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Abstract For instance, when querying the Semantic Web with the help of
SPARQL for the #iliation of a person by the name of “James
The Semantic Web is based on accessing and reusing RDF datdendler”, one finds (at least) two answers, i.e. “University of Mary-
from many dfferent sources, which one may assigffaent lev- land” and “Rensselaer Polytechnic Institute”. Obviously, without
els of authority and credibility. Existing Semantic Web query lan- further indication as to where, by whom, when, etc. such informa-
guages, like SPARQL, have targeted the retrieval, combination tion was given, it is impossible to decide which of the twhlia-
and reuse of facts, but have so far ignored all aspects of metations is still valid.
knowledge, such as origins, authorship, recency or certainty of ~ The problem might be remedied in several ways. First, an ideo-
data, to name but a few. syncratic solution by the search engine, such as returning the cor-
In this paper, we present an original, generic, formalized and "esponding RDF files or links to sources of knowledge extraction
implemented approach for managing many dimensions of meta(S&yhttp://www.cs.umd.edu/survey.pdf andhttp://www.
knowledge, like source, authorship, certainty and others. The ap-fP1-edu/report.doc), might help in this special case. However,
proach re-uses existing RDF modeling possibilities in order to rep- @n ideosyncratic solution may not be appropriate in a second case
resent meta knowledge. Then, it extends SPARQL query processD Which the ‘when’ was more relevant than the ‘where’ or in a
ing in such a way that given a SPARQL query for data, one may third case where such a piece of information had to be aggregated
request meta knowledge without modifying the query proper. Thus,from several resources. Second, the person or system requesting
our approach achieves highly flexible and automatically coordi- theé meta knowledge might manually extend the SPARQL query

nated querying for data and meta knowledge, while completely formalizing the request for theffdiation in order to return the
separating the two areas of concern. where, the who and the when. Such a modification will, however,

be very tedious, as it will include a number of additional optional
statements, and expressing it manually will be error prone. Also,
it will not help in delivering meta knowledge that arises from join-
1. Introduction ing several statements, e.g. meta knowledge about uncertainty that
was based on several meta knowledge statements widreatit
a/alues of uncertainty.
Therefore, querying Semantic Web data requires a principled,
deliver results. Typically, engines like Swoogle provide points generic approach t_o the t_reatment of meta knowledge that_ Is able
. ' to adapt to many dimensions of meta knowledge and that is open

of gccess lfor RDF d?.tl?’ ;giAwéersL m.?gti]et.(:h relevant (?.DF data’to accommodate to new dimensions when the need arises. Such
and query 'anguages fike QL wi €Ir corresponding query principled, original framework is given in this paper. We start

engines allow for selecting and re-using data in the approprlateto explain our approach with a discussion of important design

L(\J/Lngegh dvmtcl)qréhseoa;z;?éaiggqo:gciggi?iﬁgftﬁ |nu21re f’nzn;ggggnghoices in section 2. We model meta knowledge in existing RDF
. ) P P 9 gh query - ~structures by embedding a slightly more expressive language, which
ing engines, one now, however, encounters challenging question

: . e call RDF, into RDF. We define the abstract syntax of RQF
linked to meta knowledge about the data like: its semantics and its embedding in RDF in Seé/tion 4. In Sec-
tion 5, we extend the SPARQL syntax and semantics to work on
data and meta knowledge of RDFThe extension allows the user

to extend a given conventional SPARQL query by a keyword for
meta knowledge triggering the construction of meta knowledge by
the query processor. Section 6 summarizes the overall use and
processing of SPARQL queries with meta knowledge. Section 7
reports on initial graceful results for meta knowledge processing
from a theoretic point of view and Section 8 provides pointers to

Integrating and re-using Semantic Web data becomes more an
more fruitful and worthwhile in order to answer questions and

e Where is this data from?

e Who provided the data?

e When was this data provided?

e Was the provider certain about the truth of this data?
e Was the data believed by others, too?

Copyright is held by the author/owner(s). 1This proposal is a completely revised and extended version of [17]. Major
WWW2008April 21-25, 2008, Beijing, China. revisions include a novel formal model, discussion of the design space,
) complexity analysis, and prototype implementation.



the prototype implementation of the system. 3. Design choices

This section summarizes and shortly motivates the design choices
for our meta knowledge framework.

Reification. Establishing relationships between knowledge and
'meta knowledge requires appropriate reification mechanisms for

upporting statements about statements. Our general objective is

to execute queries for data proper (i.e. without meta knowledge)
directly, without complex transformations. For compliance with
existing applications that access the repository in a common way
(e.g. using SPARQL queries), we do not modify existing user data.
This requirement does not allow us to use mechanisms like RDF
reification, which decompose existing triples and fully change the
representational model. In our framework described in section 4,

2. Scenario

In our sample application scenario, we assume that the use
utilizes knowledge which has been initially extracted from Web
pages of Computer Science departments and stored in form o
RDF triples in his personal “active space” [16], backed by a local
RDF repository. Example 2.1 shows the relevant facts that may
have been obtained from departments @fedent universities. For
better readability, we use for our examples in this paper the RDF
triple language Turtle [8] with Named Graphs [1, 4] in a simplified
form that abstracts from default namespaces.

ExampLe 2.1. Extracted Knowledge and SPARQL query we adopt the notion of Named RDF Graphs for meta knowledge
representation [1, 4].
Gl { JamesHendler researchTopic SemanticWeb . Storage mechanisms. Following the overall philosophy of
JamesHendler affiliatedWith RensselaerPI } RDF, we do not separate meta knowledge from “normal” user
knowledge in the repository. Following this paradigm, a user or
G2 { JamesHendler researchTopic KnowledgeDiscovery . developer has unlimited access to all contents of the triple store

JamesHendler affiliatedWith UnivMaryland
RudiStuder researchTopic SemanticWeb .
RudiStuder affiliatedWith UnivKarlsruhe }

and can manipulate meta knowledge directly. In other words,
the user can directly access meta knowledge (e.g. using suitable
SPARQL queries). Beyond explicitly designed queries for meta
knowledge access, in Section 5 we describe the extension of SPARQL
that allows us to access meta knowledge about the result set auto-
matically without user intervention.

