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Keyword search enjoys great popularity due to succinctness and easy operability for
exploring RDF data. SPARQL has been recommended as the standard query language.
Thus, keyword search based on keywords-to-SPARQL attracts more and more attention.
However, existing solutions have main limitations that the summary index used for
translation is incomplete and thus results returned are wrong or short of some answers.
To address the issues, we propose an original RDF keyword search paradigm based on
the translation of keywords-to-SPARQL queries. We present a new type-based summary
which summarizes all the inter-entity relationships from RDF data. We exploit an effi-
cient search algorithm to quickly find the top-k subgraphs connecting all entering key-
word elements. Then, a transforming algorithm is leveraged to translate top-k subgraphs
into top-k SPARQL queries that are eventually executed by a SPARQL query engine.
The experiments show that our approach takes shorter query response time and more ac-
curate results are achieved than existing techniques.

Keywords: RDF keyword search, SPARQL, type-based summary, query translation, RDF
data graph

1. INTRODUCTION

Since the resource description framework (RDF) has been the standard for express-
ing and exchanging semantic metadata, there are large amounts of continuously growing
RDF data from different sources that include the DBLP dataset, the LUBM dataset, the
DBpedia dataset, and etc. RDF data is a collection of statements, called triples, of the
form (s, p, 0), where s is called the subject, p is called the predicate connecting the sub-
ject and the object, and o is called object. SPARQL [15] is a standard query language for
pattern matching against RDF graphs. The syntax resembles SQL, but SPARQL is far
more powerful, enabling queries spanning multiple disparate data sources containing
heterogeneous semi-structured data.

It is very difficult for non-expert users to issue SPARQL queries. First, users need
to know SPARQL query syntax. Second, in order to construct SPARQL queries, the vo-
cabulary of the underlying RDF data are required for users. Keyword search has been a
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popular tool of exploring RDF data for non-expert users. Therefore, we present an ap-
proach to translate keyword queries into SPARQL queries in order to make it easier for
non-expert users to compose SPARQL queries. Users only need to enter keywords and
then top-k query results answered can be directly returned. We provide users with a
friendly interface for querying RDF data on one hand and a better query performance
can be obtained by using existing SPARQL search engines on the other hand.

General keyword search can be divided into two categories, according to different
query processing ways. One directly constructs query results from keywords and dis-
cussed in the literature [2, 6-8, 11], where the subgraphs containing keywords are located
on the RDF data through efficient indexes such as summary indexes, path indexes, and
other auxiliary indexes. The other firstly constructs conjunctive queries and then exe-
cutes the queries by an underlying search engine, studied in the literature [4, 10, 17, 19],
where usually three steps, keywords mapping, constructing queries and ranking queries
are included. [19] proposes a query construction method by providing users a series of
incremental refinement steps to form queries in order to specify query intention of users
explicitly. Moreover, it requires users to grasp a little of domain knowledge. There are
other works related to keyword search studied in the literature [1, 12-14, 16]. In addition,
a new approach provides a general framework [20] by Granular Computing. Just as the
name itself stipulates, it deals with representing information in the form of some aggre-
gates and their ensuing processing, which can be applied into the big data (e.g., RDF
data) for dynamic clustering.

There are several advantages for the keyword search based on translation [17]. As
the summary performed by subgraph exploration is smaller than the real dataset, key-
word search based on translation is faster. Second, the generated queries are presented to
users in order to express users’ intent more clearly. In particular, we can exploit the op-
timization capabilities of existing search engines to improve query performance. Further,
in [17], the SCHEMA method, it has been proved that keyword search based on transla-
tion is faster than direct keyword query answering.

To our best knowledge, there exist few works on keyword search based on key-
words-to-SPARQL translation including [4, 10, 17]. In [10], RDF graph structure infor-
mation is extracted to construct structure indexes to produce conjunctive queries. How-
ever, structure index overhead is large and more query response time is taken. In [4], the
definition for the type-based summary in [4] follows SCHEMA. There exists limitation
in SCHEMA that it returns wrong results or no results for certain datasets because the
summary of SCHEMA loses some structure information in RDF data as to how one type
of the entity is connected to other types of the entity. In SCHEMA, all vertices with the
same type are indistinguishably mapped to the same type vertex, only one relationship
between the type vertices is kept, as shown in the Example 1. The same case is for the
vertex “Lecturer2”. The existing problems for SCHEMA are also elaborated in [11] so
they present a summary type based by partitioning and summarizing, which produces
more index overheads.

Example 1: In Fig. 1, “AssistantProfessor0” is mapped to the type vertex “AssistantPro-
fessor” on the summary, “University389”, “University942”, and “University643” are all
mapped to the same type vertex “University”. However, the properties “mastersDegree-



RDF KEYWORD SEARCH USING A TYPE-BASED SUMMARY 491

From”, “undergraduateDegreeFrom” and “doctoralDegreeFrom” can’t be all kept by
SCHEMA because SCHEMA can only keep one relationship.

