Probabilistic Reasoning in the Semantic Web using
Markov Logic

Abstract. Uncertainty is a characteristic of any relevantd acomplex
knowledge source. In this thesis, we explored geaf Markov Logic, a novel
representation formalism that combines first-ordlmgic with probabilistic
graphical models, to learn and reason about uriogrten the Semantic Web.
We explored several ways to acquire this uncesgtamitomatically from
several sources, and applied them in relevant téskthe Semantic Web
domain.
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1 Introduction

The Semantic Web [1] envisions a world where agsh&se and transfer structured
knowledge in an open and semi-automatic way. Intrabthe cases, this knowledge
is characterized by uncertainty. However, SemaWb languages do not provide
any means of dealing with this uncertainty; theg arainly based on crisp logics,
unable of dealing with partial and incomplete knedge. Reasoning in the Semantic
Web resigns to a deterministic process of verifyfrglatements are true or false.

In the last years, some efforts [2] have been niadepresenting and reasoning
with uncertainty in the Semantic Web. These wonles rmainly focused on how to
extend the logics behind Semantic  Web languages  tihe
probabilistic/possibilistic/fuzzy logics, or on hotw combine these languages with
probabilistic formalisms like Bayesian Networks. dh of these approaches, this is
achieved by annotating the ontologies with somed karfi uncertainty information
about its axioms, using this information to perforomcertainty reasoning.
Nevertheless, several questions arise: how caomegasbe done efficiently with this
uncertainty information? Where to get this uncettainformation?

In this thesis, we presented solutions for bothstjors. The solution for the first
guestion is Markov Logic [3], a new promising apgeh to reasoning with
uncertainty. In this type of logic, there is nohignd wrong world; there are multiple
worlds with different degrees of probability. Ths done by combining logic and
probability in the same representation, and thémgusfficient learning and inference
algorithms. For the second question, several soiativere developed:

» If the ontologies are annotated with some kind oartainty information, like
probabilities, Markov Logic can be used to reasgrahout this information;

« If the ontology contains individuals, those indivéds can be used to automatically
learn the uncertainty of the ontology;



 If the ontology does not comprise uncertainty infation or individuals, both
resources can be automatically learned by analyt@mrtual resources and web
search engines.

We developed a systenmcerto, which explores the capabilities of Markov Logic
for the Semantic Web. This system was applied wers¢ interesting tasks, like
reasoning about automatically learned ontologiessatial networks analysis.

The main contributions of this thesis are:

» The application of Markov Logic for learning andasening about uncertainty in
the Semantic Web;

» The development of several techniques for learaingpmatically the uncertainty
of ontologies;

» The development of a new technique to parametéferdov Logic networks with
probabilities;

» The development of a new technique to learn thdability of ontology axioms
by using web search engines;

» The development dhcertg, and its application to several Semantic Web domai

The next section describes the concepts of Semavigb and Markov Logic,
followed by a description of the most relevant tedbwork. Section 3 introduces our
proposed approach, with several experimental mesite finalize this paper by
describing general conclusions and future direstioiithis work.

2 State of the Art

In this section, we present the two most importamtcepts for this work, Semantic
Web and Markov Logic, and review the most importatdted work.

2.1 Semantic Web

The Semantic Web [1] tries to fill the knowledgepdzetween human and machines
by adding background knowledge to the Web, allowimachines to infer the real
meaning of objects. This background knowledge isallg expressed by ontologies,
i.e., sets of knowledge terms for some particutgid, including the vocabulary,
semantic interconnections, and rules of logic/iefee of those terms.

The most prominent markup language proposed byMB€to model ontologies in
the Semantic Web is thg&/eb Ontology Langua§gOWL). OWL provides an
expressive shared vocabulary to represent knowlédghe Semantic Web. This
vocabulary allows expressing axioms about claggeperties, and individuals of the
domain. In this paper, we will focus on OWAY4], the new version of OWL

1 http://www.w3.0rg/2004/OWL/
2 http:/mww.w3.org/TR/owl2-quick-reference/



Probabilistic Reasoning in the Semantic Web using Bfrkov Logic 3

proposed by th&V3C which subsumes the decidable subsets of thenatigdWL
(OWL DL and OWL Lite).