Dimensions of Meta Knowledge.An important point for the
application design is the definition of relevant meta knowledge
properties and their suitable interpretation for arbitrary complex

The extracted knowledge comes fronfteient sources, at dif-
ferent timepoints, and with fierent degrees of extraction con-
fidence. This information is also captured and stored into the
same RDF repository as shown in example 2.2, using the notion
of Named RDF Graphs [1, 4].

ExamrLe 2.2. Associated meta knowledge query patterns. In general, meta knowledge properties are appli-
cation dependent and must be carefully chosen by the system ad-
G3 { ministrator. In our sample scenario (sections 2 and 6) we discuss
Gl mk:source <www.rpi.edu/report.doc> . common and widely used properties, such as timestamp, source,
Gl mk:certainty "0.9" . and (un)certainty, and show ways of defining and utilizing them in
Gl mk:timestamp "5/5/2007" our framework
ca i Syntax_extensionsSea_mIess integrated access to meta knowl-
G2 mk:source <www.cs.umd.edu/survey.pdf> . edge requires correspondlng extensions of existing querying mech-
G2 mk:certainty "0.6" . anisms. These can be realized dfatient levels, e.g. query lan-
G2 mk:timestamp "6/6/2001" guage (e.g. SPARQL) or application-specific interfaces (e.g. Sesame
3 API). In Section 5 we describe our SPARQL extension for con-

structing query results with associated meta knowledge. Itis system-
In our scenario, the sample user aims to explore the knowledgeindependent and not related to some particular implementation of

and meta knowledge using the RDF query language SPARQL. Wethe RDF repository. Furthermore, it fully supports the existing

assume that he aims to find experts in the domain of Semantic WebSPARQL syntax and semantics. Compliance with existing estab-

and their #iliations. The corresponding SPARQL query is shown lished standards makes the integration with existing applications

in example 2.3. In addition, the user wants to exploit meta knowl- and interfaces substantially easier.

edge from example 2.2 for obtaining results with best certainty and

for analyzing contradictive answers (e.gffeient diliations for

the same person “James Hendler” in example 2.1).

Exampie 2.3. Extracted Knowledge and SPARQL query 4. Syntax and Semantics for RDF with Meta-
knowledge

CONSTRUCT (?X worksAt ?Y)
FROM NAMED Gl1,G2

WHERE In the course of representing and reasoning with meta knowl-

{ edge we embed a language with meta-knowledge reasoning, i.e.
{ RDF*, in a language without such specific facilities, i.e. in RDF.
{?X researchTopic ?Y } AND This embedding implies that we may consider an RDF snippet
{?X affiliatedWith ?Z } in its literal senseand we may possibly interpret it as making a
¥ meta-knowledge statement. Embedding meta knowledge in RDF

?Y = i . . .
FILTER {?Y = SemanticWeb} is not the most expressive means to deal with all needs of meta-

knowledge processing, but it retains upward compatibility with ex-




isting usage of the language and corresponding tools and methods, Derinimion 4.2 (RDF META-KNOWLEDGE STATEMENTS).
which is a major concern for Semantic Web approaches. LetIT ¢ P be the set of meta-knowledge properties. Qetc

Though we denote meta knowledge in RDF, we must distin- U U L, withz € I, be sets providing possible value ranges for the
guish the notation of RDF with onlimplicit notation of meta- meta-knowledge propertiese I1.
knowledge, but no semantic consequences specifically due to this Then, the set of all RDFmeta-knowledge statemen$#, is
meta knowledge, from a formally extended model of RDF with defined by := {(0, 7, w)|f € O, 7 € I, w € Q,)}.
explicit notation of meta-knowledge. The following definition of
RDF* helps us to draw this line very clearly and concisely. The  The following example partially demonstrates the target repre-
abstract syntax for this embedded language, R¥givenin Sec-  sentation of the first two meta-knowledge statements of graph G3
tion 4.1 and its semantics in Section 4.2. Eventually in this section, from Example 2.2.
we show how to embed RDRn RDF with named graphs.

ExamrLE 4.2.

4.1 An Abstract Syntax for RDF* MM 2|

(01, mk:source, <www.rpi.edu/report.doc>),

The abstract syntax of RDFis based on the same building (%> mkicertainty, 0.9))

blocks as RDF:

) B Together we may now define a RDEheory.
e U are Uniform Resource Identifiers (URIs).

e L are all RDF literals. Dernimion 4.3 (RDF THEORY). _
) A RDF theory of literal statements and associated meta knowl-
¢ G c U is the set of graph names. edge statements is a pdiK, M) referring to a set of literal state-

« P C U is the set of properties. ments KC & and a set of meta-knowledge statements M.

In addition, we must be able to refer to statements directly with- 5 (partial) example for such a theory is given by the pkirk1)
out use of reification. For this purpose, we introduce statement,yith definitions fork and M as given in examples 4.1 and 4.2

identifiers: respectively.
e O is a set of statement identifiers, which is disjoint frém
andL. 4.2 A Semantics for RDF*

Now, we may define RDF literal statements that are placed in
named graphs and have, in addition to RDF, a globally unique  Though we now have an abstract syntax for representing lit-
statement identity. eral statements like “JamesHendler researchTopic SemanticWeb”
in G1 and meta-knowledge statements like "the source of the state-
ment that James Hendler’s research topic is Semantic Web is found
in the document
<www.rpi.edu/report.doc>"

in G3, such an abstract syntax may remain remarkably ambiguous
if it cannot be linked to a formal semantics. For instance, given
two meta-knowledge statements:

(01, mk:source, <www.rpi.edu/draftReport.doc>) and

DerniTioN 4.1 (RDF LITERAL STATEMENTS).

