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Preface

The lives of people all around the world, especially in industrialized nations,
continue to be changed by the presence and growth of the Internet. Its influence
is felt at scales ranging from private lifestyles to national economies, boosting
the pace at which modern information and communication technologies influence
personal choices along with business processes and scientific endeavors.

In addition to its billions of HTML pages, the Web can now be seen as
an open repository of computing resources. These resources provide access to
computational services as well as data repositories, through a rapidly growing
variety of Web applications and Web services.

However, people’s usage of all these resources barely scratches the surface of
the possibilities that such richness should offer. One simple reason is that, given
the variety of information available and the rate at which it is being extended,
it is difficult to keep up with the range of resources relevant to one’s interests.
Another reason is that resources are offered in a bewildering variety of formats
and styles, so that many resources effectively stand in isolation.

This is reminiscent of the challenge of enterprise application integration, fa-
miliar to every large organization be it in commerce, academia or government.
The challenge arises because of the accumulation of information and communica-
tion systems over decades, typically without the technical provision or political
will to make them work together. Thus the exchange of data among those sys-
tems is difficult and expensive, and the potential synergetic effects of combining
them are never realized.

Motivation for overcoming this challenge with respect to the Web is found
in many domains. In academia there is a recognized need for interdisciplinary
and international availability, distribution and exchange of intellectual resources,
which include both static information (such as publications and other research
results) and the tools that support research activities. Similar pressure derives
from the development and deployment of pervasive computing, which extends
the types of resources that are present on the Web to encompass embedded de-
vices and mobile computing resources, communicating over wireless networks. In
such domains, just as for enterprise application integration, the rich variety of re-
sources and the boundless human creativity applied in developing new solutions
conspire to increase the number of compatibility barriers.

To what extent can this challenge be addressed by standardization? While
the development and broad adoption of standards are crucial to the advance
of information and communication technologies, any attempt to find a general
solution to resource incompatibility through global standardization is doomed
to fail because of the diversity of resources and the pace at which they change.
That said, given an appropriately narrowed target scope, it is reasonable for
providers to agree on a shared middle ground that will increase the mutual
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compatibility of their resources. This is the key to the approach known as medi-
ation. Mediation, at least as usually understood in the area of databases, requires
cooperation among providers in specifying (a) a well-defined community of co-
operating sources, and (b) a common schema (called the mediator schema) to
which the sources address their queries and/or provide answers.

In contrast to mediation, the study of federation involves working to bridge
the differences between resources without such a predefined common ground.
The process of resource federation in general involves selecting the resources
that are to be combined, discovering the relationships that will allow them to
work together, establishing the necessary connections, then driving the assembly
in a coordinated way to achieve certain desired goals. The science of federation
requires new theoretical foundations and enabling technologies for analysis of
syntactic and/or semantic interrelations among resources, matching of service
requesters and providers, and reliable and secure establishment and coordination
of their execution.

Federation over the Web has attracted the attention of researchers aiming
to support interdisciplinary and cross-border reuse and interoperation of het-
erogeneous intellectual resources, for example in support of scientific research,
simulation, and digital libraries. Federation over enterprise intranets, also based
on Web technologies, is being pursued as a way to bring large numbers of legacy
application systems into cooperation with each other.

Existing work on federation can be divided broadly into programmatic and
interactive approaches. Programmatic approaches are based on standardization
at the level of communication protocols and languages for discovering compat-
ibilities between resources, including the run-time matching of requesters and
providers; for the Web, such federation tends to be based on Web-service tech-
nologies. On the other hand, interactive federation places in the hands of the user
all responsibility for judging which resources are suitable for connection, then
establishing and coordinating such connections. A simple example of interactive
federation on the Web is the use of visual operations to connect result elements
of one Web application, found at predictable locations within its HTML results,
to input fields within an HTML form of another application.