Inspired by the problems, we present a new keyword search algorithm based on
key-words-to-SPARQL translation. The property path alternativePath of SPARQL 1.1 is
employed to incorporate properties with multi-edges when constructing the type-based
summary. As far as we know, this is the first work that applies the property paths of
SPARQL to the translation of keywords-to-SPARQL queries. To summarize, our prin-
cipal contributions are shown below:

(1) Through identifying and addressing limitations in method [4, 17], we design a new
type-based inter-entity relationship summary from the underlying RDF graph.

(2) We develop an efficient search algorithm to search for top-k subgraphs over the type-
based summary not over the entire RDF data graph. Further, a transforming algo-
rithm is leveraged to translate top-k subgraphs into top-k SPARQL queries.

(3) A detailed series of experiments are conducted on synthetic and real datasets to de-
termine the effectiveness of our approach. Experimental results show that our ap-
proach is more efficient and more scalable than existing methods.

In what follows, Section 2 formulates the problem dealt with by our approach and
provides an overview of our approach. Details on the type-based summary and the key-
word search with type-based summary are tackled in Sections 3 and 4, respectively. Sec-
tion 5 presents experimental evaluation. Section 6 concludes this paper.
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Fig. 1. Inter-entity relationship graph sample for LUBM.
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2. PROBLEM DEFINTIONS AND OVERVIEW OF THE APPROACH

Our approach is to construct the SPARQL query by finding inter-entity relation-
ships. A RDF data model is required. The definition for a RDF data graph is similar to
that in [17], as shown in Definition 1.

Definition 1: The data graph G is a tuple (V, E) where V' is the union of disjoint sets, V7,
Vrand V. Here Vg represents the set of entity vertices (i.e., IRIs), V7 represents the set
of type vertices, and Vi represents a set of keyword vertices. £ is the union of disjoint
sets Eg, E4, and Er, where Ey is the set of inter-entity edges that connects two entity ver-
tices, E4is the set of entity keyword edges and E7 is the set of entity-type edges. Each
edge is the form p(v, v,) with vi, v, €V and p is the property connecting v, and v;.

In our scenario, the user query Q, is a set of keywords (ki ..., k,,). The system que-
ries Os are SPARQL queries. SPARQL is the standard pattern-matching language for
querying RDF [15]. A simple SPARQL query form is shown below.

SELECT X WHERE P

The SPARQL query consists of two clauses, where the select clause identifies the
variables to appear in the query and the where clause provides the basic pattern to match
against the data graph. P is a graph pattern and X is a distinguished list of query variables
denoted by “?” or “$”. To construct the SPARQL query, it is a critical problem how to
translate subgraph paths to SPARQL queries. Rather than mapping each vertex and each
edge of produced top-k subgraphs to SPARQL queries, as SCHEMA does, we directly
translate subgraphs to the SPARQL queries through property paths of SPARQL.
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Fig. 2. Architecture and workflow.

To start with an overview of our approach, the following key steps are illustrated in
Fig. 2.

o Retrieve each keyword types W, the keyword &; belongs to by using an OPT index for a
given keyword query O = ki, k, ..., k.. (Steps 1-3)

e Exploit a graph exploration algorithm to look up top-k matching subgraphs for all pos-
sible combinations C = WixWyx ... xW,= {c = (W1, ..., wy)lw;eW;, i =1, ..., m}. (Step
4)
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e Take the hit combination C and top-k matching subgraphs for the query translator to
generate a set of top-k SPARQL translations of keyword query Q. (Step 5)

o Execute the top-k SPARQL queries (Step 6) by an underlying SPARQL search engine
and return top-k SPARQL query results answered to users. (Step 7)

The edge weight is set to 1. The graph exploration starts from each of matched
keyword elements. Then we need to find top-k subgraphs connecting all these keyword
elements. The top-k subgraphs are a ranked set by top-k combined distances. We take the
assumption that the answer roots are distinct as mentioned in [6, 17]. A subgraph G'=
{V', E'} is a qualified candidate when there is a root vertex » € J’ that is reachable by
vi € V' for i € [1, m] and the minimal subgraph G’ has the smallest combined distance sg

=>d(r,v,)-
i=1
3. TYPE-BASED SUMMARY

We deal with the type-based summary that is the key of the translation. During
translating keyword queries to SPARQL queries, the relationships between the entities
matched by keywords are needed. The vertex on the type-based summary matched by the
keyword is called the keyword element.

The subject of each RDF triple connects the object by the property which denotes a
relationship between the subject and the object. The triples with the same subject types
and the same object types have same properties in most cases. As for different properties,
we incorporate them. According to this observation, we construct a type-based summary
by summarizing all the inter-entity type relationships from RDF triples that response to
query patterns. Exploration over the summary will be much less than that over a large
RDF data graph.