The set of all RDF literal statements@, is defined as quintuples
by:
S:={(g,sp.0,0)|geG,seU,pePoecUUL,0e B}

Therebyg and(g, s, p, 0) are keys such that there exists a bijec-
tion f, with f1(g, s, p,0) = 8 A f4(8) := f71(0) = (g, S, p, 0). More-
over, we define the overloaded functigntd return the complete
quintuple given eithef or (g. s, p. 0), i.e. §(f) := (3.5, p.0.0) =: (01, mk:source,<www.rpi.edu/finalReport.doc>)

f5(9. s p.0), when 1(g. s p.0) = 6. for the same literal statement identified &y the question may

The reader may note that we assume thas fixed and given arise whether this means a disjunction, i.e. one of the two docu-
before any statement is defined. Furthermore, this definition of lit- ments has provided the fact, or a conjunction, i.e. both documents
eral statements and the rest of this paper abstracts from RDF blanlhave provided the fact, or a collective reading, i.e. the two docu-
nodes in order to keep the formalization more concise. However, ments together gave rise to the fact, or whether this situation con-
we do not see any principle problem in extending our treatments stitutes invalid meta-knowledge.

to blank notes, too. In order to prevent such ambiguities we introduce a generic
The two statements of Graph G1 of Example 2.1 may now be semantic framework for meta-knowledge in RDFHowever, the

represented in RDAN the following way. framework must also be able to reproduce the literal interpretations

found in RDF. For the latter purpose, we first define a ‘standard’

ExampLE 4.1.

52K model for a RDF theory.

(G1, JamesHendler, researchTopic, SemanticWeb, 6;),

(G1, JamesHendler, affiliatedWith, RensselaerPI, 6) } DEerINITION 4.4 (STANDARD INTERPRETATION AND M ODEL).

A standard interpretationgl: © — {T, L} for a structure(K, M)
assigns truth values to all statemehiis K.

A standard interpretation is a standard model if and only if it
makes all statements in K become true.

Thereby, the exact form of statement identifiersiris up to
the implementation, as they are only used for internal processing.
Having represented the literal interpretation of RDF statements
in RDF*, we may now address the representation of selected RDF
statements as RDFneta knowledge. This is done using a struc-  2\ote  that becausef; is fixed there are no two tuples
ture of RDF meta-knowledge statement®, that is separate from (g, 5 p,0,61), (g, s p,0,62), where 9, # 6,. This implies that the
the set of RDF literal statements: standard interpretation is independent of the identifigsé,.




For instance, any standard modgfor (K, M) in example 4.1 Note that this step is necessary in order to achieve upward

would include and — limited — downward compatibility between RD&nd RDF.
(G1, JamesHendler, researchTopic, Semantic\bgb, Of course, the interpretation of statements, like the ones found
in its set of literal statements evaluatingto in G3, also require an interpretation as meta knowledge. This is

In order to address the level of meta-knowledge we foresee anachieved by mapping RDF statements with designated properties
additional model layer that provides affédrent interpretation to  fromII like ‘mk:source’ and ‘mk:certainty’ to the additional meta-

each meta-knowledge property. knowledge layer:
Derinition 4.5 ([T-INTERPRETATION AND MODEL). ExampLE 4.5.
ATl-interpretation | : © — Q, for a propertyr € I is a partial M 2 {
function mapping statements into the allowed value range of (61, mk:certainty, "0.9"),
A TI-interpretation |, is a IT-model for (K, M) if and only if (61, mk:source, <www.rpi.edu/report.doc>), ...

for all meta-knowledge statemen(s =, w) € M where {(0) =

The mapping of predicates and objects of these meta-knowledge
(g, s p,0) the value of the interpretation coincides with i.e. Ppnga1p J g

statements from RDF to RDFare obvious, they are mapped to it-
(9.5 p.0.0)) = w. self. For the subjects, however, there arise modeling choices. For
As an example, consider the source interpretati@ource Of instance, if ‘mk:certainty’ were interpreted using probability the-
the literal statement (G1, JamesHendler, researchTopic, Semanory, one might assign a distributive or a collective reading. In the
ticWeb,6;) from Examples 4.1 and 4.2. A modelvould map this distributive reading, each fact in G1 receives the probability value

literal statement usiNGnksource ONtO <WWW.rpi.edyireport.doc-. of 0.9 and, eventually, the distributive reading will assign a joint
The literal and the meta-knowledge interpretations may now be probability of close to O for a large number witochastically in-
combined to define what an overall, unambiguous model is: dependent facts, i.e. the joint probabilityd@ In the collective

reading, the collection of facts in G1 as a whole will receive the
probability value 0.9. Therefore, the collective reading will assign
an individual certainty close to 1 for each individual fact, when the
number of facts is high and each fact is independent from the oth-
ers, i.e. the individual probability would b&0.9. A priori, none
of the two (and more) modeling choices is better than the other,
but they constitute dierent modeling targets.

The mapping from RDF to RDFfor the distributive reading
of a meta property is easy to achieve.

DeriniTioN 4.6 (META-KNOWLEDGE |NTERPRETATION AND MODEL).
A meta-knowledge interpretatidh is a set including a standard
interpretation L and thell-interpretations } for all meta-knowledge
propertiesr € II.

A meta-knowledge interpretatiod is a model for a theory
(K, M) if and only if all its interpretations le J are standard
models odI-models for(K, M).

