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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 

that can retrieve any answers users need from available RDF data. Thus, keyword search 

based on keywords-to-SPARQL attracts more and more attention. However, existing so-

lutions 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 these issues, 

we propose an original RDF keyword search paradigm based on the translation of key-

word queries to SPARQL queries. We present a new type-based summary which sum-

marizes all the inter-entity relationships from RDF data in order to prune search space. 

We exploit an efficient search algorithm to quickly find the top-k subgraphs connecting 

all entering keyword elements. Then, a transforming algorithm is leveraged to translate 

the top-k subgraph into top-k SPARQL queries that are eventually executed by a 

SPARQL query engine. The experiments show that our approach takes shorter query re-

sponse time and more accurate results are achieved than the existing techniques.  
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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 various fields. For example, the linked open data (LOD) integrates bil-

lions of related data from different sources. These sources include the DBLP dataset, the 

LUBM dataset, the DBpedia dataset, and so on. RDF data is a collection of statements, 

called triples, of the form (s, p, o), where s is called subject, p is called predicate, and o is 

called object, and each triple states the relation between a subject and an object. 

SPARQL [18] 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. A 

SPARQL query example is given below, which aims to find all the courses taught by 

“AssistantProfessor0” in the department “Department0” for the LUBM dataset. In the 

SPARQL query below, “ub” is the prefix, regex (string, keyword) of where clause is a 

filter function that returns true if string contains keyword. 

select ?x ?y 

where{ ?x ub:teacherOf ?y. 

?x rdf:type ub:AssistantProfessor. 

?y rdf:type ub:Course. 



XIAO-QING LIN AND ZONG-MIN MA 

 

2 

 

?x ub:worksFor ?z. 

?z rdf:type ub:Department. 

?z ub:name "Department0". 

?x ub:name ?name. FILTER regex (?name, “AssistantProfessor0”) } 

It is very difficult for non-expert users to issue SPARQL queries like the example 

above though SPARQL is powerful. First, users need to know SPARQL query syntax. 

Second, in order to construct SPARQL queries, the vocabulary and the ontology of the 

underlying RDF data are required for users, e.g., the relationships in the SPARQL exam-

ple, “ub: teacherOf”, “ub: worksFor”, types “ub:AssistantProfessor”, “ub:Course” and so 

on. Keyword search has been a popular tool of exploring RDF data for non-expert users. 

Therefore, we present an approach 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 bet-

ter query performance can be obtained by using existing SPARQL search engines on the 

condition of guaranteeing the correctness on the other hand. 

In 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 [3], [7-9], [12] where the subgraphs containing keywords are lo-

cated 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 ex-

ecutes the queries by an underlying search engine, studied in the literature [5], [11], [16], 

[22], [24] where usually three steps, keywords mapping, constructing queries and ranking 

queries are included. In [16], a statistical method is proposed that selects the most likely 

SPARQL query from a ranked list of SPARQL by a probabilistic query ranking model. 

Similar to the most statistical methods, the results are affected by the probabilistic model 

greatly. [24] proposes a query construction method by providing users a series of incre-

mental refinement steps to form queries in order to specify query intention of users ex-

plicitly. Moreover, it requires users to grasp a little of domain knowledge. There are other 

works related to keyword search studied in the literature [2], [13-15], [21]. In addition, a 

new approach provides a general framework [25] by Granular Computing. Granular 

computing, as the name itself stipulates, deals with representing information in the form 

of some aggregates and their ensuing processing, which can be applied into the big data 

(e. g., RDF data) for dynamic clustering [25]. The more related Granular Computing is 

discussed in [26-33]. 

There are several advantages for the keyword search based on translation [22]. As 

the summary performed by subgraph exploration is smaller than the real dataset, keyword 

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 optimiza-

tion capabilities of existing search engines to improve query performance. Further, in [22] 

the SCHEMA method, it has been proved that keyword search based on translation 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 [5], [11], [22]. In [11], RDF graph structure in-

formation is extracted to construct structure indexes in order to produce conjunctive que-
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ries. However, structure index overhead is too large and more query response time is 

taken. In [5], a set of SPARQL candidate queries are automatically generated and these 

SPARQL queries are executed by a SPARQL search engine. Nevertheless, the definition 

for the type-based summary in [5] follows the SCHEMA method. There exists limitation 

in SCHEMA that it returns wrong results or no results for some queries because the 

summary index of the SCHEMA method loses too much structure information in RDF 

data as to how one type of the entity is connected to other types of the entity, namely the 

property. Therefore, the summary index determines the quality of the translation. In 

SCHEMA, all vertices with the same type are indistinguishably mapped to the same type 

vertex, only one relationship (property) between the type vertices is kept, as shown in the 

Example 1. The same case is for the vertex “Lecturer2”. SCHEMA performs well on the 

datasets with regular topological structure (like DBLP). However, it returns wrong or 

incomplete answers for the dataset LUBM, as illustrated in Fig. 1. The existing problems 

for SCHEMA are also elaborated in [12] so they present a summary type-based by parti-

tioning and summarizing, which produces more index overheads. 

Example 1. In Table 1, by the SCHEMA method, “AssistantProfessor0” is mapped to the 

type vertex “AssistantProfessor” in the summary, “University389”, “University942”, and 

“University643” are all mapped to the same type vertex “University”. However, the 

properties “mastersDegreeFrom”, “undergraduateDegreeFrom” and “doctoralDegree-

From” can’t be all kept by the SCHEMA method because SCHEMA can only keep one 

property. 