OWL2 is based on the Description logf@ROIQ(D) [4]. Description logics[5]
are a family of logical languages specially desthteemodel terminological domains.
Formulas in Description Logics are composed by symmbols:conceptqi.e., sets of
individuals) androles (i.e., relationships between individuals). A relat feature of
Description Logics is their separation of knowledigeses in two distinct parts: the
intensional knowledge in the form of a terminologylled Terminological Box
(TBox), and the extensional knowledge, calksskertional BoXABox). The TBox
provides the vocabulary, in terms of concepts aelsy of the knowledge base. This
is usually done by defining concepts using thedalgequivalence constructor (e.g.,
Woman = Person N Female). The Abox uses the TBox vocabulary to make
assertions about individuals (eWJoman(ANNA)).

2.2 Markov Logic

Markov Logic [3] combines first-order logic and probabilistic gragai models
(Markov networks) in the same representation. Thengea behind Markov Logic is
that, unlike first-order logic, a world that viodet a formula is not invalid, but only
less probable. This is done by attaching weightdirtt-order logic formulas: the
higher the weight, the bigger is the differencewmein a world that satisfies the
formula and one that does not, other things bearaleqhese sets of weighted
formulas are called Markov Logic Networks (MLNs)iveén a set of constants (i.e.,
individuals) of the domain and an interpretatide groundings of the formulas in an
MLN can generate a Markov network by adding a \@eidor each ground atom, an
edge if two ground atoms appear in the same fornamld a feature for each grounded
formula. The probability distribution of the netwas defined as

F
PX=x)= %exp (Z Wl-ni(x)) , 1)

whereF is the number of formulas in the MLN;(x) is the (binary) number of true
groundings ofF; in the worldx, w; is the weight ofF;, andZ is a normalizing
constant.

Formulas’ weights can be learned generatively fexample data by maximizing
the pseudo-log-likelihood [3}f that data, while efficient inference can be dasing
approximate inference algorithms, such as the MQ-£}

2.3 Related Work

In this section, we review the most important idiatvork to this thesis. Refer to [2]
for a complete overview of works related to thelpem of uncertainty and vagueness
in the Semantic Web.

PR-OWL [6] is a probabilistic generalization of OWL based multi-entity
Bayesian network@MEBNS) [6]. MEBN logic combines Bayesian prob#litheory



with first order logic, constructing Bayesian neti® from parameterized fragments
representing the probabilistic knowledge aboutlkection of related hypotheses.

Ding et al. [7] propose@ayesOWL a framework to represent and reason about
OWL uncertain knowledge using Bayesian networksyTprovide a set of rules and
procedures to translate OWL DL concept taxonomigs Bayesian networks. The
resulting Bayesian network preserves the semawficthe original ontology, and
supports ontology reasoning both within and acoméslogies.

Henrik and Norbert [8] describe work on probabhitiseasoning in two subsets of
OWL Lite. They translate restricted OWL Lite ontgles intoDatalog a subset of
first-order logic, and use a probabilistic extensiof Datalog, pDatalog to do
probabilistic inference over the ontology.

Predoiu and Stuckenschmidt [9] uBayesian Description Logic Programsa
formalism that joindDescription Logic Program§DLP), a subset of Datalog, with a
fragment of Bayesian Logic Programsin this representation, statements are
translated to DLP rules with an attached probabilithis way, a Bayesian network
can be built from those annotated rules, providingomplete specification of the
desired probability distribution.

3 Learning and Reasoning about Uncertainty in the Seantic
Web

The first step in use Markov Logic capabilities reason about uncertainty in the
Semantic Web is to transform Semantic Web’s reprtatien languages, in our case
OWL2, into Markov Logic Networks (MLNs). As seen the previous section, a
MLN is composed by a set of weighted first-ordagidcoformulas. So, we must define
where these formulas and weights come from.

