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Abstract. Using AgentSpeak-DL, we propose an agent modauitonomously
query the web of data to gather additional knowéedgjated to the current set
of beliefs. The knowledge acquisition mechanismsuaédditional assertions
specified with the beliefs as inputs to constrhetqueries. The assertions come
from a description logic approach to specify therdgoelief base. Information
from the queries is used to establish an ontolagting agent’'s beliefs to
knowledge from the web of data. Main contributiohtleis research is the
specification of a mechanism to enhance the agé&ntsvledge with semantic
web techniques.
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1 Introduction

This paper describes a research on agent theotysiftg on autonomous agents
capable of interacting on the semantic web. Oul go® increase the availability of
knowledge to the agent and, thus, the possiblesesuof action it can take. We
consider agents as autonomous, intentional systeodeled by the BDI agent theory
[1]. This model formalizes how a rational agent fgom its beliefs and desires to
actions. Besides the interactions with its appiicaspecific environment, our agent
interacts with the web of data as a medium to aldkkabwledge.

The web of data, also known as the semantic web d&h be viewed as an
extension to the current web in which informatieceives a computational meaning.
This makes the content adequate for processingtyare applications, in contrast
to traditional web where information is usually #able in natural language and is
adequate for human beings. As described in [2] st#reantic web is a place where
applications will consume and generate knowleddeally acting autonomously on
behalf of the user. Following an application peciive, this work shows a possible
way towards that vision.

One of the main results of the semantic web effoits ontological knowledge
representation language — OWL. We limit the agentdéal only with OWL —
regarding knowledge obtained from the web, sinadlditws a better integration with
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the agent’s belief base. In this case, the expressss and semantics allow the agent
to construct queries and perform inferences usiognegept hierarchy, restrictions and
properties.

One of the key points to integrate agent and seémeseth technology is located on
their common ground, the knowledge representafitue. approach used in this work
is based on AgentSpeak(DL) [3], which modifies tireginal language [4], and its
concretization in terms of agent architecture, JASS]}.

The remaining part of the paper is organized abua: section 2 relates the
knowledge acquisition mechanism to the state-ofattién terms of agents integrated
on the semantic web and in terms of tools needeexptore the web of data; in
section 3 we specify the knowledge acquisition byaiing the query construction
and the result processing - an example of utilirais presented; finally section 4
presents our concluding remarks and future work.

2 Redated work

Regarding the use of the web of data to providenkedge to intelligent applications,
[6] provides an approach based on information thebne goal is to allow the agents
to naturally deal with concept alignment, uncettaiand utilization of services.
Information theory is applied to provide quantifioas for trust, reputation and
reliability to the information being considered. d¢¢iation is a fundamental part of
the model; it is the process that the agent undsrgo exchange information with
peers and services — as a provider and as a sscri

Every reasoning process is contextualized and teffeby the set of norms and
contracts that the agent currently complies withon€xt represents previous
agreements, previous illocutions or any code thighs the ontology between the
peers in order to interpret an action. This agemndel can be summarized as a
utilitarian approach to knowledge based agents. apent is always part of an
information exchange — a negotiation, and allétsoning and actions are designed to
maximize the outcome.

The knowledge acquisition mechanism described isghper differs from [6] in
the theoretical and philosophical views of agenayd,aconsequently, in the
concretization of the model. Our goal is to provigdevant knowledge related to
agent’'s beliefs, so that the agent is able to perfoeasoning with this related
knowledge according to its domain. One might arthet the utility approach, as
attested by [6] can be used to model and provisi@wdion to our problem.