 

 

 

 

 

 

 

 

 

 

Fig. 1. SCHEMA method [22] 

 

With regard to the aforementioned problems, we present a new keyword search al-

gorithm based on keywords-to-SPARQL translation where a new type-based summary is 

developed that summarizes all the inter-entity relationships for RDF data graph with less 

index overheads. The property path alternativePath of SPARQL 1.1 is employed to in-

corporate properties with multi-edges while constructing the type-based summary. The 

property path operator “|” connects different properties of RDF triples having same types 

of subjects and same types of objects. Yet, as far as we know, this is the first work that 

applies the property paths of SPARQL to the translation of keyword queries to SPARQL 

queries. Given a keyword query, the type-based summary is utilized to reduce the search 

space that brings about much better efficiency than the existing solutions. During trans-

lating top-k subgraphs, we employ the property paths of SPARQL 1.1 that make the 
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translation more directly and efficiently. Finally, the produced queries are implemented 

by a SPARQL search engine. To summarize, our principal contributions are shown be-

low: 

(1) Through identifying and addressing limitations in method [5, 22], we design a 

new and type-based inter-entity relationship summary from the underlying RDF graph. 

We provide examples in which these limitations can lead to incomplete or wrong query 

answers in real RDF datasets.  

(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. Moreover, a transforming algo-

rithm is leveraged to translate top-k subgraphs into top-k SPARQL queries. Unlike the 

method in [22] that returns top-k queries to users and lets users select one query to exe-

cute, the top-k SPARQL query results are all returned and the most relevant answers are 

selected by users in our approach. 

(3) A detailed series of experiments are conducted on synthetic and real datasets to 

determine the effectiveness of our approach by three dimensions, the size of the 

type-based summary, the time of translating keyword queries to SPARQL queries and the 

query response time. Experimental results show that our approach is more efficient and 

more scalable in correctly answering keyword queries than existing methods. 

In what follows, the problem dealt with by our approach is formulated in Section 2. 

Section 3 provides an overview of our approach. Details on the type-based summary and 

the keyword search with type-based summary are tackled in Section 4 and Section 5 re-

spectively. Section 6 presents experimental evaluation. Finally, the conclusion of the re-

search is arrived in Section 7. 

2. PROBLEM DEFINTIONS 

Intuitively, a keyword query for RDF data is to find subgraphs containing all the 

keywords. However, our approach is to construct SPARQL query by finding inter-entity 

relationships. Here, the user’s entering keyword is denoted as Qu and the generated 

SPARQL query is denoted as Qs. Whether the translation of Qu to Qs or the execution of 

SPARQL queries, the data graph G, a RDF data model containing triples is required. The 

definition for a RDF data graph is similar to that in [22], as shown in Definition 1. 

Definition 1. The data graph G is a tuple (V, E) where V is the union of disjoint sets, VE, 

VT and VK, where VE denotes the set of entity vertices (i.e., IRIs), VT denotes the set of 

type vertices, and VK denotes a set of keyword vertices. E is the union of disjoint sets ER, 

EA, and ET in which ER represents the set of inter-entity edges that connects two entity 

vertices, EA is the set of entity keyword edges that connects keyword to entity, and ET is 

the set of entity-type edges that connects entity to its type. Each edge is the form p (v1, v2) 

with v1, v2 V and p is the property connecting vertices v1 and v2. 

Fig. 2 illustrates a sample of inter-entity relationships for the LUBM dataset. We use 

Fig. 2 to illustrate our approach. RDF data can be represented by several data models. 

Triple store models RDF data by triples in [17, 23]; column store organizes each column 

of RDF data in a separate table in [19, 20]; property tables store RDF data in several ta-

bles, each of which contains one or many attributes in [1, 4]. In our scenario, the RDF 

data graph is stored in a single table shown in Table 1 where RDF triples correspond to 
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those in Fig. 2.  

Queries In our scenario, the user query Qu is a set of keywords (k1, ..., km). The sys-

tem queries QS are SPARQL queries such as the SPARQL example in Section 1. 

SPARQL is the standard pattern-matching language for querying RDF [18]. A simple 

SPARQL query form is shown below. 

SELECT X WHERE P 

The SPARQL query consists of two clauses in which the select clause that identifies 

the variables to appear in the query and the where clause that 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 “$”.  

Problems In order to construct the SPARQL query, it is a critical problem how to 

translate subgraph paths to SPARQL queries. Rather than map each vertex and each edge 

of produced top-k subgraphs to the SPARQL queries, as SCHEMA does, we directly 

translate the subgraphs to the SPARQL queries through property paths of SPARQL query 

where the relationships between SPARQL query variables are obtained by traversing the 

type-based summary. Moreover, a produced subgraph path of the form “(AssistantPro-

fessor, worksFor→subOrganizationOf, University)” is transformed into a property path 

pattern of SPARQL with form “(?x worksFor/subOrganizationOf ?y)” in which “works-

For/subOrganizationOf” belongs to the sequencePath of SPARQL property paths. Nev-

ertheless, the property path is only in predicate position of triple pattern (see Section 5.3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. Inter-entity relationship graph sample for LUBM data 

 

Table 1. Single table schema 

Subject Predicate Object 

University

0

Department

0

Department
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SubOrganizationof
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University

389 University
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MastersDegreeFrom

DoctoralDegreeFrom

University
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UndergraduateDegreeFrom

Course38

Course39

Graduate

Course40

Graduate

Course39

teacherOf

teacherOf

teacherOf

teacherOf

Publication

0publicationAuthor

Graduate

Student44

Graduate

Student113

PublicationAuthor

PublicationAuthor

Publication

1

pubicationAuthor

Lecturer2worksFor

University

16
undergraduateDegreeFrom

mastersDegreeFrom

University

820

University

123

doctoralDegreeFrom

Course55

Graduate

Course59

teacherOf

teacherOf

Research

Group0

subOrganizationOf

Research

Group1

subOrganizationOf

Undergraduate

Student1

takesCourse

Graduate

Student136

Advisor

memberOf
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Department12 subOrganizationOf University0 