From 1 to 6 May 2005 we held a workshop at Dagstuhl Castle to discuss
advances in this area, drawing together active researchers from several institutes
in Japan and Europe. The workshop focused on theoretical foundations and
enabling technologies for federation of resources offered over the Web or within
pervasive computing environments. We invited the participants to present and
discuss work falling under any of the following topics:

— Knowledge look-up and matching

Knowledge search and clustering

Knowledge ontology and mediation

Interoperation of Web-based resources
— Knowledge extraction and Web wrappers

|

Computational models for knowledge federation
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Based on the 18 workshop presentations, we went through a process of consul-
tation, reviewing and editing to arrive at the 12 papers in this book. As shown
in the table of contents, these papers touch on most of the above topics.

Future research and development of Web-based federation stands to influence
how humans use intellectual resources in local and global networks. In combi-
nation with the rise of ubiquitous computing, introducing new forms of mobile
computing devices and smart objects, computer systems will increasingly form
location-based, on-demand federations. By the meeting and cooperation of these
systems, humans will be dynamically connected with other humans and with a
greater variety of systems and services. One can envisage future workshops on
resource federation including contributions from the humanities, including soci-
ology and psychology.

Let the present volume set the stage for such exciting developments.

October 2005 Klaus P. Jantke
Aran Lunzer

Nicolas Spyratos
Yuzuru Tanaka
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Text Mining Using Markov Chains
of Variable Length

1 2

Bjorn Hoffmeister' and Thomas Zeugmann

! RWTH Aachen, Lehrstuhl fiir Informatik VI, Ahornstr. 55, 52056 Aachen
hoffmeisterQi6.informatik.rwth-aachen.de
2 Division of Computer Science, Hokkaido University,
N-14, W-9, Sapporo 060-0814, Japan
thomasQist.hokudai.ac. jp

Abstract. When dealing with knowledge federation over text docu-
ments one has to figure out whether or not documents are related by
context. A new approach is proposed to solve this problem.

This leads to the design of a new search engine for literature research
and related problems. The idea is that one has already some documents of
interest. These documents are taken as input. Then all documents known
to a classical search engine are ranked according to their relevance. For
achieving this goal we use Markov chains of variable length.

The algorithms developed have been implemented and testing over
the Reuters-21578 data set has been performed.

1 Introduction

When one is aiming at knowledge federation over the web, one is often looking
for information around a specific topic. In a first step, one may find one or
more papers dealing with the topic of interest. Then, the next task is to find
related papers. Another situation to which our research may apply is to enable
documents to communicate to one another when trying to form a knowledge
federation over the web. Again, in such cases it may be very important to answer
a question like “is document A on the same subject as document B?” If the answer
is affirmative, then a federation is made, otherwise it is rejected.

For dealing with such problems, we propose an approach based on Markov
Chains of variable length. We exemplify this approach by constructing a search
engine taking as inputs papers and returning a list of semantically related papers.

Currently used search engines do not take documents as input. They rely on
queries of one or a few words describing the desired information. Basically, there
are two different search strategies.

The first concept is based on catalogues. A catalogue contains similar objects,
e.g., web-sites about machine learning. Hence, a query to such a catalogue system
is answered with a certain set of catalogues. Each of them ideally carries objects
relevant to the query. Search engines in libraries and web directories like Yahoo!!

! http://www.yahoo.com

K.P. Jantke et al. (Eds.): Federation over the Web, LNAI 3847, pp. 1-24, 2006.
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are based on this approach. The quality depends on the quality of the catalogues.
Producing good catalogues is still time consuming and expensive.

The second strategy is to perform a full-text search over all available doc-
uments. Common web search engines like Google? and AltaVista® are based
on this concept. The disadvantage of a full-text search is the large number of
matches. Therefore, a ranking is introduced and only the top ranked documents
are returned. Google’s main ranking criterion is the linkage rate of a web-site,
that is, the more pages link to the document or web-site the higher the rank.

AltaVista uses a syntactical concept. It ranks the results depending on criteria
like the positions of and distances between the queried words in the document.
So, the alignment of the words should reflect the relevance of the document.

Both strategies have their advantages and disadvantages. Moreover, both ap-
proaches fail, for example, if the query allows ambiguities (cf. [13]). And the
ranking criteria may overlook relevant documents or give them a low ranking,
since simple queries do not allow a fine-grained ranking of relevance.

Now, the idea is to combine the advantages of both approaches. Our search
engine takes a set of documents as query, classifies them, and ranks all the
documents known by the search engine according to their relevance. To receive
a ranking based on semantical relevance we use a model, which can keep more
of the meaning of a document than common data representation models.

