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Abstract. In this paper, we investigate the (in)dependence among OWL docu-
ments with respect to the logical consequence when they are combined, in par-
ticular the inference of concept and role assertions about individuals. On the 
one hand, we present a systematic approach to identifying those documents that 
affect the inference of a given fact. On the other hand, we consider ways for fast 
detection of independence. First, we demonstrate several special cases in which 
two documents are independent of each other. Secondly, we introduce an algo-
rithm for checking the independence in the general case. In addition, we de-
scribe two applications in which the above results have allowed us to develop 
novel approaches to overcome some difficulties in reasoning with large scale 
OWL data. Both applications demonstrate the usefulness of this work for im-
proving the scalability of a practical Semantic Web system that relies on the 
reasoning about individuals. 

1   Introduction 

To fully exploit the power of the Semantic Web, it is crucial to reason, in an efficient 
and scalable way, with its data, e.g., those described in the OWL language [4]. Repre-
sentative OWL reasoners of today such as FaCT [12] and Racer [9], implemented 
upon the most advanced reasoning mechanisms, have seen some successful applica-
tions. However, the scalability of those systems is still far from satisfactory in the 
context of the Semantic Web, which represents much larger problem sizes than those 
traditionally found in artificial intelligence. For instance, as Haarslev and Möller [10] 
pointed out, the scale of data that Racer could appropriately handle is still rather lim-
ited (only up to 30,000 individuals in their experimental setting) given non-naïve on-
tologies and instances. Hence, a great challenge remains in order to implement a prac-
tical Semantic Web system that is capable of reasoning on large scale data. 

In this paper, we investigate a specific issue in this regard. We consider the situa-
tion when a system needs to reason over a large collection of OWL documents in or-
der to answer queries against them. If scalability was not an issue, we could load the 
entire set of documents into a contemporary OWL reasoner and then issue queries in a 
normal fashion. However, this will not work in practice considering the large number 
of documents the system has to deal with. For instance, practical reasons such as 
memory limitations might simply prevent the system from processing a document col-
lection in its entirety. 
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This work explores ways for improving the scalability of the system in performing 
the above kind of task. Note, here we assume we have access to a powerful OWL rea-
soner and we are not concerned with the implementation or optimization of the rea-
soner per se. Instead, we consider how large problems that cannot typically be solved 
by the reasoner can be reduced into problems that can be solved. 

Specifically, we have the following considerations. First, given a set of documents, 
it might be the case that, only a subset of the documents is needed in order for a spe-
cific statement to be true. In other words, we do not need to combine the whole set 
and perform expensive reasoning on it in order to guarantee a correct inference with 
respect to that statement.  Furthermore, if we could show that a set of documents, 
when combined, would not form any conclusions that are not supported by any of the 
documents individually, then we may adopt a divide-and-conquer approach for the re-
lated reasoning tasks on those documents. 

The above considerations have led us to research on what we call dependence and 
independence relationships among OWL documents. Now that the notions apply to 
general logical knowledge bases, we define them in general as follows: 

Def. 1.1. Let K be the set of knowledge bases {K1,…,Kn} (n>1). The members of K 

are logically dependent on each other with respect to a sentence α iff K is a minimal 

set such that K ⊨α. 

Def. 1.2. Let K be the set of knowledge bases {K1,…,Kn} (n>1). The members of K 

are logically independent of each other iff for every sentence α, there are no mem-

bers of K that are logically dependent on each other with respect to α. 

What we shall look into in this work is the logical (in)dependence relationships 
among OWL documents with respect to OWL assertions. Here, we refer to an OWL 
document as an RDF/XML-syntax document that conforms to the specification by the 
OWL reference [4: Section 2]. In addition, to clarify the meaning of “K ⊨α” in the 
above definitions when applied to OWL, we say a set of OWL documents entail an 
assertion α iff α is entailed by the union of the imports closure1 of every document in 
the set. Note that this is different from the notion of entailment defined in ongoing re-
search on distributed description logics [2], which focuses on preventing the propa-
gation of inconsistency. 

This work will focus on OWL Lite and OWL DL, the two decidable sublanguages 
of OWL. Since OWL Lite and OWL DL are logically equivalent to DL SHIF(D) and 
DL SHOIN(D) respectively [13], throughout the discussion, we will regard an OWL 
document as a description logic (DL) knowledge base consisting of a TBox T (equiva-
lent to the parse result of the ontology) and an ABox A (equivalent to the parse result 
of the instance data committing to the ontology). We use (T, A) to denote such a 
knowledge base. To facilitate the discussion, we shall use the following terms, which 
are not conventionally used in the literature: 
                                                           
1  Imports closure of an OWL document is the information in the document unioned with the in-

formation in the imports closure of documents that are imported by that document [19]. 
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An OWL DL knowledge base (resp. an OWL DL TBox, an OWL DL ABox) is the 
result of parsing an OWL DL document (resp. the ontology part of an OWL DL 
document, the instance data part of an OWL DL document) into a DL knowledge 
base (resp. a DL TBox, a DL ABox). Similarly for OWL Lite knowledge base, OWL 
Lite TBox, and OWL Lite ABox. In the subsequent discussion, for brevity, “DL” 
will be omitted without confusion. 