By the perspective of the objective query, we define the type-based summary that
serves the translation of subgraphs to SPARQL queries. In [17], all the entities of the
same type are mapped to one vertex of its summary. For example, in Fig. 1, for triples,
“(AssistantProfessor0 undergraduateDegreeFrom University942)”, “(AssistantProfessor(
mastersDegreeFrom University389)” and “(AssistantProfessor0 doctoralDegreeFrom
University643)”, their subjects are all mapped to “AssistantProfessor” and objects are
mapped to “University’. However, only one property of properties “undergraduateDe-
greeFrom”, “mastersDegreeFrom”, “doctoralDegreeFrom” can be kept. Whatever prop-
erty is selected, the other two properties will be lost. In the case, we add alternative rela-
tionships between two type vertices of the summary by “|”, an alternative path operator
of SPARQL 1.1 (see Section 5.2). Thus, the relationships between “AssistantProfessor”
and “University” are incorporated into be “mastersDegreeFromjundergraduateDegree
From| doctoralDegreeFrom”, as illustrated in Fig. 3.

Definition 2: A type-based triple is a triple ¢ (cy, p, ¢,)e(lUB)xIx(IUB), where the sub-
ject and the object of the triple are represented by the type of the subject and the object
of the triple, respectively. Given a type-based triple p’ (¢}, c¢}), there exists at least a
group of RDF triples. [[p'(c, cp)]l:= {p'(s, 0)/p'(s, 0)€E, type(s, c))€E, type(o, c,)eE
and p’ denotes the property connecting s with o}.
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Example 2: To explain Definition 2, “(AssistantProfessor worksFor Department)” is a
type-based triple, where “AssistantProfessor” and “Department” are types and “works-
For” is the relationship between these two types. Each type-based triple has at least one
mapping in the RDF database, for instance, the RDF triple “(AssistantProfessor0 works-
For Department0)” and etc.

Definition 3: A type-base summary G’ (V', E') of a data graph G (V, E) is an aggregation
of all the distinct type-based triples. The property path operator alternativePath “|” is
employed to incorporate properties with multi-edges. Thus, all possibilities are tried.
Every vertex, v'e V¢ C V' denotes an aggregation of all the vertices v € V having the type
Vv [[V]]= {V/ type (v, v') € E}. Each edge p(vi, v5) = pi| pal, ---» |Pw» iff p1, P2, .., pu, and
Vi € [1, n], pi(s;, 0;) € E N type (s;, Vi) € E N type(o;, v3) € E, vi, vie V'. Every edge p
(v, 1) € E' represents a distinct property conjunction. V'= V.u{Others}. [[Others]] =
{v/ =3¢ € V. with type (v, ¢) € E and Others is the set of all the vertices in ¥ with no
given type}

A type-based triple in Definition 2 is employed to construct the type-based sum-
mary. In Definition 3, we define the inter-entity type relationship summary. To explain
the definition, Example 3 is given.

Example 3: Fig. 3 illustrates a type-based summary sample that summarizes all the in-
ter-entity type relationships from the partial LUBM dataset.
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Fig. 3. Type-based summary sample.

Example 4: We present the limitation of the type-based summary for SCHEMA by an
example and, meanwhile we prove the completeness of our type-based summary. Based
on the data in Fig. 1, Table 1 shows the produced SPARQL queries by two different
summaries, the type-based summary of SCHEMA and our type-based summary. Table 2
shows the SPARQL query results answered by these two approaches.

Notice that q;, ¢, or g; in Table 1 is the possible SPARQL query produced by
SCHEMA which means that the produced SPARQL query may be gy, ¢, or ¢; because
only one property is kept by SCHEMA. But our type-based summary incorporates the
multi-edge properties into a combined property using alternativePath operator “|”, like
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“ub:doctoralDegreeFrom|ub:undergraduateDegreeFrom|ub:mastersDegreeFrom” shown
in g4 of Table 1. As a result, Table 2 shows whatever SPARQL queries SCHEMA may
produce, the SPARQL query results are incomplete and lose a portion of data.

Table 1. SPARQL queries translated by different type-based summaries.
Query Id SPARQL queries
Select ?ap ?u where{?ap rdf:type ub:AssistantProfessor. ?u rdf:type

SCHEMA
N ) ub:University. ?ap ub:doctoralDegreeFrom ? }
4 SCHEMA) Select.?ap 7u where {?ap rdf:type ub:AssistantProfessor. ?u df:type
ub:University. ?ap ub:undergraduateDegreeFrom ?}
4 SCHEMA) Select ?ap ?u where{?ap rdf:type ub:AssistantProfessor. ?u dfitype

ub:University. ?ap ub:mastersDegreeFrom ?u}

Select ?ap ?u where{?ap rdf:type ub:AssistantProfessor. 7u dfitype
q4(OURS) ub:University. ?ap ub : doctoralDegreeFrom|ub : undergraduateDe-
greeFrom|ub : mastersDegreeFrom 2u}

Table 2. SPARQL query results answered for ¢, ¢,, ¢; and ¢,.

