: rank of A
T: matrix of left singular vectors
S: matrix of right singular vectors
X’: diagonal matrix of singular values

The X matrix is a diagonal matrix of singular values in decreasing order; the
singular values are the positive square roots of the eigenvalues of the matrix
A x A, where A? is the transposed matrix of A. Each singular value represents
a dimension of the space, dimensions with higher singular values are more im-
portant in this space. The rows of the T matrix are the term vectors and the
rows of the S5, are the sentence vectors. To avoid the noise in term usage and
to capture the latent structure in a document collection the SVD is truncated
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to a reduced number of dimensions k. With this truncation, the k£ higher sin-
gular values are kept with the correspondent dimensions in the Tixj; and Ssxg
matrices: R

Atxs = Ttxkzkxksixs (2)

where A is the closest matrix of rank k to A in terms of || . ||» and || . ||z norms.
In the sentence matrix Ss« each sentence vector has k components. The usual
interpretation of this transformation is that each component now represents a
concept extracted from some relationship between terms and sentences in the
original space.

In this point it is worth to revisit the example given in one of the pioneer
LST works. In the example presented in [B], after a truncated SVD with k = 2 of
an original space of 18 terms and 14 documents, it is clear that the documents
pertaining to a certain topic are clustered above the x-axis which is associated
with the first dimension of the final reduced space, while documents pertaining
to another topic are clustered near the lower y-axis which is associated with the
second dimension of the final reduced space.

2.2 Retrieval in LSI

Once we have this decomposition and truncation for an information retrieval
system we must do the same transformation with the queries that arrive to the
system. We need to project the queries to the same reduced space using the
following formula:

0= q'Texk Sy 3)

With this transformation the query vector ¢ is just like a pseudo-sentence
vector that can be compared with the rows of Ssxx in a retrieval task. Actually,
in order to make this comparison the rows of Ssx; and ¢ are scaled multiply-
ing them by X. Note that this scaling only produces a stretched version of the
reduced space Ssxj giving more importance to the dimensions with higher sin-
gular values. Finally, query and sentences can be compared using the cosine or
dot product. If the similarity measure is larger than a threshold thrys; then the
sentence is considered relevant.

2.3 Retrieval Based on Topic Identification

First we will give a brief description of the method and then we will provide a
pseudo-code style description. Our intuition here is that a sentence contains a
very low number of different concepts or topics, i.e., in most cases a sentence is
only about one or two things. Considering that in the reduced space each dimen-
sion represents a concept, we can consider only a few dimensions of the sentence
vector to determine its relevance. We considered that the most important topics
in a query are those associated with the largest magnitude components, because
they are the most discriminative in the space. So we take these dimensions as the
representatives of the query and we select the sentences with the largest values
for those dimensions.
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In this method the query ¢ and the sentences, rows of matrix Ssx, are not
scaled with X' because this method is specifically devised for operating in the
reduced space. The retrieval algorithm uses the Ssx; matrix and the projected
query ¢ as follows:

1. For a projected query ¢ = (d1, ¢, - - -, Gk) the n components with the largest
absolute values are chosen.

2. Let ¢; be any of the selected components of ¢ obtained in the previous step.
Let S; = (514, 82i, - - -, Ssi) be the column ¢ of matrix Ssxx. Each element sj;
represents the weight of the component ¢ in the sentence j (row j of Sgxx).
Let thrpr be a positive threshold.

For each ¢; selected in 1:
For each j:1..s:
If ¢; and s;; are positive and s;; > thryr the sentence j is selected.
If ¢; and s;; are negative and |sj;| > thrr; the sentence j is selected.
3. The union of sentences obtained in the previous step is returned.

Let us remark that in the inner loop of step 2 we only select those sentences
that have components with values larger than the threshold and the same sign
than the query component because we suppose that queries and sentences per-
taining to a certain topic must be located in the same side of the axis associated
to that dimension. It is possible to find an optimal number of retrieved sentences
by changing the value of the threshold thrp; introduced in the algorithm.

Now we emphasize the differences with the algorithm exposed in [7] where
the goal is to produce a generic summary of a document. First, in the algorithm
presented here the goal is to obtain the set of relevant sentences to a query.
Second, in [7] the first step obtains the singular values associated with the main
concepts of a single document; in our algorithm the main concepts in the query
are obtained in the first step. Third, in [7] for each important singular value,
a sentence is selected trying to maximize the coverage of the document’s main
content; in the problem addressed in this paper we must cover the query topics
but for each query topic we must retrieve not only a representative sentence but
the set of relevant sentences.

The evaluation of the sentence retrieval task in the TREC Novelty track is set-
based. The method for retrieval of sentences based on LSI described in section 2.1
produces a ranking. Therefore, it was necessary to define a similarity threshold
to obtain a set. The method based on topic identification directly produces a set.
For other tasks the algorithm based on topic identification could be modified to
produce a ranking.

3 Experimental Settings

We used the collections of the TREC Novelty Track from years 2002 and 2003
for the evaluation of the two retrieval methods.

The 2002 collection consists of 49 topics selected from the ad-hoc task of
TREC in the range from 300 to 450 [I]. For these topics a set of 25 relevant
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documents was provided. In fact, 25 is the upper limit, as for some topics the
number of documents is lower. There are two relevance judgments for the relevant
sentences in this track corresponding to the minimum and maximum assessor.
The minimum assessor, the one with the lower number of relevant sentences, was
taken as the official for this task. The average percentage of relevant sentences
is very low, 2.54%.

The 2003 collection consists of 50 topics specifically created for the 2003 track
[8]. Two kinds of topics were created: events, for news articles, and opinions for
articles about controversial subjects. For each topic, 25 relevant documents were
selected from the AQUAINT collection, composed of articles from New York
Times News Service, Associated Press and Xinhua News Service. The authors of
the topics, primary assessors, made the relevance judgments of their own topics
and a secondary group of assessors provided a second set of judgments. The
percentage of relevant sentences from the primary assessors, that was taken as
the official for this task, was much higher than in 2002, 41.13%.

In both collections the sentences are previously identified in the documents
and tagged separately to allow a quick processing of the documents. This sepa-
ration is based in the points of the original text so the division in sentences is
not part of the difficulties of the task.

We tested different stemmers; the best results were obtained with the Krovetz
stemmer. The stop words were removed. All the experiments presented in the
next section used the Krovetz stemmer and the same stop list.

In this task the relevant sentences only can be found in the set of 25 documents
associated with each TREC topic. For this reason, the matrix A of equation (1)
was generated independently for each set of relevant documents associated with
each TREC topic in both methods. This indexing scenario represents a real
situation in which a standard IR system retrieves the top-ranked documents
and these documents are analyzed to retrieve relevant sentences.

Retrieval was done with the programs provided by the LSI software package
of Telcordia Technologies [9]. We used this software with the SVDLIBC [10]
library to perform the SVD transformation.

The evaluation measures are the set-based precision, set-based recall, and the
F measure for each topic and the average for the 50 topics. The metric taken as
reference was the F measure given by the formula:

[ 2 x Precision x Recall

(4)

Precision + Recall

This measure gives the same importance to precision and recall, so the goal
of retrieval is a good trade-off between precision and recall.

4 Results

Different weighting schemes provided by the LSI software package of Telcordia
were tested for local and global weights. For the local weights the best weight
was the binary one. Anyway, if the log or raw term frequency option is used, the
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difference in the result obtained is small, since the information of the number of
times a term appears in a sentence is usually not so important. The global weight
1df2, which is the square of the logarithmic idf, also allows the best results in
both methods and collections. For the LSI method the similarity measure chosen
for the two collections was the dot product.

In figure 1 the best experiments for the 2002 collections with both methods
are shown. For the 2002 collection the first method results were bad. The best
results were obtained using 20 factors (kK = 20) in the truncation of the SVD,
although there are similar results with k£ varying in the range from 15 to 25.
With the dot product as the similarity measure we determined the value of
the threshold THRpsr that produces the best F value. The higher F value
was 0.06 with TH Ry g7 in the range between 38 and 50. The F value is very
low compared with the best runs submitted to the TREC track. Moreover, the
groups participating in the track had only four topics for training while we used
the full set of relevance judgments to adjust the used parameters. In fact, a
random retrieval of sentences produces an F value of 0.04, so we can say that
the LSI method is not able to work properly in this collection.

In the same collection the topic identification method improves substantially
the performance. The best range for the number of factors is the same than in the
LSI method, with the best value for k = 15. We used the same weighting scheme.
The used threshold type is different: a minimun value for all of the components
was fixed and only sentences with absolute values higher than that threshold were
retrieved. The best results are obtained when the similarity threshold TH Ryy
has a value of 0.05 and the parameter n for the number of query components has
a value of 1. In all experiments an increment in the number of query components
produced a small decrement in the performance. The best F obtained was 0.141
which supposes a big improvement with respect to the LSI results. But these
results still do not reach the ones obtained by the best runs submitted to the
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Fig. 1. F measure for the best runs in function of the number of factors (k), 2002
collection
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track with an F value around 0.23. The F obtained with the second human
judgments (maximum assessor) is 0.371.