As a final remark, as the first step of the work, we consider OWL documents that 
commit to a common ontology. Additionally, we will concentrate on ABox reasoning, 
in particular the inference of concept assertions and role assertions. This is motivated 
by the expectation that the instance data will greatly outnumber the ontologies on the 
Semantic Web. 

2   Identifying the Logical Dependence 

In this section, we examine the dependence relationship among OWL documents. 
Specifically, we attempt to define a systematic way to identify what documents, when 
combined together, may affect the inference of a specific assertion.  We base our ap-
proach on the identification of the relevant assertion set to a given assertion, as de-
fined below. Again, we first define the notions in general. Then, we give a specific 
account of the notions for ABox assertions. 

Def. 2.1. A set S of sentences is a relevant sentence set to the logical entailment of a 

sentence α, denoted Rel(S, α), iff S ⊨ α. 

Def. 2.2. A set S of sentences is a minimal relevant sentence set to the logical entail-

ment of a sentence α, denoted MinRel(S, α), iff S is a minimal set such that Rel 

(S, α). 

Def. 2.3. Given a consistent TBox T, a set S of ABox assertions is a relevant ABox as-
sertion set to the logical entailment of an ABox assertion α, denoted RelT (S, α), iff 

<T,  S> ⊨ α. 

Def. 2.4. Given a consistent TBox T, a set S of ABox assertions is a minimal relevant 
ABox assertion set to the logical entailment of an ABox assertion α, denoted MinRelT 

(S, α), iff S is a minimal set such that RelT (S, α). 

Now we are able to establish a relationship between relevance and dependence for 
OWL knowledge bases with the same TBox, i.e., they commit to the same ontology. 

Proposition 2.1. Let K be the set of OWL knowledge bases K1=(T, A1),…, Kn=(T, An) 
(n>1), wherein T  is consistent. The members of K are logically dependent on each 
other with respect to an ABox assertion α iff K is a minimal set such that there exist 
α1,…,αm such that MinRelT ({α1,…,αm}, α) and for every αi (i=1,…,m) there exists Aj 

(j=1,…,n) such that αi∈Aj. 

The above proposition, in effect, indicates a way of determining the dependence 
among a set of OWL knowledge bases with respect to a given assertion, i.e., by look-
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ing for relevant assertion sets to that assertion. Therefore, the remaining question is 
how to identify those relevant sets. We begin by identifying a set of inference rules 
for an OWL Lite knowledge base, as shown below. 

R1) If α∈A then A ` α 

R2) If T            ⊨ C1⊓…⊓Cn⊑C and A  `  a:C1,…,a:Cn, then A     ` a:C 

R3) If T            ⊨R1⊑R2 and A  `  <a,b>:R1 then A     ` <a,b>:R2 

R4) If T            ⊨U1⊑U2 and A  `  <a,v>:U1 then A     ` <a,v>:U2 

R5) If A  `  <a,b>:R then A  `  <b,a>:R- 

R6) For R ∈ R+, if A  `  <a,b>:R and  <b,c>:R then A  `  <a,c>:R 

R7) If A  `  <a,b>:R and b:C then A  ` a:∃R.C 

R8) If A  `  <a,v>:U and v∈D then A  ` a:∃U.D 

R9) If A  `a:∀R.C and   <a,b>:R then A  `b:C 

R10) If A  `<a,b>:R then A  `  a:≥1R    
R11) If A  `<a,v>:U then A  `a:≥1U     
R12) If A  `  a:≤1R, <a,b1>:R, and <a,b2>:R then A  ` b1=b2 

R13) If A  `a=b then A  `b=a 

R14) If A`a=b and a:C (resp. <a,c>:R, <c,a>:R, a=c) then A`b:C (resp. 
<b,c>:R, <c,b>:R, b=c) 

R15) If v1= v2 and A  `<a,v1>:U then A  `<a,v2>:U 

We have defined the above rules by referring to the work of Royer and Quantz [20, 
21] with several extensions and adaptations. They described a generic approach to de-
riving, via Sequent Calculus, complete inference rules for description logics. They 
also provided the result for a specific description logic, which is generally more ex-
pressive than OWL Lite if we ignore datatypes and equality. We extend those rules by 
taking into account datatypes and equality2. Moreover, we handle the inference in-
volving subsumption differently. They provided over 100 rules for subsumption. We 
chose not to include them since our focus is on ABox assertions and those rules 
greatly complicate the derivation of the relationship we are looking for. Instead, we 
remedy the absence of those subsumption rules by relying on the entailment of the 
TBox, as Rules 2 to 4 show. From the implementation point of view, this means we 
resort to the reasoner for checking subsumptions. We consider this as a reasonable 
method especially when the application involves a large amount of instance data over 
a relatively small number of ontologies. 