Formulas. OWL2 is based on the Description Logi€ROIQ(D) [4]. One
characteristic of Description Logics languageshit they follow amodel-theoretic
semantics [5], and therefore can (in most of theespbe interpreted as formulas in
first-order logic. The main idea behind this intejation is that concepts correspond
to unary predicates, roles to binary predicates] @dividuals correspond to
constants. In our cas§ROIQ(D) can be easily interpreted as first order formulas:

Table 1. OWL2 examples of interpretation as first-orderi¢oigrmulas.

OWL2 Expression First-order logic formula

SubClassOf (CE,, CE,) Vx : CE;(x) > CE,(x)
TransitiveProperty(OPE)  Vx,y,z : OPE(x,y) AOPE(y,z) = OPE(x, z)
ClassAssertion(CE, a) CE(a)

Weights. In the next sections, we explore several sourmeadquiring weights. First,
we explore the cases when the ontologies are siraadotated with some kind of
uncertainty values that can be interpreted as wigdecond, we explore the cases
where ontologies do not have any type of uncestaamnotation available. If the
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ontology contains individuals, we can use thoséviddals to learn the weights using
the weight learning capabilities of Markov logio.the cases where the ontologies do
not have individuals, resources like textual corpusl web search engines can be
used to learn individuals or derive automaticatly probability of axioms.

3.1 Probabilistic Reasoning in Uncertainty-annotated Otologies

Ontology axioms can be annotated with a value sgpmEng its uncertainty (usually a
weight or a probability) (e.g., a certain class Kés probability of being subclass of
another). This allows ontology engineers to buitdertain ontologies with their own
knowledge about the domain. In fact, some taske likarning and mapping
ontologies [10] already automatically produce utaiar ontologies. In most of the
cases, this uncertainty is represented as a pidpabiowever, Markov Logic
receives weights and not probabilities as its patarnzation. For this purpose, we
developed a new method to parameterize MLNs witibabilities, by changing the
discriminative weight learninglgorithm [3] to use the desired probabilitiestie
counting of true groundings of a formula. This wehg algorithm learns a weight that
describes the desired probability.

The Body Gesture Experiment Abbasi et al. [11] recorded the unintentional
movements of students during a lecture, and manletileled the movements in 7
gesturesKead ScratchNose Itch Lip Touch Eye RubChin RestLip Zip, andEar
Scratcl), corresponding to 6 distinct affective statBed¢alling Satisfied Thinking
Tired, Bored and Concentrating. Based on their results, we developed a simple
probabilistic ontology and used the proposed amtrda predict the affective state of
a person based on its gestures.

The Ontology Learning Experiment. Using thelexico-syntactigatterns defined by
[12], we developed a simple system that receivegdbt of the taxonomy and uses a
web search engine to infer its descendants uptieadefined depth. Using the metrics
of [13], each subsumption relation receives a podityadescribing the confidence on
the asserted relation. Taxonomies about severalhen{e.g., substances, cereals,
hydrocarbons) were created, and, using the propagptbach, Markov Logic could
be used to answer conditional queries about them.

3.2 Probabilistic Reasoning using Ontology Individuals

In the last section, we adopted the principle trdblogies were somehow annotated
with some kind of uncertainty information. Howevérese situations only occur in
restricted domains, mainly those where these ogiedowere built automatically by
machines. In all the other situations, other meshmaist be developed to acquire the
uncertainty of the ontology. The most desirablehoétis to learn that uncertainty
automatically, without user intervention. In thiscion, we study how this can be
achieved by using ontology individuals. With thidarmation, MC-SAT can be used
to perform probabilistic inference over the ontglog



As previously noted, in Markov logic, formulas’ wbis can be learned
generatively through example data. This examplea dat usually composed by
individuals of the domain and their relations. I#/02, individuals correspond to the
ABox of the ontology, and therefore they can beduselearn the formulas’ weights
by interpreting them as ground atoms.