4.3 Mapping between RDF and RDF*

DeriNiTiON 4.7 (DisTRIBUTIVE EMBEDDING).
The mapping between RDF and RDReeds to be defined in  Gjven an RDF statement “:@S P Q" and an RDF meta-knowledge
two directions. FiI’St, one must be able to map from RDF as giVen statement “:H{:G T U)}"v a distributive embedding of RDFiIn
in the examples from Section 2 to RDFSecond, one mustbe able  RDF adds the meta-knowledge statemétr, w)|@ = f,(G, s, p, 0)A
to map from RDFto RDF. Because RDfs more fine-grained f5(6) € K} to M.
than RDF, the first direction will be easy, while the second will
have to make compromises on the granularity of the representa- This means that such a meta-knowledge statement is applied

tion. individually to all statements in the graph to which it refers in RDF,
as indicated in the example above.
4.3.1 From RDF to RDF In order to assign a joint probability of® one must assign

The examples of Section 2 reify groups of statements, i.e. the this value to the conjunction of statements, f«6;) A f5(6,) must
ones found in G1 and G2, in order to associate meta-knowledge,be assigned probability value® An interpretation for this will
such as given in G3 and G4. In order to allow for an interpretation be given in Section 5.
of the meta knowledge as defined in the preceding section, we map
RDF into RDF. For all RDF statements, including statements 4.3.2 From RDF to RDF
in graphs G1 and G2 of Example 2.1, the mapping performed is  The serialization of RDF data in the knowledge bad¢ is
close to an identity mapping. One only needs to add statementstraightforward. Each quintupley,(s, p,0,6) is realized as a cor-

identifiers. The result for G1 in RDFs: responding triple in a named graph and the tuple identifiex
ExampLE 4.3. discarded.

(6 ot e st 1 B 46

wiﬂ; ’ ’ ’ ’ (G5, JamesHendler, researchTopic, SemanticWeb, 6)

is mapped to

0y := f1(G1, JamesHendler, researchTopic, SemanticWeb) and G5 {JamesHendler researchTopic Semanticiieb }

6, ;= f1(G1, JamesHendler, affiliatedWith, RensselaerPI)

The same mapping — close to the identity mapping — is per-  For meta-knowledge statements the situation is more challeng-
formed for meta-knowledge statements like statements of graphing, because literal statements witlfeient statement identifiers

G3, resulting in their representation as literal statements: may belong to only one named graph. Their corresponding meta-
Exampie 4.4, knowledge statements mayﬂtdair, but the realization of the_ meta-
Ko | knowledge statements in RDF does not allow for retaining these
(G3, Gl, mk:source, <www.rpi.edu/report.doc> , 63), fine-grained distinctions — unless one chooses to change the mod-

(G3, Gl1, mk:certainty, "0.9", 64), ...} eling approach drastically, e.g. by assigning each literal statement



to a named graph of its own, which seems undesirable (cf. discus-MetaList The SPARQL processor will then use this meta knowl-

sion in Section 3). edge to compute and output all the meta knowledge statements
We have preferred to pursue a more conventional modeling deriveable by successful matches of RDiteral statements with

strategy for RDF with named graphs. Therefore, we weaken thethe WHERE pattern.

association between meta knowledge statements and their corre- In order to determine which literal statements should be con-

sponding literal statements when mapping to RDF. l.e. we group sidered we introduce a second modification. We do not process

sets of meta-knowledge property values into one complex value. FROM expressions with our meta knowledge framework, but only

FROM NAMED. The reason is that FROM expressions repli-

Derinition 4.8 (GeNERATING GROUPED META'KNOWLEPGE)- cate all RDF triples ofj into the default triple space of the query.
Given a RDF theory(K, M), RDF meta-knowledge is generated  Thereby, they remove the links between the RDF statemergs of
by grouping RDF meta-knowledge statements as follows: and possible meta knowledge. Hence, FROM expressions are not

Add one RDF statemehtishGraplg){g = '} for each relevant for our treatment of meta-knowledge, but of course they

may still be processed using the standard SPARQL semantics.
Thus, SPARQL queries on RDMhave one of the two following
overall forms:

" = group,( \/ w)
30,w: f5(0)eK,(0.1,w)eM
where group is a meta-property specific grouping function and

hashGraplis a function mapping existing graph names onto graph Dermvimion 5.1 (SPARQL SELECT @ery). .
names suitable for associating meta knowledge. The structure of a SPARQL SELECT query has the following form:

L L - SELECT selectExpression
The suitability of hashGraph may be application specific. A [y1TH META MetaLis]
general strategy may map graph nange® graph names pre-  FROM NAMED GraphList
fixed by <httpy/metaknowledge.semanticweb.srgn a determin- WHERE P

istic manner.
Dermnition 5.2 (SPARQL CONSTRUCT @ry).

In the following example the grouping of meta-knowledge val-
ues is iIIustrated.g P grouping g ;I(’)hrtren?tructure of a SPARQL CONSTRUCT query has the following

ExampLE 4.7.
K:={
(G5, JamesHendler, researchTopic, SemanticWeb, 61),
(G5, JamesHendler, affiliatedWith, UnivMaryland, 62) },
M:={
(01, mk:source, <www.rpi.edu/report.doc>),
(62, mk:source, <www.cs.umd.edu/survey.pdf>) }

CONSTRUCT constructExpression
[WITH META MetaLis{

FROM NAMED GraphList

WHERE P

In these definitionsP refers to a graph pattern that explains how

is mapped to RDF* literal statements from the give@raphListare matched.
1G5 | Matches bind variables that are used for providing results accord-
JamesHendler researchTopic Semanticlieb . ing to theselectExpressioar theconstructExpressiaon
JamesHendler affiliatedWith UnivMaryland }
166 | 5.2 SPARQL Semantics Revisited

G5 mk:source {<www.rpi.edu/report.doc>,
<www.cs.umd.edu/survey.pdf>} } . . . . .
In this subsection we define the semantics of SPARQL queries