In the evaluation of the two methods we only established the values of
k,THRs;, THRp; and n mentioned above to obtain the best results. Most
systems participating in the TREC Novelty track applied specific techniques
to improve performance: specific analysis of the queries or documents to be
used in query or document expansion, query expansion with linguistic resources,
pseudo-relevance feedback techniques, features extraction from the TREC topics
or document clustering before sentence retrieval. For these reasons, it is difficult
to compare our results with the results obtained for the runs submitted to the
TREC tracks. The participants did not have the relevance judgments to find the
best paremeters. Actually, in the 2002 track four training topics were provided.
These topics were used for some participants to determine, for example, the per-
centage of sentences that should be retrieved. In the 2003 track no training topics
were provided. However, since participants in the competition were allowed to
send five runs, we presented here the comparison with the best results of TREC.
Besides that, we presented the comparison of our results with the results of the
secondary assessor, therefore this comparison gives an idea of the behavior of
our methods with respect to a human performing the task.

The results of the LSI method with the 2003 collection were good. Parameter
tuning has to be different for this collection so different experiments were re-
peated again to determine the best parameters. The optimal number of factors
turned out to be k = 5. The reason of this could be that the 2003 collection
is a bit smaller or more homogeneous than the 2002 collection. With the same
weighting scheme and similarity measure, the value of the threshold thrps; that
achieves the best results is also different, in this case because the relevance judg-
ments are very different and the percentage of relevant sentences is higher. As
expected, the value of the threshold is lower than in the case of the 2002 collec-
tion and the range for the best results is between 16 and 20.

The best F with & = 5 factors and a threshold thrpg; of 16 is 0.593. This
value is similar to those submitted for the best runs participating in the track.
Indeed, the F value of the secondary assessor is 0.58. Our value is better in this
case because our recall is very high 0.90, while the recall of the human assessor is
0.67. In terms of precision we obtain 0.5 while the human obtains 0.69. Results
with better precision are obtained increasing the threshold value. With these
increased values the F value decreases because the recall decreases faster than
the precision increases. For example, for a value of thrpgy = 50, a recall of 0.62
similar to the human is obtained, but the precision has a value of 0.55 and the
F value is 0.533. It is a good F value close to the human assessor F value and
more similar in the trade-off precision/recall.

Although the difference is not so large as in the 2002 collection, the topic
identification method also performs better than LSI for the 2003 collection. The
optimal number of factors is the same that for the LSI method (k = 5). Compared
with the topic identification algorithm in the 2002 collection the threshold thry;
is also lower. The highest F value is 0.640 and it is obtained with thrp; = 0.02.
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Fig. 2. F measure for the best runs in function of the number of factors (k), 2003
collection

This value is even better than the value provided by the secondary assessor
and than the best runs submitted to the track, but it is obtained with a high
recall (0.89) and a precision of 0.58; with thrpr; = 0.03 we obtain a recall of
0.73 (the secondary assessor obtains 0.67) and a precision of 0.62 (the secondary
assessor obtains 0.69) and an F value of 0.603 which is still higher than the
human assessor that obtains a 0.58. In figure 2 the changes of the best results
in function of k for the 2003 collection with both methods are shown.

In both collections, after selecting the best k, the topic identification method
performs better than the LST method. This is especially important in the 2002
collection where LSI simply does not work. An important fact is that in both
methods the optimal number of factors is the same for the same collection. But,
in the case of the topic identification method, the variation in the number of
factors has a major influence in the performance of the system while in the LSI
method the influence of the number of factors is quite soft. This variation can
be seen in figures 1 and 2 but especially in the graphic from the 2003 collection
where the performance of topic identification is lower than LSI for k£ > 20. So a
previous statistical analysis to determine what number of factors is the best for
a concrete collection will be more important in the topic identification than in
the LSI algorithm.

5 Discussion and Future Work

In [I1] different experiments with real relevance feedback and LSI were made.
These experiments in several small collections achieved a big improvement in
performance. For example, the use of the first relevant document retrieved as
the new query is enough to improve the results in all the collections tested. We
think that the use of pseudo-relevance feedback techniques can also improve the
performance of LSI and, therefore, of our topic identification method in sentence



128 D. Parapar and A. Barreiro

retrieval. In fact, the best precision values obtained in the topic identification
experiments can help to make the pseudo-relevance feedback more effective in
this method.

The results presented here reinforce the hypothesis that each dimension in
the reduced space of the truncated SVD represents a topic of the original doc-
uments. The algorithm proposed in [7] starts from the hypothesis that a pat-
tern in the word usage in the original document space can be associated with
a topic. LSI claims that it captures the variability in the word usage, reduc-
ing terms with similar usage pattern to the same dimension in the reduced
space. If these associated terms represent a topic we can use each dimension in
the reduced space as the representative of a concept in a document collection.
Starting from these ideas Gong & Liu devised the algorithm for generic text
summarization.

Following that research line, in our LSI sentence retrieval method each sin-
gular value is supposed to represent the importance of those topics, therefore
the highest singular values represent the most important topics in the indexed
text. In our topic identification approach the retrieval is not directly driven by
the singular values. We projected the query in the truncated SVD space and
the retrieval of relevant sentences is driven by the most important query com-
ponents in this reduce space. Therefore, the good results of the method support
the hypothesis that the algorithm finds query topics and can retrieve sentences
about these topics.

The topic identification method always gets the best result using only one
component of the query (n = 1). The main reason is that the best results are
obtained with a small number of factors. Probably most queries are very focused
in a single theme, so the use of one component can be the optimal. We made
an individual query analysis, maintaining the same number of factors, and we
observed that for some queries better results can be obtained for n > 1. This is
an expected result because some queries can be about different related themes,
in this case the selection of the same number of components as main themes is
better. Obviously, this opens a research line whose goal is to produce a topic
identification method in which the n parameter could be established for each
individual query. In fact this research line is related with some recent work
in predicting query performance [12] [13]. In these works the objective is to
predict the query difficulty. Weighting functions or query expansion parameters
can be changed depending upon the prediction of query difficulty. In our case
we are interested in prediction of query topicality but we believe that some of
the predictors of query difficulty can be useful for query topicality. It is also
interesting to mention another recent work analyzing the reasons of the failure
of queries in different systems [I4]: in many cases the query failure comes from
the difficulty in determining the query topicality.

As we introduced in the first section, the sentence retrieval task can be seen
like a type of summarization. Although the evaluated methods are presented
to perform a query-relevant retrieval, they could be adapted to perform generic
summaries using, for example, the full document to summarize instead of the



Sentence Retrieval with LSI and Topic Identification 129

query. If the summarization requires text modification, sentence retrieval can
be simply the first step of the process, previous to the generation of a new
summary.

Another application of sentence retrieval is the presentation of retrieval re-
sults. The traditional presentation strategies of web search engines usually in-
clude the title, the URL and the terms of the search in the context in which they
appear. Some experiments with users [2] examined the effects of the presenta-
tion of relevant sentences instead of the documents surrogates. The main goal
of using top-ranking sentences is the presentation of content to the users, en-
couraging users interaction and reducing the number of decisions that the users
take to decide the relevance of a document an read it. Indeed, experiments of
implicit feedback were developed changing the order of the sentences presented
in function of the information extracted implicitly from the user. The experi-
ence of the users was positive with respect to these experiments, so the task of
sentence retrieval has promising applications.

The novelty collections from the years 2002 and 2003 are very different. Due
to the variability in the results obtained and the shifting of the parameters
optimized to get these results we plan to repeat the evaluation for the 2004
Novelty track [I5] collection. In the 2004 collection the major change is the
inclusion of irrelevant documents into the documents sets associated with each
topic, actually the irrelevant documents are close matches to the relevant ones,
and not random irrelevant documents. After the evaluation with this collection
we plan to research about the stability of these techniques given the variability
in the input data.

6 Conclusions

Two methods were tested for the task of sentence retrieval. The LSI-based
method had not been used before in sentence retrieval. The results of this method
are very different for the two collections employed in the evaluation. For the
2002 TREC Novelty track collection the method has a performance only slightly
better than a random retrieval, while in the 2003 TREC Novelty track col-
lection the performance is competitive with the best systems tested with this
collection.

The second method used is a new method based on topic identification. This
method obtains better results than the previous one in the two evaluated collec-
tions. In the 2002 collection the performance is not as good as the performance
of the best systems participating in the track. For the 2003 collection the results
are among the best participant systems and the second human assessor, at least
in terms of the F measure.

