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Abstract.  The approach of using ontology reasoningto cleansethe out-
put of information extraction toolswas rst articulated in SemartiClean.
A limiting factor in applying this approach has beenthat ontology rea-
soning to nd inconsistenciesdoesnot scaleto the size of data produced
by information extraction tools. In this paper, we describe techniques to
scaleinconsistency detection, and illustrate the use of our techniques to
produce a consistert subset of a knowledge base with seweral thousand
inconsistencies.

1 Intro duction

The original vision of the semartic web was concernedwith publishing the se-
marntics of, and inter-connecting, the badk-end databasesthat generatethe vast
majority of HTML corntent. A common misunderstanding about the semariic
web is that the vision somehav hinges on manual markup of natural language
text on web pageswith semartic labelsthe way the original websHTML markup
was done.

While this is a misunderstandingand not really a valid criticism of the seman-
tic web vision, the vast majority of knowledgeon the web, and in organizations,
is in natural languagetext. Exploiting this knowledgein automated ways is an
important sciertic and economicproblem, and should not be ignored, however
it is not always clear whether semaric web technology can really make any
di erence.

In previous work, we have reported on SemariClean [1], a systemto clean
up natural language processingresults using an OWL-DL reasonerthat has
been shown in experiments to improve the precision of relation analysis. The
main shortcomings of the SemariClean work was scalability In this paper,
we report on initial experiments to use a ScalableHighly Expressive Reasoner
(SHER) [2] [3], to bring the SemariClean approac up to the scaleof current
information extraction technology and to provide explanations for removed as-
sertions.



The paper is organizedas follows. After a brief badkground section, Section
3 preseris our approacd for scalable clearup. Section 4 discussespreseriation
of explanations for removed assertions.The results of our experimental evalua-
tion is preseried in Section5. In Section 6, we describe more advanced clearup
strategies. Section 7 and 8 provide the related work and conclusions.

2 Background

2.1 SemantiClean

The most problematic kind of extraction produced by natural languagecompo-
nents we have experiencedis relation extraction - the identi cation of relation-
ships and their argumerts in natural languagetext. A commontype of error we
seein extracted relations is the violation of simple domain and range constraints.
For example,in the following sertence:

... the decisionin Septenber 1991 to withdraw tactical nuclear bombs
missilesand torp edoesfrom US Navy ships...

our analytics extract an ownership relation in the italicized text betweennuclear
(annotated asa weapon), and bombs (also a weapon), which mapsto a ownerOf
relation in the ontology. The ownerOf relation has a restriction limiting the
domain to Person or Organization or GPEand a disjointnessconstraint between
ead of theseand Weapon

The SemartiClean approad is a simple one. We start with an ontology ex-
pressedin OWL-DL that must include negation (i.e. it must be possibleto gen-
erate a corntradiction in the Abox). Relations are extracted from text and stored
asan RDF model that instantiates the ontology. As the relations are extracted
into RDF, we construct an intermediate model. With ead relation added, we
run the model through a consistencyched using Pellet [4], an in-memory rea-
soner. If it is not consistert, we drop the triple, if it is consister, we add the
triple to the nal RDF model.

This triple-at-a-time technique hastwo problems. The main problem is scale:
our information extraction technology can process,on normal desktop hardware,
roughly a million of documerts a day, the SemariClean system could process
hundreds of documerts a day. Our analytics today produce about 70 ertities
(RDF nodes) and about 40 relations (RDF triples) per documert, but these
numbers can easily change. The point is that the size of the RDF graph could
be two orders of magnitude larger than the number of documerts.

A second problem is an order dependency created by the triple-by-triple
approac of dropping the triple that, when added, causesthe knowledge-base
to changefrom consister to inconsistert. When constraint violations arise from
multiple triples together, it is possiblethat the droppedtriple is not the incorrect
one.

In two separateexperiments, we found SemariClean improved overall preci-
sion of relation extraction by 8% and 15%. As we cortinue to experiment, there



is evidenceto indicate that the precision improvemert may increasewith the
size of the graph, however we have reached the resourcelimits of Pellet on con-
vertional 64-bit hardware. In the next sections,we describe techniquesto scale
clearup.