We consider this point of view but this line regaabjency as a decision problem,
and we view agents as a software that displaydliganat behaviour in terms of
flexible autonomous action. As described by [7gxibility is composed by pro-
activeness (to take the initiative to reach itslgjpaeactiveness (to perceive and
timely react to environment changes) and sociditahithe interaction with other
agents and perhaps with humans too). We are awatieeodifficulties that come
along with this vision but we still consider it e approach to agency to be followed
on this research.
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On the subject of agency and the semantic web, iSgeak-DL and JASDL are
also taken into consideration. In summary, Agend®geL [3] provides the formal
semantics for AgentSpeak with Description Logicke Tauthors state that the main
results are more expressive queries to the bedie ba refinement of the belief update
process, more options for plan retrieval and nasiweport for agent communication.
JASDL provides the implementation of the concemscdbed in [3] on the Jason [5]
framework. JASDL (Jason AgentSpeak-Description Etpgextends the Jason
platform providing agent-oriented programming withmtological reasoning. In
JASDL each ontology that the agent is aware ofivesea label that is utilized to
provide semantic annotations in the form of “sentaatriched” literals — a literal
that corresponds to an axiom of an ontology.

This mechanism extends the traditional belief bdsemed by a list of ground
literals), allowing it to reside partially in theBdx of an ontology. Following this
idea, the belief base is specified by two knowledgpresentations (OWL and
standard AgentSpeak). These modifications affepbmant reasoning, namely belief
revision and option selection (plan searching). iffygacts on the agent life cycle and
implementation decisions are discussed in detd8]in

Our work was implemented with JASDL mainly duet®associated agent theory,
integration of OWL to the reasoning and also beeafsts extensibility mechanism.
In this framework, it is straightforward to modiny aspect of the agent reasoning
cycle. The ease to customize the stages of regsamiparalleled to the complexity
inherent to the design of an agent theory.

When customizing the reasoning, the developer mesiware of the impact that
the modification has on the life cycle and on tlmmpliance to the BDI theory.
Mindful of the complexities involved in the custaration, we adhere to JASDL's
approach since it supports the utilization of kredge acquired on runtime to
perform meta-level reasoning and further beliectionality (future work).

Still on agent architectures and models for the ssgim web, there is the Nuin
agent architecture. Its goal is to provide a “prattarchitecture for deliberative
agents for the Semantic Web” [8]. The architectisgrdbased on AgentSpeak(L) to
provide the deliberation mechanism and the dedinibf an agent through an RDF
model. Nuin provides a general architecture, legwvia the agent developer the
decision on the knowledge representation and réagon

A scripting language is available to define ageptans using terms of an ontology
referenced by its URI (Uniform Resource IdentifiékpentSpeak’s events abstraction
is also treated as implemented by the developee. ifiterpreter provided by the
architecture does not modify the original Agent3pederpreter in any manner. An
important aspect of Nuin is that it is developedéoeasily deployed and extended; it
was implemented using software engineering desegteqms. In theory, the agent
architecture could be used with any knowledge isgation, not only description
logics.

The idea of allowing any kind of knowledge reprdagon to be pluggable into
agent architecture is very tempting but the thécmbfoundations and the impact of
such endeavor must also be considered. A key itfsalearises is that inference
services are limited only to query and to update kimowledge base. Important
functionalities from each specific reasoning engine ignored. If we consider OWL,
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for example, the agent is not aware of subsumpteneralization and specific TBox
and ABox reasoning capabilities.

Functionalities such as ontology integration, aigmt and modularity cannot be
integrated to the architecture either. RegardingnNiti could be used in our work as
concrete agent architecture but it considers OWL i particularities superficially,
without a clear account of the implications to #uent reasoning.

Another stream of works under automated uses ofvete of data focuses on the
delivery of knowledge to end users. TripleshopH&hdles user queries and process
the results according to a set of constraints dral dpplication of pre-defined
reasoning tasks. The query construction mechanidstlhe user on the specification
of SPARQL queries, allowing the user to define e¢ of URIs to be queried. A
preliminary set of URI's is given to the user calesing the SELECT and WHERE
clauses. The query is executed on the Swoogle Iseargine and the results, after
processing, establish a workable dataset for the us

Swoogle [10] is one of the first search enginesgiesl for the semantic web. It
discovers and indexes RDF documents following tlssic web search approach.
Google is used to crawl the web and discover RDd&F @WL files. These files are
ranked with two custom algorithms built on top ofabstract model defining how an
agent accesses the semantic web. The search eagie accessed by a regular web
site and also through a SPARQL endpoint.