Most groups participating in the TREC Novelty track used techniques like
query expansion or relevance feedback to address the difficulty of matching query
and sentence terms. We have proposed two generic methods with a formal back-
ground getting good results and still being able to improve the performance.
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Abstract. Reading news is one of the most popular activities when people surf
the internet. As too many news sources provide independent news information
and each has its own preference, detecting unbiased important news might be
very useful for users to keep up to date with what are happening in the world.
In this paper we present a novel method to identify important news in web envi-
ronment which consists of diversified online news sites. We observe that a
piece of important news generally occupies visually significant place in some
homepage of a news site and import news event will be reported by many news
sites. To explore these two properties, we model the relationship between
homepages, news and latent events by a tripartite graph, and present an algo-
rithm to identify important news in this model. Based on this algorithm, we
implement a system TOPSTORY to dynamically generate homepages for users
to browse important news reports. Our experimental study indicates the effec-
tiveness of proposed approach.

1 Introduction

A survey conducted by Cerberian in May 2004 shows that news is one of the favorites
for Internet users [1]. Specifically, 56% users rank “NEWS Sites” as one of the top 5
places they visit when surfing the Internet. The proliferation of many independent
online news sources has created a sharp increase in news information channels avail-
able to us. What we are confronted with is the prohibitively huge amount of news
information coming at us from multiple news sources. As us news readers are con-
cerned, the important and latest news events can actually capture users’ interest. Thus
one key problem is to identify those pieces of news that report important events. We
call this kind of news important news. However, not all the important news has the
similar importance, how to rank them according to their importance becomes a key
issue in IR field. In this paper, we mainly discuss the problem of detecting and rank-
ing these publicly recognized important news, with no respect to user’s personal in-
terest preference.

It is not easy to distinguish important news, since each news source has its own
preference in reporting events. But generally speaking, the following two properties
can be utilized for identifying and ranking important news:
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1. Important news usually occupies a visually significant place in the homepage.
(Such as headline news);
2. Important news is usually reported by various news sources.

In this paper, we present a method to detect those pieces of news that possess these
two properties. The visual significance of news in a homepage can be deemed as the
recommendation strength to the news by the homepage. We notice that some home-
pages regularly recommend important news with proper strength, but others may have
obvious local preference. We denote the term credibility to describe the extent to
which we can believe a homepage’s recommendation. Credibility of homepages and
importance of news pages exhibit a mutual reinforcement relationship, which is simi-
lar to that between hub pages and authoritative pages in a hyperlinked environment
[7]. Similarly, importance of news and importance of events also exhibit such a mu-
tual reinforcement relationship. We model the relationship between homepages, news
and events into a tripartite graph and present an algorithm to identify important news
by seeking the equilibrium of those two mutual reinforcement relationships in this
graph.

Related work can be classified into two categories. The first is important story de-
tection that is mainly studied within the topic detection and tracking (TDT) commu-
nity [4][5][6]. TDT tries to detect important stories from broadcast news. Our work
differs from them in the way that we consider this problem in the web environment
where more independent information sources are available. Another kind of related
work is web object relationship mining, which has drawn widespread interest [8].
Especially, it has shown that taking the web as a graph has yielded valuable insight
into various web algorithms [1][7]. Our work focuses on web news stories and our
method is partially motivated by web relationship graphically modeling and mining.

The organization of this paper is as follows. In Section 2, we study the relationship
between homepages, news and events and model it by a tripartite graph. In Section 3
we present the algorithm to identify the importance of news by exploiting two kinds
of information in independent manner and combined manner respectively. In
Section 4 we give an overview of the system TOPSTORY that implements our algo-
rithm. Experiments are discussed in Section 5. Finally, we summarize our contribu-
tions and conclude in Section 6.

2 Observation and Formulation of Web News

To identify important news that follows the aforementioned properties, we investigate
two kinds of information from homepages and news pages respectively.

News homepages not only provide a set of links to news pages, they also work as
visual portals for users to read news. They are delicately designed to help user acquire
information quickly. Examples include headline news, top story recommendation, etc.
One of the most general forms is that all pieces of news are presented by homepages
with different visual strength. The most important piece of news is often put in the top
place, accompanied by some image or abstract text, while each of those less important
ones is just a short sentence with a hyperlink. From another point of view, the visual
layout of each homepage reflects its editor’s viewpoint on important news at that time.
Such kind of information is quite helpful to identify important news.
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Each news article generally has a title, an abstract and the content etc. Thus we can
compare the content of two news pages and estimate whether they are reporting the
same event. Furthermore, from the corpus of multiple news sources, we may estimate
how many pieces of news are reporting the same event.

2.1 Observations

Homepages vary in credibility. Each site generally contains two kinds of homepages:
portal page and category pages. A portal page often summarizes important news from
different classes, while each category page focuses on one kind of news, such as
world, business, sports and entertainment etc. The headline news in a category page
is possibly important only within the corresponding class. So generally speaking,
portal pages are likely to be more credible within a site. Besides, homepages of pres-
tigious sites are averagely more creditable than those of non-famous sites. The later
generally has obvious local preference. Credibility of homepages and importance of
news exhibit a mutually reinforcing relationship as follows:

Observation 1: Homepage and News

e News presented by more creditable homepages with stronger visual strength is
more likely to be important.

e More creditable homepages are expected to recommend important news more
reliably.

All pieces of news are driven by the similar sets of events taking place in the world.
Here we take the definition of event from topic detection and tracking community [4].

Definition: Event

Something that happens at a specific time and place. E.g. a specific election, accident,
crime or natural disaster.

The importance of news and importance of events also exhibit a mutually reinforce-
ment relationship.

Observation 2: News and Events

o Important events are likely to be reported by more pieces of news.
e A piece of news that reports an important event is important.

2.2 Tripartite Graph Model of Web News Relationship

We take a tripartite graph to model the aforementioned information and exploit our
observations. There are three objects here: homepages, news and events. The graph
is a five-tuple G={F,N,E,Q,P}, where F={F---F,}, N={N,---N,} , E={(E,---E,}
are three sets of vertices corresponding to homepages, news pages and events respec-
tively. Q is defined as an mxn matrix such that Q; represents the recommendation

strength of N, by F,. We assume that the maximum recommendation strength equals

for all homepages. Correspondingly, Q is normalized along rows so that Vi,max Q; =1.
J

P is an nxd matrix such that P, is the probability that N, is reporting
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© HomePage

72 News

O Event

Fig. 1. A Tripartite Graph Model of Homepages, News Pages and Events

E, . And Vj,» P, =1 holds. Here P and E are unobservable directly. A skeletal
k

example is depicted in Figure 1.
Besides, we associate credibility weight w/ for each homepage F,, importance

weight w' for each piece of news N, and importance weight w for each event E,.
We maintain the invariant that the weights of each type are normalized:

i(w{f =1, i(w;le, Zn:(w,.")zzl.
P i=1 i=1

3 Importance Propagation Model

Based on observation 1 and 2, we identify the credibility of homepages, importance of
news by finding equilibriums in those relationships. It can be done by an iterative
algorithm.

We first investigate these two kinds of relationships in independent manner. By
further analysis, we find they are mutually beneficial. It is more advantageous to
combine them and find a certain type of equilibrium in the two-level mutual rein-
forcement relationship.

3.1 Homepage Voting Model

Corresponding to observation 1, we can define the following operations: (Q" is the
transpose of Q)

w'— QT xw/ (D

w/ « K xQxw" )

Here K, is a diagonal matrix and K, (i,i)=1/) Q; . The multiplier K, is necessary
J

because the credibility of a homepage should not be biased by the number of piece of

news it presents. Therefore when w" is given, we estimate w/ as the following:
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Z Owj

wh =7

L2

These two operations are the basic means by which w/ and w" reinforce one an-
other. The equilibrium values for the weights can be reached by repeating (1) and (2)
alternatively. Thus w/ converges to w’", which is the unit principal eigenvector of
quQxQT. And w" converges to w", which is the unit principal eigenvector of
Q" xK,xQ and is proportional to Q" xw'".

It is based on the standard result of linear algebra that if M is a symmetric nxn
matrix, and v is a vector not orthogonal to the principal eigenvector, then the unit
vector in the direction of M*v converges to the principal eigenvector of M as
k increases without bound. An assumption here is that the principal eigenvalue of M
is strictly greater than any other ones. But related analysis in this paper is not affected
in any substantial way even if this assumption does not hold.

Define B=Q" xK,xQ. We note that B, =» 0, xQ, xK, .So if two pieces of news

1=1
coexist in some homepage, their importance weights reinforce one another. The rein-
force strength is proportional to the recommendation strength of both pieces of news
by that homepage.