2.2 Summarization

The techniques we apply in this paper assumeontologies of SHIN expressie-
ness.A key feature of our approadc is the construction of a summary Abox A°
corresponding to the Abox A. An individual in A° represens individuals in A
which are members of the sameconcepts. Formally, an Abox A°is a summary
Abox of a SHI N Abox A if there is a mapping function f that satis es the
following constraints:

(1) ifa:C2Athenf(a):C2A°
(2) if R(a;b) 2 A then R(f(a);f(b) 2 A°
(3) if a6b2 A then f(a)&f(b) 2 A°

The image of an individual u in A%is the set, denoted Image(u), of individuals
ain A sud that f(a) = u. The accurate image of a subsetL of a summary A°,
denoted Acclmage(L), is the subsetof A de ned as Acclmage(L) = fa: C 2
Ajf(a) :C 2 Lg[ fR(a;b) 2 AjR(f(a);f(b) 2 Lg[ faéb2 Ajf(a)éf(b) 2 Lg

If the summary Abox AC obtained by applying the mapping function f to A
is consistert w.rt. a Tbox T and a Rbox R, then A is consistert w.r.t. T and
R [2]. Howewer, the conversedoesnot hold.

In general, the summary Abox A is dramatically smaller than the original
Abox A.

2.3 Renemen t

If the summary Abox is inconsistert,then, in general,we cannot directly conclude
anything about the original Abox consistencystatus.

Our approad [3] for resolving summary Ab ox inconsistenciess to iterativ ely
re ne the summary. A re nement step consistsof splitting a given summary in-
dividual by the setsof role assertionsthat are presert in the original Abox for
the Abox individuals mapped to the given summary individual. Re nement in-
creaseghe sizeand precision of the summary, and presenesthe summary Abox
properties(1)-(3) de ned in the previous section. Our strategy is to re ne only
individuals that are part of a summary Abox justi c ation, where a justi cation
is a minimal set of assertionswhich, whentakentogether, imply a logical cortra-
diction, thus making the ertire Abox inconsistert. In somecasesjnconsistencies
disappear through re nement. Otherwise, when a justi cation J is precise (as
de ned below in De nition 1) we typically know that we have corvergedon a
real inconsistency(sed3] for more details).

Denition 1 Let A°be a summary Abox of an Abox A obtained through the summary
mapping f. Let H be a subsetof A% We say that an individual s2 H is precisew.r.t.
H i the following conditions are satis ed:



1. for all individuals t 2 H and for all rolesR, R(s;t) 2 H (resp.R(t; s) 2 H) implies
that, for all individuals a 2 A suchthat f(a) = s, there is an individual b2 A such
that f(b) = t and R(a;b) 2 A (resp.R(b;a) 2 A); and

2. for all individuals t 2 H, s&t 2 H (resp.t6s 2 H) implies that, for all individuals
a 2 A suchthat f(a) = s, there is an individual b2 A suchthat f(b) = t and
aéb2 A (resp.bga?2 A); and

3. Thereis an individual a2 A suchthat f(a) = s; and

4. s:C 2 H implies that, for all individuals a2 A suchthat f(a)=s,a:C2A

We say that H is precise i all its individuals are precise w.r.t. H.

3 Summarization and Re nemen t for Ab ox Cleanup

In previouswork [2] [3], we establishedthat summarization and re nement tech-
niques enable scalable consistency cheking and membership query answering
over very large and expressie knowledge bases.In this section, we shov how
thesetechniques can be adapted to addressthe issueof detecting and resolving
sourcesof inconsistenciesin large knowledge basessud as those generated by
text analytic tools.

3.1 The cleanup problem

The Abox clearup problem consistsin identifying consistert subsetsof an incon-
sistert Abox. Ideally, it is desirableto identify maximal consistert subsets,i.e.
subsetsthat are consistert but the addition of a single assertionfrom the incon-
sistert Abox yields an inconsistency Unfortunately, computing a single maximal
consistencysubsetis known to be intractable evenfor realistic small and medium
size expressie Aboxes|[5].