Query Id SPARQL query results answered
<http://www.Department0.University(0.edu/AssistantProfessor0>
ub:doctoralDegreeFrom <http://www.University643.edu>
<http://www.Department0.University(0.edu/AssistantProfessor0>
ub:undergraduateDegreeFrom <http://www.University924.edu>
<http://www.Department0.University(0.edu/AssistantProfessor0>
ub:mastersDegreeFrom <http://www.University389.edu>
<http://www.Department0.University(0.edu/AssistantProfessor0>
ub:doctoralDegreeFrom <http://www.University643.edu>
<http://www.Department0.University(0.edu/AssistantProfessor0>
ub:undergraduateDegreeFrom <http://www.University924.edu>
<http://www.Department0.University(0.edu/AssistantProfessor0>
ub:mastersDegreeFrom <http://www.University389.edu>

¢1(SCHEMA)
¢(SCHEMA),

¢;(SCHEMA)

44(OURS)

Algorithm 1: Summarize inter-entity type relationships

Input: RDF triples, D

Output: Sp, a summary graph with inter-entity type relationships
1 Variables: T, storing distinct type-based triples

2 for each RDF triple ¢ (s, p, o) c Dand p € Egr and i € [1, n]
3 Generate a type-based triple # (c,, p, ¢,) With t,(s, p, 0), t,(s, type, c¢,) and t,(o, type, ¢,)
4 Insert distinct #(c,, p, ¢,) into Tp;

5 for tt;cTpandi € [1, n]

6 for ttjeTpand; € [1, n]

7 if #1/.s is equal to #¢;.s and 1t}.0 is equal to #f;.0 and 1t.p is not equal to t;.p

8 Set t;.p to be a combined property #;.p| tt;.p, Remove #j;

9 Return Tp;
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Next, we describe how to build a type-based summary which is shown in Algorithm
1. Firstly, for each RDF triple, we replace the subject of the triple with its type and re-
place the object of the triple with its type (line 2-4). Then, the merging multi-edge prop-
erty operations lie in line 5-8. For a type-based triple #;e T, if there is a type-based triple
ttje T, whose subject and object are equal to the subject and the object of #; and whose
property is not equal to the one of 7z, the two properties of the type-based triples will be
incorporated into a combined property and ff/is removed from 7p. The combined proper-
ty is denoted as “#}.p|tt;p”. We repeat this process until the iteration ends (line 6-8). The
time complexity of the algorithm is O(n®) in which n is the number of the type-based
triples, namely the size of Tp.

4. KEYWORD SEARCH WITH TYPE-BASED SUMMARY

4.1 Search for Top-k Matching Subgraphs on Type-based Summary

The matched entities over the type-based summary are called keyword elements.
RDF graph data is preprocessed and is stored in a new OPT index that is similar to the
OPS index in [18]. However, our OPT index contains the object, the property and the
corresponding type. An object key o; is associated to a sorted vector of n; property keys,
{p1, Phs ..., pi.}. Every property key p;is successively linked to an associated sorted list of
ki; type keys. All RDF triples with £,and E7 relationships are kept to build the OPT in-
dex. In order to find top-k matching subgraph faster, we convert the type-based summary
graph to an undirected graph. The vertices are substituted by integer IDs. The search
algorithm for producing top-k subgraphs is shown in Algorithm 2. We utilize R[u] to
indicate the bookkeeping for the vertex u. Specially, in each element of R, we maintain
two structures, namely “<r, disty, ..., dist3>", where r is a connecting vertex, dist; is the
distance from r to w; and a collection of “<r, propertyPath, w>" structure stored in a
vector, where propertyPath is a property path from r to w;. The shortest distances are
pre-computed from u to each vertex over the type-based summary by Floyd algorithm
and this information is organized in a hash table denoted as M.

Algorithm 2 contains three main steps: Step 1, push each keyword element w of
each keyword element combination ¢ into the queue S; Step 2, call function visit (&) to
visit each element u of S when u hasn’t been visited and push each neighbor b of u into S;
these processes continue until S is empty; Step 3, execute Steps 1 and 2 until C is empty.
For function visit (#), we look up u’s combined distance to the other keyword elements
(line 11-21) by which we can know if we have found an answer root. Specially, a gen-
erous depth value d,,,=8 is used to reduce search space (line 14). A pruning threshold
Tprune 18 the current kth smallest combined distance (line 20-21). The function genProper-
tyPath (u, w)) is to keep property paths from u to w; used for query translation later (line
22-27). The time complexity of the algorithm is O((m*|C|*(d,.+€)), where |C| is the
number of keyword element combinations, m is the number of keywords, and e is the
number of edges adjacent to each header vertices visited. The worst case complexity is
O((m*|C|*(]GJ+e)) in which d,,,, is equal to |G| the size of the type-based summary.
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Algorithm 2: Search for top-k Matching Subgraphs