3.2 Cross-Site Similarity Model

Corresponding to the observation 2, we define the following operations:

w" — PXw° 3)

we ¢ PTxw" “
The mathematical analysis of this process is totally same with that of the homepage
model. Here we use w" to denote the unit principal eigenvector of Px P .
d
Define A=PxP". We note that A, => P,xP, . So A, is exactly the probability
I=1
that N, and N, are reporting the same events. We can approximate A; by comparing

the document similarity between these two pieces of news. The details are discussed
in Section 4.2. Here we assume A, is available without knowing P . Thus we can

reach w" without an explicit value of E and P.

3.3 Hybrid Model

Both the homepage recommendation strength and multiple news similarity can help to
identify news importance, however, the above two models have their shortcom-ings
respectively. Improvement to the overall performance can be expected when combin-
ing them, to let them making up to each other. Here we investigate a simple
combination rule:
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W AXw" — AXOF xw’ 5)

¢
w K XOxw" (6)

Similarly we can repeat the above two steps alternatively to reach an equilibrium
point. Here w'" is the principal eigenvector of K, xQxAxQ", and w" is the princi-
pal eigenvector of AxQ"xK, xQ . The procedure to approximate the equilibrium

values is in Figure 2. Generally k& = 20 is sufficient to make it converge.

Iterate (Q,A,k)

0 : a frontpage-to-news matrix
A:a news-to-news matrix
k : the iteration count

Let z denote the vector (1,1,---,1)e R™.
Set wy =z.
For i=1,2,---,k

w' = AXQ" XK XQxXW!, .
Normalize w!

End for

Set w/ =K, xQOxw, .
Normalize w/
Normalize w}

Return (wy,w/)

Fig. 2. Importance and Credibility Rank Algorithm

The tripartite graph is expected to be connected as a whole. Intuitively speaking,
the sets of news pages from different sites are related via the same event set they
report, the sets of news pages for different events are also related because they coexist
in the same set of homepages. The exception is that all events reported by a set of
homepages are not reported by any other homepage. It is quite impossible in reality
and we ignore this kind of case.

Since the tripartite graph is connected and all edges are associated with positive
values, we note that w/"and w"" have positive values in all coordinates. It means we
can compare the importance of any two pieces of news. However, this is not the case
for neither homepage model nor similarity model.

4 TOPSTORY System

We implement a system to verify our algorithm: TOPSTORY (See Figure 3). This
system monitors a set of news sources and crawls their homepages and linked news
pages in a certain frequency. By our algorithm, each piece of news gets a ranking
score. We also implement a simple clusterer so that related news can be clustered into
events. And these events are ranked by the most important news within them.
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The system interacts with users in two ways. 1) It periodically detects latest impor-
tant news and automatically generates homepage for users to browse. 2) It can be
driven by users’ queries, that is, it can dynamically detect important news during any
given time period and generates corresponding homepage with top important events.

HomePage TOPSTORY
Generator
ki
Web News
Browser Clustering
T
| News L
| Periodical
- Impor tance .
User Optional é;nking Task Trigger

input

Fig. 3. An Overview of TOPSTORY System

4.1 Recommendation Strength in Homepage by Visual Importance

Each homepage is tracked by a set of snapshot pages {S,,,S,,,---}. Here snapshot S,
denotes the homepage at a specific time z. Each snapshot presents a set of news with
different visual strength. We use a vision-based page segmentation algorithm (VIPS)
[3] to analyze snapshot’s content structure (See Figure 4).

Headline News

2" _ level news

3" - level news

Fig. 4. A Snapshot of Homepage

Figure 4 is an example of the result, where each framed red rectangle is a block of a
piece of news. The visual strength of a block is decided by its size, position and
whether it contains an image. We estimate it by:

q(S,N) = BlockSize/ MaxBlockSize + (1 —top / PageHeight)

+0.5* (Containlmage ?1:0) )

where ¢(S,N) is the visual strength of news N in S; BlockSize is the block’s size;
top is its top position; Containlmage indicates whether it contains an image; Max-
BlockSize denotes the maximum size of all blocks in S ; PageHeight is the total
height of the snapshot page.
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The visual strength of a piece of news may evolve with time. We need to summa-
rize these snapshots to have a global view that how the homepage recommends it. The
summarization rule is actually determined by user’s interest needs. If a user wants to
browse important events during a week, all snapshots in this week are equal. In an-
other case the user’s interest decays with time, the latest snapshots should be more
important than the older ones. Therefore we associate weights to snapshots according
to their corresponding time. A sigmoid function is used to represent the decaying
effect of user interest.

1 , for the first case
w(S,) = 1

prymreli for the second case
0

1+e

For each piece of news, its voting strength from a homepage is represented by a
weighted combination of the visual strength it occupies at each snapshot.

> w(S,)*q(S,.N)
F,N)=-"
q( ST (s,

S

where w(S,) is the weight of snapshot S at time . ¢(F,N) is further normalized so
that the maximum recommendation strength by each homepage equals 1.

4.2 News Document Similarity Measure

We use the Vector-Space Model (VSM) to represent each piece of news and compute
their similarity by cosine similarity measure. For each piece of news, we distinguish
two kinds of terms: name entities and general feature words. Name entities involve:
Name, Organization, Location, Time, etc.

We consider three aspects to weight each word:

1. Traditional TF-IDF scheme.
2. Font information. Those with bold and bigger size font are of bigger weights.
3. Name entities are more relevant to the reported event.

We compute the weight of each term e in a news page N as the follows:

idf, * Z fvw) ,if eis a feature word

W(N 6) = we N and w=e
s idf, * z fyw)*5 |if eis a name entity

we N and w=e

where f,(w) denotes the font weight of each occurrence of win N.

5 Experimental Results

In this section, we first explain how we collect data and set up the ground truth. Then
a set of experiments were conducted to investigate our algorithms and evaluate the
TOPSTORY system.
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5.1 Data Sets Description

We monitor 8 online news sites for a week. All homepages are crawled in the fre-
quency of ten minutes. We are especially interested in world news because it is popular
and comparable among all sites. Statistics of crawled data are shown in Table 1.

Table 1. Statistics of Experimental Data

News Sites Homepage Num | News Page Num World News Num
BBC 7 1262 348
CNN 8 331 133
CBC 5 498 258
NEWSDAY 6 922 336
CBSNEWS 5 197 50
YAHOO 8 1219 365
ABCNEWS 7 2601 463
REUTERS 6 624 289

It is quite difficult to give an importance value for each piece of news. The key
problem is that users can only evaluate importance for each event instead of each
piece of news. So it is necessary to associate each piece of news into some event for
comparing our methods to the ground truth from users. We utilize a fixed clustering
algorithm to deal with this task. We define three importance levels and their corre-
sponding weight values. (See Table 2)

Table 2. Importance Label

Importance Level Weight
Very important 10
Important 5
Normal 0

We asked 5 users to label these clustered events. For each event, the average value
is taken as its importance value.

5.2 Experiment Results

We conduct two experiments to compare the performance of the three proposed mod-
els. We hope to investigate the effect of information from homepages and news pages
respectively and to see the effect of their combination as well.
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5.2.1 Scope — Average Importance

We take a strategy like scope-precision, to evaluate the performance of the three mod-
els in TOPSTORY respectively. Here the scope is the number of top important events
returned. Precision is the average importance value of these top events. We also
define the ideal case for comparison. It represents the best performance we can ex-
pect from the user labelings. Figure 5 illustrates the result.

—e— HomePage Model

12 - —s=— Similarity Model
210 —a— Hybrid Model
° —x— Ideal Case
s 87
T 6L
50 4
sl
Z 2

0 1 1 1 1 1 |

1 4 7 10 13 16 19
Num of Top Events

Fig. 5. Scope - Average Importance

The hybrid model outperforms both the similarity model and the homepage model
remarkably. For the similarity model, some normal events contently similar to impor-
tant events are wrongly identified as important, which degrades the final performance.
For the homepage model, only one site determines its performance since the credibil-
ity converges to one site. Thus any less important news published on the homepage
of this site will harm the scope — average importance.

5.2.2 Time Delay

Another criterion to evaluate their performance is time delay for reporting events.
Given one event, its time delay is defined as the period from the earliest time when
one piece of related news appears to the time we can identify it as important news.
We hope the time delay should be as short as possible so that the system can report
important news to users as soon as possible.

We randomly select a set of events from those that can be identified as important
by all the three models. These events are listed as follows. The left column is the
earliest time that our crawler found a piece of news corresponding to the event. The
right column is a brief description of the events.

2005-01-02 14:44:39 Car bomb attack kills 19 Iraqis
2005-01-03 02:45:02 Peru rebels surrend

2005-01-02 23:39:46 Powell warns of more Iraq attacks
2005-01-04 06:53:55 Governor of Baghdad assassinated
2005-01-06 11:03:08 Nelson Mandela's eldest son dies
2005-01-05 05:35:40 Aid plea for 'tsunami generation'
2005-01-06 06:36:10 Jordan rallies support for Iraq poll
2005-01-02 14:36:06 Peter Molyneux has been made an OBE.

