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Abstract. This paper focuses on the performance of optimized forward
reason systems. The main characteristics of forward reasoning are that
it is sensitive to the update of data, has a high cost of precomputation
closure, and can not be closely related to the characteristics of the specific
query. Therefore, it usually makes reason on irrelevant data. Processing
this data reduces the performance of the reason system and consumes a
lot of memory resources. Backward reasoning can make up for this defect
to a certain extent, but its inherent defect of the high cost of online
query rewriting cannot make it efficient in reasoning tasks. We design an
efficient reason method, which can effectively combine the advantages of
forward reason and backward reason to ensure the completeness of reason
as much as possible. It can not only reduce the processing cost caused by
data updates and desensitize semantic data to a certain extent but also
avoid the high cost caused by query rewriting and greatly reduce the cost
of precomputation closure. Finally, we implement the proposed method
on a prototype of a forward reason system named SUMA-F and compare
it with the current forward reason systems with better performance on
various datasets of different sizes. Experiments show that the SUMA-F
has high reasoning efficiency, is better than other systems, and has high
scalability on large-scale datasets.
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1 Introduction

The World Wide Web produces a vast amount of data that humans cannot
process efficiently and computers cannot understand well. Tim Berners-Lee et
al. [1] propose the concept of the Semantic Web, and the development of the
Semantic Web makes knowledge expression modes such as knowledge graph and
ontology widely used in the research field of query answering. The most critical
feature in semantics is the relationship between concept attributes and concepts.
Ontology takes the concept of interconnection through attributes as its core
and provides a semantic framework for language understanding and generation.
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This plays an important role in the semantic ontology system, which can rep-
resent events and objects through various complex semantic combinations, and
its grammar is specially designed to express complex lexical meanings so that
the ontology can use as few basic concepts as possible to construct descriptions
of complex objects and procedures in a composite manner. Chen et al. [7] pro-
pose an unsupervised attribute network embedding framework to solve basic and
compound relations in attribute networks. It considers the relationship between
users and attributes, analyzes all first-order combinations to obtain compos-
ite relationships, and outperforms the current state-of-the-art baseline methods.
RDFS was proposed because knowledge graphs cannot describe knowledge at
the architectural level. RDFS defines inclusion relationships between concepts
or roles, domain and value constraints for roles, and implements the classification
of individuals. OWL with stronger expressive ability adds cardinality restriction,
equivalent individuals, and other knowledge descriptions based on RDFS. In the
query answering system, the implicit knowledge contained in the explicit knowl-
edge can be obtained by ontology reasoning, which enriches the original data
and returns more abundant results in the query.

There is a lot of research in the field of ontological reasoning, such as [3,6,8,
18,20,24], which are based on forward materialization. In the process of forward
reasoning, the facts in the knowledge base are expanded according to the reason
rules to obtain implicit knowledge. The original and newly reasoned data are
used as the target data to repeat this reason process continuously. When no
new data is generated, the reasoning process end. This whole process is called
computing a forward closure. It is worth noting that the process of forward
materialization does not change because of the query, and the query operation is
simple and efficient. The disadvantage of forward reasoning is also obvious. The
data heavily influence it, and it repeats the operation when the data is updated.
The forward reason system is inefficient for frequent database updates.

Unlike forward reasoning, backward reasoning is query-driven and matches
rules backwards. Backward reasoning is not sensitive to the update of data. It is
calculated for specific queries and extends queries according to rules. Backward
reasoning is less about data processing and more about searching rules and
expanding queries. Ontop [5] is a pure backward reason system based on query
rewriting. Although backward reasoning can be well applied in the context of
frequent database updates, its operation is relatively complex, and the cost of
calculating queries is high. In [19,22] for backward reasoning, advanced pruning
optimization algorithm and dynamic optimization algorithm are proposed to
reduce the cost of query computation in backward reasoning.

Because of the inherent defects of forward and backward reasoning, it
becomes a challenge to design a method that strikes a balance between forward
and backward reasoning, that is, between the high cost of computing a complete
closure for all data and the huge cost of complex computations for each query. We
propose an efficient forward materialization algorithm, which combines backward
reasoning to optimize forward reasoning, reducing the knowledge of precompu-
tation closure and the size of forward matching rules. We propose an efficient
query parsing algorithm that maintains a key resource pool (KR-POOL) to hold
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all the resource entities related to the corresponding query. It can not only do
personalized reasoning according to a specific query but also break all the pos-
sible knowledge involved in a specific query into the form of one element into
the KR-POOL. Compared with the traditional backward chaining algorithm,
the algorithm reduces the time complexity of the query rewriting process by
simplifying the operation of query processing. We implement all algorithms in
the forward reasoning system and ensure completeness of reasoning.