As some other remarks, in defining the rules we only consider a consistent knowl-
edge base.3 Also, for simplicity we assume no untyped data values in the knowledge 
                                                           
2  OWL supports the expression of equality. Also the language does not make the unique names 

assumption. 
3  These rules may easily be extended to support the inconsistent case and then we consider they 

could potentially be exploited for other kinds of tasks such as debugging inconsistencies. 
However, that is beyond the interest of this paper. 
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base. In addition, we rely upon the reasoner to reason about the data values such as de-
ciding if they belong to a specific datatype and their equality (refer to Rules 8 and 15). 
Moreover, in the rules and also the subsequent discussion, we assume that every asser-
tion a:C1⊓…⊓Cn is represented as a:C1,…,a:Cn. Finally, our rule set is incomplete for 
OWL DL, which additionally supports oneOf. As Royer and Quantz pointed out, taking 
account of enumerated classes would greatly complicate the resultant rule set. Thus they 
did not give a complete set of rules with respect to reasoning about enumerated classes, 
and neither did we. We leave this as an open issue. 

The above rule set may not be suitable for implementing a practical reasoner due 
to its special handling of TBox related inferences. However, these natural deduc-
tion-style inference rules can facilitate the identification of the relevant assertion 
sets to a given assertion, as shown in Proposition 2.2. The proposition is obvious by 
following the rule firing relations (refer to the right column for the corresponding 
rules). 

Proposition 2.2. In OWL Lite, given a consistent TBox T, a consistent set S of ABox 
assertions, and a concept or role assertion α, RelT (S, α) iff S is at least one of the fol-
lowing sets: 

For any α: 
 { α }                            (R1) 

If α is a:C: 
 S1∪…∪Sn wherein RelT (S1, a:C1), …, RelT (Sn, a:Cn), T           ⊨ C1⊓…⊓Cn⊑C (R2) 
 S1∪S2  wherein RelT (S1, b:∀R.C), RelT (S2,   <b,a>:R)        (R9) 
 S1∪S2  wherein RelT (S1, a=b), RelT (S2,   b:C)           

 (R14) 
If α is a:∃R.C: 
 S1∪S2  wherein RelT (S1, <a,b>:R), RelT (S2,   b:C)          (R7)  

If α is a:∃U.D: 
 S wherein RelT (S, <a,v>:U), v∈D               (R8) 

If α is a:≥1R: 
 S wherein RelT (S, <a,b>:R)                  (R10) 

If α is a:≥1U): 
 S wherein RelT (S, <a,v>:U)                  (R11) 

If α is <a,b>:R: 
 S wherein RelT (S,  <a,b>:T), T            ⊨ T⊑R              (R3) 
 S wherein RelT (S, <b,a>:R-)                  (R5) 
 S1∪S2 

wherein RelT (S1, <a,c>:R), RelT (S2, <c,b>:R), R∈R+       (R6) 
 S1∪S2 

wherein RelT (S1, a=c), RelT (S2, <c,b>:R), or           (R14) 
     RelT (S1, b=c), RelT (S2, <a,c>:R)             (R14) 
If α is <a,v>:U: 
 S wherein RelT (S,  <a,v>:V }, T            ⊨ V⊑U             (R4) 
 S wherein RelT (S, <a,w>:U), v=w               (R15) 
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If α is a=b: 
 S1∪S2∪S3                         

wherein RelT (S1, c:≤1R), RelT (S2, <c,a>:R), RelT (S2, <c,b>:R)   (R12) 
 S wherein RelT (S, b=a)                    (R13) 
 S1∪S2 wherein RelT (S1, c=a), RelT (S2, c=b)           (R14) 

Since determining MinRelT is straightforward given the information of RelT, Propo-
sitions 2.1 and 2.2 have rendered us a systematic way of identifying the dependent 
knowledge base set with respect to a specific assertion. Next, we show an application 
of the approach. 