Following Ron et al. [18], we tried to use the variable memory Markov model de-
fined as a prediction suffiz tree (abbr. PST). So, we arrive at a Markov model with
variable memory, or n-gram VMM model for short which is used for text represen-
tation. The n-gram VMM model is learned by statistical inference, a special form
of inductive learning. Then we combine text retrieval and text classification.

We shortly outline the underlying mathematical background, describe the
workflow of the resulting search engine, and report experimental results.

2 Preliminaries

Natural language is the most common form to exchange information between
human beings, e.g., news stories are published in natural language as well as
scientific papers. These documents often contain additional information encoded
in structured text, like tables or formulas, or in graphical form. However, we shall
only use the text in a document. Such a reduction may waste information. But
for the particular setting we study within this paper, i.e., the Reuters Data set,
it is sufficient. Additionally, all documents in this data set are written in English.
Therefore, we restrict ourselves to deal with English texts.

We assume familiarity with formal language theory (cf., e.g., [9]). The word is
used as smallest unit. In the literature, one also finds many other possible atomic
units. Research has been done using sub-word units like letters or morphemes
on the one hand and multi-word units, i.e., combinations of one or more words,
on the other hand, e.g., see |13], [10], and [19].

2 http://www.google.com
3 http://www.av.com
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We continue with technical notations. N = {0,1,2,...} denotes the set of all
natural numbers, and N* = N\ {0}. By X' we denote a fixed finite alphabet, 2*
denotes the free monoid over X, and X+t = X*\ {¢}, where € is the empty word.
An n-gram is a string of n € NT concatenated letters. The set of all n-grams
over X is denoted by X™, where X° = {e}. We use =" to denote |J_; X".

Our alphabet is the set of all English words, i.e., a suitable subset of the
English vocabulary which we denote by V. Thereby we have to assure that V is
a set of indivisible symbols such that there exist an one-to-one mapping between
the symbols in V and the words in the English dictionary. The words of the
vocabulary are written in another alphabet which we denote by A. The relation
between a word symbol in V and its representation in At is expressed by a
mapping w : V — A%, where w(-) is injective. This can be easily achieved by
introducing a delimiter symbol 3 such that 5 ¢ A.

Note that we use the term word to refer to member of V. Therefore, an n-gram
s=01...0n,0; € V,1<1i<n,isa concatenation of n words and a string refers
to any n-gram, n € N. A phrase is a meaningful concatenation of two or more
words; technically any n-gram, n > 1, occurring in a document is a phrase. And
finally, a term is either a word or a phrase. A document is then a sequence of
sentences, where a sentence is a concatenation of words from V.

For dealing with document classification and retrieval we use probabilistic lan-
guage models. The idea is that documents dealing with different subjects also
use a different subset of the vocabulary V and even different phrases over these
subsets. For example, a document about stock exchange might contain words like
“hausse” and “baisse”, which will almost never appear in a text about machine
learning. So, the observation is that texts about different subjects differ in the
used words. Furthermore, terms like “machine learning” or “conditional mutual
information” are surely not part of texts about stock markets, but the single
words “machine”, “learning”, “conditional”, “mutual”, and “information” may oc-
cur in such a text. Moreover, the idea is to look at how likely a word is, if the
previous words are known. In a text about machine learning it is very likely that
“machine” is followed by “learning”, where in a text about stock market exchange
it is probably followed by “manufacture” or “supplier”, but not by “learning”.

The task of predicting the next word given the previous words is called lan-
guage modeling task and a model solving the task is called a generative model,
see [13] and [8]. Therefore, we continue with the following definitions.

Definition 1 (Stochastic model). A stochastic model or process is a sequence
of random variables (X;)ten.

Let us assume every random variable in (X;);en has the same range X. Thus,
the statistical properties of (X;):en are completely determined by the nth-order
probability distribution p(zo, z1,...,2n) = P(Xo = 20, X1 = 21,..., Xn = Tpn),
z, € X,0<1i<mn,néeN, see [16].