In Example 4.7, the resulting grouped value is simply denoted evaluated on an RDFtheory. For our definitions we use two
as a set of source documenfsreport.doc, <survey.pdf}. The building blocks: algebraic semantics of SPARQL [11, 13] and the
property specific grouping function must provide the mechanism how-provenancealculated via annotated relations (cf. [7]).
to represent such a grouped value in an appropriate RDF data The algebraic semantics of SPARQL queries are given based

structure, e.g. as a rdf:bag or as an appropriate datatype. on set-theoretic operations for sets of variable assignments (cf.
[11, 13]). Thereby, a variable assignment is a partial function
:V - U UL, whereV is the set of variables given in a SPARQL
5. SPARQL for RDF and Meta-Knowledge pi Vo oL, wherey 1s he set of variables given In a SBARQ

query. A set of variable assignments can be represented by a rela-

. . o . tion ¢ over the domain U L)V, where the variable¥ are the at-
In this section we first introduce a small extension to standard tribytes and assignments are the tuples of this relation. Such a set
SPARQL syntax [15] and then define how SPARQL can be applied of assignments may be assigned information about the so called

is the derivation of meta-knowledge about query results. formulae describing the individual derivation tree used to assign
. the variables. The how-provenance annotation may be represented
5.1 SPARQL Syntax Revisited by a function® : (U U L)V — &, where U U L)V is the set of all

tuples of the lengtlivV| over the domaitd U L and & is the set of

When using SPARQL to query RDRwve propose only two  formulae annotating variable assignments. The set of fornfglae
modifications to obtain meta knowledge. First, we introduce one is given by all Boolean formulas constructed over the set of literal
additional expression “WITH METAVetaList. This expression statements and including a bottom elementand a top element
includes the named graphs specifiedMetaListfor treatment as T. The formulae constitute an algebfg ¢, v, -, L, T). The spe-
meta knowledge. This statement is optional. When it is present thecial elementL is used as annotation of variable assignments which
SPARQL processor may digest the RDifeta-knowledge state-  are not in the relatiog. The special element may be omitted,
ments derivable from the RDF named graphs appearing in thebut it allows for simplification of complex formulas.



Assume the following SPARQL query to be evaluated on the “GRAPH y” appropriately to atomic triple patterns in order to pre-

RDF* knowledge bas&: scribe atomic SPARQL expressions accessible by basic quadruple
pattern matching. Because named graphs cannot be nested, this
ExampLe 5.1. distribution is always possible and unambiguous. In the following

we use the function quads(P) to denote the query resulting from
this transformation. In example 5.3 this transformation is demon-
strated on a conjunction of two triple patterns.

SELECT ?g ?x ?y
FROM NAMED G1, G2
WHERE {

GRAPH ?g {?x researchTopic ?y .} } Exampie 5.3.

P1 =

GRAPH ?src {

{ ?x researchTopic ?y .}
{ ?x affiliatedWith 7z .}

K={
(G1, JamesHendler,researchTopic,Semanticlieb, 61),
(G1, JamesHendler,affiliatedWith,RensselaerPI, 6,),
(G2, JamesHendler,researchTopic,KnowledgeDiscovery, 63) )
}
. , . QuadgPi) =
For the query of example 5.1, we may find the following vari- GrapH ?src { ?x researchTopic ?y .}
able assignments using standard SPARQL processing and we magRAPH ?src { ?x affiliatedWith ?z .}
indicate, which atomic formulae, i.e. RDuintuples in this sim-
ple example, led to these variable assignments. This indicationis Now we define the evaluation of complex graph patterns by
given by the statement identifiers representing their statements. Operations on sets of variable assignments similar to [11, 13].

ExampLE 5.2. DeriniTion 5.4 (COMPLEX GRAPH PATTERN MATCHING).
Let P,, P, be complex graph patterns. The evaluation of graph
(79 7x ’y [ 3] patterns over K, denoted Hfy] «, is defined recursively:
o= G1 JamesHendler SemanticWeb 01 o o
G2 JamesHendler KnowledgeDiscovernygs | 1. [GRAPHy {aBd}]« is given by definition 5.3,
G2 RudiStuder SemanticWeb 05

2. [GRAPH g Pk = [quad¢Pi)]«k,

This simple example of how a set of variable bindings has been
P P g 3. (a) [PLAND Polx = [P« = [Pslx,

produced is generalized to SPARQL queries of arbitrary complex-

ity by a recursive definition of simultaneous query evaluation and (b) [P OPTP,]k = [Pi]k =< [P:]«,
computation of the annotations. The first step in evaluating a graph () [P1UNION Py]x = [P:]« U [Pk,
pattern is to find matches for the triple pattern contained in the

query. Because the RDFknowledge base K consists of quintu- 4. [PLFILTERC]k = oc([Palk)

ples, we need to adapt the SPARQL evaluation procedures. The
statement identifiers do not need to be matched, as they depenqhe
functionally on graph name, subject, predicate and object. There-
fore, we consider matching of quadruple pattemsy(B,6). As

a simplification of our formalization we assume that the keyword
GRAPH together with a URI or a graph variable is used in any ~ The recursion in the SPARQL query evaluation defined here
given SPARQL query. If it is not used, we may expand a given is indeed identical to [11, 13]. Only the basic pattern matching

The definition uses the operation AND. In standard SPARQL
operation AND is denoted by the absence of an operator. Like
[11, 13] we still use the explicit term AND in order to facilitate
referencing to this operator.