Next, we introduce the three works we have made in this paper and introduce
the specific implementation details of these three contributions in later chapters.

— We propose an efficient query parsing algorithm to maintain a key resource
pool named KR-POOL, simplifying the complexity of query expansion and
other specific query computation.

— We propose a forward reasoning algorithm to reduce the computational clo-
sure scale of forward materialization, which can materialize all the data
related to the query and dynamically screen the rules to reduce the search
scale of rules during reasoning. Optimizing the data and rules effectively
reduces the reasoning time, and completeness is guaranteed.

— We implement our method in a forward reason system named SUMA-F and
test the effectiveness and scalability of the system on the UOBM [13] dataset
with the standard query of the UOBM dataset and achieved good results.

This paper reviews related work in Sect. 2. In Sect. 3, we present a preliminary
definition of some of the basics involved in reasoning. We describe the algorithm
principle in detail in Sect. 4. In Sect. 5, the architecture diagram of the forward
reasoning system SUMA-F is presented. Experimental results are presented in
Sect. 6, and conclusions are drawn in Sect. 7.

2 Related Work

With the development of the Semantic Web, related works in ontology reasoning
can be divided into forward reasoning, backward reasoning, and hybrid methods
based on forward materialization and query rewriting.

Jena [6] and Sesame [3] are relatively early systems that support RDF
(Resource Description Framework) data reason, and the reasoning module is only
a part of them. They are mainly used for small-scale data reasons on a single
machine. Due to the design principle and hardware limitations, their scalability
and computational power are poor, and they cannot process large-scale RDF data.
Based on forward reason, Pellet’s reasoning algorithm, adopted by Pellet [20] per-
forms deductive reasoning on the original dataset offline according to the ontology,
expresses the implicit ontology information as new knowledge obtained by explicit
reasoning, and expands the original input dataset. In the online stage, query the
expanded data set directly. However, the Tableau algorithm adopted by Pellet has
high time and space complexity. Pellet is only suitable for processing small and
medium-sized data. The main working principle of PAGOdA is to delegate the
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heavy computational load to the datalog reasoner [14,16] and only use the hyper-
table algorithm [15] when necessary. Sequoia [8] is a consequence-based forward
reasoning engine with support for nominals, implementing the calculus of logi-
cal ACCHOIQ™. Ontologies are classified by ontology preprocessing methods.
SUMA [17,18] improves the n-step materialization model, restricts the reasoning
to a finite number of steps, and proposes a partial materialization algorithm that
can reliably and completely support root conjunctive queries as well as boolean
queries with cyclic and fork-shaped structures.

Query rewriting techniques are also used in reason systems such as [5,9].
Instead of explicitly calculating all the implicit information according to the ontol-
ogy, Ontop [5] rewrites the query according to the ontology and mapping, and the
rewritten query explicitly contains the implicit information in the ontology. Since
this query rewriting algorithm is performed online, it has a high time cost. Mean-
while, the mapping used in query rewriting requires human intervention input.
In [4], the RDFS entailment rule set is divided into two subsets, and a query rewrit-
ing algorithm is proposed for query answering on knowledge graphs without rea-
soning. The method proposed in [10] can clearly describe the mapping relationship
so that the database data can be better interpreted as ontology data.

There are also hybrid methods that combine the forward reason mechanism
with the backward reason mechanism. [11] can rewrite the query while still com-
puting the canonical model. [12] mainly filters out false answers using a filtering
mechanism. The above approaches all have the disadvantage of being limited to
lightweight ontology languages. QueryPie [22] implements a backward reasoning
system through the proposed hybrid reasoning approach. The reasoning method
computes a part of the forward closure, and the rest of the reasoning part is pro-
cessed dynamically during the query parsing process. Shi Hui et al. [19] propose
a scalable backward chaining-based reasoner, in which the optimization algo-
rithm mentioned in query expansion sorts according to the number of variables
contained in the query body clause and then reduces the reason time.