Department0 subOrganizationOf ResearchGroup1 

Department0 subOrganizationOf University0 

AssistantProfessor0 worksFor Department0 

AssistantProfessor0 teacherOf Course39 

AssistantProfessor0 teacherOf Course38 

UndergraduateStudent1 takesCourse Course38 

AssistantProfessor0 teacherOf GraduateCourse39t 

AssistantProfessor0 teacherOf GraduateCourse40 

GraduateStudent136 advisor AssistantProfessor0 

AssistantProfessor0 mastersDegreeFrom University389 

AssistantProfessor0 undergraduateDegreeFrom University942 

AssistantProfessor0 doctoralDegreeFrom University643 

Publication1 publicationAuthor AssistantProfessor0 

Publication0 publicationAuthor AssistantProfessor0 

Publication0 publicationAuthor GraduateStudent44 

Publication0 publicationAuthor GraduateStudent113 

GraduateStudent113 memberOf Department0 

Lecturer2 worksFor Department0 

Lecturer2 teacherOf Course55 

Lecturer2 teacherOf GraduateCourse59 

Lecturer2 doctoralDegreeFrom University123 

Lecturer2 undergraduateDegreeFrom University16 

Lecturer2 mastersDegreeFrom University820 

3. OVERVIEW OF THE APPROACH 

To start with an overview of our approach, the following key steps of which are il-

lustrated in Fig. 3. 

 Retrieve each keyword types Wi which the keyword ki belongs to by using an 

OPT index for a given keyword query Q = k1, k2, ..., km. (Step (1)-(3)).  

 Exploit a graph exploration algorithm to look up top-k matching subgraphs for 

all possible combinations C = W1× W2× ... × Wm= {c = (w1, ..., wm )| wi  Wi, i = 

1, ..., m}. (Step (4)) 

 Take the hit combination C and top-k matching subgraphs for the query transla-

tor to generate a set of top-k SPARQL translations of keyword query Q. (Step 

(5)) 

  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)) 

Running Example Fig. 4 is a type-based summary for the inter-entity relationship graph 

illustrated in Fig. 2. The summary graph contains inter-entity relationships which divide 

a RDF graph into different groups.  
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Specifically, the query keywords given in the example SPARQL query above are 

mapped to the corresponding vertices of the summary graph. For instance, the vertex 

“AssistantProfessor0” and “Department0” are mapped to vertex “AssistantProfessor” and 

“Department” respectively in the summary graph as a hit combination. The weight 1 is 

assigned to each edge in G by our approach. The graph exploration starts from each of 

these three vertices, then we need to find top-k subgraphs connecting all these two key-

word elements (modeling the summary graph as an undirected graph). A subgraph G’= 

{V’, E’} is a qualified candidate when: 

a) There is a root vertex r  V’ that is reachable by vi V’ for i  [1, m].  

b) The minimal subgraph G’ has minimum combined distances sg = 


m

i
ivrd

1

),(  

to connect all the vis from r and 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 [7, 22]. 

Our subgraph is in the form of the structure “< r, pp1, ..., ppi>” where ppi is the property 

path from r to vi. By using the structures, the resulting matching top-k subgraphs are 

transformed into the top-k SPARQL queries and then the queries are executed by a 

SPARQL search engine.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. Architecture and workflow 

4. TYPE-BASED SUMMARY 

In the section, 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. In Table 1, we notice that the triples with 

same subject types and same object types have same properties in most cases. For in-

stance, for RDF triples of form (s, p, o), “(Department0 subOrganizationOf University0)” 

and “(Department12 subOrganizationOf University0)”, their subject type is “Department”, 

User

Query

Translator

Top-K SPARQL 

Queries

(5)

OPT index

RDF(s)

Database(1) Keyword 

Query

(2)Q 

(3) Hit(Q) 

Keywords to types

Graph

Summary
Top-K  Query 

results
(4) Graph Exploration
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their object type is “University” and their property are all “subOrganizationOf”. As for 

different properties, we incorporate them. According to this observation, we construct a 

type-based summary of inter-entity relationships. We summarize all the inter-entity rela-

tionships of RDF triples that response to query patterns. Exploration over the summary 

will be much less than that over a large RDF data graph. 

From the perspective of the objective query the SPARQL query, we define the 

type-based summary that serves the translation of subgraphs to SPARQL queries. In [22], 

all the entities of the same type are mapped to one vertex of its summary, which loses too 

much data structure information with regard to how one type of entities is connected to 

other types of entities. For example, in Fig. 2, for triples, “(AssistantProfessor0 under-

graduateDegreeFrom University942)”, “(AssistantProfessor0 mastersDegreeFrom Uni-

versity389)” and “(AssistantProfessor0 doctoralDegreeFrom University643)”, their sub-

jects are all mapped to “AssistantProfessor” and objects are mapped to “University’. 

However, only one property of properties “undergraduateDegreeFrom”, “mastersDegree-

From”, “doctoralDegreeFrom” can be kept by the approach in [22]. Whatever property is 

selected, the other two properties will be lost. The method doesn’t consider the case in 

which there may be more than one property. In the case, we add alternative relationships 

between two type vertices of the summary by “|” that is an alternative path operator of 

SPARQL 1.1 (see Section 5.3). Thus, for the example above, the relationships between 

“AssistantProfessor” and “University” are incorporated into be “mastersDegree-

From|undergraduateDegreeFrom|doctoralDegreeFrom”, as illustrated in Fig. 4. We di-

rectly utilize “|” operator to combine the properties because it is a SPARQL query opera-

tor and furthermore, more transformation operations during translating keyword queries 

to SPARQL queries are saved.  

Definition 2. A type-based triple is a triple t (cs, p, co )  ( I ∪ B ) × I × ( I ∪ B ) where 

the subject 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’s, c’o), there exists at least 

a group of RDF triples.  p’ (c’s, c’o) ]]:= { p’(s, o)/ p’(s, o)  E, type (s, c’s)  E, type 

(o, c’o)  E and p’ represents the property connecting s with o}.  

Example 2. To explain Definition 2, “( AssistantProfessor worksFor Department )” is a 

type-based triple where “AssistantProfessor” and “Department” are all types and 

“worksFor” 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 “(AssistantProfes-

sor0 worksFor 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. In the case where there are more than one relation-

ship in type-based triples with same subject and same object, multiple edge labels are 

incorporated into be a combined edge label. The property path operator alternativePath 

“|” is exploited to combine properties with multi-edges. Thus, all possibilities are tried. 