Watson [11] is considered to be a gateway for séimareb data since it takes into
account semantic details and semantic quality ef ittdexed data. The semantic
details considered in the Watson architecture elegad to OWL and RDF constructs,
which are used to process and relate different meots. Quality of the semantic data
is assessed in terms of expressivity, language] levaxiomatization, and measures
of concepts and individual quantities. Sources tloe Watson crawler can be
diversified through a plug-in model. The gateway ba accessed through a web site
and also through SPARQL. In [12] semantic web aaplbns that use Watson
services are presented. Our mechanism uses Wattbe eaain search engine, due to
the wider availability of services and to Swoogieaasecondary SPARQL endpoint.

3 Acquiring knowledge from the web of data

The knowledge acquisition process here describedigambitious goal to allow the
agent to gather additional contextual informationits beliefs. Obtaining contextual
information from the semantic web or from the wedelf does not guarantee the
validity and truthfulness of it. At the same timaeocannot disregard this kind of
knowledge that is also considered by some cognisisientists as part of human
cognition [13]. Thus, mechanisms to perceive thendlg context and to select the
most appropriate knowledge to be considered mustitbgrated to the reasoning.
Moreover, we see context as an important factdrelp on the balance between
reactivity and pro-activeness. In this section,describe a first step on this direction,
with the construction of a related knowledge onggloConsidering the JASDL
framework, descriptive knowledge is applied durthg plan selection stage of the
practical reasoning cycle. As presented in [5], ithea is to use the subsumption
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inference so that specific plans can be appliednome general situations. Thus,
increasing the range of possibilities through axation of the constraints during the
selection.

Our approach to knowledge acquisition is focused semantically enhanced
beliefs [5] (beliefs associated to a concept defiive an ontology). We divide the
knowledge acquisition process into two stages:q(@ery construction and execution
and (2) result processing.

Query construction

Most of the search engines that handles web ofaateent (OWL, RDF and RDF-S)
provides two forms of queries: keyword search aRARQL search. Keyword search
comes from traditional web search mechanisms araliges a simple string
matching. SPARQL [14], on the other hand, is a W8 mmendation for querying
the web of data. It is a query language for RDIevahg queries to OWL content due
to the possible translation from OWL to RDF.

Considering OWL-DL — a variant of the descriptiondic SHOIN(D) [15], the
construction and execution of SPARQL to query tuatent seems like a viable first
step but not an ideal one. The main reason forishtiat under RDF, there is no clear
distinction between schema and data, and in OWLsith distinction (T-Box and A-
Box) is clear and important to provide more expreswsess to the representation
language. This situation reflects the ongoing netean the semantic web and will
possibly be followed by standards designed spedlifidco OWL and its variations
(Lite, DL, Full, OWL 2...).

Taking into account this current state of queryhi@ web of data, we developed a
mechanism compatible with such standards, whiawallthe direct use with current
web of data repositories. We use the current sdbetiefs as inputs to construct
SPARQL queries. The results are processed accomli@yVL semantics to construct
a related knowledge ontology.

Since we are limiting our approach to deal with OWfowledge, we are bound to
the limitations of terminological and assertive Wwhedge. Early works on description
logics [16] [17] provide an in-depth view on thenuglexities and trade-offs of
working with this kind of logic. In this work, weiew the web of data and description
logics as tools to be used by autonomous agents.

We adopted AgentSpeak-DL as the agent languageJASDL as the agent
architecture to provide a proof of concept impletagan of our work. Both the
language and the architecture were developed haamdintegration of OWL and
semantic web to agents in mind. JASDL allows théind®n of “semantically
enhanced” beliefs, which are beliefs associatedh wait ontology. It is possible to
relate beliefs to class assertions, object and gavperty relations, and the all
different axioms [5]. These relations, except fhe w@ll different axiom — used to
declare that all individuals from a specified sed different from each other, are the
inputs of our mechanism.
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Given a beliefB semantically enhanced by an asser#oi represents a set of
possible assertions that can be applied to beliefshe case of JASDL, it can be
Class AssertionGA), Object Property Assertioi©f and Data Property AssertioD);

Let Sub be the set of sub-classes @\ and Sup the set of super-classes ©A.
EachSub and super class @A in itself is already knowledge related Boand is
considered under the plan selection of the reagotyuole. In our mechanisn@ub is
utilized as a term for basic keyword matching seasod as a restriction under
SPARQL queries. A more restrictive query is fornimdusing group graph pattern
match where all the variables in the query pattenst be bound for every solution.