In our approadc, we do not require a cleansedAbox to be a maximal consis-
tent subset. However, ead removed assertionmust be assaiated with a unique
justi cation containing it in the original Abox. Sincean assertionis removed to
avoid the inconsistency created by its assaiated justi cation, two distinct as-
sertions must not be asseiated with the samejusti cation (there is no needto
remove more than one assertionfrom a justi cation to avoid an inconsistency).
Finally, for two justi cations J; and J, having assertionsx andy in common, if
the justi cation assaiated with x is J 1, then J, cannot be assaiated with y (it
is clearly not optimal to remove both x and y to avoid the inconsistenciesdue to
J1 and J,). When thesethree conditions are satis ed, we say that the cleansed
Abox is a justi ¢ ation-basal consistent subsetas formally de ned below:

De nition 2 A justi ¢ ation-basel consistent subsetCA of an inconsistent Abox
A w.r.t. its Thbox T and Rbox R is a consistent subsetof A w.r.t. T and R such
that there is a set E of justi c ations of A and a bijection e from A CA to E
suchthat, for assertionsx andy in A CA, the following hold: (a) x 2 e(x), and
(b) for J; andJ, in E suchthat fx;yg Ji\ Jo, e(x) = J1 implies e(y) 6 Jo.



A maximal consistent subsetis always a justi cation-based consistent subset,
but the corversedoes not hold if non-disjoint justi cations exist. The follow-
ing exampleillustrates the di erences between maximal consistert subsetsand
justi cation-based consistert subsets.
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Fig. 1. Simple Abox

R = fRange(S) = 8P:A; Range(P) = : A;Range(T) = A;Range(R) =
8T: Ag

Computing a justi cation-based consistert subset does not require an ex-
haustive seard of justi cations. For example, Algorithm 1 provides a straight-
forward computation of a justi cation-based consistert subsetof an inconsistert
Abox. For ead inconsistencyjusti cation found, oneof its assertionsis removed
from the Abox, and the algorithm continues looking for further justi cations
and removing axioms from the Abox until it becomesconsisten. Likewise,the
triple-at-time approad described in our previous work [1] yields a justi cation-
basedconsistent subset.However, depending on the order in which justi cations
are found and the choicesof removed assertions,a particular execution of these
two algorithms might not result in a maximal consistert subset. For instance in
the previous example (Figure 1), if an execution of Algorithm 1 rst discovers
J; and J, (seebelow) and choosesto remove S(a;b) and R(e;d), it will at some
point nd Js; and be forced to remove either P (b;c) or T(d;c); i.e. it will not
nd a maximal consistert subset.

J1 = £S(a;b);P(b;c)g J2 = fR(e;d); T(d;c)g J3 = fP(b;c); T(d;c)g J4 =
fS(a;g); P(g;h)g AllJustif ications = fJ1;J2;J3;J4g

MA=A fP(b;c);R(e;d);S(a;g)gJCA=MA fS(a;bg

CA;=JCA fT(c;f)gCA,=JCA fP(g;h)g

M A is a maximal consistert subsetof A. JCA is clearly not maximal (it
is a proper subset of M A, a maximal consistert subset). Howewer, JCA is
a justi cation-based consistent subset of A: the set E of explanations is the
set of all justi cations, and e, de ned as e(S(a;b) = Ji, eR(e;d)) = Jo,
e(P(b;c)) = Js, and e(S(a;g)) = J4, satis es conditions (a) and (b) of De -
nition 2. CA; is not ajusti cation-based consistert subsetbecauseT (c;f ) is not
presert in any justi cation. CA; is not a justi cation-based consistert subset
becauseS(a;g) and P(g; h) have both beenremoved, but they only appearin a
single justi cation, Jg.

The most important limitation of the previously described algorithms to
compute a justi cation-based consistert subsetis their obvious inability to scale



to large and expressie Aboxes containing many inconsistencies,such as those
generatedfrom text analytic tools. This is an issuewe addressin this paper.