The above are some contributions to the field of ontology reasoning. Some are
based on forward reasoning to compute the closure of database data uniformly,
and the input query is pattern matched on the data after forward materialization
to get the result. Others take the query as the target, extending and rewriting the
query in reverse, reasoning about the data in a process contrary to the forward
materialization.

Inspired by previous research, our method combines the backward reasoning
method to design a forward materialization algorithm so that the forward reason-
ing system can no longer calculate too many redundant results and reduce redun-
dant computational operations. Perform reverse parsing of the query to parse out
the key information in the query, match the rules in the process, and calculate
the semantic data containing the necessary explicit information and the semantic
data that may reason useful implicit information. The query parsing algorithm
for reverse parsing query is designed, and a KR-POOL and reason rule set that
are constantly updated with the parsing process is maintained. A rule filtering
algorithm is designed, which expands backward according to the query pattern,
searches the effective rules recursively, and screens the key rules for the query from
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a large number of rules in the rule base. Finally, the redundancy of large-scale
semantic data is removed to optimize the data scale while ensuring completeness.

3 Preliminaries

We describe some necessary background knowledge in this section, such as RDF
graphs, SPARQL queries, Description Logic (DL), and OWL Horst rules.

Definition 1 (RDF Graph). U, B, and L exist, which are three disjoint infinite
sets. Uis a Uniform Resource Identifier (URI), B represents a blank node, and L
is literals. A finite set of RDF triples (s,p,0) € (UUB)xUx(UUBUL) constitute
an RDF graph, where s represents the subject, p represents the predicate, and o
represents the object. A triple (s, p, 0) is a statement of fact that s and o satisfy
relation p or that the corresponding value of s with respect to property p is o.

Figure 1 shows an RDF statement indicating that Joe knows Jane and an
RDF graph consisting of multiple RDF statements.

Person

AN

rdfitype rdfitype rdfitype  rdfitype

_— N N

Tom ——knows—p-  Mary Tom knows—p- Mary

knows——{ Joe  —knows—»| Jane

haslncome  haslncome liveln  liveln liveln liveln

v N T

Francisco Angeles

Fig. 1. Figure on the left side of an RDF statement, by multiple RDF statements
consisting of RDF Graph on the right.

SPARQL Query. Q is a quadruple of the form (g-type, m-dataset, pattern,
sort-map). g-type represents four query types: SELECT, ASK, CONSTRUCT,
DESCRIBE. m-dataset specifies the target dataset for pattern matching. pattern
P searches the input dataset for a specific subgraph and returns the result set
of the map. sort-map is used to sort the set of mappings produced by pattern
matching while returning a specified mapping window.

Description Logic can also be called concept representation language and
term logic, which gives formal logic-based semantics. DL consists of concepts,
relations, and individuals. Concepts describe the common properties of a set
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of individuals, interpret concepts as unary predicates of sets of objects, and
interpret relations as binary relations between objects. It is characterized by
applying a large number of constructors to simple concepts, eventually creating
more complex concepts. At the core of description logic is reasoning, that is, the
knowledge that is implicitly represented from knowledge explicitly contained in
a knowledge base.

The DL knowledge base K is usually composed of two parts: Tbhox (77) and
Abox (A). Among them, 7 is a set of assertions related to concepts and relations,
describing the properties of concepts and relations. A is a collection of instance
assertions that specify attributes of individuals or relationships between indi-
viduals. It consists of concept assertion and relation assertion. The most basic
description language in DLs is ALC, and other description languages extend
based on ALC. The symbols involved and their description are shown in Table 1,
and the syntax and semantics of ALC are shown in Table 2 and Table 3.

Table 1. List of notations

Notation | Description

a,b,c,d,e | Individual names

a,b,z Concept names
C Concepts

pP,s Role names

r Roles

DL are the basis for the standard Web ontology languages OWL and OWL
2. OWL provides powerful expressive capabilities, including OWL Lite, OWL
DL, and OWL Full, which increase expressive capabilities and computational
complexity in turn. The latest version of OWL, OWL 2, is also divided into
OWL 2 DL and OWL 2 Full. OWL 2 Full has the strongest expressive power,
but it is undecidable. OWL 2 DL adds a few restrictions to the combination
of OWL 2 Full and RDFS, preserving decidability. SROZQ is the underlying

Table 2. Syntax of ALC

Atomic concept | Description

A Atomic concept

1 The notion that any explanation is empty
T The notion that contains any other concept
-A Negation

AUB Take the union of concepts

ANB Take the intersection of concepts

JdR.A Existential quantifier restriction

VR.A Universal quantifier restriction
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Table 3. Semantic of ALC

Atomic concept | Semantic

1L 17=0

T Ti=A

-A (~A) = A/AT

AUB (AuB)"' = AluB!