SPARQL query to include it. has been changed slightly. Basic pattern matching now consid-
ers quadruples and it annotates variable assignments from basic
DerNiTION 5.3 (Basic QUADRUPLE PATTERN M ATCHING). matches with atomic statements franand variable assignments
Let K be a knowledge base of RDHeral statements and be a from complex matches with Boolean formulBies & overS.
variable assignment. As an example, consider the query from example 5.4 evaluated

The evaluation of the SPARQL quéGRAPH y {a6}" over on the knowledge base from example 5.5.
K, denoted by[GRAPH y {a¢36}]« is defined by the annotated

relation ®, dom@) = {u|dom) = vars(GRAPHy {a85})}, Exampie 5.4.
. SELECT ?hl ?h2 ?x ?
6 if ri, (y,2,B8,6)) = (9, S p,0) A FROM NAMED G1,G2 Y
D) = (9,8 p.0,0) e KA fi(g,5p,0) =6, WHERE {
1 else { GRAPH ?hl {?x affiliatedWith ?y .} AND
GRAPH ?h2 {?x researchTopic "SemanticWeb" .} }
wherevars@) denotes the variables contained in a pattern P and FILTER {?x="JamesHendler"}

r(u, (v, a,B,0)) is the quadruple obtained by replacing the vari- }
ables in(y, @, 8, 6) according tou. ExampLe 5.5,
An example for this definition is given by processing example 5.1, K = {

i.e. query and corresponding dataset, delivering the result as indi-Egi' ;amesgengier'r;i‘?i?Cthg?C}'lsle{ma“tiiwe%l@l)ey)
cated in example 5.2. , JamesHendler,affiliatedWith,RensselaerPI, 65),

X . . . . .. (G2, JamesHendler,researchTopic,KnowledgeDiscovery, 63),
Basic quadruple pattern matching is not directly applicable, if (G2, JamesHendler,affiliatedWith,UnivMaryland, 6s),

an expression “GRAPH" appears outside a complex triple pat- (G2, RudiStuder,researchTopic,Semanticileb 6s),
tern. In such a case, we first need to distribute the expression(G2, RudiStuder,affiliatedWith,UnivKarlsruhe 6g) }



Let P be the graph pattern contained in the WHERE clause of
the query. Then the evaluation &fis defined by an algebraic
expression:

[P«

[{P1 AND P,} FILTER {?Z = "JamesHendlef]
O 2x="3amesHendled[ P1 AND P2] )

0 2x="3amesHendie[ Pl >4 [P2] k)

O 2x="3amesHendled @1 > D)

where®; and®, are relations representing variable assignments
and their annotations. In this example and in the preceding defin-
ition we have used algebraic operations on sets of annotated bind
ings. However, we have not yet explained how these operations ar
used to construct formulas representing the how-provenance. Th
following definition will specify how complex formulae frorg,
which serve as annotations for results of matching complex graph
pattern, will be derived.

DeriNiTiON 5.5 (ALGEBRA OF ANNOTATED RELATIONS). Let®q, @,
be sets of annotated variable assignments. We define\ o and
=< Via operations on the annotations of the assignments as follow-
ing:

o (®g 1 @) (u) = D1(u1) A Do(u2), Wwhereu; andu, are com-
patible andu = p1 U o,

(1 U D)) = D1 (u) V D2(1),

(@1 \ D) () = Pa(w) A ﬁ(\/ui,quz(ﬂi)u (Dz(ﬂi)): wherey; is
compatible tqu,

(oe(P))(W) = D(u) A fo(), where §(u) denotes a function
mappingu to eitherT or L according the condition c.

(D1 =4 D) (1) = (Dy 24 D) () V (D1 \ D2)(12).

Let us now continue the evaluation of the query specified in Ex-
ample 5.4. In order to evaluate the expressen-jamesHendled P1 >
®,) we need to determin®; and @, using definition 5.3. The
intermediate result is shown in example 5.6. To evaluate the con-
junction of two quadruple patterns the operatioiis applied, the
result is shown in example 5.7. The annotatigm 6, of the first

row represents that this assignment has been derived from the con-

junction of the two literal statemengs andg, (see example 5.5).
Application of theo-operation to the intermediate results gives the
annotated relation shown in example 5.8.

ExampLE 5.6.
[?h1  7x ?y [A]
Or = Gl JamesHendler RensselaerP|l 6
1 G2 JamesHendler  UnivMaryland 6,
G2 RudiStuder UnivKarlsruhe 65
[?h2 7y [ Az ]
O, =[ G2  JamesHendle| 61
G2 RudiStuder 05
ExampLE 5.7.
[7h1 7h2  7x 7y [As |
Ot Py = Gl G1 JamesHendler RensselaerRl 6, A 62
1 2 Gl G2 JamesHendler UnivMaryland 6 A 64
G2 G2 RudiStuder UnivKarlsruhe¢ 6s A 6g

e

ExampLE 5.8.

O 2x="JamesHendle®1 > P2) =

[7h1 7h2  7x 7y [As ]
G1 G1 JamesHendler RensselaerBI (61 A 62) A T

Gl G2 JamesHendler

UnivMaryland (61 A 64) A T

The annotations(u) can now be used to assign truth values
for . | (see definition 4.4) assigns truth values to all atomic state-
mentss € K ¢ S. We extend the interpretatidg to capture all
the Boolean formulae over statemefts

_ DEerINITION 5.6 (StANDARD INTERPRETATION OF FORMULAE).
Let F F.,F, € § be Boolean formulae ove®, let F; € S be an
atomic formula. We define the standard interpretation of formulae

4! as follows:

o 13(Fa) = Is(Fa);

o L(=F) = LiflI(F) =T 1i(-F) :=Tif1{(F) = 1;

o IL(FLAFy)isTifI{(F) = 11(Fo) = T, otherwiseL

o IN(FLVEy)isTifIf(F) = Torli(F,) = T, otherwiseL.

For instancel! returnsT for the assignment shown in the first
row of @; = @, from example 5.7, because the statemeén&nd
0, are in the knowledge base.

Analogously tol!, we can extend dl-interpretationl, over
RDF* statements to ﬁ[-interpretatiori,ﬁ over formulae. Remem-
ber that RDF allows for only onew per6 € ® andrx € II. In
order to make use of the how-provenance represented by the an-
notations we require that for each meta-knowledge propeey
algebraQ,, A, v, =, T,, L,) with three operations, v, - and two
special elements,, L, € Q, is defined. The definition of the
algebras can be supplied by a modeler according to the intended
semantics of the flierent meta-knowledge properties.