N aiv eJustif icationC onsistentS ubset(Abox A, Tbox T, Rbox R)
begin
A A
while inconsistent(A, T, R) do
Find a justication J in A;
selectan Abox assertionx in J ;
A A fxg;
end
return A ;

end
Algorithm  1: Naive Justi cation-based Consistert SubsetComputation

3.2 Scalable Approac h to Ab ox Clean up

In order to scalethe computation of a justi cation-based consistert subset of
an Abox A, our approad identi es justi cations in the dramatically reduced
summary A° of A. Justi cations are then re ned until they becomeprecise or
they disappear from the re ned summary. Our Algorithm 2 simulates on A° an
execution of the naive algorithm 1 applied to A.

For an acyclic (considering the undirected graph induced by role and di er-
ertFrom assertions) precise justi cation in the summary A°, if it has at least
one role assertion, one of its role assertionsis removed from the summary;
otherwise, one of its concept assertionsis removed 3. The accurate image of
the summary A9 obtained from removing an role assertion R(u; v) of a precise
acyclic justi cation is the Abox A; resulting from the removal of all R role as-
sertions relating imagesof u to imagesof v from the original Abox A. Formally
A=A fR(a;b 2 Ajf(a) = uandf(b) = vg. To show that theseassertionsre-
moved from A can alsobe remaved by an execution of the naive algorithm 1, we
needto establishthat for ead removed assertionR(a; b) *: there is a justi cation
J in the Abox sud that

{ R(a;b)2 J, and
{ J doesnot contain any removed assertionbesidesR(a;b).

Theorem 1 Let f be a summary function mapping an Abox A, inconsistent
w.r.t. to its Thox T and its Rbox R, to its summary A° Let J° be a precise and
acyclic justi ¢ ation of A% Let R(u;v) ke a role assertion in J% For individuals
a and bin A suchthat f(a) = u and f(b) = v and R(a;b) 2 A, the following
conditions hold: there is an inconsistent justi ¢ ation J of A suchthat:

3 We remove role assertionsinstead of concept assertions becauseconcept assertions
produced by our text analytic tools have a higher accuracy than role assertions.
4 We focus on role assertions, but the proof for concept assertion removal is similar.



1. R(a;b) 2 J, and
2. fR(x;y) 2 Ajf(x) = uandf(y) = vg\ J = fR(a;b)g

Proof. The main idea behind the proof is that, viewing J° as a pattern, for eat
pair of individuals (a;b) in A sud that f(a) = u, f(b) = v, and R(a;b) 2 A,
there is an instance | 5, of the pattern J%in A such that a is mappedto u and b
is mappedto v. In other words, | 4, is isomorphic® to J° SinceJ®is justi cation,
it follows that |4, is also a justi cation. Since J° is acyclic, it can always be
written asa disjoint union of three setsJ®= JO[ fR(u;v)g[ J? whereJ? is the
subset of J° cortaining the individual u but not v whereasJ? is the subset of
JO containing v but not u. If J0 and J? are empty (i.e. J° consistsof the single
edgeR(u;V)), the existenceof | 4 is a direct consequencef the summarization
process.

We now considerthe generalcasewhere J? and J? are not empty (if one of
them is empty the proof is similar to this generalcase).J? and J? must be acyclic
sincethere are subsetsof an acyclic justi cation. Lemma 1 below establishesthe
existenceof a subset!, (resp. I,) of A isomorphicto J2 (resp. J0) such that a

(resp. b) is mappedto u (resp.v) and ead individual x of I ; (resp. ) is mapped

to the individual f(x) of 30 (resp. J9). It follows that 1. = 1a[ fR(a;B)g[ s

is a subsetof A isomorphic to J° such that, for ead individual x in |4, X is
mapped to the individual f(x) of J° The isomorphism establishesproperty (1)
of the theorem, namely, |4, is a justi cation containing R(a;b). Property (2)
is a direct consequenceof the fact that, for ead x of |4, X is mapped to the
individual f(x) of J°.