ANB (AHB) =A'npB!

JR.A (3RA) ={ac Al e A((a,b) € R Nbe AT)}
VR.A (VRA) ={acA|Vbe A((a,b) e R —be A)}

logic of OWL 2 DL, and this section will focus on the background knowledge of
SROIQ.

SROIQ K is composed of RBox R, TBox 7, and ABox A, the concept of
which is defined as C := L | T | =4 | {a} |> mR.A | IR.A.

A SROZIQ T contains the concept inclusion axiom C7M---MC, C C, the
disjoint axiom Dis(C1, Cs), and the equivalent concept C; = Cg

The RBox is a finite set containing the role inclusion axioms or disjoint
axioms. Role inclusion axioms are represented as Ry C Ry or R; o Ry C Rs,
and disjoint axioms are represented as Dis(Ry, Rs). Inverse roles and symmetric
roles are denoted as Inv(R) and Sym(R), also satisfy Inv(R) = R~ and Inv(R)
= R if a role is symmetric. Also, the transitive role is represented as Trans(R),
and RoR C R if arole is a transitive role. Fun(R) represents the functional role.

A SROIQ A without unique name assumption (UNA) includes individual
inequality # and individual equality a = b.

Reason Rules. The rule we use for reason is the combination of the two frag-
ments of OWL Horst and RDFS, shown in Table6 in the Appendix. Each rule
has at least one triple as antecedent, which triggers the outcome of the rule as
long as the antecedent of the rule can be satisfied, and there is only one out-
come. The OWL Horst fragment [21] is a more complex fragment. Its use is more
common and can also be called pD* rule set.

4 Optimize Forward Reasoning with Queries

We describe in this section the implementation details of the proposed algorithms
and techniques for optimizing the forward reasoning process. Because forward
reasoning is affected by semantic data scale and rules, we optimize forward rea-
soning by combining terminological triples to filter rules and data optimization
for large-scale semantic data driven by given queries. The terminological triple
pattern represents those triple schemas that use terms from RDFS or OWL
vocabularies as predicates or objects. We propose a query parsing algorithm and
design two modules: rule filtering and data optimization.
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4.1 Query Parsing Algorithm

We get the relevant SPARQL query before reasoning and then target the query
for reverse rule and data filtering. First, we need to parse the query to obtain a
collection of multiple query patterns. Second, parse the query patterns according
to the query parsing algorithm to get the key information we need in the query
and generate the key resource pool KR-POOL for further optimization. KR-
POOL contains resource entities that have determined values resolved from the
query. We only need to search for variables that meet the conditions based on
these resource entities and then generate the solution map. The above process
is shown in Algorithm 1.

Algorithm 1. Query Parsing Algorithm

Input: queryPath: the path of query

Output: queryPatternList: a collection of patterns for the query
1: query.readPath(queryPath)

2: List(String) queryList = query.getQueryList();

3: queryList.forEach(queryString—{

4: BufferedReader br = new BufferedReader(new StringReader(queryString));
5: String content = br.readLine();

6: Boolean start = false;

7: while content # ‘}’ do

8: if ‘PREFIX’ € content then

9: preReplace = content.split(“ ”);

10: preReplaceMap.put(preReplace[1],preReplace[2]);

11:  end if

12:  if ‘{’ € content then

13: start = true

14:  end if

15:  if start then

16: QueryModeConvert.convertQueryToModeList (content) —R;
17:  end if

18: end while

19: });

Example 1. Table 4 represents a SPARQL query, {p1,p2,p3,p4} is the query pat-
tern set of this query, where pi represents the i*" query pattern (i =1,2,3,4). After
we get the query pattern set of this query, we perform pattern parsing according
to the query pattern set. After parsing, it returns more fine-grained key resource
entities than the original query pattern. We put these key resource entities into
KR-POOL to form The initial set. KR-POOL is continuously updated in subse-
quent expansion operations. Figure 2 shows the key resource pool (KR-POOL)
generated after parsing, which contains the most direct resources required by
the query.
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Table 4. An example of SPARQL query