Application I 

In another work [8], we aim at developing a query answering system for a repository 
of OWL documents. One important functionality of the system is to answer a user’s 
query about the minimal subsets of documents in the repository that entail a specific 
assertion. Currently we only consider queries about concept instances on OWL Lite 
documents. In order to improve query time, the system performs preprocessing of the 
documents during loading and records which new assertion is entailed by which 
minimal subsets of documents. To that end, it enumerates the subsets of the docu-
ments in the order of their sizes, i.e. single document first, and then the combinations 
of two documents, and so on, and performs reasoning on those consistent combina-
tions in sequence. 

Obviously, processing the document combinations in this fashion is inefficient since 
the potential number of combinations the system has to handle increases exponentially 
in the number of documents. Given Propositions 2.1 and 2.2, we are able to employ a 
different strategy: we perform reasoning on the whole union of the documents immedi-
ately after processing every individual document. Then for each inferred concept asser-
tion α from the union, we directly identify, according to those propositions, the minimal 
document sets (containing more than one document) that entail α, in other words, the 
sets of documents that are dependent on each other with respect to α. 

Although an efficient implementation of the propositions is still a remaining issue, 
we consider that, with a proper mechanism for indexing and searching the assertions, 
the complexity of identifying the dependent subsets among a collection of documents 
will be no more than that of performing reasoning on the union of the entire set. Thus, 
we can expect prominent performance improvement in cases where new assertions 
that are entailed by more than one document are relatively few. 

To give readers a flavor of this, we introduce an initial evaluation---the system is 
still under development. We used 100 small OWL Lite documents (committing to the 
same ontology). These documents are adaptations from the test data of the Lehigh 
University Benchmark [7], which simulates a realistic domain. We conducted reason-
ing on the union of the entire document set. Then, we tried to identify the dependent 
subsets of documents with respect to each of the concept assertions entailed by the 
union. As a result, we pinpointed 43 subsets each containing two documents from 16 
assertions, which were new entailments by the union than the individual documents. 
Note, in this case, none of those assertions captured 3 or more documents. This is a 
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significant improvement considering that, before the strategy is adopted, the system 
had to handle the level of 2100 document combinations in order to completely find 
those subsets. 

3   Detecting the Logical Independence – Special Cases 

Hereafter, we will switch our focus to the detection of independence. Unlike depend-
ence, the notion of independence is not defined with respect to a specific statement. 
Instead, we are interested in more general relationships such as independence with re-
spect to all ABox assertions of certain forms. The result in the previous section pro-
vides an indirect way for determining this kind of independence between a set of 
OWL knowledge bases K, i.e., by showing that, for every applicable assertion, there 
are no members of K that are mutually dependent with respect to that assertion. How-
ever, this is obviously a very inefficient approach since we have to enumerate and test 
all possible assertions. In the following two sections, we explore some faster ways. 
We begin with special cases, in which we demonstrate that, under certain conditions, 
two OWL documents are independent of each other with respect to the assertions of 
specific forms. 

First, we introduce the following notation: 
Ind(K): The set of individual names in the OWL knowledge base K . 

The following theorem reveals the independence relationship between two OWL 
knowledge bases with disjoint sets of individual names. 

Theorem 3.1. Let K1=(T, A1) and K2=(T, A2) be two OWL knowledge bases. If 

Ind(K1)∩Ind(K2)=∅, then K1 and  K2 are logically independent of each other with re-

spect to any concept assertion, role assertion, or equality assertion4. 

Proof. Let K=(T, A1∪A2). This is equivalent to proving that for every assertion α be-
ing any form of a:C, <a,b>:R, <a,v>:U or a=b, K ⊨ α iff either K1 ⊨ α or K2 ⊨ α. 

(<=) It is trivially true because OWL is monotonic. 
(=>) Since K ⊨ α, every model I of K satisfies α (1). If either K1 or K2 is inconsis-

tent, since everything can be deduced from an inconsistent knowledge base, the theo-
rem is proved. In case both K1 and K2 are consistent, suppose K1 ⊭ α and K2 ⊭ α (2). 
Then there must exist a model I1 = (∆I1,·  I1) (resp. I2 = (∆I2,·  I2)) of K1 (resp. K2) that 
does not satisfy α. We assume that ∆I1 and ∆I2 are disjoint (3). We could make the as-
sumption because if that is not the case, we can always replace I1 with another inter-
pretation I1’ such that 1) ∆I1’ and ∆I2 are disjoint, and 2) every domain object in ∆I1’ 
has a counterpart in ∆I1

 and stands in the same place in ·I1’ as its counterpart does in 
·I1, and vice versa. 