Lemma 1 Letf be a summary function mapping an Abox A to its summary
AC

If L is a non-empty acyclic precise subsetof A°, then, for eachindividual u of
L and a of A suchthat f(a) = u, there existsa pair (I ; ) suchthat | is a subsetof
A and is atotal mappingfrom I ndiv(L) to I ndiv(l), wher | ndiv(X) denotes
the set of individuals in an Abox X . Furthermore, (I; ) satis es the following
properties for all individuals r and s in L:

{ @ (uW=a

{ (b) if R(r;s) 2 L thenR( (r); (s)) 21
{ (c)ifrés2 L then (r)& (s)2 I

{ difs:D2Lthen (s):D 21

{ () (8=xi. f(x)=s

Proof. Seeproof of Lemma 1 in the technical report [6]. Note that property (e)
is satis ed by the function presened in the proof.

For a precisecyclic justi cation J%in the summary, although, in most casesijt
canbedirectly concludedthat it correspondsto areal inconsistencyin the Abox

5 Two Aboxes are isomorphic i. by renaming individuals in one Abox it becomes
identical to the other. The renaming must be such that two individuals with di erent
namesin the original Abox are not assignedthe samename.



[3], removing an assertion of J° from the summary might be too consenative
becausethe accurate image of the removed assertionin A might not correspond
to a set of Abox assertionsthat can be removed by an execution of the naive
justi cation-based consistert subsetAlgorithm 1.

Consider the following example:

A = fR(al;a2); R(a2;a3);R(a3;al); T(al;b);al;a2;a3: Au8R:8R:8R:: Ag

f(al)=f(a2)=f(a3) = uy;f(h = v

A%= fR(u;u);u:Au8R:8R:8R: A;T(u;v)gJ= A® fT(u;v)g

JO is a precise cyclic justi cation, and it can directly be shown, basedon
the application of deterministic tableau rules to the summary (see[3] for more
details), that it represerts to areal inconsistencyin A. Removing R(u; u) creates
a consistert summary of a consistent subsetof A. Unfortunately, this consisten
subsetis not a justi cation-based consistert subset. Indeed, De nition 2 is not
satis ed sinceR(al; a2) and R(a2; a3); have beenremaoved, but they only appear
in a single justi cation, J°

To avoid remaoving more assertionsthan neededin the Abox, a conclusive
precise cyclic justi cation J°is further re ned until at least one role assertion
becomessurer precise, at which point it is removed.

De nition 3 A role assertion R(u;v) in a summary A° of an Abox A is super
precisei. fR(u;v)gis precise and jl mage(u)j = jl mage(v)j = 1 (i.e. only one
individual in the Abox is mapped to u or v).

Algorithm 2 represerts our summarization and re nement basedapproac
to compute a justi cation-based consistent subsetof a large and expressive Ab ox
A. It takesasinput an inconsistert Abox A and its Tbox T and its Rbox R.
It returns a triple consisting of (1) a justi cation-based consisteri subsetof A,
(2) a summary of (1), and (3) a map assaiating a justi cation J° found in a
summary to its assertionthat was selectedfor removal.

Theorem 2 Algorithm 2 computesa justi ¢ ation-based consistent subsetof the
input Abox A

Proof. After eat assertionremoval in the summary A° A9 is transformed to
a summary A% As a direct consequenceof Theorem 1 and the de nition of
super preciserole assertion, A®is a summary of an Abox which can be created
from Acclmage(A9 after sewral iterations of the naive algorithm 1 applied
to Accl mage(A9). It follows that the nal consistert summary A? returned by
Algorithm 2 is such that Accl mage(A?) is ajusti cation-based consistent subset
of A.