A less restrictive query is constructed with pattematching of alternatives. It is
worth to note that in OWL-DL concept’s relationdject or data) are coded with the
subClassOf construct. Thus, queries based on class assedlsogake into account
possible relations of the considered belief According to this description the
possible SPARQL queries are generated as follows:

1. Query using the set sub and applying restristiorthe same way, as defined in
CA. This query is more precise, and should be useithdypgent to further specialize
its knowledge. The expected results should prouidere information about a
previously established context, and less infornmatdbout different contexts. We
adopted the FILTER modifier in order to allow sianilnames to the result set. A
simple modification of the string (to remove theHaracter) provides exact matches.
In the following parameter “i” is used to specifgse insentiveness.

SELECT DISTINCT ind, type

WHERE{
?ind rdf:subClassOf ?sub_0 . FILTER regex(?su b 0,
"ASub[0]", "i")
?ind rdf:subClassOf ?sub_1 . FILTER regex(?su b 1,
"ASub[1]", i)
?ind rdf:subClassOf ?sub_n . FILTER regex(?su b_n,
"ASub[n]", "i")

?ind rdf:type ?type .}

2. Query using the set sub and applying optionatrictions regardingCA
definition. In opposition to the previous queryjstlone allow a broader scope of
results, useful to provide different views abowstudject, gathering different contexts.
When this pattern is applied, the finding of onetehaalready yields a possible
solution.

SELECT DISTINCT ind, type

WHERE{
?x rdf:subClassOf ?sub_0 . FILTER regex(?sub_ 0,
"ASub[0]", "I")

UNION {?x rdf:subClassOf ?sub_1 . FILTER regex(?sub 1,
"ASub[1]", "i") }

UNION {?x rdf:subClassOf ?sub_n . FILTER regex(?sub _n,
*~Subln]", ')

?ind rdf:type ?type .}
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A belief B, defined by an object property assertforor a data property assertion
D, is used by the query mechanism to gather diffeusat of the properties, namely
concepts that are subclasses of the property aiddoals, when available.

3. Query usingO and D to gather individuals that use the properties.sThi
knowledge gives a general view of how the propirtysed on different domains. In
the agent perspective, this query also providemadiview of the context but focused
on the usage of a specific property. We demonstrathis query the possibility to
gather more knowledge using the utilization domah the property (iR
owl:someValuesFrom ...). This point will be deeply explored on futuresk. Another
point presented is the possibility to acquire indlials that are sub classes of the
individual that complies to the que(ywholvi2 rdfs: subClassOf ?who). In this case,
we can also apply filters to give more flexibility string matching.

SELECT DISTINCT ?who ?type ?wholvI2
WHERE {
?who rdfs:subClassOf :RST .
?wholvI2 rdfs:subClassOf ?who .
_:RST a owl:Restriction .
_:RST owl:onProperty [O or D].
_:RST owl:someValuesFrom ?type . }

Result Processing

From the results obtained with the queries, we psepghe automatic elaboration of a
related beliefs ontology. Clearly, the results cgeld a number of different
possibilities for inference that are domain specifin terms of software engineering,
the queries and the ontology construction are ddfias plans, which can be reused
and modified as required by each application. Aeotiossibility would be to specify
the procedures as Jason’s internal actions but Weenvould loose the declarative
aspect of agent design.

The automatic generated ontology relates beliefsthisir respective related
knowledge. So far, we simply developed a procedsutll an ontological structure,
disregarding similarities and consistency verifimas with the belief base. This
constitutes a future work, where similarity measusge applied to the related
knowledge, establishing a properly analyzed ontpldgonsistency with the belief
base is not fundamental, since we are dealing witited knowledge, which may
contradict the agent’s beliefs. Similarity measwiiétend to 0 in such cases.