2005-01-03 14:47:06 Uzbeks promise smelter clean-up
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Fig. 6. Time Delay

The delays are illustrated in Figure 6. The average delays for three models are 1.0,
6.7 and 2.6 respectively (in hour). The time delay by the homepage model is very
small because a piece of important news occupies significant importance as soon as it
appears. While the similarity model requires a significant time delay and can hardly
identify important events in the first time. It is because in this model an event can be
identified as important only after many sites have reported it. The hybrid model is
quite close to the homepage model for most cases.

6 Conclusion and Future Work

In this paper, we propose a method to identify and to rank important news in web
environment. We investigate visual layout information in homepages and content
similarity information in news pages. The relationship between homepages, events
and news pages is modeled by a tripartite graph. Then we present an eigenvector-
based algorithm to find the importance equilibrium in this graph. Based on this
algorithm, we implement a system TOPSTORY to help users to read important news
easily. Experiments show the whole framework is effective. We investigate these
two kinds of information respectively by two different models. It turns out that they
are mutually beneficial. The hybrid model can identify important news better.

Based on this work, there are three future directions worth further exploring. First,
we have used the information of visual strength of blocks in homepages to identify
news importance. The information in the web environment is much richer. How to
dig out other kinds of information and exploit them for our task is an interesting prob-
lem. Second, we take the eigenvector-based method in this paper, but the power of
such heuristics is not fully understood at an analytical level. One direction would be
to consider it in a random graphic model. Finally, as the goal is to help users to
browse important news rather than news events, the performance of event detection
and clustering is also critical and need further study.
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Abstract. The growing amount of online news posted on the WWW
demands new algorithms that support topic detection, search, and nav-
igation of news documents. This work presents an algorithm for topic
detection that considers the temporal evolution of news and the struc-
ture of web documents. Then, it uses the results of the topic detection
algorithm for searching and navigating in an online news source. An
experimental evaluation with a collection of online news in Spanish indi-
cates the advantages of incorporating the temporal aspect and structure
of documents in the topic detection of news. In addition, topic-based
clusters are well suited for guiding the search and navigation of news.

1 Introduction

The growing amount of online news posted on the WWW demands new algo-
rithms that support topic detection, search, and navigation of news documents.
This work explores the content of documents, the temporal evolution of news,
and the structure of news documents to define an algorithm that creates topic-
based clusters of documents (i.e., topic detection) and that uses these clusters
for searching and navigating online news.

In this work, manifestations of events are seen as news. The proposed al-
gorithm assigns news to previously detected or new events, a strategy called
single-link clustering [16]. Basis for this work are the results from the TDT re-
search initiative [I3] that investigates new events in a stream of broadcast news
stories. We consider a modification of the single-link topic detection algorithm
(UMASS TDT?2) that handles news as events in time [I2]. Like the UMASS
TDT2, the proposed algorithm assigns news to only one topic, which can also
be extended to multiple topics. Such algorithm produces clusters of connected
news that are then used for searching and navigating documents.

In the area of information systems, the concept of information navigation
has been associated with visualization of retrieval results [1I] [I7] and with
information access in an information space [10] [5]. This work uses a topic-based
cluster as a semantic structure of connected news that can be used in a navigation
process. In particular, this work has the following specific contributions:
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— It implements an algorithm for Topic Detection of online news that modi-
fies a previous algorithm (UMASS TDT2) by incorporating the structure of
documents.

— It evaluates the proposed algorithm with respect to UMASS TDT 2 in a
domain of news in Spanish.

— It presents a strategy for supporting the search and navigation of news. This
strategy considers a cluster structure of connected news that embeds the
temporal order and similarity in a stream of news.

The organization of the paper is as follows. Section 2 provides a review of re-
lated work concerning topic detection and navigation systems. Section 3 presents
our algorithm for topic detection (CHILE TDT), which is compared to the
UMASS TDT2 algorithm. Section 4 describes the use of clusters as a semantic
structure for searching and navigation. Conclusions and further research issues
are discussed in Section 5.

2 Related Work

Many advances on topic detection and tracking in online news sources are de-
rived from the Topic Detection and Tracking (TDT) reseach initiative sponsored
by DARPA [13]. Since its beginning in 1996, this research initiative has produced
serveral important results. Most approaches to TDT use some sort of clustering
strategy, such as single-link clustering or hierarchical group-average clustering
[16]. The TDT developments started with the application of traditional clus-
tering algorithm for topics detection [15]. Then, systems considered that topic
detection and tracking of news are inherently related to the data flow in time
[12]. Lately, methods considered that clusters of news may overlap; that is, a
document may belong to different topics [2]. In addition, other studies have pro-
posed algorithms that show improvements when using keyword based analysis of
text documents; example of such studies are: relevance models for topic detection
and tracking [I5] and event tracking on domain dependency [6].

TDT?2 proposes to incorporate the temporal dimension for clustering news
documents with a single-link topic detection algorithm (UMASS TDT2) [12].
In this proposal the content of documents are represented as queries. If a new
document triggers an existing query (i.e., the similarity between the document
and the query exceeds the query’s threshold), the document is considered to
discuss the same topics (event) than the query; otherwise, it becomes a new
event. This query’s threshold is penalized by the temporal distance between the
query and the new document.

A more recent work explores time and space with ontological information in
the topic detection of online news [8]. This work uses semantic classes for loca-
tions, proper names, temporal expressions and general terms. Instead of repre-
senting news as a single document vector, this approach uses four vectors that
reside in different spaces: spatial location, proper names, temporal dimension
and general terms. It requires to extract terms with a grammar-based parser, a
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geographical ontology, and an automata for temporal expression pattern recog-
nition. In this sense, this work goes beyond the simple syntactic analysis or
keyword-based clustering strategy of information retrieval. An important effort
goes to the grammar parsing, temporal analysis, and geographic association, but,
unfortunately, no evaluation was found with respect to previous studies neither
a complete description of the algorithm for its implementation and evaluation.

A topic-based cluster of news represents a collection of thematically related
documents. Faced with a large collection of documents, the problem becomes
to select and access the document to start with. A general idea for solving this
problem is to use overviews of the information that guide users from general to
more specific topics [3]. Implementations of this idea attempt to display overview
information derived from the automatically extraction of most common themes
in a collection. In many cases, these themes are associated with the centroids of
clusters that group documents based on the similarity to one another. An inno-
vative approach for clustering web documents uses web-snippet, which clusters
the fragments of web pages that are returned by a search engine and summarizes
the context of searched keywords [9] [5].

3 Topic Detection

3.1 Algorithm

This work models topics of news as events that occur in time. News has a tem-
poral order. News that arrives at time instant ¢; may be thematically related to
previously arrived news at time t;, with ¢; < ¢;. Essentially, the topic detection
algorithm includes the same steps as the single-link algorithm described in [12]:

— News documents define queries represented by using the n—most frequent
terms (50 terms in our case) in a document query after eliminating stop-
words.

— An initial threshold for a query is defined by comparing the query with
respect to the document from where it was created (Equation ).

— When a new document arrives, it is compared to previous queries (docu-
ments) (Equation B]) and linked to the query for which the similarity value
between the document and the query most exceeds the query’s threshold
(Equation[]). In case a news document cannot be associated with any query,
it is considered as the first document of a new cluster.

— The threshold of queries are adjusted by considering the arrival time of new
documents.

The derived function of similarity takes as basic elements the terms in the
documents, which are typically used in information retrieval systems to represent
text documents. Each term in a document has a weight, which is determined by
the number of occurrences in the document and in the set of documents. In
particular, the weight of a term £ in a query ¢; is defined by wq, , (Equation [I),
and the weight of a term k in a new arriving document d; is defined by wg, ,
(Equation [2]). '
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tdi,k
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where
tq
dlg, : size of the document

i

... ¢ frequency of the term in a document

C': number of documents in the corpus
avg_dl : average number of terms in a document

dfi : number of documents that contain the term k

After eliminating stop-words, terms in a text document are separated in three
sets: (1) terms in the title (2) terms extracted from a syntactic analysis of doc-
uments and (3) terms in the body of the news (general terms). The syntactic
analysis of documents extracts all uppercase words in the body of the document,
composite words in uppercase, and words between semicolon or parenthesis. By
separating different components of the documents, the system aims to handle
their relative importance in characterizing the information content.

A document d; is compared to a query ¢; with the Equation [Bl In this def-
inition, we assume that the comparison between a new arriving document and
a query cannot exceed the similarity between a query and the document from
which it was created.