The Financial Experiment. In this experiment, we use a financial ontology,
GoldDLP, to assess the risk of certain financial operatidn this ontology, there is
information about a bank that offers services lidans and credit cards to private
persons. The ontology contains 116 class and prop&ioms and 297 individuals,
mainly distributed between accounts, clients, ¢realids, and loans. The main task in
this experiment is to determine each loan’s prditghif being a problematic one.
Using generative learning and MC-SAve found nine loans with a probability
>90% of being a problematic one, while all the oflbans have a probability between
45-48%. This result demonstrates, roughly speakimgt, any loan has an associated
probability of being a problematic loan.

The Social Network Experiment.The objective of this experiment is to use Markov
Logic to explore the relational structure of thévogato’s Friend of a Friend (FOAF)
social network. We performed several link mining][iasks, such as:

» Link Prediction - Predict the existence of a linktlween two users based on the
relations of the user with other users;

» Link-based Classification - Predict the experiegaaup @pprentice Journeyey or
Mastel of an user based on the relations of that usgér ether users;

» Link-based Cluster Analysis - Cluster users intougs that show similar relational
characteristics.

The Non-Relational Experiment.In this experiment, we transformed some machine
learning datasets into ontologies and performeskdiaation tasks:

* Mushrooms Dataset Predict the class of the mushroorsliple or Poisonou
» Titanic Datasét - Predict if a certain passenger survived to thdSRTitanic
accident.

3.3 Probabilistic Reasoning by Learning Individuals/Prdoabilities

In the last section, we have explored the use tdlogy individuals to automatically
learn the uncertainty of the ontology axioms andfgen inference with that
information. This feature proved to be useful inm#ins where there was no
information about that uncertainty, or in compleonthins where this uncertainty is
hard to infer, specially for humans. However, theme domains that are uncertain but
do not have any type of information that could hedpinfer its uncertainty. In these

3 http://www.cs.put.poznan.pl/alawrynowicz/semintee

4 http://advogato.org/

5 http://archive.ics.uci.edu/ml/datasets/Mushroom

6 http://stats.math.uni-augsburg.de/Mondrian/Datafic.txt
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domains, we have to find other ways of gatheririgrmation to learn the uncertainty
of the axioms. In this thesis, we explored two apghes to tackle this problem: learn
individuals and learn probabilities.

3.3.1 Learning Individuals

Due to the enormous quantity of textual resourceseatly avaliable, specially those
present in the World Wide Web and avaliable througih search engines, extracting
ontology individuals from those sources has becatask of growing interest. This is
the task studied in the field of ontology populat{@3]. Using unsupervised methods
such as the ones proposed by [12], we developegstens that uses web search
engine APls to populate existing ontologies. Udlnig system and the approach of
the previous section, we can populate ontologiab laarn the uncertainty of the
ontology’s axioms using the learned individualsd ahen perform probabilistic

reasoning with that information.

The Disease Ontology Experimentln this experiment, we automatically learned an
ontology about diseases and their symptoms, usingeh search engine, and
performed clustering on it. At the end, we had amlmgy composed by 140 diseases,
459 symptoms, and 671 symptoms assertions. Usisgotiitology, we performed
link-based cluster analysis [14], creating clustefssimilar diseases. Some of the
clusters could be analyzed by their main symptdros.example, all the diseases in
one of the clusters had a common symptom, depressiaile in other cluster all the
diseases where related to the respiratory system.

3.3.2 Learning Probabilities

Other way to acquire the uncertainty of an ontolsggxioms is to learn the
uncertainty of the axioms directly, without the dde populate the ontology and use
Markov Logic weight learning algorithms. In thisc§en, we use semantic similarity
techniques to perform this task.