SPARQL Query Q

PREFIX rdf: <http://www.w3.0rg/1999/02/22-rdf-syntax-ns# >

PREFIX benchmark: <http://semantics.crl.ibm.com/univ-bench-dl.owl#>
SELECT 7x

WHERE {

?x rdf:type Publication . //pl

?x publicationAuthor ?y . //p2

?y rdf:type Faculty . //p3

7y isMemberOf <http://www.Department0.University0.edu> //p4

}

Publication

\t.yﬂe/v

isMemberOf
. publicationAuthor
<http://www.Department0.University0.edu>
L st
. Faculty _

Fig. 2. An example of KR-POOL

4.2 Generate Reason Rule Set

In the process of knowledge reasoning, we first limit the range of resources we
need according to the query to some extent, but this is not complete. A lot of
implicit knowledge is not represented, and while the scope is defined, some rules
are no longer needed because they do not lead to new results. However, reasoning
on these rules will undoubtedly cause a waste of time, so we expand the key
resource pool and filter the rules simultaneously to form a final reason rule set.
The specific implementation details of our algorithm are shown in Algorithm 2.

Example 2. Assume that the knowledge base has two semantic data: Publica-
tion0 type Article and Publicationl type Publication. The existing terminological
triplet is Article SubclassOf Publication. The KR-POOL obtained by query pars-
ing has two resource entities, type and Publication. The rules we can match are
R1, R2, R5, O13a, O14, and O15. According to the existing conditions, R5 is
finally added to the reason rule set. The updated knowledge base is Publication0
type Article, Publicationl type Publication, and Publicationl type Publication.
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Algorithm 2. Rule Filtering Algorithm
Input: OWLOntoMap: consists of OWL ontology
queryPatternList: consists of query patterns for the query
Output: R: extends resource
FO: filter Owl
: queryPatternList. Rs—R
: queryPatternList.Ro—R
: queryPatternList. Rp—R
while resource = R.next do
if resource € OWLOntoMap.keySet() then
OWLOntoMap—FO
OWLOntoMap.get(resource )—R
end if
: end while

© 0D wy

The terminological triples and semantic data in the above examples are sim-
ple cases. A real situation, however, is far more complicated than this, so the
rules of selection and matching are more complex. Therefore, how to effectively
screen and match rules is a key challenge.

We illustrate the process of rule filtering with query pattern p4. Rule filtering
is a process in which the query is first decomposed in reverse, then matched with
the rules, and the rules that can produce new results are put into the reason rules
for the following reason. 1) The resource entities in KR-POOL are matched with
the results of rules in the rule table, and the variable values in the antecedents of
rules are determined by combining the known terminological triple to obtain a
new query pattern after binding. 2) The newly obtained query pattern is taken as
the target of the new round. Combined with terminological triple and rule results,
the rule antecedents are found by matching recursion. During this process, the
matching rules are added to the reason rule set, and the newly added resource
entities are added to the KR-POOL until no new matching rules or resource
entities are generated. For example, in the dashed line in Fig.4, isMemberOf
obtains the new query mode University0) hasMember ?y according to the rules
07 and terminological triple hasMember OW L:inverseOf isMemberOf, when we
continue the recursion with the newly obtained query pattern, we find that the
resulting reason rule set and the resource entity are not updated, and we consider
the branch terminated. The final reason rule set is O7, R4. Figure 3 shows the
updated key resource pool.

4.3 Optimizing Semantic Data

Rule filtering generates a set of reason rules by excluding rules that do not
reason the results required by the relevant query. Therefore, in the process of
reasoning on large-scale semantic data, it can effectively reduce invalid reasoning
and shorten the reasoning time. Furthermore, with the final KR-POOL, our
proposed data optimization algorithm can optimize large-scale semantic data in
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isMemberOf ( isStudentOf )

type \_—/
S— Publication
piblicationAuthor <http://www.Department0.University0.edu> a enr;lln )

. Faculty " hasMember \)

Fig. 3. An example of updated KR-POOL

LhasMember owl:inverseOf isMemberOfJ isStudentOf  subPropertyOf isMemberOf J

Ijnmllln subPropertyOf  isStudentOf

Fig. 4. The process of generating reason rule set

advance, thereby avoiding reason on irrelevant data and further shortening the
reason time.