Input: C, a set of ¢ = {w, wy, ..., w,,}; G={V, E}; queue S; R, nodes visited < &J; pruning
threshold, ;e <=
Output: 4, answers found
1 for each combination ¢ = {wy, ws, ..., w,} € C
2 for each keyword element w € ¢
Push w into S;
while the queue S is not empty
Pop the head of S, set u=it;
if u has not been visited
Call visitNode(u) to visit u;
for each neighbor b of u

0 N N bW

9 Push b into queue S;
10 Return 4 (if found) or nil (if not)
11 visitNode(u) {
12 Insert a element, (u, L, ..., 1) into R;
13 for cachj € [1, m]

14 if the distance from u to jth keyword element is less than d,,,,

15 Insert the shortest distance Myx(u, w;) from u to w; into R[u].dist;

16 if the combined distance Z"il Rlu).dist, is not infinity

17 forj e [1, m]

18 Call genPropertyPath (u, w)), set R[u].path; = genPropertyPath (u, w));

19 Insert u into 4;

20 if the number of 4 is greater than &

21 Set 7, to be the kth smallest of {sumDist (u) [u € 4 }; }
22 genPropertyPath(u, w)){

23 if the distance from u to w; is less than 1

24 Insert a property path pattern (u, property,_,,;, w;) into P;
25 else

26 Insert a property path pattern (u, ppath,,_,,,, v,) into P;

27 Return P; }

4.2 Property Paths in SPARQL

Property paths are a new feature introduced in SPARQL 1.1 [15] as a way of adding
navigational power for querying over RDF graphs. A property path is a possible route
through a graph between two graph nodes. A trivial case is a property path of length ex-
actly 1, which is a triple pattern. Variables can’t be used as part of the path itself, only
the ends. Property paths allow for more concise expression for some SPARQL basic
graph patterns and they also add the ability to match connectivity of two resources by an
arbitrary length path. The SPARQL 1.1 specification is followed.

Definition 4: Let e: = (iri)|("e)|(ei/ez)|(e1]er)|(et)|(ex)|(e?)( {iriy|...lirig I {Nird .. Nirig}).
Here iri, iriy, ..., iri; are IRIs. ~e is the reverse path, e/e, is a sequence path of e; fol-
lowed by e, and ej|e; is an alternative path of e; or e,. We do not consider et, ex,
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e?, Wiriy|...| iriy} and !{"iri)|...|"iri,} because keyword search seldom encounters these
cases above. To illustrate Definition 4, the following example is presented.

Example 5: “ub:worksFor/ub:subOrganizationOf” is a sequence path of “ub:worksFor”
followed by “ub:subOrganizationOf” and “ub:headOflub:worksFor” is an alternative
path of “ub:headOf” or “ub:worksFor”.

Definition 5: A property path pattern is a triple in (/WL U V)xPPx(IULUV). Here 1
represents IRI, and L and V are same as that in Definition 1. In our approach, subgraph
paths are stored in the form similar to property path patterns, namely the structures with
“< >”1n line (24, 26) of Algorithm 2, as shown in Example 5.

Example 6: “<?x, {worksFor, suborganizationOf}, ?y>" is a property path pattern in
which “?x” and “?y” represents the subject variable and the object variable, respectively
and “{worksFor, suborganizationOf}” is a set of property path expressions.

4.3 Keyword Query Translation with Property Paths

Now we translate the top-k subgraphs into top-k SPARQL queries. Algorithm 3
contains three main steps: Step 1, for each element of A4, define a variable s,
initialized with “where {” and translate the vertices and edges of the connecting vertex in
A to m keywords; Step 2, define a variable s, initialized with “select distinct *”;
combine $,ee aNd Sgeree; and then insert $ypere+ Sseieer INt0 Q5 Step 3, execute Step 1 and
Step 2 until 4 is empty or i equals k. The time complexity of the algorithm is O
(k*m* Path'|), where k is the number of SPARQL queries to be computed and m is the
number of the keywords, and |Path’| is the average size of the property paths produced.
A complete translation from a subgraph to a SPARQL query can be obtained as follows:

o Processing of Vertices All the vertices in the top-k subgraphs are taken as distin-
guished variables so the select clause is “select distinct *”, where adding “distinct” is
to avoid generating duplicated results (line 8). The function var (v) returns the
SPARQL query variable denoted as “?v” (line 21).

e Mapping of subgraph paths The subgraph path in a vector Path is translated to
property paths of SPARQL query by checking Path’s size (lines 11-20). The predicate
path with length 1 is directly returned (lines 14-15). The property path with more than
one property are transformed by adding “/”” (lines 16-17). When path to tail is encoun-
tered, the property path is brought to an end without adding “/”” (lines 18-19).

e Mapping of edges with E, relationships Each £, edge that connects the keyword to
the entity is translated to two triple pattern expressions of SPARQL (var(x) edgeLa-
belonity—kepwora keyword) and (var(x) rdf:itype name,,,.) (lines 6-7), where edgeLabel,,;.
tokeywora ANd nAMey,, are derived from Map,,pern, and Map ..