Every vertex, v’ VC ⊂ V’ denotes an aggregation of all the vertices v  V having the 

type v’.  v’ ]]:= {v/ type (v, v’)  E}. Each edge p(v’1, v’2) = p1| p2| ,..., |pn, iff p1 , p2, ..., 

pn, and ∀i  [1, n], pi (si, oi)  E ∩ type (si, v’1)  E ∩ type(oi, v’2)  E, v’1, v’2 V’. 

Every edge p (v1, v2)  E’ represents a distinct property conjunction. V’= Vc∪{ Others }. 

We assign types to the entities without types,  Others]] = {v/¬∃c  Vc with type (v, c)  

E and Others is the set of all the vertices in V with no given type} 
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A type-based triple is firstly defined given in Definition 2 which is utilized to con-

struct the type-based summary. Specially, in order to keep all the inter-entity relationships 

or subclass relationships, we construct an inter-entity type relationship summary given in 

Definition 3. To illustrate Definition 3, Example 3 is presented below. 

Example 3. Fig. 4 illustrates a type-based summary sample that summarizes all the in-

ter-entity type relationships from the partial LUBM dataset. Notice that it divides a RDF 

graph into different groups.  

 

 

 

 

 

 

 

 

 

 

 

Fig. 4. Type-based summary sample 

 

Example 4. We present the limitation of the type-based summary for SCHEMA by an 

example and prove the completeness of our type-based summary. Based on the data in 

Fig. 2, Table 2 shows the produced SPARQL queries by two different summaries, the 

type-based summary of SCHEMA and our type-based summary, and Table 3 shows the 

SPARQL query results answered by these two approaches. Specially, only one query q1, 

q2 or q3 can be produced by SCHEMA.  

Notice that q1, q2 or q3 in Table 2 is the possible SPARQL query produced by SCHEMA 

which means that the produced SPARQL query may be q1, q2 or q3 because only one 

property is kept by SCHEMA. But our type-base summary incorporates the multi-edge 

properties into a combined property using property path alternativePath operator “|”, for 

instance, 

“ub:doctoralDegreeFrom|ub:undergraduateDegreeFrom|ub:mastersDegreeFrom” shown 

in q4 of Table 2. As a result, Table 3 shows whatever SPARQL queries SCHEMA may 

produce, the SPARQL query results are incomplete and lose a portion of data. However, 

our SPARQL queries return all the data information.  

Next, we describe how to construct a type-based summary SD which is shown in Al-

gorithm 1. Each RDF triple consists of three elements, subject, predicate and object 

which are denoted as s, p and o respectively in the Algorithm 1. “t (s, p, o)”, “tt (cs, p, co)”, 
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“tst (s, type, cs)” and “tot (o, type, co)” in Algorithm 1 all represent RDF triples. Now we de-

scribe the algorithm. Firstly, for each RDF triple with the inter-entity relationship men-

tioned in Definition 1, we replace the subject of the triple with the type of the subject and 

replace the object of the triple with the type of the object by using the RDF triples with 

entity-type relationships (line 2-3 of algorithm 1). The duplicated type-based triples are 

filtered out (line 4). Then, to produce a summary graph SD, we initialize SD to be an emp-

ty set (line 5). The merging multi-edge property operations lie in line (6-11). For a 

type-based triple tti  TD, if there is a type-based triple tt’j TD whose subject and object 

are equal to the subject and the object of tti and whose property is not equal to the one of 

tti, the two properties of the type-based triples will be incorporated into a combined 

property and tt’j is removed from TD. The combined property is denoted as “tt’j.p|tti.p” in 

which “|” is the alternativePath operator of SPARQL 1.1 (line 9). We repeat this process 

until the iteration ends (line 7-9). Lastly, if SD doesn’t contain the incorporated type-based 

triple tti, tti will be kept in SD; otherwise, tti will be discarded (line 10-11). The time com-

plexity of the algorithm is O (n2) in which n is the number of the type-based triples, 

namely the size of TD. 

Table 2. SPARQL queries translated by different type-based summaries 

Query Id SPARQL queries 

q1(SCHEMA) Select ?ap ?u where{ ?ap rdf:type ub:AssistantProfessor. ?u 

rdf:type ub:University. ?ap ub:doctoralDegreeFrom ?u } 

q2(SCHEMA) Select ?ap ?u where{ ?ap rdf:type ub:AssistantProfessor. ?u 

df:type ub:University. ?ap ub:undergraduateDegreeFrom ?u } 

q3(SCHEMA) Select ?ap ?u where{ ?ap rdf:type ub:AssistantProfessor. ?u 

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

q4(OURS) Select ?ap ?u where{ ?ap rdf:type ub:AssistantProfessor. ?u 

df:type ub:University. ?ap ub : doctoralDegreeFrom|ub : under-

graduateDegreeFrom|ub : mastersDegreeFrom ?u } 

 

Table 3. SPARQL query results answered for q1, q2, q3 and q4 

 

Query Id SPARQL query results answered 

q1(SCHEMA) <http://www.Department0.University0.edu/AssistantProfessor0>  

ub:doctoralDegreeFrom  <http ://www.University643.edu> 

q(SCHEMA)2 <http : //www.Department0.University0.edu/AssistantProfessor0>  

ub:undergraduateDegreeFrom  <http : //www.University924.edu> 

q3(SCHEMA) <http : //www.Department0.University0.edu/AssistantProfessor0>  

ub:mastersDegreeFrom  <http : //www.University389.edu> 

q4(OURS) <http://www.Department0.University0.edu/AssistantProfessor0>  

ub:doctoralDegreeFrom  <http ://www.University643.edu> 

<http : //www.Department0.University0.edu/AssistantProfessor0>  

ub:undergraduateDegreeFrom  <http : //www.University924.edu> 

<http : //www.Department0.University0.edu/AssistantProfessor0>  

ub:mastersDegreeFrom  <http : //www.University389.edu> 

http://www.department0.university0.edu/AssistantProfessor0
http://www.department0.university0.edu/AssistantProfessor0
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Algorithm 1. Summarize inter-entity type relationships 