The data filtering process is given in Algorithm 3. According to the key
resource entities in the resource pool and large-scale semantic data, efficient
matching containing one or more key resource pool entity semantic data are
preserved for subsequent forward reasoning. Unmatched data are excluded in
advance, which not only reduces materialization time but also greatly optimizes
memory.

Example 3. Suppose the following semantic data is waiting for a reason: 1) Cleri-
calStaff0 isMemberOf University0, 2) UndergraduateStudent388 isFriendOf Asso-
ciateProfessort, 3) UndergraduateStudent0 enrollln University0, 4) Undergradu-
ateStudent30 hasSameHome TownWith UndergraduateStudent349, 5)FullProfes-
sorl type Faculty. The key resource pool is shown in Fig. 3, then data 1),3),5)
are filtered out to continue the reasoning, and data 2),4) are eliminated.
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Algorithm 3. Data filtering algorithm
Input: D: consists of RDF data
R: consists of resource
Output: AD: consists of RDF data after filter
1: while F = D.next do

2: if FRS¢ Rand FRO ¢ R and F.RP ¢ R then
3: Continue;

4: end if

5 F—AD

6: end while

5 The System and Implementation of SUMA-F

5.1 Architecture of SUMA-F

We implement three parts of Query Parsing Module, Rule Filter, and Data Filter
in the forward reasoning system SUMA-F. The overall system architecture is
shown in Fig. 5.

Ontology Ru

gt Rule Filter Re  |mp

BiAByA--AB,=H, on

SPARQL

Rule set

) EE—— Engine
2 KR-POOL@ Q
@
E‘,‘ —> Query Parsing Module ﬁ Q Q\)O Reasoner =)  Results
SPARQL N— O —

Semantic data

4‘3” —) Data Filter

N—

Fig. 5. Frame diagram of SUMA-F

The input of the system is Ontology, RDF data, SPARQL query, and OWL
Horst rule, and the output is query result. A total of five modules are Query
Parsing module, Rule Filter, Data Filter, Reasoner, and SPARQL Engineer.

Query Parsing Module takes queries as the input, parsing each query into
multiple query mode sets, parsing the entities in each query mode in the query
mode set, and placing the query mode related entities in the KR-POOL.

The Rule Filter module takes OWL Horst rule as input, matches the query
pattern with the rule header according to KR-POOL and query pattern output
by the Query Parsing Module, binds unknown variables with the input OWL 2
DL ontology, and continuously expands the query pattern. The matching rules
are saved into the reason rule set in the expansion process, and the KR-POOL
is updated with the newly added resource entities. This process continues recur-
sively until no new rules are generated in the reason rule set, no new resource
entities are added to the KR-POOL, and the recursion stops.
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The Data Filter module takes large-scale RDF Data as input and combines
the updated KR-POOL to match the three entities of the triple data with the
resource entities in the KR-POOL. As long as more than one entity can be
matched, the data are regarded as valid data. Otherwise, the data are discarded.
After the Data Filter module, the large-scale data screen out some irrelevant
data, and the data into the reasoning scale are greatly reduced, while reducing
the reasoning scale also has a certain optimization.

The Reasoner module uses the filtered data, and the reason rule set generated
by the Rule Filter module as the input for forward reason. The reason data and
SPARQL query are used as the input of the SPARQL Engineer to obtain the
final result.

6 Experiments

In this section, we implement our algorithm and compare it with other forward
reason systems to demonstrate the reason performance and system scalability of
SUMA-F. We simulate the dynamic database update scenario and verify that our
method can effectively adapt to the frequent data update scenario. By calculating
the percentage of irrelevant data reduced, the side reflects the optimization of
memory.

6.1 Experimental Settings

SUMA-F is implemented in Java and runs on a single-node server. The node is
based on the CentOS Linux release 7.9.2009 (Core) operating system. The CPU
is 4 cores, the model is Intel(R) Xeon(R) CPU E5-4603 0 @ 2.00 GHz, and the
memory is 128G.