N N N
T T S S B B
0 Z W, i~ Wy, 7 Z Wa " Wa,,, 6 Z Wy, " Wd;
. k=1 k=1 k=1
szm(‘]iv d) N T N S N B (3)
szl w%‘,,k + Zk:l wth,k + Zk:l wth,k
where

gk © term k in the query ¢
djx : term k in the document j
T,S, B : terms in the title, extracted from the syntactic analysis, and in the
body of the document, respectively
0,7,6 : weights optimized with the training set

The threshold of a query represents the minimum possible value of similar-
ity between a document and a query to consider the document to belong to
the same topic of the query (Equation []). The initial threshold is defined by a
comparison between the query and the document from which it is created. As
the temporal difference between a query and a document increases, the initial
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threshold also increases, making it more difficult that the document belongs to
the same topic.

threshold(q;, d;) = belief(qi, d;) + B * (date; — date;) (4)

N N N
T T S S B B
Z Wy, ), * W, + Z Wy, * W, + Z We; . * Wy, 4
. =1 k=1 k=1
belief(qi,d;) =
J N T N S N B
ZkZI wlh‘yk + ZkZI wlh‘yk + ZkZI wqi,k

Time in this equation penalizes the similarity by the time distance in days
between the query and the document. This penalization reflects the behavior of
news stream where the frequency of related news tends to concentrate at the
beginning of an event and decrease with the time [12]. This temporal behavior
refers to the time when the news were posted, and not to the temporal content
in the text of news, which requires a natural language processing and may not
follow the same behavior used in this model. The weight of the time distance in
Equation [ (8) is determined by an optimization process over a set of training
news.

Like for the temporal dimension, we initially explored the idea of using the
spatial dimension of news by taking the geographic distance between news’ pub-
lications. The analysis of news document shows, however, that there is a high
geographic concentration of news that makes it inappropriate to consider geo-
graphic locations as data capable of distinguishing topics. From the total number
of analyzed news of a Chilean site of online news, over 40% of them are related
to the Chilean capital (Santiago) and, among Chilean news, more than 80% of
their geographic associations are related to Santiago. This high concentration
of news is due to the fact that documents were taken from online news services
with bias to report news about one specific country (Chile).

Despite the high geographic concentration of news, we did a preliminary eval-
uation that considers the geographic association of news as a particular compo-
nent of the similarity between document and query, such as we did with time
in Equation ] but the results were negative. Therefore, we have excluded this
component from the model and from the results of the experimental evaluations.

3.2 Experimental Evaluation

The experimental evaluation of the topic detection algorithm uses a set of 60,000
news obtained from a Chilean web site of online news [4] between March 2003 and
October 2004. Within this time period of data collection, 30 topics were selected,
and each document of this collection was manually classified into one of the 30
topics or into a null-topic (i.e., a non identified event). Each of the selected
topics was characterized with a title, a description of the starting event, an id
of the initial event, a summary, and principles of interpretation. The selected
topics vary in the length of the time interval they were relevant and the number
of documents that appeared during this time interval (Table[). In particular,
topics cover time intervals from 8 days to one year and from 6 to 530 documents.
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Table 1. A subset of the judged events in the dataset

Topic Time interval ~ # documents

0 Caso MOP-GATE 01,/02/03-10/29,04 244
1 Caso Inverlink 02/03/03-10/29/04 191
2 TLC entre Chile y Estados Unidos 03/24,/03-04/20,/04 89
3 Votacién de Chile en la ONU acerca de Cuba 04/10/03-05/05/03 11
4 Nelson Mery Acusado de violaciones a DDHH 04/16/03-09/25/04 71
5 Chile campeén Mundial de Tenis 2003 05/16,/03-09/24,/03 14
6 Publicacién deudores crédito fiscal 06,/26,/03-09/24,/03 12
7 Desafuero de Pinochet caso Berrios 07/11/03-10/27/04 121
8 Royalty a la gran Mineria 07/22/03-09/13/04 122
9 Presos politicos en huelga de hambre 07/26,/03-10/28,/03 69
10 Incendios en Portugal 08/03/03-08/12/03 6

11 Caso Spinak 10/06/03-10,/27 /04 531
12 Asalto a consulado Argentino en Punta Arenas 11/09/03-02/10/04 22
13 Caso Matute Johns 02/13/04-05/28,/04 46
14 Envio de tropas Chilenas a Hait{ 03/02/04-09/21,/04 50
15 Atentados en Espana del 11 de Marzo 03/11/04-10/30,/04 170

From the 60,000 documents, three different corpus were randomly created:

— Auxiliar Corpus. It consists of 1,500 documents used in the calculation of ¢ f
and idf .

— Training corpus. it consists of 2,000 documents randomly selected.

— Evaluation corpus. It consists of 15,000 documents; 2,200 documents belong-
ing to one of the identified topics and 12,800 documents randomly selected
from the other 57,800 documents of the corpus (i.e., from all documents
minus the 2,200 documents already selected).

A preprocessing of documents identified stop-words. Stop-words were not only
prepositions or articles, but also all words whose high occurrence within the
whole corpus makes them less significant for characterizing the topics of news.
Examples of such words are noticia (news), pais (country), and internacional
(international).

To evaluate the performance of the algorithm, we calculated cases of miss
and false alarm. Miss is the number of documents that are not, but should be,
associated with a topic. False alarm is the number of documents that are wrongly
associated with a topic. A cost function relates both measures by a weighted sum
of the probabilities of miss (Ppiss) and false alarm (Pfqse) (Equation [) [I.
Like TDT2, we define costy,iss = 0.02 and cost rq1se = 0.98, giving more weight
to assigning wrong documents to a cluster.

cost = COStfalse * Pmiss + costimiss * Pfalse (5)

The evaluation compares the results of our algorithm ( CHILE TDT) with the
original algorithm in [T2] (UMASS TDT?2). For both algorithms, the experiment
runs different settings with the goal of optimizing the cost function. The optimal
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Table 2. Optimal settings and final cost values

System (% /B Y 6 P’miss Pfal.se Cost
UMASS TDT2 0.0767  0.0034 0.243 0.002 0.007
CHILE TDT 14.8 0.05 12.6 13.4 0.202 0.002 0.006

settings with the training corpus and the final cost evaluation are presented in
Table

The values of the parameters for the CHILE TDT algorithm indicates that
terms in the title are more relevant than terms in the text of documents. The
final values indicate a small advantage of CHILE TDT due to a less number of
miss.

4 Navigation and Search

The characteristics of the topic-based clusters derived from the previous algo-
rithm are used for navigating and searching among online news. The idea is that
clusters provide means for finding related news based on users’ queries with finer
granularity.

The structure of clusters derived from the TDT algorithm is a hierarchical
structure, starting with the first temporal document in the cluster. Time is im-
plicit in the hierarchy, where up level news are earlier than bottom level news.
Each news document within a cluster, with the exception of the starting docu-
ment, is associated with the previous and most similar document. We represent
such cluster as an acyclic, directed and weighted graph.

4.1 Navigation

A simple strategy to support the navigation in the information space defined by
a cluster is to highlight nodes in the cluster with a strong thematic association,
or inversely, to highlight nodes that are less connected to other nodes of the
cluster. In this way, users may decide to access only nodes strongly connected
or to look for different information contained in the same cluster. A basic ap-
proach to determining a strong association between news is to define a threshold
that allows a binary classification between associations (strong or weak associa-
tions) based on the similarity value obtained from the topic detection algorithm.
This threshold may be defined/modified by the users, but also may be initially
proposed by the system.

This work proposes a threshold based on the percentage of false alarm de-
tected in the evaluation process, which differs from the probability of false alarm
used in Equation Bl The idea is to determine the number of nodes equivalent
to the percentage of false alarm with the lowest association similarity, having
that news belonging to the set of wrong assignments should have less association
similarity. For example, if the percentage of false alarm for the system is 30%
and we have a cluster with 100 news, the thirty news with the lowest association
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similarity are considered to have weak association, and the threshold is defined
by the thirtieth lowest similarity value.

With a threshold for the classification between weak and strong associations,
the classification process in the clusters is as follows. Starting from the root, if the
association similarity between a child node and its corresponding parent node is
larger than the threshold, the nodes are considered strongly associated with a
same highlighting color. If the association similarity is less than the threshold,
in contrast, the color of the child node will be set different to the parent node.

As an example, Figure [0 shows the original cluster and the cluster with
further refinement that refer to the ”Chile Campeén Mundial de Tenis 2003”
(topic id 5, Table [)). In this figure, there are 4 changes of color that indicate
weak associations of news. If we consider the path in the graph after the weak
association, we have 6 different news that are separated from the main topic
of the cluster. Based on the manual classification of news, this cluster obtained
from the topic detection algorithm has 9 cases of false alarm, which include the
6 news graphically separated from the main topic of the cluster. Thus, three
cases of false alarm (30% of cases of false alarm) were undetected by using the
proposed threshold.