Now define an interpretation I=(∆I,·  I) for K wherein, 
 ∆I = ∆I1 

∪∆I2 
 For every concept C, CI = CI1

∪CI2 
                                                           
4  This does not hold for inequality. For instance, if T claims the concepts C1 and C2 as disjoint 

whereas A1 and A2 assert a:C1 and b:C2 respectively, then we can infer that a≠b from the un-
ion of K1 and K2. 
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 For every (object and datatype) role R, RI = RI1
∪RI2 

 For every individual a:5 
If a∈Ind(A1), aI = aI1; otherwise, aI = aI2 

 For every data value v, v  I = vD 
 The concrete domain ∆D

 I = ∆D
 I1= ∆D

 I2 

Next we prove that I is a model of K. As it has been shown that OWL DL entail-
ment is reducible to DL SHOIN(D) satisfiability [13], we will show that I is a model 
of K based on the semantics of SHOIN(D) (cf. Fig. 3 of [13]).6 

First, it is straightforward to show from the definition of I that I satisfies the se-
mantics relating to atomic concept, datatype, role, individual, data value, inverse role, 
top/bottom concept, disjunction, oneOf, concept inclusion, and role inclusion. For ex-
ample, 

(C1⊔C2)  I     = (C1⊔C2)  I
1
∪(C1⊔C2)I

2 = (C1
I1
∪C2

I1)∪(C1
I2
∪C2

I2)  

= (C1
 I1
∪C1

 I2) ∪(C2
I1
∪C2

I2) = C1
I∪C2

I 

Moreover, based on the definition of I plus the assumption (3), we can show that I  
satisfies the semantics relating to conjunction, negation, retrictions, and  transitive 
role. For instance, 

(∃R.C)I  = (∃R.C)I1
∪(∃R.C)I2 

= {x|∃y.<x,y>∈R  I1 and y∈C I1}∪{x|∃y.<x,y>∈RI2 and y∈C I2} 
=via (3)= {x|∃y.<x,y>∈RI1

∪RI2 and y∈C I1
∪C I2} 

= {x|∃y.<x,y>∈RI and y∈C I } 

Lastly, for every ABox assertion β in K, we can show I satisfies β based on the 
definition of I and the fact that β is originally from either K1 or K2 and thus either I1 

or I2 satisfies β. For example, if a:C is from K1 and therefore satisfied by I1, then   
aI=a  I1. Since aI1

∈CI1 and CI1
⊆CI, aI∈CI. Thus I satisfies a:C. 

So far, we can conclude that I is a model of K. Next we show I however does not 
satisfy α. If α is of the form a:C, according to the definition of I, aI equals to either 
aI1 or aI2. Since neither I1 nor I2 satisfies α, aI1

∉CI1 and aI2
∉CI2. In addition, given 

the assumption of (3), we have aI1
∉CI2 and aI2

∉CI1. Hence, aI ∉CI1
∪CI2 and thus aI 

∉CI, which means I does not satisfy α. With similar arguments, we can show that I 
does not satisfy α of the form <a,b>:R, <a,v>:U or a=b either. 

In conclusion, I is a model of K but I does not satisfy α. This is contradictory to 
(1), which means assumption (2) does not hold. Therefore, either K1 ⊨ α or K2 ⊨ α. 

The theorem below considers the independence between OWL knowledge bases in 
terms of deriving inconsistency. 

Theorem 3.2. Under the same precondition of Theorem 3.1, K is inconsistent iff ei-
ther K1 or K2 is inconsistent. 
                                                           
5 Note that for every enumerated class {o1,…, on}, since Ind(K1) and Ind(K2) are disjoint, o1,…, 

on could not occur in both knowledge bases. 
6  For simplicity, we ignore the translation of OWL DL into SHOIN(D) since it maintains the 

satisfaction of theorem’s precondition. 
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Proof. Again the (<=) part is obvious. (=>) That K is inconsistent means K has no 
models. Suppose both K1 and K2 are consistent and thus have a model respectively, 
we could find a model I for K as we do in the proof of Theorem 3.1. Therefore, K1 
and K2 could not be both consistent. 

Corollary 3.1. Theorem 3.1 (and also Theorem 3.2) still holds if every individual 
a∈Ind(A1) ∩ Ind(A2) appears only in those assertions shared by A1 and A 2. 

Proof. (<=) It is trivially true again. (=>) Define K2’=(T, A2’) by removing from A2 all 
the assertions that are also in A1. In this way, K1∪K2’ still equals to K, but Ind(K1) and 
Ind(K2’) become disjoint. Therefore according to Theorem 3.1, for every ABox asser-
tion α except the inequality assertion, K ⊨ α implies either K1 ⊨ α or K2’ ⊨ α. Since K2 
subsumes K2’, based on monotonicity, we have K ⊨ α implies either K 1 ⊨ α or  
K2 ⊨ α. In a similar fashion, we can prove the cases for Theorem 3.2. 