Input: RDF triples, D 

Output: SD, a summary graph with inter-entity type relationships 

1 Variables: TD, storing distinct type-based triples 

2    for each RDF triple ti (s, p, o) ⊂ D and p  ER and i  [1, n]  

3       Generate a type-based triple tt (cs, p, co) with ti(s, p, o) , tst (s, type, cs) and tot (o, type, co) 

4       Insert distinct tt(cs, p, co) into TD;  

5    SD ← ∅; 

6    for tti TD and i  [1, n]  

7       for tt’j  TD and j  [1, n]  

8          if tt’j.s is equal to tti.s and tt’j.o is equal to tti.o and tt’j.p is not equal to tti.p 

9             Set tti.p to be a combined property tt’j.p| tti.p, Remove tt’j;  

10      if SD has not contained tti 

11         Insert tti into SD 

12   Return SD; 

5. KEYWORD SEARCH WITH TYPE-BASED SUMMARY 

In the section, we describe the process of the keyword search with type-based 

summary where OPT index (the keyword index), top-k subgraph search algorithm, 

keyword query translation with property paths and so on are included.  

 

5.1 OPT Index 

 

This subsection deals with the off-line indexing process where RDF graph data is 

preprocessed and is stored in specific data structures of a keyword. We adopt OPS index 

in [23] to associate keywords to entities. A new OPT index similar to the OPS index is 

constructed. Nevertheless, the OPT index contains the object, the property and the type 

that the entity belongs to. All RDF triples with EA and ET relationships are made to con-

struct the OPT index. An object key oi is associated to a sorted vector of ni property keys, 

{pi
1, pi

2, ..., 
i
ni
p }. Every property key pi is, successively linked to an associated sorted 

list of ki,j type keys, as illustrated in Fig. 5. As an example which illustrates the above 

discussion, the OPT index for the data in Table 4 includes a property vector for the object 

“Standford”. This property vector includes two property entries, namely “doctoralDe-

greeFrom” and “undergraduateDegreeFrom”. Each of these property entries is appended 

with a list of related types. In the particular example, each list only contains one item 

namely “AssistantProfessor” for the property “doctoralDegreeFrom” and “GraduateStu-

dent” for the property “undergraduateDegreeFromproperty”. A similar configuration 

holds for the object “MIT” in Table 4. 
The OPT index is not only used for the index of a keyword to its belonging type but 

also for the index in the form (keyword → type, property). A map Mapproperty is used to 
return the property with a given keyword and its type. To explain this, the object “Stan-
ford” with type “AssistantProfessor” in Table 4 can exclusively be specified with the 
property “doctoralDegreeFrom”. However, the object “Stanford” with type “Gradu-
ateStudent” has property “undergraduateDegreeFrom”.  
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Fig. 5. OPT indexing. 

 

Table 4. RDF triples Example 

Subject Predicate Object 

ID1 type FullProfessor 

ID1 teacherOf “AI” 

ID1 undergraduateDegreeFrom “MIT” 

ID1 mastersDegreeFrom “Cambridge” 

ID1 doctoralDegreeFrom “Yale” 

ID2 type AssistantProfessor 

ID2 worksFor “MIT” 

ID2 teacherOf “DataBases” 

ID2 undergraduateDegreeFrom “Yale” 

ID2 doctoralDegreeFrom “Stanford” 

ID3 type GraduateStudent 

ID3 advisor ID2 

ID3 teachingAssist “AI” 

ID3 undergraduateDegreeFrom “Stanford” 

ID3 mastersDegreeFrom “Princeton” 

ID4 type “GraduateStudnt” 

ID4 advisor ID1 

ID4 takesCourse “DataBases” 

ID4 undergraduateDegreeFrom “Columbia” 

 

 

5.2 Search for Top-k Matching Subgraphs on Type-based Summary 
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This subsection deals with searching for top-k matching subgraphs connecting all 

entering keyword elements by a graph search algorithm on the type-based summary. The 

matched entity over the type-based summary is called the keyword element. A given 

search depth value dmax is utilized to shrink the search space so that all vertices in dmax 

neighborhood from the keyword element allow to be searched. We assume the answers 

collecting all keyword elements must be in a dmax neighborhood only if the dmax is big 

enough. The summary graph in Definition 3 is a directed graph with edge labels. Unlike 

the method in [22] that traverses both incoming and outgoing edge vertices, in order to 

find top-k matching subgraph faster, we ignore edge direction so the directed type-based 

summary graph illustrated in Fig. 4 is converted into an undirected type-based summary 

graph illustrated in Fig. 6. The edges of our type-based summary are stored in the form of 

Table 6. Vb and Ve denote the beginning vertex and the end vertex of the edge respec-

tively. The property path operator of SPARQL 1.1, “^” denotes the inverse edge (object 

to subject). For example, “^ub:worksFor” in Line 3 of the Table 6 means edge “(2 

ub:worksFor 6)”. In order to reduce storage space, the vertices in the summary are sub-

stituted by integer IDs shown in Table 5. The vertices and the corresponding types are 

stored in a hashMap, Maptype in the form of (typeId, type). The Maptype will be used while 

keyword queries are translated.  