In our online implementation of the system, graphs, initially specified in
Graph Description Language (GDL) [7], were translated into a Scalable Vec-
tor Graph (SVG) [I4] format and visualized in a browser (Figure [2). In addi-
tion to the refinement by weak and strong associations, in this visualization the

Fig. 1. Graph representation with highlighting similarity association for query ”Chile
Campedén Mundial de Tenis 2003”
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Fig. 2. Online implementation of the system using the SVG format

levels in the graph are associated with the temporal evolution of news, such that
news that appear at the same level are concurrent. Other functionalities of the
interface show the content of news as users move around the graph. We do not
include a full description of the interface due to space constraints.

4.2 Search

In a search process, user queries and documents are compared for similarity. If
no indexing of documents exists, the system has to do an exhaustive comparison
with all documents. In this work, clusters of news provide a basic organization
of documents such that it is possible to filter clusters that are not similar to the
query. Even more, since clusters associate documents based not only by keyword
occurrences, but also temporal proximity, it may be possible to find thematically
relevant documents that, otherwise, would be excluded from the answer with a
traditional model of information retrieval.

The strategy for retrieving news documents from topic-based clusters is as
follows. A user query is compared with each cluster based on a common repre-
sentation. If the value of similarity is positive, and all terms in the query appear
in the representation of the cluster, the cluster is selected for a second compari-
son between the query and each document in the cluster. The system ranks the
clusters and documents such that it returns the cluster with highest similarity
and, within this cluster, the documents with highest similarity values. In case
that the query includes a condition expressed by a time interval, time interval
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Table 3. Most similar clusters and document in these clusters for a search with key-
words “matute johns”

Cluster ID Similarity Document Similarity Number of
of cluster in cluster of document documents

3090 0.286 138604 0.378 45

730 0.228 108452 0.430 3

447 0.208 105314 0.323 3

3769 0.202 146719 0.269 2

883 0.21 110321 0.214 1

3607 0.186 144766 0.287 1

3983 0.184 148938 0.333 1

3317 0.179 140882 0.152 1

of selected clusters, and then, of selected documents, must overlap the query’s
time interval.

A vector representation is applied to queries, clusters, and documents. The
terms in the query are weighted by the same schema of the vector model. The
terms in the news documents are weighted by the same schema of the topic
detection algorithm. The representation of each cluster uses all terms in the
documents of the cluster weighted by the tf*idf schema of the vector model,
but with respect to the clusters. Thus, the occurrence of terms in the cluster
is the number of times the term appears in the documents of the cluster. The
size of the cluster is the total number of different terms in the cluster. Like in
the topic detection algorithm, the values of idf are taken from the auxiliary
COrpus.

As an example of a search, Table [ shows the results of the search with a
query expressed by the following keywords: matute johns. This table indicates
the clusters with highest similarity values and, within these clusters, the docu-
ment with the highest similarity value. In addition, the fifth column indicates
the number of documents in the the cluster. As additional information, the com-
parison with the manual classification of the topic ”caso matute johns” (topic
id 13) indicates that the cluster 3090 has 4 cases of false alarm and 5 cases of
mass, the latter belonging to the other clusters in the table.

As the Table [3] shows, the similarity values of the clusters may be low, since
they are determined by considering all terms that are present in the documents
of a cluster. Although the first cluster has the most similar value with respect to
the query, the second cluster contains the document with the highest similarity
value. When comparing the search over the clusters with respect to a search
with the traditional vector model, the cluster with the highest similarity value
gives 86% of the best ranked document obtained from the vector model. The
other 14% of documents obtained from the vector model are found within the
other selected clusters of the cluster-based search. When considering all found
news in the selected clusters, the cluster-based search gives more results than
the vector model, including cases of documents that were associated with the
topic, but with a lower weight for the query’s keywords. Indeed, we obtained
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17% of relevant news found by the cluster-based search that were not detected
by the vector model.

5 Conclusions and Future Work

This work has presented a new topic detection algorithm for online news sources
that includes text content, structure of documents and temporal content of news
documents. The experimental results with the algorithm in a Spanish source of
online news indicates a favorable improvement over a previous topic detection
algorithm (UMASS TDT2). In addition to the topic detection algorithm, the
work explored the use of this algorithm for search and navigation of news. It
presents a graph-based navigation system that highlights the temporal and sim-
ilarity association between news.

As future work, we expect to complete the implementation by handling up-
dates of news in a online source. This is necessary if we expect to have good
performance and avoid to compare arriving documents with all previous docu-
ments. Likewise, we expect to introduce indexing data structures that improve
the search process. Within the context of future research, we want to explore
the use of natural language techniques for analyzing explicit, implicit and vague
temporal reference in the content of news documents. A broad domain of news
with respect to geographic content would indicate whether or not the spatial
content of news documents allows us to distinguish topics. Finally, we are ex-
ploring different strategies for navigating within a cluster such that a user could
select, based on the information contribution of documents, what documents
need to access.
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Abstract. Although mobile information retrieval is seen as the next
frontier of the search market, the rendering of results on mobile devices
is still unsatisfactory. We present CREDINO, a clustering engine for PDAs
based on the theory of concept lattices that can help overcome some
specific challenges posed by small-screen, narrow-band devices. CREDINO
is probably the first clustering engine for mobile devices freely available
for testing on the Web. An experimental evaluation, besides confirming
that finding information is more difficult on a PDA than on a desktop
computer, suggests that mobile clustering engine is more effective than
mobile search engine.

1 Introduction

The diffusion of high performance mobile phones and PDAs, together with the
increasing willingness of mobile users to turn to their portable devices to find
web content, products and services, are creating a new market (e.g., [I0,IT]).
However, mobile search must still face a number of technical limitations present
in such devices, such as small screen, limited user input functionalities, and
high cost connection. The result is that Information Retrieval (IR) by means
of commercial search engines such as Google (http://mobile.google.com/) may
become a tedious, long, and expensive process for mobile users.

In this paper we tackle the problem of mobile IR using a clustering engine
approach, which consists of grouping the results obtained in response to a query
into a hierarchy of labeled clusters. This approach is well known, especially due
to the popularity of Vivisimo, which won the “best meta-search engine award”
assigned by SearchEngineWatch.com from 2001 to 2003. The advantages of the
cluster hierarchy can be summarized as follows: it makes for shortcuts to the
documents of interest, it displays potentially good terms for query refinement,
and it provides a higher level view of the topic, which is particularly useful
for unknown domains. An additional benefit is that it helps disambiguating
polysemous queries.

It is arguable that the features of a clustering engine approach appear even
more suitable for mobile IR, where a minimization of user actions (such as
scrolling and typing), device resources, and the amount of data to be down-
loaded are primary concerns. Furthermore, such features seem to nicely comply
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with the recent changes in search behaviour, as observed in some recent user
studies. For instance, according to [II], mobile users are more likely to enter
shorter queries, less likely to scroll past the first few search results, both less
able and less willing to access graphics-heavy web content. Despite such good
potentials, however, the application of clustering engines to small mobile devices
has not received much attention so far.

The first main objective of this paper is to help fill this gap. We build on
CREDO, a clustering engine based on the theory of concept lattices described
n [45]. CREDO was developed for a desktop computer and does not scale to
a small mobile device. We study which requirements must be met to extend
desktop clustering engine to mobile search engine and then present CREDINO
(small CREDO, in Italian), a version of the CREDO system for PDAs. CREDINO
takes the cluster hierarchy produced in response to a query by CREDO and
displays the cluster hierarchy on a PDA, handling the subsequent interaction
with the user. CREDINO is available for testing at http://credino.dimi.uniud.it/.
To the best of our knowledge, it is the first system of this kind on the Internet.

As a clustering engine offers a complementary view to the list of results re-
turned by current search engines, it is interesting to compare the retrieval per-
formance of the two approaches. Very few studies are available which do this
for a desktop computer (one notable exception being [8]), let alone for mobile
search. On the other hand, it is also useful to evaluate whether mobile IR is
indeed less effective than desktop IR, in particular when using a search engine.
This is one of the main hypotheses that motivate our research, although there
is a lack of empirical observations.

The second main objective of this paper is to offer some insights into these
somewhat overlooked issues. We compare the retrieval performance of CREDO
and CREDINO to that of a conventional search engine on the respective device,
through an experimental study involving external subjects searching a set of
topics using the two retrieval methods on both devices. Our results suggest that
mobile clustering engine can be faster and more accurate than mobile search
engine, while confirming that mobile IR is less effective than desktop IR.

The rest of the paper is organized as follows. We begin by giving some back-
ground on concept lattices and CREDO, followed by a description of CREDINO.
After discussing some related work, we turn to the experimental part, describ-
ing goals, design, and findings. Finally, the paper offers some conclusions and
directions for future work.

2 Background: The Concept Lattice of Web Results

Our approach is based on concept data analysis, which combines a strong math-
ematical background with a set of efficient manipulation algorithms [4]. Here we
recapitulate its main characteristics for IR applications.