Next, we will consider a different situation by removing the disjointness require-
ment on individual names while imposing another restriction: we look at OWL docu-
ments that contain only RDF(S) [23] features. We look at the RDF(S) fragment of 
OWL considering oftentimes applications do not need the full expressivity of OWL 
and the fact that RDF-style documents occupy a considerable portion of the Semantic 
Web we have seen so far. 

Theorem 3.3. Let K1=(T, A1) and K2=(T, A2) be two OWL knowledge bases. If both 
knowledge bases are limited to the RDF(S) fragment, then K1 and  K2 are logically in-
dependent of each other with respect to any assertion α of the form of a:C  
or <a,b>:p. 

Proof. It is equivalent to proving that K1∪K2 ⊨ α iff either K1 ⊨ α or K2 ⊨ α.(<=) 
Once again it is obvious. (=>) Table 3.1 illustrates how we can transfer an RDF(S) 
statement into a FOL rule. As can be seen, if a knowledge base contains only FOL 
rules mapping to RDF(S) statements, it will fit into Horn Logic. This means we could 
apply a simple forward chaining reasoning on that knowledge base (in this case 
K1∪K2) to get a sound and complete inferencing. 

Table 3.1. Correspondence between OWL and DL and between DL and FOL (RDF(S) frag-
ment) [22] 

OWL Fact/Axiom DL Syntax FOL Rule 
a type C a:C C(a) 

a P b <a,b>:P P(a,b) 
rdfs:subclassOf C1⊑C2 ∀x.C1(x)→C2(x) 

rdfs:subpropertyOf P1⊑P2 ∀x,y.P1(x,y)→P2(x,y) 
rdfs:domain ⊤⊑∀P-.C ∀x,y.P(x,y)→C(x) 

rdfs:range ⊤⊑∀P.C ∀x,y.P(x,y)→C(y) 

Furthermore, since every rule presented in the above table has only one antecedent, 
any proof tree generated on the knowledge base actually reduces to a chain-like struc-
ture, starting from a fact in the input till the goal fact. In other words, no proof trees 



 On Logical Consequence for Collections of OWL Documents 347 

for a new fact involve more than one fact from the input: for two input facts to be 
used in a proof, there must be a step in the proof that involves two facts that are re-
spectively either the input facts themselves or facts derived from the input facts. 
However, this is impossible given the above mentioned structure of the proof tree. 
Thus the theorem is proved. 

Application II 

Next, we will show an application of the above results. In yet another work [7], we 
are conducting benchmarks of OWL knowledge base systems with respect to queries 
upon the instance data. To facilitate evaluating the query completeness and soundness 
of the systems under test, we intended to use Racer to generate the answer set as a ba-
sis for comparison. However, a big problem was that Racer at the current stage is in-
capable of handling the dataset used in the benchmark in our experimental environ-
ment. The smallest dataset used in the benchmark consists of 15 OWL documents. 
However, as shown in [11], due to Racer has to perform consistency check before an-
swering queries, it could only load up to 5 of the documents (9555 individuals). 

Nevertheless, we were able to overcome this problem by virtue of Corollary 3.1. In 
the benchmark, a dataset consists of multiple OWL Lite documents that commit to the 
same ontology (also in OWL Lite). We have found out that these documents meet the 
precondition in Corollary 3.1 with a handful of exceptions7. Furthermore, by focusing 
on those exceptional assertions we have figured out without difficulty that they will not 
lead to any inferences or inconsistencies across multiple documents. Therefore, we 
could conclude that these documents are independent of each other with respect to the 
kind of inference we need, i.e., concept and role instance retrieval. This means we could 
let Racer do such reasoning on one document from the test set at a time and still guaran-
tee a sound and complete inference by taking the union of the results on every individ-
ual document later on. In this way, we have found a solution the above problem. 

4   Detecting the Logical Independence – The General Case 

In the previous section, we introduced several ways of quickly detecting the inde-
pendence of OWL knowledge bases in some special cases. Now we look at the gen-
eral case, i.e., for arbitrary knowledge bases. We have realized that this is a challeng-
ing task. Here we present our initial results. The algorithm below is responsible for 
checking the independence between two OWL knowledge bases. 