Moreover, we use L to denote the language used by subject S, i.e., L C V*. We
then expect two documents to be about the same subject and hence semantically
related, if the subjects of the documents use the same language. But we shall use
probabilities instead of absolute statements. That is, we do not wish to decide
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whether or not a string or a sentence is in L. Instead the language model we are
aiming at returns for every string s € V* the probability for s to be in L.

Let S be a subject, let £ be the language of S, and let ps be the probability
distribution underlying £. Furthermore, let M be a generative model for S. Thus,
M solves the language modeling task for S, if ps(o|s) = pam(cls) for every o € V
and for every s € V*, where s is the sequence of all preceding words. Obviously,
if M solves the language modeling task for S, the strings generated by M are
distributed according to pg and hence M is a probabilistic language model for S.

How many of the previous words are necessary for making a good prediction
for the next word? The surprising answer is: most often only a few. For example,
if we see the word “machine” in a text about machine learning, “learning” is very
likely to be the next word, and knowing the words previous to “machine” does
not provide much additional information about the likeliness. Manning et al.
|13] claim that it takes quite a big effort to beat a generative model for natural
language, which predicts the next word on the previous two words.

In general, good estimations for the next word in natural language are context
dependent. An example is provided by this text. As mentioned before, the word
“machine” is very likely to be followed by “learning”; but what about “Markov”?
In the following, the words “model” and “chain” occurs after “Markov”, but the
3-gram ‘“‘variable memory Markov” is always followed by “model”. Hence, we want
a model, which can capture this property of natural language.

The model which has the desired properties, is an n-gram Markov model
with variable memory, n-gram VMM model for short, which is defined by a
variable memory Markov model, VMM model for short. A VMM model in turn
is a special kind of the well-known Markov model. So, first Markov models are
shortly repeated, followed by the definition of the VMM model, from which we
derive the n-gram VMM model. In addition, the classical n-gram Markov model
is presented and compared to our model, which proves to be superior.

If we regard generative models as stochastic processes, any random variable
of the process has the property of only depending on the previous variables.
A special kind of those dependencies is captured by the Markov model, where
a random variable depends only on its direct predecessor. We shall see that,
despite this restriction, the Markov model is a suitable base for a generative
model for a language. In terms of a Markov model we call the value of a random
variable a state and its range state space.

Definition 2 (Markov model). Let (X;)ien be a stochastic model and let X
be the state space for all random variables X;,t € N. (Xt)ten 18 a Markov model,
iff it meets the Markov assumption

P(Xi41 = z¢41|Xo =0, .., Xy = 24) = P(Xyp1 = 21| Xe=20) . (1)

Let p(-|') be a function p : X x X — [0,1]. The Markov model (X;)ien s
homogeneous, iff it fulfills the time invariance assumption

P(Xi41 = z41]| Xt = 21) = p(e41|xt), for every t € N. (2)
p is the Markov core, where p(z|y) > 0 and ) ., p(zly) =1 for all z,y € X.
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If a random variable depends only on its predecessor, the question remains of
how to predict the state of the initial random variable Xy. This is done by a
special initial distribution. A Markov model together with an initial distribution
for X leads to the definition of a Markov chain. We follow the definition given
by [4], because it fits our purpose best. Other definitions do not restrict Markov
chains to be homogeneous, e.g., see [2].

Definition 3 (Markov chain). A Markov chain is a homogeneous Markov
model (X)ien with state space X', Markov core p and initial probability distrib-
ution m, where Xq s distributed according to 7.

Before we continue with the definition of the variable memory Markov model, we
use the Markov chain to define a first probabilistic language model, the classical
n-gram Markov model. It shows how to use a Markov model to derive a language
model; the n-gram VMM model will be defined analogously. We shall also use it
to point to the advantages of our model.

The n-gram Markov model is a generative model predicting the next word in
dependence on the previous n words. Since a Markov chain, by its definition,
predicts the value of a random variable only on the value of its direct predecessor
the following construction is necessary which uses overlapping random variables.