 

 

 

 

 

 

 

 

 

 

Fig. 6. An undirected graph summary sample 

 

Table 5. Type table 

ID Type 

0 ub:Publication 

1 ub:ResearchAssistant 

2 ub:FullProfessor 

3 ub:UndergraduateStudent 

4 ub:AssociateProfessor 

5 ub:Course 

6 ub:Department 

7 ub:GraduateStudent 

8 ub:AssistantProfessor 

9 ub:TeachingAssistant 

10 ub:GraduateCourse 

11 ub:University 

4
6

75

3

1

0

8

2
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12 ub:Lecturer 

13 ub:ResearchGroup 

 

Table 6. Edge structure 

Vb → Ve Property 

13 → 6 ub:subOrganizationOf 

12 →10 ub:teacherOf 

6 → 2 ^ub:worksFor｜^ub:headOf 

9 → 8 ub:advisor 

4 →11 ub:doctoralDegreeFrom|ub:mastersDegreeFrom|ub:undergraduateDegreeFrom 

 

Now we explain the process of producing top-k subgraphs. First, the keywords are 

mapped to the elements of the type-based summary by the OPT index. Second, calculate 

all possible keyword element combinations. Last, for all possible combinations, the 

type-based summary is explored during which each vertex will be checked whether the 

vertex is an answer connecting the possible keyword element combination by the com-

bined distance. This process continues until all vertices in dmax neighborhood have been 

visited so as to find top-k matching subgraphs ordered by the combined distance. The 

search algorithm for producing top-k matching subgraphs is shown in Algorithm 2.  

Data structure. c = {w1, ... , wm} is a possible keyword element combination, C is a 

set including all possible keyword element combinations, G={V, E} is a type-based 

summary, and wi denotes the keyword element containing the keyword ki on the 

type-based summary. For the exploration of graph G, we maintain a queue S for each 

keyword element. We maintain a set of elements R, one for each connecting vertex we 

explored so far in the breadth first search expansion to track the state of the vertex, i.e., 

what keyword elements are reachable to the vertex, their minimal distances and their 

property paths. In what follows, we utilize R[u] to indicate the bookkeeping for the vertex 

u. Specially, in each element of R, we maintain two structures, namely “< r, dist1, ..., dis-

ti >” where r is a connecting vertex, disti is the distance from r to wi and a collection of “< 

r, propertyPath, wi >” structure (see section 5.3) kept in a vector in which propertyPath 

is a property path from r to wi. For instance, the subgraph structures for keyword ele-

ments “{2, 8, 6}” are “<2, 0, 2, 1>” and a set of “<2, null, 2>”, “<2, {worksFor, subor-

ganizationOf} , 8>” and “< 2,{^publicationAuthor}, 6 >” where “{worksFor, suborgani-

zationOf}” is the property path from 2 to 8 and in the same way “^publicationAuthor” is 

the property path from 2 to 6. 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 MNK. MNK(v, wj) represents the shortest distance from vertex v 

to the keyword element wj. τprune is a pruning threshold that is the k-th smallest of the an-

swers A.  

Algorithm. Algorithm 2 contains four main steps: Step 1, push each keyword ele-

ment w of each keyword element combination c into the queue S; Step 2, call function 

visit (u) 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 Step 1 and 2 until C 

is empty; Step 4, return answers A if A is not empty. For function visit (u), we look up u’s 

combined distance to the other keyword elements (line 11-22) by which we can know 
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whether we have found an answer root. Specially, a generous depth value dmax=8 is used 

to prevent generation of answers which would be unintuitive due to excessive path 

lengths (line 14). We maintain a pruning threshold τprune (line 20-21), which is the current 

k-th smallest combined distance among all known answer roots. For a new answer to be 

the top-k answers, its root must have combined distance no greater than τprune. The func-

tion genPropertyPath (u, wj) is to keep property paths from u to wj used for query transla-

tion later (line 23-28). The property path comprises two cases. One is the property path 

with length equal to 1, namely the predicate path (line 24-25) and the other is the property 

path with length greater than 1 (line 26-27).  
 

Algorithm 2. Search for top-k Matching Subgraphs 

Input: C, a set of c={w1, w2, ..., wm}; G = {V, E}; queue S; R, nodes visited ← ∅; pruning thresh-

old, τprune ← ∞ 

Output: A, answers found 

1 for each combination c = {w1, w2, ..., wm}  C 

2    for each keyword element w  c 

3       Push w into S; 

4       while the queue S is not empty 

5          Pop the head of S, set u=it; 

6          if u has not been visited 

7             Call visitNode(u) to visit u; 

8          for each neighbor b of u 

9             Push b into queue S; 

10 Return A (if found) or nil (if not) 

11 visitNode(u) { 

12    Insert a element, < u, ⊥, ..., ⊥> into R; 

13    for each j  [1, m] 

14       if the distance from u to j-th keyword element is less than dmax 

15          Insert the distance MNK(u, wj) from u to wj into R[u].distj; 

16    if the combined distance i

m

1i
dist.]u[R 

is not infinity 

17       for j  [1, m] 

18          Call genPropertyPath (u, wj), set R[u].pathj = genPropertyPath (u, wj); 

19    Insert u into A; 

20    if the number of A is greater than k 

21       Set τprune to be the k-th smallest of {sumDist (u) |u  A }; 

22             } 

23 genPropertyPath(u, wj){ 

24    if the distance from u to wj is less than 1 

25       Insert a property path pattern < u, propertyu→wj, wj> into P; 

26    else 

27       Insert a property path pattern < u, ppathu→vn, vn> into P; 

28    Return P;          }    

 

Discussion. We employ the most fundamental graph traversal algorithm not seeking 

more complex algorithms because our exploration is on the type-based summary with a 
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small number of vertices (even most with several thousands of vertices), the algorithm 

quality has little influence on efficiency. In addition, breadth first search is also an effi-

cient algorithm for graph exploration and we utilize the depth value dmax to reduce expan-

sion space and dmax is less than the size of the type-based summary. The time complexity 

of the algorithm is O ((m*|C|*(dmax+e)) where |C| is the number of keyword element com-

binations, 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|*(|G|+e)) in which dmax is 

equal to |G| the size of the type-based summary.  

 

5.3 Property Paths in SPARQL 

 

We introduce property paths in the subsection. Property paths are a new feature in-

troduced in SPARQL 1.1 [18] 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 exactly 1, which is a triple pattern. The 

ends of the path may be RDF terms or variables. 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.  