In essence, any collection of documents described by a set of terms can be
turned into a set of concepts, where each concept is formed by a subset of terms
(the concept intent) and a subset of documents (the concept extent). The intent
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and extent of any concept are such that the intent contains all terms shared by
the documents in the extent, and the extent contains all documents that share
the terms in the intent.

More formally, consider a binary relation I between a set of documents D and
a set of terms T'. We write dIt to mean that the document d has the term ¢. For
aset X C T of terms and a set Y C D of documents, we define:

X' ={deD|dltVte X} andY' ={teT |dltVdeY}.
A concept of (D,T,I) is a pair (X,Y) where
XCT,YCD, X'=Y, andY' = X.

The set of concepts can be ordered by the standard set inclusion relation
applied to the intent and extent that form each concept, i.e,

(X1,Y1) < (X3,Y2),if X7 O Xy (which is equivalent to Y7 C Y3),

with the resulting lattice yielding a subconcept/superconcept relation. The bot-
tom concept is defined by the set of all terms and contains no documents, the top
concept contains all documents and is defined by their common terms (possibly
none). As an illustration, Figure [I] shows a very simple bibliographic collection
consisting of four documents (1, 2, 3, 4) described by four terms (a, b, c, d),
with the corresponding concept lattice.

The document lattice (i.e., the concept lattice built from the given document-
term relation) can thus be seen as a particular form of hierarchical conceptual
clustering. Thanks to its mathematical properties, it supports various tasks of
text analysis based on inter-document similarity, including query refinement,
browsing retrieval, document ranking, and text mining [4]. Most relevant to this
paper, this approach has been implemented in the CREDO clustering engine to
organize and explore web retrieval results. Here we give a brief overview of the
system, which is best described in [5].

&
1234

/\d

a
124

134
x|x| |x / \ / \
ab ad cd

12 14 34
x| XX \\\\\ ///// \\\\\ ////
abd acd
1 /// 4
abcd

@

—
N
w
e~

™
[

Qoo
[l
[l

Fig. 1. The concept lattice of a simple collection
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CREDO forwards a user query to an external Web engine and collects the
first 100 results. Then it extracts a set of terms for each result and builds the
corresponding concept lattice, the levels of which are displayed on demand using
a simple hierarchical representation. In order to keep the number of top concepts
small, the first level of the lattice is built using a narrower set of terms than those
used to build the lower levels. CREDO can be tested at http://credo.fub.it.

3 Credino

Using a clustering engine approach for mobile search poses additional require-
ments compared to those which must be met in a desktop search. There are two
main reasons why CREDO, like other clustering engines developed for a desktop
computer, cannot be used on a PDA.

The first general requirement concerns usability and accessibility issues. Sim-
ply reproducing the frame-based CREDO interface would lead to a virtually
unusable interface on a small screen, with an unacceptable amount of scrolling.
In particular, users would be required to scroll horizontally, which is a very
tedious way to see an entire CREDO screen.

A second constraint comes from bandwidth considerations. As the current im-
plementation of CREDO is based on computing the whole hierarchy and sending
out the results of all possible cluster selections at once, it is suitable for medium
or broadband internet connections. By contrast, mobile devices connection to the
Web usually has a low bandwidth (like GPRS) and is not free, the billing de-
pending on the amount of data transmitted. Therefore it is important to choose,
for CREDINO, an architecture that minimizes the amount of data transmitted to
the mobile device.

The bandwidth constraint suggests to rely on an intermediate server (hence-
forth CREDINO server) to minimize both the amount of data sent to the mobile
device and the load on the CREDO server (see Figure [2). The CREDINO server
connects on one side to user’s PDA and connects on the other side to (a slightly
modified version of) the CREDO search engine.

CREDINO receives user’s commands (query execution, cluster expansion, clus-
ter contraction, visualization of the content of a cluster, visualization of a Web
page) from a PDA. In some cases (e.g., for a query execution command),
CREDINO forwards the command to the CREDO server, which processes it and
returns the result as an XML data structure. The result of a query, consisting
of clusters and documents, is then locally stored by CREDINO. Thus, in some

User's
CREDINO Ul|Commands| CREDINO CREDO
(on PDA) | server server
~ [
XHTML XML
pages

Fig. 2. Overall CREDINO architecture
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4]

cases, CREDINO can directly execute user’s commands without connecting again
to CREDO; i.e., after a query, CREDINO can deal with all subsequent user actions
until the next query is issued or the visualization of a web page is requested.
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To complete the description of CREDINO, we present some snapshots of its
user interface. Figure Bl(a) shows CREDINO’s home page with the query “tiger”.
Figure B((b) and (c) show the first-level clusters displayed by CREDINO in re-
sponse to the query “tiger”. Like most of the words on the Web, “tiger” has
multiple meanings; the clusters, in addition to refer to the animal, highlight
several other meanings, including the golf champion (“woods”), the computer
operating system (“mac 0s”), the race car (“racing”), the Boy Scouts of Amer-
ica (“cub”), etc. Note that the query box is at the bottom of the page, to save
space for the first results. The user can expand a cluster into its sub-clusters by
clicking on the “4” icon. In Figure[B(b) the cluster “software” is expanded into
“mac os 10.4” and “other”.

The user may also see the snippets of the documents contained in a cluster by
clicking on the cluster name or on the icon on the right. Figure [B(d) shows the
snippets of the documents associated with the selected sub-cluster. To provide
information to users as to where they are located within the hierarchy, we use
the breadcrumb trail metaphor; i.e., a sequence of clusters from the root to
the current page. Path breadcrumb trails are dynamically displayed during the
interaction between the user and the system, as shown in Figure Bl(d) for the
path: tiger > software > mac os 10.4.

4 Related Work

4.1 Clustering Engines

Over the last few years, clustering engines have proved a viable alternative to
conventional search engines. Following the popularity of Vivisimo, a bunch of
commercial systems implement Web-snippet clustering: Mooter, Copernic, iBoo-
gie, Kartoo, and Clusty, among others. This issue has also gained attention in the
academic research field, although there are comparatively few implemented pro-
totypes available on line (including CIIRarchies [I3], SnakeT [§], and CREDO).
Even major search engines such as Google and Yahoo! have recently shown a
strong interest in this technology.

Most clustering engines employ a two-step procedure. Cluster labels are first
generated by extracting short sequences of words (not necessarily contiguous)
from the snippets, and then a cluster hierarchy is built with or from such la-
bels. The systems differ in the choice of the lexical method used to extract the
labels and in the algorithm for hierarchy construction. CREDO uses strict single-
word indexing; however, it can easily produce multiple-word labels, reflecting the
causal (or deterministic) associations between words in the given query context.
For instance, for the query “tiger” (see Figure[3), CREDO returns some multiple-
word concepts such as “mac os” and “galactic element recorder”, reflecting the
fact that, in the limited context represented by the results of “tiger”, “mac”
always co-occurs with “os”, and “galactic” with “element” and “recorder”.

A clustering engine based on concept lattices (this applies to both CREDO
and CREDINO) presents some advantages over other clustering engines, which
are more heuristic in nature, due to its reliance on a mathematical theory:
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1) The clusters can be better justified, whereas the use of similarity metrics
and heuristic decisions may result in the omission of clusters that are as plausible
as those generated, or in a failure to include valuable clusters that are relatively
rare. Figure [ for instance, shows that even clusters formed by very few docu-
ments may easily appear at the top levels of the lattice. This can be useful to
find unknown or less popular meanings of the given query; e.g., for the query
“tiger”, the concepts “tiger-cub” (related to the Boy Scouts of America), and
“tiger-galactic element recorder” (related to a NASA program). Such meanings
would probably go undetected by other clustering engines.

2) Cluster labeling is integrated with cluster formation, because a concept
intent is univocally determined by a concept extent and viceversa. By contrast,
cluster formation and cluster labeling are usually treated separately, thus imply-
ing that it may be difficult to find a good description for a given set of documents,
or, symmetrically, a set of documents that fit a certain description.

3) The structure is a lattice instead of a tree, which facilitates recovery from
bad decisions while exploring the hierarchy and can better adapt to the user. For
instance, the document about the Mac OS Tiger software can be reached through
two paths: tiger - mac os - software or tiger - software - mac os. Neither path is
better than the other, but one may better fit a particular user’s paradigm or need.

4.2 Search and Mobile Devices

Searching from small mobile devices has received quite a lot of attention, with
dedicated publications and workshops in the main IR and human-computer in-
teraction (see, e.g., [6L[7]). One of the central issues is the notion of search con-
text, with its various forms: personalization and location are currently being
exploited in a number of research and commercial efforts to filter and narrow
retrieval results (see, e.g., [9]).

Other approaches have focussed on finding faster and more accurate decisions
about the utility of the retrieved documents, using for instance keyphrases ex-
tracted from documents [15], summarization of Web pages and HTML forms [3],
and related queries [12]. In [2], it is advocated that clustering helps to present
information in a more dense and effective way on small devices, with a pilot