Algorithm 3: Top-k Query Generation
Input: 4, a set of property path patterns; sy, select clause, s,.., Where clause, O, SPARQL

queries produced; Map,,,opery, storing (keyword-type, property) pairs; Map,,,. keeping (typeld,
type) pairs; Path, a property path vector;
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Output: O
1 for A is not empty and i=1, ..., k
2 Set a string s, = “Where {;

3 forj=1,...,m

4 Set a property path pattern variable p = 4.get(i).path;;

5 Swhere <— Swhere T var (p.s) transPropertyPath(p. PP) var(p.o);
6 Swhere < Swhere + Var(p.o) Mapproperty~get(kj — p.o) kj;

7 Swhere € Swhere T Var(p.o) rdf:type Map,y,,..get(p.o);

8 Set a string s, = “select distinct *”;

9 Swhere <= Swhere T “}”;

10 Insert (Sselec't+svvlzere) into Q’

11 transPropertyPath(Path) {

12 for i=0, ..., Path.size()

13 Set a variable pt= Path.get(i);
14 if Path.size() = 1

15 Set a variable pp = pt;

16 if i < Path.size() — 2

17 Set a variable pp = pp + pt/;
18 if i = Path.size() — 1

19 Set a variable pp = pp + pt;
20 Return pp; }

s
21 var(v) { Return ?v; // ?vis a SPARQL query variable denoted by adding “?” }

5. EXPERIMENTAL EVALUATION

LUBM [5] is the Lehigh University benchmark commonly used in the semantic web
community. By its generator, we have a dataset of 5 million triples to 28 million triples.
The real RDF datasets contain WordNet, Barton, DBpedia Infobox and BSBM. Two
existing methods, SUMM [11] and SCHEMA [17] are utilized to do comparative tests.
Our experiments are conducted on a SMP machine with 2.93 GHz Intel Core2 processors
and 4GB memory. We use [3] to store and query RDF data.

5.1 Search Performance

Table 4 presents 12 typical keyword queries [11]. Computing the response time is
similar to that in [11, 17]. The response time starts from entering keywords until getting
top-k query results answered that contains the translation time of keywords-to-SPARQL
queries and the executing time of SPARQL queries. The query response time is in log
scale. In Figs. 4 (a) and (b), the response time of SCHEMA, SUMM and our approach
investigated on the same queries.

The summary graph by SCHEMA lacks some inter-entity relationships as men-
tioned earlier. Thus, in what follows, we compare the query response time of SUMM
with our approach that has provable guarantees on the correctness of the query results
answered. As illustrated in the Fig. 5, for both SUMM and ours approach, the cost of
query evaluation generally becomes more expensive as the size of the data increases. Our
approach outperforms SUMM on query O,—Q4. As for k, we execute 30 SPARQL que-
ries with length 2, 3 and 4 on LUBM at 4=10, 15 and 20, respectively. The average time
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Table 4. Query examples.

Queries Keywords
O Pulication19, Lecturer6
0, Research5, Fullprofessor9, Publication17
0 FullProfessor9, GraduateStudent0, Publication18, Lecturer6
0O, Department0, GraduateStudent1, Publication18, AssociateProfessor0
0Os Afghan, Afghanistan, al-Qaeda, al-Qa’ida
Os 3"base, 1*'base, baseball team, solo dance
0, Knuth, Addison-Wesley, Number theory
Os Data Mining, SIGMOD, Database Mgmt.
o)) Bloomberg, New York City, Manhattan
Oio Bush, Hussein, Iraq
On deflation, railroaders
O ignitor, microprocessor, lawmaker
o I SUMM o’ [ SUMM
10° ESSEEMA 10° Eggﬁgm
g 10" g 10
E 10° E 10°
10 10"
10 Q1 Q2 Q3 Q4 10° Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12
(a) LUMB. (b) Other datasets.

Fig. 4. Query response time: (a) LUBM (b) other datasets.

Q1 Q2 Q3 Q4 Qi Q2 Q3 Q4

(a) Our approach. (b) SUMM.
Fig. 5. Query response time: (a) our approach vs. (b) SUMM.