1 procedure CHECK-INDEPENDENCE(K1, K2) 
2 input: OWL knowledge bases K1=(T, A1) and K2=(T, A2) 
3 output: indicate if K1 and K2 are independent with 
 respect to any concept assertion or role assertion 

4 begin 
5  I:= Ind(A1) ∩ Ind(A2); //overlap in individual names 
6  if I = ∅ then return true; 
                                                           
7  These documents have few overlap in individual names because they are dedicated to the de-

scription of different organizations (i.e. academic departments) and their affiliated persons. 
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7  if CHECK-AND-REALIZE(A1)=false then return true; 
8  if CHECK-AND-REALIZE(A2)=false then return true; 
9  O  := { a:C ∈ A1∪A2 | a ∈ I } ∪ {<a,b>:R ∈ A1∪A2 | a ∈ I or b ∈ I }∪ 

{ a:C ∈A1∪A2 | ∃b∈I. <a,b>:R ∈ A1∪A2 or <b,a>:R ∈ A1∪A2 }; 
10 AO1 := A1∪O; //Combine A1 and O  
11 if CHECK-AND-REALIZE(AO1)=false then return false; 
12 if new assertions have been added to AO1 then return 

false; 
13 AO2 := A2∪O; //Combine A2 and O 
14 repeat 11-12 for AO2; 
15 return true; 
16end 
17procedure CHECK-AND-REALIZE (A) 
18 Check consistency of A; 
19 if A is inconsistent then return false; 
20 Perform ABox reasoning on A and update A accordingly, 

i.e., 
A = A ∪ 

{a:C | A ⊨ a:C and C is among the most specific con-
cepts that a is an instance of} ∪ 

{<a,b>:R | A ⊨ <a,b>:R and R is among the most spe-
cific roles that <a,b> is an instance of}; 

21 return true; 
22end 

Fig. 4.1 illustrates the key operations in the algorithm. 

 

Fig. 4.1. Illustration of the algorithm CHECK-INDEPENDENCE. For instance, if R1 is a transi-
tive role, the algorithm will detect a new inference in AO1 and thus determine that K1 and K2 are 
not independent. 
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Proposition 4.1. CHECK-INDEPENDENCE is sound and complete in determining 
the independence of two OWL knowledge bases K1=(T, A1) and K2=(T, A2), wherein 
T is inconsistent, with respect to the logical entailment of any concept assertion or 
role assertion. 

Proof (sketch).  The algorithm returns true when both knowledge bases do not overlap 
in individual names, which is supported by Theorem 3.1. (Lines 5-6)   In case the 
overlap does exist, the algorithm conducts reasoning on A1 and A2 respectively (Lines 
7-8). If either ABox is found inconsistent, K1 and K2 are obviously independent since 
any assertion can be entailed by the single inconsistent knowledge base. If both 
ABoxes are consistent, the algorithm performs the realization on each of them and up-
dates them accordingly. Next it calculates O and combines it with A1 and A2 respec-
tively (Lines 10-14). If either AO1 or AO2 is found inconsistent, we can immediately 
decide that K1 and K2 are not independent (with respect to any assertion). Otherwise, we 
check if there are any new inferences in AO1 and AO2. All the concept assertions and 
role assertions that have one or more individuals from I are contained in O. Hence A1\O 
and A2\O are disjoint in individual names, and according to Theorem 3.1, A1\O and 
A2\O are independent. Therefore, if both K1 and K2 are necessary for the inference of a 
concept or role assertion (and thus are dependent), there have to be some new inferences 
of concept or role assertion in either AO1 or AO2. This can be justified by considering 
the inference rules described in Section 28. We can assume that the reasoning is carried 
out by applying those rules. After the reasoning is done on A1 and A2, no more rules are 
applicable to each ABox. Then, by virtue of the forward chaining style of the rules, we 
can show that, suppose new inferences occur after combining A1 and A2, there must 
first be some inferences (of concept or role assertions) that involve the assertions in O. 

The advantage of the above algorithm lies in that, in case two knowledge bases are 
independent, it allows us to skip the reasoning on the combination of both knowledge 
bases by doing extra reasoning on two smaller ABoxes (i.e. AO1 and AO2 in the al-
gorithm). This is practically useful, for example, when the reasoning performance de-
grades significant as the size of the knowledge base increases. 

5   Related Work 

Logical reasoning is usually complex and expensive. Tons of effort has been made to 
speed up the reasoning, especially for a large knowledge base. Among this is the re-
search on relevance, i.e., the study of what is the relevant part of the knowledge base 
to a given reasoning task, e.g., a query. Most of the work is oriented towards a spe-
cific logical formalism, reasoning task (e.g. entailment, diagnosis, or abduction), and 
application domain. As a result, a variety of notions of (ir)relevance have emerged, 
under different names such as (ir)relevance, (in)dependence, irredundancy, influence-
ability, novelty, separability, and interactivity [6, 17, 14, 15]. 
                                                           