3.3 Appro ximate Cleanup

Computing a justi cation-based consistert subsetof an Abox A using Algorithm

2 can be expensiwe if the summmary A° has precise cyclic justi cations whose
accurate imagesin A are very large. The following example illustrates a worst
casesituation: A = fR(ay;a2);R(az2;a3); s R(an;a1);a1 : Au 8R:: Ag



Justif icationB asedConsistentS ubset(Abox A, Tbox T, Rbox R))
begin
A% compute the summary Abox of A;
Results ; ;
while inconsistent(A°, T, R) do
Find Justif ications in A
ACJ select precise acyclic justi cations from Justif ications ;
CJ select precise conclusive cyclic justi cations from Justif ications
that have at least one super precise role assertion;
Results Results[ removeAssertion(A% ACJ) ;
Results Results[ removeAssertionIinCyclicJ( A% CJ) ;
Justif ications Justif ications (ACJ[ CJ);
Execute re nement on A° using Justif ications ;
end

return (Accl mage(A9,A% Results) ;
end

removeAssertion (SummaryAb ox A° SetOfJusti cations JS)
begin
Results e
for J in JS do
if hasRoleAssertions(J) then
Assertion select a role assertion from J;
else
Assertion select a concept assertion from J;
end
Remove Assertion from A%
Results  Results [ (J, Assertion);
end

return Results;
end

removeAssertionl nCyclicJ (SummaryAb ox A° SetOfjusti cations JS)
begin
Results ; ;
for J in JS do
Assertion selecta super preciserole assertion from J;
Remove Assertion from A%
Results Results [ (J, Assertion);
end
return Results;

end
Algorithm  2: Summarization and Re nement basedJusti cation-based Con-
sistert SubsetComputation

R = fTrans(R)g (i.e. R is transitive) A°= J%= fR(u;u);u : A u 8R:: Ag

JOis a conclusive precisecyclic justi cation (it is conclusive basedon the ap-
plication of deterministic tableau expansionrules on A°-see[3] for more details).
Howevwer, the only precisejusti cation with a super preciserole assertionderived
from J° through iterativ e re nement is the whole Abox A (the length n of the
cyclein A could be very signi cant)! However, in our experimertal evaluation,



we have not withessedsucd an extreme situation. In general, conclusive precise
cyclic justi cations have fairly small accurateimagesconsistingat most of a few
dozenindividuals.

An alternativ e strategy is to not require conclusive precise cyclic justi ca-
tions in the summary to have a super preciserole assertionwhich can then be
removed. We simply remove a selectedrole assertion from the justi cation. In
doing so, Algorithm 3 always producesa consistert subsetof the input Abox A,
but this subsetis no longer guaranteedto be a justi cation-based consisten sub-
set. However, when an role assertionR(u; v) is removed from a conclusive precise
cyclic justi cation in the summary, an upper bound of the number of correspond-
ing extraneousAbox assertionsremoved is given by jAccl mage(f R(u;v)g)j 1.
As shawn in the experimental evaluation section, in practice, the upper bound
of the total number of extraneousremoved assertionsis a small fraction of the
total number of removed assertions.Thus, this approximation is quite precisein
practice.

Appr oximateJ ustif icationC onsistentS ubset(Abox A, Tbox T, Rbox R)

begin
A% compute the summary Abox of A;
Results ; ;

while inconsistent(A° T, R) do
Find Justif ications in A
ACJ select precise acyclic justi cation from Justif ications ;
CJ select precise conclusive cyclic justi cations from Justif ications ;
Results Results[ removeAssertion(A% ACJ [ CJ) ;
Justif ications Justif ications (ACJ[ CJ);
Execute re nement on A° using Justif ications ;
end
return (Accl mage(A9,A% Results) ;

end
Algorithm 3: Summarization and Re nement based Approximation of
Justi cation-based Consistert SubsetComputation

4 Explanation

In this section, we discussthe appropriate preseration of information about
justi cations computed by algorithms presenried in the previous section.

As shown in the experimental evaluation section, large Aboxes produced
by text analytic tools may have thousands of inconsistenciesinvolving more
than one assertion. A justi cation in the summary can be viewed as a pattern
having one or more instances(or isomorphic justi cations) in the actual Abox.
A summary justi cation provides a level of abstraction that represens all Abox
justi cations isomorphic to it.



Furthermore, in our experiments, we have obsened that many acyclic justi-
cations in the summary are isomorphic. Therefore, we can represern a group
of isomorphic summary justi cations with a single justi cation, called an ab-
stract summary justi cation. An abstract summary justi cation abstracts out
the namesof nodesin the summary, and represerts all Abox justi cations that
have the samepattern of role and conceptassertions.Thus, it canbe represened
as SPARQL query describing its patterns of role and concept assertions. This
SPARQL query can then be usedto retrieve the set of triples that are involved
in the justi cations.