6 10
B fength=2 —
ength=: 4 Summar
5t | =2 length=3 10 il
I (ength=4
4 10
g g 10°
P [
£ @
2 10’
1 10
10"
top-10 top-15 top-20 150k 500k 1M 5M  28M

Fig. 6. Impact of k on search performance. Fig. 7. Index size.
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is illustrated in Fig. 6. The time increases linearly when k& becomes larger. In addition,
the impact of query length on the search performance is minimal when £ is 10. The im-
pact of query length is substantial when a higher & is used instead. Thus, we set /=10.

Though our query response is implemented by Algorithms 2 and 3, the response
time complexity of our approach mainly depends on the time complexity of Algorithm 2.
We compare the response time complexity with that of SUMM and SCHEMA, respec-
tively. Our response time complexity of Algorithm 2 is O((m*|C|*(d,te)). The re-
sponse time complexity of SUMM is O(m*|K'|*m*|L|*|g|), where |K'| is the average
number of the keyword elements matching keywords, |L| is the number of portals in the
partition, and |g| is the size of each subgraph to be visited. Note that our response time
complexity is lower than that of SUMM, for |C| is approximately equal to |[K'|*m and
“dpt € 1s less than |L|*|g|. Although SCHEMA canno guarantee the correctness of
query results for LUBM, SCHEMA has a lower response time complexity O(m*|K'|*|N'|))
than that of our approach, where |K’| is the average number of the keyword elements
matching keywords, |NV'| is the average number of neighbors for the vertex to be visited,
|K'| is less than |C|, and |[N'| is less than e.

5.2 Index Performance

Computing the index time is similar to that in [11, 17]. We implement SUMM and
OURS approach on the same datasets. For LUBM, the size of the data is varied from
100,000 triples to 28 million triples illustrated in Fig. 8 (b). The plotted total time in-
cludes the time spent to construct the summary index and the time spent to construct the
OPT index. In Fig. 7, the size of the OPT index increases linearly when the size of the
dataset gets larger. However, the size of the summary index changes little as the number
of the RDF triples increases. Our approach performs an order of magnitude faster than
SUMM because partitioning millions of subgraphs and summarizing these subgraphs are
required for SUMM as shown in Fig. 8 (a).

3000

—e— SUMM 10° -
<— OURS —%— total index
2500 1 —8— summary index
10° E
2000
o —
3 3
E; 1500 % 10%
1000
10'
500
Y
10° 107 ) 05 1 5 2 25 3
Data size(triplex1 07) Data size(triplex107) x10"
(a) Index time: OURS vs. SUMM. (b) LUBM.

Fig. 8. Index time: (a) index time: OURS vs. SUMM (b) LUBM.

The index time complexity of SUMM is O(|T1*|V]+|P|*|S]), where |T] is the number
of types, |V] is the number of vertices of RDF graph, |P| is the number of partitions and
S| is the number of distinct summaries. Because the index construction or our approach
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is implemented by Algorithm 1, our index time complexity is O(n%). n is less than |V, |P|
and |S|. Therefore, our index time complexity is much lower than that of SUMM.

6. CONCLUSIONS

In this paper, we present a new approach by using a type-based summary to
translate keyword queries to SPARQL queries which makes it easier for no-expert users
because users are not required to master RDF query languages and the underlying RDF
schema. In addition; (i) We distill a complete type-based summary from RDF dataset in
order to find inter-entity relationships used for keywords-to-SPARQL translation; (ii)
During translating keyword queries into SPARQL queries, we exploit the property path
expressions of SPARQL 1.1 including predicatePath, SequencePath, ReversePath and
AlternativePath; (iii) Efficient algorithms are leveraged to find top-k subgraphs and
translate top-k sub-graphs into SPARQL queries. The experimental results on synthetical
and real datasets show that our approach is scalable, efficient and portable. In the future,
we plan optimize SPARQL queries using property paths to improve query performance.

REFERENCES

1. G. Bhalotia, A. Hulgeri, C. Nakhe, S. Chakrabarti, and S. Sudarshan, “Keyword
searching and browsing in databases using banks,” in Proceedings of the 29th IEEE
International Conference on Data Engineering, 2002, pp. 431-440.

2. Y. Chen, W. Wang, Z Liu, and X. Lin, “Keyword search on structured and semi-
structured data,” in Proceedings of ACM SIGMOD International Conference on
Management of Data, 2009, pp. 1005-1010.

3. L. Garrison, R. Stevens, and A. Jocuns, “Efficient rdf storage and retrieval in jena2,”
Exploiting Hyperlinks, Vol. 51, 2004, pp. 35-43.

4. K. Gkirtzou, G. Papastefanatos, and T. Dalamagas, “RDF keyword search based on
keywords-to-SPARQL translation,” in Proceedings of the Ist International Work-
shop on Novel Web Search Interface and Systems, 2015, pp. 3-5.