Let (X})ten be a sequence of random variables, where each random variable in
(X1)ten has range V. We define a second sequence of random variables (S;):en,
where each random variable in (S;)icn has range V™, n € N*. The relation be-
tween (X})ien and (St)ien is given by the definition of the following equivalence.
Let s be an n-gram and let s = 0go;...0,-1,0; € V, 0 < i < n. Then,

def
St:S = Zt:UO>Et+l:Ulv~--uEt+n—l=Un—17 (3)
for every t € N. Thus, the random variables S; overlap, i.e., S; depends on
its predecessors, where the dependency is completely described by the direct
predecessor S; 1, t € NT,

S; contains the information about n words and hence, for predicting the value
of X4+, given the previous n words, the knowledge of the value of S; is sufficient.
We express the probability of the value of X}, ,, in terms of S; and S as follows.
Let S; = sg, let S;41 = s1, and let so = 0p0y...0,-1, where sp and s; in V7,
0; € V,0 <1 < n.From (3) it follows that s; = 07 ...0,-10,, 0n € V, and hence

P(Si41 = 81| St = s0)

=P(Xit1=01,..., Zt4n—1 = On—1, Xt4n = 0On
| Xy =00, Zt41 =01,..., Xt4n—1 = On_1) (4)
=P(Zyn = 0n| Tt = 00, Zt41 =01, .., Lt4n_1 = On_1)

Il

P(Xiyn =o0pn| St =s0), foreveryteN.

Obviously, (S¢)ien fulfills the Markov assumption and thus we see how a
Markov chain can be used to predict a word in dependence on the previous
n words. Thus, we arrive at the following definition.
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Definition 4 (n-gram Markov model). Let S denote a subject and let ps
be the probability distribution of the language of S. Furthermore, let (Si)ien
be a Markov chain with state space V™, Markov core p and initial probability
distribution m. (Sy)ien is called n-gram Markov model for S, iff

Ps(0001 ... om—1) = 7(s0)p(s1|s0)p(sals1) . .. p(sm—n|Sm-n-1), ()

where s; € V', s; = 0,0i41...0i4n-1, 0 < @ < m — n, for all m-grams
0001...0m-1 €V meN, m>n.

Because pg is to fulfill Kolmogorov’s consistency condition the initial probability
distribution 7 must have the following property, see [1].

Let s = 0102...0n,0; € V, 1 <1 <n, be an n-gram. Furthermore, let suff(s)
denote the longest proper suffix of s, i.e., suff(s) = o3...0,. Then © must fulfill
the equation

m(suff(s) o) = Z p(o|o’suff(s)) w(o'suff(s)),

ag'eV

for every s € V" where 0 € V. We get the desired property, if we define
w(o1...0,) as P(S) = s), where s = 01 ...0, for all n-grams oy...0, € V™.

Now, we have a first probabilistic language model. But the size of the state
space is by definition |V|™. This will lead to problems if n > 2 when one wants to
learn such a model and the documents are too short (cf., e.g., [2]). For seeing the
problem, note that a normal vocabulary of natural language has a size of more
than 20.000 words. So, in order to estimate all probabilities described above for
an 2-gram Markov model one needs a sample of more than 20.000% = 8 x 102
words. Obviously, we normally do not possess such a large sample.

Therefore, we want to use the variable memory Markov model which has been
defined in a different context by Ron et al. [18]. A variable memory Markov model
is defined as a prediction suffiz tree(PST).

Definition 5 (suffix tree). Let X be an alphabet, let T be a tree and let E
denote the set of edges between the nodes in 7. Furthermore, let each edge be
labeled by a symbol o € X' and each node by a string s € X*. The two functions
lg : E - X and ly : T — X* return the label of an edge and of a node,
respectively. 7 is a suffiz tree over X, iff it has the following properties:

1) 7 has degree |X|.
i1) The root node ng of 7 has label €.
ii1) For every node ny € 7,1 € N, and ng — ny — ... — nj_; — ny, the walk
from the root node ng to node ny, the label of n; equals the concatenated labels
of the passed edges, i.e., lr(n)) = lg(eo1)lr(ers) ... lg(er—1.1)
iv) Neither two edges of one node nor two nodes have the same label.

Definition 6 (next symbol probability function). Let X be an alphabet and
let vs,8 € X*, be a function. The function ~vs is called next symbol probability
function over X, iff it defines a probability distribution over X.