Intuitively, a property path views an RDF document as a labeled graph where the 

predicate IRI in each triple acts as an edge label. It then extracts each pair of nodes con-

nected by a path such that the word formed by the edge labels along this path belongs to 

the language of the expression specifying the property paths. That means a property paths 

expression is used to retrieve pairs (a, b) of nodes in the graph such that there is a path 

from a to b whose sequence of edge labels belongs to the regular language defined by the 

expression. Given a query to find the university that “AssistantProfessor0” works for, the 

comparative SPARQL queries are shown followed. A general SPARQL query is ‘se-

lect ?x ?y ?z where{ ?x ub:worksFor ?y. ?y ub:subOrganizationOf ?z. ?x ub:name “As-

sistantProfessor0”. ?x rdf:type ub:AssistantProfessor. ?y rdf:type ub:Department. ?z 

rdf:type ub:University }’. Although there are no direct paths from AssistantProfessor to 

University, we can use sequence path of SPARQL, thus the query is ‘select ?x ?z 

where{ ?x ub:worksFor/ub:subOrganizationOf ?z. ?x ub:name “AssistantProfessor0”. ?z 

rdf:type ub:Univeristy. ?x rdf:type ub:AssistantProfessor}’. As far as we are concerned, 

property paths of SPARQL query make translation of keyword queries to SPARQL que-

ries easier and more efficient. To start with the definition of property path expressions, 

the SPARQL 1.1 specification [18] is followed.  

Definition 4. e := (iri)| (^e)| (e1/e2)| (e1|e2)| (e+)| (e∗)| (e?)| (!{iri1|...|irik})| (!{^iri1|...|^irik}) 

Where iri, iri1, ..., irik are IRIs. Expressions of the last two forms (i.e., Starting with 

“!”) are called negated property sets. ^e is the reverse path, e1/e2 is a sequence path of e1 

followed by e2 and e1|e2 is an alternative path of e1 or e2. We do not consider e+, e∗, 

e?, !{iri1| ...| irik} and !{ ^iri1|...|^irik} because keyword search seldom encounters these 

cases above. To illustrate Definition 4, the following example is presented. 
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Example 5. “ub:worksFor/ub:subOrganizationOf” in above SPARQL query is a sequence 

path of “ub:worksFor” followed by “ub:subOrganizationOf” and 

“ub:headOf|ub:worksFor” is an alternative path of “ub:headOf” or “ub:worksFor”. 

Definition 5. A property path pattern is a triple in (I ∪ L ∪ V) × PP × (I ∪ L ∪ V). 

Where I represents IRI, L and V are just same as ones in Definition 1. The property 

path patterns is incomparable with triple patterns because they allow for property path 

expressions in predicate positions and only allow for variables in the subject and object 

positions. In our approach, subgraph paths are stored in the form similar to property path 

patterns, namely the structures with “< >” in line (25, 27) 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 that don’t 

allow for variables in the predicate position.  

 

5.4 Keyword Query Translation with Property Paths 

 

In this subsection, we translate the top-k subgraphs derived by last section into top-k 

SPARQL queries. A SPARQL query primarily consists of two parts, the select clause and 

the where clause, so we formulate these two segments separately and then combine them 

into a complete SPARQL query. The pseudo codes are shown in Algorithm 3. A keeps 

top-k subgraphs derived from Algorithm 2. Algorithm 3 contains four main steps: Step 1, 

for each element of A, define a variable swhere that is initialized with “where {”; Step 2, 

translate the vertices and edges of the connecting vertex in A to m keywords; Step 3, 

define a variable sselect that is initialized with “select distinct *”; combine swhere and sselect; 

and then insert swhere+ sselect into Q; Step 4, execute Step1, 2 and 3 until A is empty or i 

equals k. The mappings of vertices, subgraph paths and edges with EA relationships are 

shown in Section 5.4.1. 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 entering 

keywords, and |Path’| is the average size of the property paths produced. 

 

5.4.1 Mapping of Top-k Subgraph 

 

This subsection deals with the mappings of vertices, subgraph paths and edges with EA 

relationships mentioned in Definition 1. To produce top-k SPARQL queries, we translate 

top-k subgraphs from Algorithm 2 into top-k SPARQL queries. A complete translation 

from a subgraph to a SPARQL query can be obtained as follows: 

 

 Processing of Vertices All the vertices in the top-k subgraphs are taken as dis-

tinguished variables so the select clause is “select distinct ∗” in which adding 

“distinct” is to avoid generating duplicated results (line 8 of Algorithm 3). The 

function var (v) returns the SPARQL query variable denoted as “?v” (line 

22-24. ) and also denoted as “$v”. We are used to denote the query variable by 

“?”. 
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 Mapping of subgraph paths (line 5) The subgraph path in a vector Path is 

translated to property paths of SPARQL query by checking Path’s size (line 

11-21). There are three cases. The first is predicate path with length 1 (line 

14-15) that is directly returned. The second is the property path with more than 

one property that are transformed by adding “/” (line 16-17). The last is path to 

tail where the last property is encountered. If this is the third case, the property 

path is brought to an end without adding “/” any more (line 18-19).  

 Mapping of edges with EA relationships The EA edge connects the keyword to 

the entity. Each EA edge is translated to two triple pattern expressions of 

SPARQL (var(x) edgeLabelentity→keyword keyword) and (var(x) rdf:type nametype) 

(line 6-7) where edgeLabelentity→keyword is derived from Mapproperty by OPT index 

mentioned in Section 5.1 and the nametype is derived from Maptype. Items in 

Mapproperty are in the form (keywory→subject, property) pairs. Given the key-

word and the belonging type, we can get the property. Suppose there is a key-

word “Stanford” and its type “AssistantProfessor”, by Mapproperty and Maptype, 

we can obtain the property “doctoralDegreeFrom” by Table 4. Thus, the trans-

lated triple pattern expressions for the SPARQL query are ‘var(x) doctoralDe-

greeFrom “Stanford”.’ and “var(x) rdf:type AssistantProfessor.”.  