5. Y. Guo, Z. Pan, and J. Heflin, “Lubm: A benchmark for owl knowledge base sys-
tems,” Web Semantics Science Services and Agents on the World Wide Web, Vol. 3,
2005, pp. 158-182.

6. H. He, H. Wang, J. Yang, and P. S. Yu, “Blinks: ranked keyword searches on
graphs,” in Proceedings of ACM SIGMOD International Conference on Manage-
ment of Data, 2007, pp. 305-316.

7. V. Kacholia, S. Pandit, S. Chakrabarti, S. Sudarshan, R. Desai, and H. Karambelkar,
“Bidirectional expansion for keyword search on graph databases,” in Proceedings of
International Conference on Very Large Data Bases, 2005, pp. 505-516.

8. M. Kargar and A. An, “Keyword search in graphs: finding r-cliques,” in Proceed-
ings of the VLDB Endowment, 2011, pp. 681-692.

9. G. Klyne, J. J. Carroll, “Resource description framework (RDF): Concepts and abst-
ract Syntax,” W3C Recommendation, http://www.w3.0rg/TR/2004/REC-rdf-concepts-
200 40210/.



RDF KEYWORD SEARCH USING A TYPE-BASED SUMMARY 503

10. G. Ladwig and T. Tran, “Combining query translation with query answering for effi-
cient keyword search,” in Proceedings of International Conference on the Semantic
Web: Research and Applications, 2010, pp. 288-303.

W. Le, F. Li, A. Kementsietsidis, and S. Duan, “Scalable keyword search on large RDF
data,” IEEE Transactions on Knowledge and Data Engineering, Vol. 26, 2014, pp.
2774-2788.

11. G. Li, B. C. Ooi, J. Feng, J. Wang, and L. Zhou, “Ease: an effective 3-in-1 keyword
search method for unstructured, semi-structured and structured data,” in Proceedings of
ACM SIGMOD International Conference on Management of Data, 2008, pp. 903-914.

12. X. Lian, E. D. Hoyos, A. Chebotko, B. Fu, and C. Reilly, “K-nearest keyword search in
rdf graphs,” Journal of Web Semantics, Vol. 22,2013, pp. 40-56.

13. F. Liu, C. Yu, W. Meng, and A. Chowdhury, “Effective keyword search in relational
databases,” in Proceedings of ACM SIGMOD International Conference on Manage-
ment of Data, 2006, pp. 563-574.

14. E. Prud’hommeaux and A. Seaborne, “W3C. SPARQL 1.1 overview,” http://www.w3.
org/TR/2013/REC-sparql11-overview-20130321/, 21 March 2013.

15. L. Sidirourgos, R. Goncalves, M. Kersten, N. Nes, and S. Manegold, “Column-store
support for RDF data management: not all swans are white,” in Proceedings of Inter-
national Conference on Very Large Data Bases, 2008, pp. 1553-1563.

16. T. Tran, H. Wang, S. Rudolph, and P. Cimiano, “Top-k exploration of query candidates
for efficient keyword search on graph-shaped (RDF) data,” in Proceedings of IEEE
International Conference on Data Engineering, 2009, pp. 405-416.

17. C. Weiss, P. Karras, and A. Bernstein, “Hexastore: sextuple indexing for semantic web
data management,” in Proceedings of the VLDB Endowment, 2008, pp. 1008-1019.

18. G. Zenz, X. Zhou, E. Minack, W. Siberski, and W. Nejdl, “From keywords to semantic
queries-incremental query construction on the semantic web,” Journal of Web Seman-
tics, Vol. 7, 2009, pp. 166-176.

19. G. Peters and R. Weber, “DCC: A framework for dynamic granular clustering,” Gran-
ular Computing, Vol.1, 2016, pp. 1-11.

Xiao-Qing Lin received the M.S. degree in Computer Applica-
tion Technology from Shenyang Aerospace University, China. She is
currently pursuing the Ph.D. degree in the School of Computer Sci-
ence and Engineering, Northeastern University, China. Her research
interests include RDF keyword search and the Semantic Web.




504

XIAO-QING LIN, ZONG-MIN MA AND LI YAN

Zong-Min Ma is currently a Full Professor at Nanjing Uni-
versity of Aeronautics and Astronautics, China. He received his
Ph.D. degree from the City University of Hong Kong, China. His
research interests include databases, the Semantic Web, and know-
ledge representation and reasoning with a special focus on infor-
mation uncertainty. He has published more than one hundred and
seventy papers on these topics. He is also the author of four mon-
ographs published by Springer. He is a senior member of the IEEE.

Li Yan is a Full Professor at Nanjing University of Aeronau-
tics and Astronautics, China. She received her Ph.D. degree from
Northeastern University, China. Her research interests include da-
tabases, XML and the Semantic Web with a special focus on spati-
otemporal information and uncertainty. She has published more
than sixty papers on these topics. She is also the author of two
monographs published by Springer.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