DeriniTion 5.7 ([T-INTERPRETATION OF FORMULAE).
Let F F;,F, € § be Boolean formulae oves, let F, € S be an
atomic formula. We define the interpretatighds follows:

o 11(Fa) = 1(Fa);
o 11 (=F)is s (F);
o IN(FLAFy)is I (F) ALL(F);
o LI(FL v Fy)is II(Fy) v I (F);

For illustration we consider in example 5.9 the definition of
fuzzy logic operations to calculate a possibility measure on vari-
able assignments, operations defined on timestamps which calcu-
late the time of the last modification, and set operations defined
for extraction sources that construct the combined provenance.

ExampLE 5.9.
lfuzn(x1 A Xp) = min(lfuzzjxl)’ Ifuzzy(XZ))
Ifuzz;(X1 V%) = max(lfuzzy(xl)’ Ifuzz;(XZ))
IfUZZ)(_‘X:l) =1- lfuzzy(xl)

I[ime(xl A XZ) = min(ltime(xl)7 I[ime(xz))
Itime(xl v XZ) = max(ltime(xl)’ Itime(XZ))
Itime(_'xl) =0

Isource(xl A X2) = Isource(xl) U Itime(XZ)
Isource(xl 4 XZ) = Isource(xl) U I(ime(XZ)
Isource(_‘xl) ={}



Query forms. For SELECT queries the evaluation on an ExampLe 5.11.
N . -
e e SPARL T Manisatcr (s skt
WITH META G3, G4
tion to the bindings themselves. The evaluation will consider all rroM NaMED 61, G2
named graphs specified in the WITH META clause, retrieve all WHERE {
meta knowledge statements from these graphs, and calculate val-  { GRAPH ?hl {?x researchTopic "SemanticWeb" .} AND
ues for all found knowledge properties. If there is no meta knowl- GRAPH 7hz {7z affiliatedWith ?y .} }
edge statement®(r,w) for a particular RDF literal statement FILTER {7x="JamesHendler"}
fs(6) and a meta-knowledge propettywe will use L, as default

value. The preliminary result of query evaluation is shown in exam-
Analogously to standard evaluation, the evaluation of a CON- ple 5.12. It contains variable assignments, the how-provenance of
STRUCT query on an RDFdataset results in a single RDBraph their construction, and corresponding meta knowledge properties

using a graph template. This is in line with the fact that the graph that were constructed according to the standard interpretation. Us-
template consists of a conjunction of triple patterns and, thus, quading this information, the query processor returns the RIteral
ple patterns cannot be statéd. and meta-knowledge statements listed in example 5.13.
For each binding; satisfying the WHERE-conditions and for ExampLE 5.12.
each triple pattert; in the CONSTRUCT-template add the quin-

tuple @ s, pij, 0., 6:) to the result set wheres(j, pi j, 0 ;) is the [7h1  %h2 % 7y [ A4 [ fuzzy time |
triple obtained by replacing the variablestjraccording tqu; and Gl Gl  JamesHendler Re,"sse'aerpu (02 A O) AT ‘ 0.9 552007
Gl G2 JamesHendler  UnivMaryland (61 A04) AT | 0.6 §6/2001

6, j is the statement identifiefi (g, s ;. pi j, 0ij)-
Notice that the same quintuple might have been produced more ExampLe 5.13.
than once, becauseffiirent derivation trees may result in the same
binding of variables. Then, there may also b@atent annotations Kres = 1 . 1
() of the diferent bindingg,; which have been used to create ™" ;xzzgzgglgi ;gikz:t ﬁi?i;;r;ﬁi; g:xg:
the identical §°'s j, pij, i), 6.j)-
In order to account for meta-statements for new quintuples, Mes =
each new quintuple inherits the meta-knowledge propertias- (6new1, mk:fuzzy, 0.9),
sociated with the binding which has been used to create that quin-(fnew1, mk:time, "5/5/2807"),
tuple. For all new quintuple$;(6;;) and allx we add statements ~ (thewz, mk:fuzzy, 0.6),
t (Onewz, mk:time, "6/6/2001") }
(ei,j,ﬂ', wi,j) toM Wherewi,j = I;r(q)(ﬂi))-
If the same quintuple has been obtained vigedéent bindings
with different annotations, (®(;)) will return different values 6. A Run through the Example
for the involved bindingg;. As a consequence there are multiple
(6.,j, 7, wi ) refering to the same statement identifigr We aggre- This section summarizes the discussed steps of meta knowl-
gate the values ; for each meta-knowledge property into a single edge representation and utilization for the sample scenario that

new meta-knowledge statemefitj(, I (\/ wi;)) and discard the ~ Was introduced in section 2.

original meta-knowledge statements (ilé.is also the grouping ..
function used in Definition 4.8). 6.1 Tasks for the administrator
Now we extend our previous examples to the calculation of
meta-knowledge. Meta-knowledge for some of the RBEate-
ments presented in example 5.5 is specified in example 5.10.

In order to represent and utilize meta knowledge, the system
administrator has to meet some design choices. In particular, the
application-specific knowledge properties must be defined. In our

Exampie 5.10. sample scenario, we consider three meta knowledge properties:
source, certainty, and timestamp. In the next step, the adminis-
M = { trator defines the intended semantics of these properties in order
(61, nk:fuzzy, 0.9), to facilitate query processing with complex expressions and pat-
(01, mk:time, "5/5/2007"), . . L . .
tern combinations. Using the notion from Section 5.1, we assume
(02, mk:fuzzy, 0.9), R LS X
(0>, mk:time, "5/5/2007"), that corresponding definitions for meta-knowledge properties are
(04, mk:fuzzy, 0.6), defined according to previously discussed example 5.9.
(64, mk:time, "6/6/2001")} Finally, data and available associated meta-knowledge are rep-

resented in RDF using named graphs [1, 4], and imported into our
We assume that the RDFneta-knowledge statements of ex- RDF*-based repository.
ample 5.10 are returned in a new RDF graph as described in sec-
tion 4.3.
As an example for an CONSTRUCT statement consider exam-6.2 Processing performed by the System
ple 5.11.