Another approach to deal with this situation istmsider the related knowledge as
contextual information to be used by the agent whisrstandard set of actions fails.
Learning mechanisms can be employed to evaluate sodwtions based on newly
acquired context information. Later, the evaludsamsults can be integrated to the
belief revision function, going towards automatéardning based on semantic web
information. This is a complex problem and requispecific research to handle its
particularities. Nevertheless, the verificationtlos hypothesis is part of our ongoing
work.
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Queries that obtain knowledge from class assert{@nand 2) return individuals
and their respective types. This information isregped in the ontology by a property
relation and by an individual instantiation. We adcasRelatedClassAssertion(
type[ 0..n]) property to belieB and instantiate the individuaid[n] as a subclass of
type[ n] . type[ 0..n] andind[0..n] are the results from the SPARQL queries. In JASDL,
this is achieved by using the following code:

jasdl.ia.define_class(request, “relatedonto:type[n] ");
/I creates the type[n] class
+hasRelatedClassAssertion(B, type[n]);

+type([n](ind[n]);
?request(X)[o(self)]; // test goal used to provide the
unification of request and the individuals.

Queries that obtain knowledge from property ret&id3) return individuals and
their type. On (3) we showed how to gather furtkmswledge descending one more
level on the hierarchy. Here we will not add suciowledge since the process
remains the same, that is, to add only one morpeapty relation to the belief. Thus
belief B will have a propertyhasRelatedUsage(?type[n]), and an individual labeled
ind[n] will be instantiated as a subclass ludsRelatedUsage(?type[n]) and B.
Similarly to the previous JASDL code fragment, sdefinition can be implemented
as follows:

jasdl.ia.define_class(request, “relatedonto:type[n] ");
/I creates the type[n] class
+hasRelatedUsage(B, type[n]);

+type[n](ind[n]);
+hasRelatedUsage(ind[n]);
?request(X)[o(self)];

It is worth noting that the resulting ontology &her simple, and constitutes only
an one level hierarchy with the respective indigiduand their URIs. This is a
preliminary result that will be developed to mosgressive ontologies through the
use of restrictions, axioms and OWL inference.

Example

To exemplify the process we will show code excefis1 our proof of concept agent
and one of its domain ontologies. This agent hasnple task, which is to maintain
the profile of a learner by following the IMS Leaminformation Package standard
[18]. A simplified version of IMS-LIP was modeled an OWL ontology, focusing on
the most important concepts of our application domBefer to [19][20] for further
contextualization of the domain. Figure 1 shows hifexarchy of concepts from the
IMS-LIP ontology.
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IMS-LIP

| [ [ | |
‘Accessibility‘ ‘ Activity ‘ ‘Afﬁl]jation‘ ‘Competency‘ ‘ Goal ‘ ‘]dentiﬁcation‘ ‘ Interest ‘

~{ Disability ‘ { Definition Classiﬁcation‘ Address

*{ Eligibility ‘ { Evaluation ‘ Role ‘
*{ Language ‘ { Reference ‘ Contact

~{ Preference ‘ #Testimonial‘ Name

::gj
g
B
o
175

Unit
Figure 1. Hierarchy of concepts from the agent'mdim ontology (IMS-LIP).

Figure 2 illustrates the ontology’s utilization &pecify a set of individuals
(diamonds) that represent learner’s accessibibitgits. Both object and data property
relations are represented by dotted arrows, togetligh their name. Diamonds
represent individuals, and rectangles represeat(@&ings, numbers, dates, etc.).

hasProfhd Ddeﬂl?n.e.?g ‘‘‘‘‘‘‘‘‘
hasProfModeCralSpeak

.................................

hasLangua geF'rle__.--""'-.

hasLanguageProf
ACCREGIRlity s

.......
''''''

"o, hasPreference
hasProfodeCralSpeak ™

hasTypeMame

................................. "InputTech"

hasComment

Preference

"The learner prefersto use
a mouse device rather than a
keyboard"

Figure 2. Individuals representing accessibilitjails.