Datasets. We use simulated and real datasets, and experiments are performed
on these two datasets. Since UOBM is more expressive than LUBM [23], we chose
UOBM as the simulation dataset and tested its 15 standard queries. DBpedia+
with additional tourism axioms on the DBpedia [2] dataset was selected as the
real dataset for experimental evaluation of DBpedia+ axioms and 1024 queries
against DBpedia+ provided by PAGOdA.

Baselines. We compare SUMA-F with three forward reason systems, SUMA,
Pellet, and PAGOdA. SUMA has better performance in forward reasoning. Pellet
is an OWL 2 DL reason engine and has reason completeness. PAGOdA shows
better performance in scalability, and it is based on RDFox for reason.

Evaluation Criteria. We will design experiments in the following four dimen-
sions: 1) Compare the completeness of reason with the forward reason system.
Since the current backward and hybrid reasoning systems usually do not provide
explicit instructions for completeness, we compare the completeness of our rea-
soning method with some complete forward reasoning systems on UOBM and
DBpedia+. 2) Test the data expansibility of the system. We test the scalability
of our system by recording reason and data loading times for each query on
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datasets of different sizes. 3) We also verify the effectiveness of data filtering
and rule filtering through experiments and manually simulate the reason per-
formance of our system and other forward reason systems when the database is
updated. 4) Calculating the percentage of the reduced data in the total data at
different data scales reflects the optimization of memory from the side.

6.2 Experimental Results

The Soundness and Completeness Evaluation. We compare reason com-
pleteness with SUMA, Pellet, and PAGOdA on UOBM(1), UOBM(100), and
DBpedia+, respectively. We can reflect the completeness of reasoning from the
side by counting the number of correct answers returned by different queries.
Since Pellet cannot return in time the results of queries on both UOBM(100)
and DBpedia+ datasets in a limited time, we denote the value as 0. We present
the results from the completeness experiments in Table5. One query on the
UOBM dataset failed to return all answers. The number of correct answers that
this query should return is 2465, and the number that our method returns is
2404. Despite missing 61 pieces of data, our reason completeness is still 97.5%.
And it is speculated that the completeness of the loss is due to the existence of
complex roles and relatively complex query patterns, which will continue to be
optimized in the future. The number of queries on DBpedia+ that returned the
correct answer is 1024, which reaches the completeness of reason.

Table 5. The number of queries with correct results

Dataset SUMA-F | SUMA | Pellet | PAGOdA
DBpedia+ 1024 1024 0 1024
UOBM(1) 14 15 15 15
UOBM(100) | 14 15 | 0 15

The Scalability Test. We test the scalability of UOBM on different data scales.
Figure6(a) shows the trend of data loading time as the data size increases.
Figure 6(b) shows the total reason time for 15 standard queries on different data
scales.

We test the materialization time according to different queries and compare
it with the forward reason system. In Fig. 7, the red line represents the average
materialization time, and it can be seen that the materialization time of SUMA-
F is less than that of SUMA. For the Q5 query, SUMA-F materializes in 341 ms
and returns all correct answers, while SUMA requires 543 ms.
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Fig. 6. Scalability for different data sizes on UOBM
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Fig. 7. Experimental results of materialization time

We randomly select six queries with different complexity and compare them
with SUMA in terms of data loading time (Fig.8(a)) and total reason time
(Fig.8(b)) on DBpedia+ dataset. From the results on the experimental graph,
it can be seen that for all queries of different complexity, the reason time and
data loading time of SUMA-F are much shorter than SUMA. When processing
the three queries Q4, Q5, and Q6, due to the small number of answers, SUMA-F
greatly reduces the reasoning time through the screening mechanism.
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Fig. 8. Experimental results on DBpedia+
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Effectiveness Testing of Data and Rule Filtering. We compare the changes
in reason performance of 15 queries before and after data filtering Fig.9) and
rule filtering (Fig. 10) on the UOBM dataset. It can be seen that the data and
rule filtering method effectively improves the reason performance and reduces
the materialization time. Thus, it is proved that our algorithm is effective for
optimizing forward reason.

We manually simulate the update operation of the database, add irrelevant
data to the data set to be reasoned in different proportions, and test the change
of materialization time between SUMA-F and the traditional forward reason
system. Irrelevant data means that for a specific query, no data related to the
query answer can be inferred, that is, data that is not helpful for the enrichment
of the query answer.