For cyclic justi cations in the summary such that all role assertionsare su-
per precise,we can also group isomorphic justi cations and represen them by
a single abstract justi cation, which can be assaiated with a SPARQL query.
However, if a cyclic justi cation has someedgesthat are not super precise,the
exact pattern represened by the justi cation is not known (e.g. if the justi-
cation consistsof just a single role assertionrelating an individual to itself, it
de nitely represerts at least one simple cycle in the Abox, but the length of the
cycle is unknown). If the user wants more details on a cyclic justi cation with
role assertionsthat are not super precise, its accurate image in the Abox will
have to be retrieved.

5 Computational Exp erience

Our tests were conducted on a 64 bit AMD dual 1GMHz processor8G RAM
Linux machine, and a maximum heap size of 1G. The datasets were stored
in a DB2 database. We tested the performance and scalability properties of
our approach (Algorithm 3) with 4 datasets generated from text analysis of
100, 500, 1500 and 3683 documerts. Table 1 shaws the characteristics of these
datasetsfrom the perspective of the number of individuals (I) , the number of role
assertions(R.A.), the number of summary justi cations found (J), the number of
abstract summary justi cations (A.J.), the number of deleted assertions(D.A.),
the computed upper bound of the number of extra triples that would have been
removed for thesedatasetsif all of thesetriples were eliminated (Max. E.D.A.),
and the time to nd thesejusti cations in minutes. The last column represerts
the number of overlapping abstract justi cations of eath dataset with the 500
documert dataset.

Dataset | R.A. J|AJ.|D.A. [Max. E.D.A. |Time [AJ Overlap with 500
100 8,628 15,521 191 97| 299 19| 10 84
500 32,787 62,414 625| 2031,150 89| 19 203
1500 [104,507195,2061,570| 360|3,910 359 37 169
3683 |286,6059513,5222,744| 561(9,574 967| 67 168

As shown in Table 1, the time to nd justi cations is linear. We compare
our results for detecting inconsistencieswith a technique described in [1]. For



the purposesof this comparison,we focus on the 500 documernt dataset, because
this dataset was usedby the triple-at-a-time technique [1] to validate the use of

inconsistencycheding for cleansingdata extracted from text. When a knowledge
basehas justi cations with multiple role assertions,the two techniques are not

likely to agreeon the setof inconsistert triples becauseof di erent choicesof role

assertionsto remove. However, becausea vast majority of justi cations in the

500documert dataset have a singlerole assertion,ead of the triples found to be
inconsistert by the triple-at-a-time technique are also found to be inconsistert

using our technique.

The column labeled Max. E.D.A., which represens an upper bound of the
number of extraneous assertionsremoved by our Algorithm 3, shaws that the
approximate Algorithm 3 is quite precise:the number of extraneousassertions
is always lessthan 10% of the removed assertionsand lessthat 0.1% of the total
number of assertionsin the original dataset. Moreover, this upperbound is con-
senatively computed asindicated in section 3.3. In practice, the real number of
extraneousassertionsmight be much smaller. For example, while the computed
consenative upperbound of the number of extraneaousassertionsfor the 500
dataset is 89, the actual number wasjust 7. We removed all assertionsremoved
by the triple-at-a-time technique plus 7 additional assertions.

Finally, the last column of Table 1 indicates substartial overlap between
the justi cations found in the di erent datasets. This suggeststhat patterns of
justi cations found in small datasetscan directly be searded and removed from
much larger datasetsbefore starting Algorithm 2 or 3.

6 Sophisticated Cleanup techniques

The fully-automated clearup strategy basedon Algorithm 2 or 3 is in exible
in that it randomly selectsand removes assertionspresen in justi cations. An
alternativ e is to make the processmore exible and interactive by allowing the
userto specify only a fragment of the error-causingassertionsto be removed.