The learner profile is managed by a plan, whichdifies the belief base (which
represents the profile) according to perceptionsnfthe environment. We will not
detail the perception mechanism since our focus show how beliefs can generate
the queries during the knowledge acquisition precékext we show a commented
plan fragment that explains how semantically enbdrimeliefs are created in JASDL,
considering IMS-LIP as the domain ontology.
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+goal(goal_A)[o(imslip)]; // defines the belief wit ha
class assertion
+hasDescription(goal_A, “The learner must study asp ects
of trigonometry”) [o(imslip)]; // defines the belie fas
a data property asser tion
+hasDate(goal_A, “2009:04:15") [o(imslip)]; //anoth er
data property assertion. The annotation [o(imsl ip)]

specifies the respective ontology
+hasGoal(goal_A, goal_B) [o(imslip)]; //an object
property assertion stating a hierarchy between bel iefs

Figure 3 illustrates the resulting individual Gaal(a complete version), which
represents a fragment of the belief-based learudiigor

"The learner must study
aspects of trigonometry”

"The learner must study
aspects of relationships amang
the sides of triangles”

hasDescription "

hasPriarity S 4
______________________ hasDescription
""""" hasGoal
Goal B .

- e, hasStatus
L hasDate

R "2009:04:15"

= hasstatus

Figure 3. Individual Goal A resulting from the agisrbelief base.

The one class assertion based query from the balefwn above (goal_A) is:

SELECT DISTINCT ind, type
WHERE{
?ind rdf:subClassOf ?goal .
FILTER regex(?sub_0,"*goal", "i")
?ind rdf:type ?type .}

This example demonstrated the application of opr@gch to a practical problem.
It is still limited to technical issues, focused arodeling the agent, and further
evaluation of the approach must be performed.

4 Conclusion

This paper presented the preliminary results abragoing research on autonomy and
intelligent behaviour on the semantic web. The measgult is a knowledge acquisition
mechanism that uses the agent’s beliefs as inpwgather knowledge related to them
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from the web of data. This is achieved by the aatiitnconstruction of SPARQL
gueries and the processing of the resulting datasebnstruct a related knowledge
ontology.

Relating the work to the current state-of-the-gigérds and the semantic web, our
main contribution is the specification of how ananomous agent might use its view
of the world (beliefs) to enhance its own knowledgew this knowledge is used is
highly dependent on the application domain. Norle® we provided a simple
process to store the knowledge in a compatibleeasghsible way. Our specification
of the mechanism attempted to be as practical ssille, focusing on agent oriented
programming aspects contextualized by our poiMi@f about agent theories.

Future work based on this research has severalctidinge. The most
straightforward is to further develop the acquisitmechanism. It can be extended by
providing more query constructions, focusing ontrietions and axioms and
exploring more hierarchy levels. In terms of resions we showed one query that
considers them superficially but SPARQL is exptassienough to provide richer
queries. On the axioms side, we still need to exptlisjoint assertions, and there is
the possibility to integrate the mechanism to thies. The same happens with the
result processing side, since as the queries becoare expressive, the ontology
construction must follow the modifications. Next veém to apply the concept
similarity to provide a measurement for the autocadlyy constructed ontology.

Building on the acquisition mechanism, we will istigate the impact of using
related knowledge on the agent’'s practical reagpr8pecifically, it is possible to
define belief revision functions that consider kiedge from external sources, using
probabilistic functions, user context, pre-defir@tologies, and so on. Our line of
work guides us towards mechanisms that use theoivdata as a leverage to aid the
agent with its tasks but also restricts it so thdtalance between pro-activeness and
reactivity is achieved.

Finally, a higher goal of this research is to sttigly interaction among meta-level
reasoning and practical reasoning. We envision fles®l reasoning as a creative
based process, applying concept blending stratg¢gidsto the belief base together
with knowledge acquired from the web of data. Thégseonly a few partial
formalizations of the theory. The work described [#2] is one of the latest
approaches and serves as an inspiration to owarase
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