3standard SPAROL d + allow for aiving thi h | We assume that the administrator manages the small sample

andard SPARQL does not allow for giving this graph a name. In or- y .\ jaqge base introduced in section 2. As discussed in section
der to associate meta knowledge, multiple named graphs as outputs are hei | - fthe Kk | inth
convenient. In order to remain standard compliant, the SPARQL engine 4» the internal representation of the knowledge in the Rb&sed

may however also return data and meta knowledge in tfierént batches ~ repository is as follows (assuming suitable namespace abbrevia-
distinguished by some implementation-specific mechanism. tions).



ExampLE 6.1. is an important advantage for compatibility with existing applica-
{ ] ] tions and interfaces. On the other hand, the repository supports
(G1, JamesHengier r:igi\?cthp:}chSemanuiWeb, 01, the advanced SPARQL syntax with metaknowledge support (sec-
(G1, JamesHendler affiliatedWith RensselaerPI, 62) tion 5.1). To this reason, the user obtains additional access to the
(G2 JamesHendler researchTopic KnowledgeDiscovery 62) .
) valuable meta knowledge that can be used for relevance ranking,
conflict resolution, or other similar applications in connection with

The associated meta knowledge is internally represented in theretrieved knowledge.

following form: In our application scenario, the user may realize that the query
answer is potentially contradictive (James Hendleffit@ed with
Exampie 6.2. Rensselaer Pl and University of Maryland). By inspecting the as-

{ . sociated meta knowledge, he would realize that the second fact
(01, mk:source, <www.rpi.edu/report.doc>), . .. .
(01, mk:certainty, 0.9) was generated by mistake. In fact, it is based on ou.tdat.ed informa-
(61, mk:timestamp, "5/5/2007") ... | tion (knowledge from the document “survey.pdf” with timestamp
“6/6/2001") that was wrongly combined with knowledge from a
_ ) _ more recent source (namely document “report.doc” with timestamp
Following our sample scenario, we consider the query that re- “5/5/2007"). It turns out that thefBliation of James Hendler has

trieves names of Semantic Web experts together with tffigiiaa actually changed from U Maryland to Rensselaer PI, and the erro-

tions. neous tuple can be safely excluded from further processing.
ExampLE 6.3.
CONSTRUCT {?x worksAt ?z} 7. Complexity

WITH META Gx
FROM NAMED G1,G2

WHERE { In this section we analyze how the construction of the annota-
{ GRAPH 7hl {?x researchTopic y .} AND tions influences the complexity of the decision problem related to
GRAPH 7h2 {?x affiliatedWith 7z .} } SPARQL. The decision problem associated with the evaluation of

FILTER {7y = "SemanticWeb"} a SPARQL query can be stated as following [1Gjven an RDF

dataset D, a graph pattern P and a mappimgletermine whether

Internally, the query processor evaluates this query using graph 1S in the result of P applied to DFor this decision problem,
patterns discussed in 5.1. As a result, the following preliminary Which we denote by far, an analysis of the complexity is pre-
variable assignment is produced: sented in [11, 12]. In the context of RDEatasets and annotated

variable assignments we have a slightlyfelient decision prob-

ExampLE 6.4. lem: Given an RDF dataset D, an RDF graph pattern P, a
variable assignmernt and an annotatiorr determine whethet
. - ) N
GLG1 ™ JamesHendler  Rensselaerfl 0y An annotation 5 correct i identcal 10 he formula obtained
Gl G2 JamesHendler  UnivMaryland 61 A 64 : . . .
G2 G2 RudiStuder UnivKarlsruhg 6s A 6g by evaluatingP* as defined in section 5.
Sinceu must have an annotatien# L iff i is in the result the

It contains possible variable assignments, and the how-provenaseeond decision problem includes the first one. The kigrdince
(Ag) that explaindowthese source statements have been used. s to constructliferentannotations for mappings which are in the

By combining this information with definitions for meta knowl-  result. With the following two theorems we show that for pattern
edge properties and available meta knowledge statements, the quemhich do not use the OPTIONAL operatov&* has the same
processor constructs the result as follows: complexity as EaL. For both theorems the RDF counterparts have

been established by [11, 12].

7hl  7h2  7x 7y As

ExampLE 6.5.
{ Tueorem 7.1. EvaL* can be solved in time @|-|D|) for graph

(Gnew, JamesHendler, worksAt , RensselaerPI, 6hewn) pattern expressions constructed by using only AND and FILTER
(Gnew, JamesHendler, worksAt , UnivMaryland, 6hew2 operators

(Gnew, RudiStuder, worksAt , UnivKarlsruhe, Onewd}

{ Tueorem 7.2. EvaL* is NP-complete for graph pattern expres-

(bnews, mk:fuzzy, 0.9, sions constructed by using only AND, FILTER and UNION oper-
(Bnew1, mk:time, "5/5/2007"), ators.

(Onew1, mk:source, <www.rpi.edu/report.doc>),

(Onew2, mk:time, "6/6/2001") ... |} The theorems indicate that our treatment of meta knowledge

does not add to the computational complexity of SPARQL. A proof
for each of the theorems can be found at
http://isweb.uni-koblenz.de/Research/MetaKnowledge.

This result is then serialized in RDF.

6.3 Benefits for the user/developer

The user or application developer can access the knowledgeS-  IMmplementation
stored in the RDFbased repository in fierent ways. On one
hand, the repository does not change the existing SPARQL se- The framework described in this paper has been implemented
mantics and thus fully supports common SPARQL queries. This and is available as an initial prototype. The prototype is available
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