For this purpose,it would be desirableif the system could assistthe userin
determining likely assertioncandidatesfor removal, by using somesensiblemet-
rics for ranking assertions.[5] preseris a set of strategiesfor ranking assertions
in justi cations, including:

{ the number of distinct justi cations that an assertion appearsin { higher
the frequency lower the assertionrank, sinceit signi es that the assertion
is responsible for producing more errors,

{ provenanceinformation about the assertionsuch asit's sourcef{ in this case,
the accuracy of the text analytic tools generating the assertion would be
relevant,

{ using a history of previous error patterns to identify suspiciousassertions{
which in our caseamourts to storing abstract justi cations from previous
clearup sessionn similar Aboxes.



Givenasetof ranked assertions the usercould then chooseto remove only the
low priorit y assertionsfrom the Abox. Howevwer, in doing so, the resultant Abox
is not guaranteed to be consisten (since the earlier approadc only guaranteesa
consistert Abox if the speci ¢ randomly selectedassertionsin the justi cations
were removed). Thus, we would needto run Algorithm 2 or 3 over the modi ed
Abox again to obtain a new set of justi cations, and repeat this processof
ranking and removing erroneousassertionsiterativ ely till the ertire Abox was
clean.

7 Related Work

Recerily, there has been a lot of work on repairing inconsistenciesin OWL-

DL Ontologies. Broadly, this work falls into two categories.The rst approad,

describedin [7], [5], involvesidentifying a single sourceof the inconsistency (jus-

ti cation) in the ontology by modifying the internals of the DL tableaux reasoner
(a technique known astableau tracing), and then using Reiter's Hitting Set Tree
Algorithm [8] to discover all justi cations, in order to arrive at a maximal con-
sistert subsetof the ontology. We employ the tableau tracing solution in [5] to

derive a single justi cation, However, given the exponertial nature of Reiter's
seart, using it to fully repair an ontology containing hundreds or thousands of
inconsistency-causingusti cations, asis in our case,is clearly not feasible.

The secondapproad is basedon phrasing the problem as a belief revision as
donein [9], and then revising the knowledgebaseto get rid of the inconsistency
by rewriting the axiomsto presene semarics, e.g.,intro ducing disjunctions. On
a similar note, [10] proposestolerating inconsistert theories and using a non-
classical form of inferenceto derive meaningful results from a consistent sub-
theory. These solutions do not t in within the nature of our application given
the abundanceof inconsistenciesand the fact that most of the errors are actual
noise (not partially correct, rewritable axioms) created by the text analytics
tools. Instead, we plan to usemetrics for ranking erroneousaxioms as suggested
in [5] to perform sophisticated clearup (Section 6), basedon factors related to
the text analytic process.

The other key di erence, though, in terms of related work, is that noneof the
approades preseried above can scaleto very large Aboxes containing millions
of assertions. Our Abox summarization and re nement techniques have been
shown to scaleAbox reasoningin a massiwe way [3].

To conclude, the solution in this paper is the rst of its kind that provides
a scalableand ecient way to clean very large Aboxes containing numerous
inconsistencies.

8 Conclusions

Modern Natural LanguageProcessingtechniquesare extremely scalablebut gen-
erate noisy data. In previous work we have intro duced the problem of cleaning



noisy data using semariic web technologies.While showving an overall improve-
mert in precision, the approac had scalability problems, as well as an order
dependency We have beenalso investigating techniques for summarization and
re nement of Aboxesfor scalability. In this paper we put the two together, and
intro duce a new technique for justi cation-based consistent subset nding that
identi es patterns of inconsistert data in a scalableway.

We are only in the initial phasesof putting together scalableinferencewith
scalable natural language processing, but the results preseried here are ex-
tremely promising; early experiments show a linear increase in processingtime
asthe data increasesDue to the challengesof scalingformal evaluations, we have
only preserted results that scaleto an RDF graph of a few hundred thousand
nodes,as (random) subsetsof this graph have beenveri ed. In other experiments
we have managedto processmillions of RDF nodes,and we have every reasonto
believe this technique will scaleat the samerate as our information extraction,
while improving precision of relation extraction by 8-15%or more.
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