Semantic similaritf15] is the process of finding the similarity betmetwo words
or entities. This is usually done by studying tweoccurrencebetween those words
or entities in a textual corpus. The most usedriegles use results of search engines
to measure that similarity. This is usually done dounting the number of results
returned by those search engines in specific guedkated to the words or entities
whose similarity we want to assert. In this thesis,explored several metrics used for
this purpose (e.g., [15]). However, we modified floemat of the search engine
gueries so the metrics return the confidence valuthe relation asserted in each
axiom, instead of the general co-occurrence betwhensubject and object of the
axiom.

The Animals Taxonomy Experiment. We used a web search engine to learn the
probability of each axiom in one automatically lezat taxonomy about animals. With
that information, we used Markov Logic to perforavsral conditional queries about
the uncertainty of the taxonomy’s subsumption retest



3.4 Incerto — A Probabilistic Reasoner for the Semantic Web

Using the ideas of the previous sections, we deesldncerto a probabilistic
reasoner for the Semantic Web based on Markov .|ddie system was developed
Java, and is freely available through a LGPL lieens at
http://code.google.com/p/incerto. The system imfesra with several extern
components, such as Markov Logic reasoning enginelsontology processors, a
can be accessed programmatically, visually, and ssitomman-line.

In this section, we study ttscalability of Markov logic procedures in the Setia
Web domain, as implementedIncerto. Our purpose is to measure the scalabilit
three distinct procedure

* Pre-processingcomposed by the load and transformation of ogie®in MLNs
» Weight Learningusing the generative algorith
» Inferenceusing the M(-SAT algorithm.

For this purpose, those procedures were perfornmedeven distinct ontologie
each one with a varied number of individuals. Tasiation was made by randon
populating eachmtology with a set of individuals (we tested with1D, 100, 1.00C
and 10.000 individuals), using these individuals n@ake an average of thr
assertions for each ontology class or prop Results can be seen in Fig. 1.
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Fig. 1.Incerto scalability tests.

4 Conclusions

To realize the Semantic Web vision of a world whé&rewledge is the mo:
important element, mechanisms must be developeeptesent and reason about
uncertainty that this knowledge could arise. Irs thesis, we explorethe use o
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Markov logic, a unifying representation of logicdaprobability, to learn and reason
about uncertainty in the Semantic Web. We explosederal ways to acquire this
uncertainty automatically, testing them in relevdonmains for the Semantic Web,
such as ontology learning and social network amalys

We think that our approach can be seen as an inttod/ step in providing a
general Markov logic framework for the Semantic Web

4.1 Future Work

In this thesis, we explored several ways to autmaidy learn the uncertainty of
ontology axioms. However, more ideas could be explo

» Other ways of learning individuald¥e explored the use of textual resources to
learn ontology individuals. Other way of populatiogtologies is through the
analysis of structured data, like relational dasaisaor other ontologies. In this
case,mappings[10] must be made between the structured datacsbpnd the
entities of the ontology.

e Learn the uncertainties directly from textual cospiThis is done by analyzing
textual resources for patterns like “70% of A is & “Most of the A’s are B’s”.
This can be done by using previously trained di@ssior general lexico-syntactic
rules.

» Use the structure of the ontolog¥he structure of the ontology can provide
interesting information about the uncertainty sfakioms. Some other works (e.g.,
[16]) already explored similar approaches in org@s, however with distinct
objectives than ours. The field nétwork analysi§17] can provide us with some
interesting concepts that can be potentially tremefl to our specific case.

» Collective learning of weightsThe idea is to learn the weights collectively from
multiple ontologies about the same domain. Thik tas be achieved by exploring
techniques from collective learning fields, likelational reinforcement learning
[18].

» Trust propagationThe idea is to use the propagatiortroft metricsin groups to
automatically learn the uncertainty of certain axé This idea was already
applied in the Markov logic context [19].

Other ideas, like using the structure of the omgpldo guide the learning of
ontology individuals [20] and the use of other MarkLogic reasoning algorithms
(e.g., [21]), could also be used to improve thesting results.
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