800
700
& 600
£ 500
T 400
E 300
= 200
100

0

Ql Q2 @3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12 Q13 Q14 Q15

N data_After data_Before

Fig. 9. Results of data filtering methods
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Fig. 10. Results of rule filtering methods

Traditional forward reasoning compute closures indiscriminately for such
irrelevant data, while our system avoids reasoning on such data, effectively
improving the overall performance. Figure 11 shows the change in materializa-
tion time for both systems as the proportion of irrelevant data increases. The
value of the abscissa represents the ratio of the amount of added irrelevant data
to the original data. It can be seen from the results that SUMA-F fluctuates
relatively smoothly with the update of the database. At the same time, SUMA,
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a traditional forward reason system, shows a large change in materialization
time. The updated scale gradually becomes larger, and the upward trend of
SUMA’s reasoning time becomes more and more obvious. Through the experi-
mental results, we show that SUMA-F reduces the cost of data update to a large
extent and realizes it as a forward reasoning system desensitized to data.
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Fig. 11. Materialization time when the database is updated

7 Conclusion

We optimize forward reasoning in this paper with a query-based approach. KR-
POOL is generated by parsing queries to filter reason rules and data. An orig-
inally large-scale data is refined into data that may produce all the answers
required by the query. The resulting reason rule set is used to forward mate-
rialize, and the query is conducted on the materialized data set. Memory is
effectively saved by downsizing rules and data. Since only valid data and rules
are forward materialized, the reasoning efficiency is significantly improved at the
expense of a part of reasoning completeness. In the future, we will continue to
optimize the parsing order of queries and filter rules and data in a more fine-
grained way. OWL 2 DL contains more complex roles, which causes us to lose a
part of completeness in the design of the optimization forward reasoning method.
We will further study to improve the completeness of reasoning in future work.
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Appendix

Table 6. RDFS and OWL Horst rulesets

Antecedents Consequent
R1: p rdfs:domain x, s p o = s rdfitype x
R2: p rdfs:range x, s p o = o rdf:type x
R3: p rdfs:subPropertyOf q, q rdfs:subPropertyOf r = p rdfs:subPropertyOf r
R4: s p o,p rdfs:subPropertyOf q = sqo
R5: s rdf:type x, x rdfs:subClassOf y = s rdfitype y
R6: x rdfs:subClassOf y, y rdfs:subClassof z = x rdfs:subClassOf z
O1: p rdf:type owl:FunctionalProperty, up v, up w = v owl:sameAs w
02: p rdf:type owl:InverseFunctionalProperty, v p u, w p u = v owl:sameAs w
03: p rdf:type owl:SymmetricProperty,v p u = upv
0O4: p rdf:type owl:TransitiveProperty, u p w, w p v = upv
O5: v owl:sameAs w = w owl:sameAs v
0O6: v owl:sameAs w, w owl:sameAs u = v owl:sameAs u
O7al p owl:inverseOf q, v p w = wqvVv
O7b: |p owliinverseOf q, v.q w = WwpV
08: v rdf:type owl:Class, v owl:sameAs w = v rdfs:subClsaaOf w
09: p rdf:type owl:Property, p owl:sameAs q = p rdfs:subPropertyOf q
O10: |u p v, u owl:sameAs x, v owl:sameAs y = Xpy
O1l1la: | v owl:equivalentClass w = v rdfs:subClassOf w
O11b: | v owl:equivalentClass w = w rdfs:subClassOf v
Ollc: | v rdfs:subClassOf w, w rdfs:subClassOf v = v rdfs:equivalentClass w
O12a: | v owl:equivalentProperty w = v rdfs:subPropertyOf w
O12b: | v owl:equivalentProperty w = w rdfs:subPropertyOf v
O12c: | v rdfs:subPropertyOf w, w rdfs:subPropertyOf v = v rdfs:equivalentProperty w
O13a: | v owl:hasValue w, v owl:onProperty p, u p w = u rdfitype v
O13b: | v owl:hasValue w, v owl:onProperty p, u rdf:type v = upw
O14: |v owl:someValuesFrom w, v owl:onProperty p,u p x, x rdf:type w| = u rdfitype v
0O15: |v owl:allValuesFrom u, v owl:onProperty p,w rdf:type v, w p x = x rdf:type u
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