8  Although the rule set given in Section 2 is incomplete for OWL DL, it does not influence the 

proof here since we can assume the generation of a complete rule set via applying a similar 
approach to that used in Section 2. 
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We compare several of those notions that appeared similar to the (in)dependence 
we defined in this paper. Darwiche [3] and Lang et al. [14] study the notion of condi-
tional independence between propositions. Although they use the same term, their no-
tion of independence is different from ours. The conditional independence they con-
sider is the logical counterpart to probabilistic independence. Therefore, informally 
speaking, they look at such a relationship between two sets of propositions X and Y 
that, given some prior information (i.e., the condition), the addition of information 
about X (i.e., the truth values for the propositions in X) will not lead to the conclusion 
of any new information about Y. Levesque [16] and Lang et al. [14] introduce a notion 
of formula separability, which roughly is a relationship between a set S of sentences 
with respect to a specific sentence α such that every member of S can entail α indi-
vidually. If we apply this concept to a set S of knowledge bases with respect to the en-
tailment of a statement a, it would become a relationship that says the members of S 
are separable because every one of them entails a. We believe that this is unrelated to 
the independence relationship we defined, but we plan to look at this more closely in 
the future. 

In the DL literature, Tsarkov and Horrocks [22] discuss the use of the relevant in-
formation in a TBox to compute a subsumption with respect to that TBox. They de-
fine relevance as the transitive closure of the following depends relation: A concept or 
role expression depends on every concept or role that occurs in it, and a concept or 
role C depends on a concept or role D if D occurs in the definition of C. In addition, a 
concept C depends on every general conception inclusion in the TBox. Unlike their 
work, we focus on the relevance between ABoxes and ABox assertions. Therefore, 
both works are complementary to each other. 

Elhaik and Rousset [5] work on identifying the relevant subpart of an ABox (rela-
tive to a fixed TBox) to an update, i.e., those facts that may lead to new entailments 
together with the newly added fact. Among other differences, their work requires all 
the entailments to be explicitly recorded in the ABox (they encode and store the 
ABox using a database), moreover, they deal with a rather restricted DL language 
called core-CLASSIC with the constructors ⊓, ∀, ≥nR  , ≤nR and ┐(on atomic concept 
only). 

Amir and McIlraith’s work on partition-based logical reasoning [1] provides algo-
rithms for reasoning with partitions of related logical axioms in propositional and 
first-order logic. Like our work in Section 2, they are concerned with reasoning on 
multiple knowledge bases with overlap in content. However, they are concerned with 
the overlap in predicates (or propositions) while we look at the overlap in individual 
names. 

McGuinness and Borgida’s approach [18] to the explanation of DL reasoning also 
bases on the use of the natural deduction-style inference rules. Since we have obvi-
ously different goals, we face different issues. They work on offering understandable 
and efficient explanations of subsumption reasoning based on the rules while we de-
rive the dependence relationship between OWL documents in terms of individual rea-
soning and try to use only a small portion of the rules without those for subsumption. 

Distributed Description Logics [2] extends the formalism of DL with the ability to 
handle complex mappings between domains via the use of so-called bridge rules. Al-
though its semantics is different from that of tradition DL, it could be possible that the 
future results of this research turn out to be useful to our work. 
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6   Conclusion and Future Work 

Scalability is crucial for the success of the Semantic Web. Great effort has been made 
on the development of scalable reasoning mechanisms. In this work, we have as-
sumed the use of the reasoner as a black box and taken a different perspective to in-
vestigate how to improve the performance of a system that requires reasoning with 
large scale data. We studied the (in)dependence relationships among OWL documents 
with respect to the logical consequence of their collections. For most of the work, we 
have focused on documents that commit to a common ontology, and the inference 
about concept assertions and role assertions. First, we described a way of identifying 
those documents that are necessary for the inference of a given assertion. We intro-
duced a notion of relevant ABox assertion set to a given ABox assertion and a sys-
tematic approach to identify those sets. Secondly, we revealed two special cases in 
which two documents are independent of each other with respect to the entailment of 
assertions of specific forms: when they contain disjoint sets of individual names; and 
when they contain only RDF(S) statements. Finally, we introduced an algorithm for 
automatically detecting the independence in the general case. To the best of our 
knowledge, no prior work has been done to examine OWL documents (or DL knowl-
edge bases) against the relationships of (in)dependence as defined in this paper. 

We also described two applications wherein we have developed novel approaches 
using the above results to solve specific problems. In the first application, we exploit 
the dependence to help pinpoint from a repository of documents the minimal subsets 
that have caused the inference of a specific assertion. In the other, we harness the in-
dependence to overcome a problem in using the reasoner against large OWL instance 
data. Both examples demonstrate the potential use of this work in improving the scal-
ability of a Semantic Web system which relies on the reasoning about individuals. 

For future work, we intend to extend all the work to the OWL DL language, and to 
the case in which documents commit to different ontologies. Also, we plan to further 
improve the algorithm for detecting the independence. At the same time, we intend to 
implement the approaches in different applications wherein we will conduct empirical 
evaluations. 
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