 

Algorithm 3. Top-k Query Generation 

Input: A, a set of property path patterns; sselect, select clause, swhere, where clause, Q, 

SPARQL queries produced; Mapproperty, storing (keyword￫type, property) pairs; Maptype 

keeping (typeId, type) pairs; Path, a property path vector; 

Output: Q 

1 for A is not empty and i=1, …, k 

2    Set a string swhere = “where { ”; 

3    for j=1, …,m 

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

5       swhere ← swhere + var (p.s) transPropertyPath(p.PP) var(p.o).; 

6       swhere ← swhere + var(p.o) Mapproperty.get(kj → p.o) kj.; 

7       swhere ← swhere + var(p.o) rdf:type Maptype.get(p.o).; 

8    Set a string sselect = “select distinct ∗”; 

9    swhere ← swhere + “}”; 

10   Insert (sselect+ swhere) 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; 

21                       } 
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22 var(v) { 

23    Return ?v; // ?v is a SPARQL query variable denoted by adding “?”. 

24      } 

 

 

5.4.2 The Query Graph 

 

In the subsection, we introduce query graphs with property paths of SPARQL 1.1. The 

example query graphs for “Q2: Research5 FullProfessor9 Publication17” are illustrated in 

Fig. 7 (a) and (b) respectively. In particular, the property path connecting query variables 

“?8” and “?4” of Fig. 7(a) is “ub: PublicationAuthor” that is a predicate path with length 

exactly 1. Query variables “?8” and “?5” are all the connecting vertices of Fig. 7 (a) and 

(b) respectively. The property path, “^ub:teacherOf/^ub:publicationAuthor” from query 

variable “?5” to “?8” is a sequence path of SPARQL query where “^” is a reverse path 

operator. In the example, query graphs for Fig. 7 (a) and (b) correspond to the following 

SPARQL queries Qg1 and Qg2 respectively. Qg2 has same prefixes as Qg1 so we omit 

them in Qg2.  

 

 

Fig. 8 illustrates a query graph for query Q2 generated by SCHEMA. Moreover, the 

query graph produced by our approach is similar to that by SCHEMA if there are only 

predicate paths between query variables, as illustrated in Fig. 7 (a). However, in Fig. 8 

there exist more translations between query variable “?5” and query variable “?8” than 

that in Fig. 7 (b), for instance, the translations for vertices and edges between query vari-

able “?6” and other query variables. From Fig. 8, we notice that the SPARQL query pro-

duced by SCHEMA is a conjunction of all the predicates and all the variables produced 

from a given subgraph whereas we exploit property paths of SPARQL 1.1 to directly 

translate the subgraph to the corresponding SPARQL query which is more efficient and 

more convenient because more translations are saved.  

 

 

Qg1: 

prefix ub:<http://swat.cse.lehigh.edu/ 

onto/univ-bench.owl#> 

prefix rdf:<http://www.w3.org/ 

1999/02/22-rdf-syntax-ns#> 

select * where{ 

?8 ub:publicationAuthor ?4.  

?4 rdf:type ub:FullProfessor. 

?4 ub:researchInterest "Research5". 

?4 ub:name "FullProfessor9". 

?8 rdf:type ub:Publication. 

?8 ub:name "Publication7". } 

Qg2:  

select * where { 

?5 ˆub:teacherOf ?4. ?5 

ˆub:teacherOf/ˆub:publicationAuthor ?8. 

?4 rdf:type ub:FullProfessor. 

?4 ub:researchInterest "Research5". 

?5 rdf:type ub:GraduateCourse. 

?4 ub:name "FullProfessor9". 

?8 rdf:type ub:Publication. 

?8 ub:name "Publication7".  

} 
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Fig. 7. Query graph examples (a), (b) for Q2 by our approach 

 

 

 

 

 

 

 

 

 

 

 

Fig. 8. Query graph example for Q2 by SCHEMA 

 

Query graph Q2−1 

(a) 

 

Query graph Q2−2 

(b) 
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6 EXPERIMENTAL EVALUATION. 

In this section, we discuss the experiments we have performed to assess the effi-

ciency, effectiveness and usability of our proposed approach. LUBM as a synthetic RDF 

dataset which represents universities with departments, students, teachers, and so on, is 

used to ensure the validity of the experimental results. LUBM [6] is the Lehigh Universi-

ty 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 and DBpedia Infobox. In addition, BSBM is the Berlin SPARQL Benchmark that 

describes relationships of products and their reviews. The cardinality of distinct types for 

the datasets together with the size for the datasets is shown in Table 7. Two existing 

methods, SUMM [12] and SCHEMA [22] are utilized to do comparative tests for that 

they all utilize type-based summary. Not only the time and the size of constructing index-

es are measured but also the query response time is measured. Our experiments are con-

ducted on a SMP machine with 2.93 GHz Intel Core2 processors and 4GB memory. 

 

6.1 Search Performance 

 

Table 8 presents 12 typical keyword queries [12]. All the keywords are selected 

from the first University in the dataset LUBM, apart from keywords “Publication18” and 

“Publication17”. One copy of each publication from the first university is picked up and 

the rest of them are randomly selected from other universities for the two indicated key-

words. This is to simulate the cases in real datasets where not all the keywords in a query 

are close to each other. Computing the response time is similar to that in [22]. In detail, 

the response time starts from entering keywords until getting top-k query results answered. 

The response time contains the translation time of keywords-to-SPARQL queries and the 

executing time of the SPARQL queries until the top-k answers have been found. Each 

query is executed for 10 times and the average time is used for the response time. We use 

the log scale to represent the query response time. We implement the SCHEMA method, 

the SUMM method and OURS approach on the same queries for search performance. In 

Fig. 9 (a) and (b), the response time of the SCHEMA, SUMM and OURS approach is 

investigated for comparison. The performance on the sampled query workload is plotted 

on Fig. 9 (a) and (b) respectively.  

 

Table 7. Number of Distinct Types and the Size in the DataSets 

 

Table 8. Query Examples 

Queries Keywords 

Q1 Pulication19 Lecturer6 

Q2 Research5 Fullprofessor9 Publication17 

 LUBM WordNet Barton BSBM DBpedia Infobox 

Types 14 15 30 1520 5199 

Size(×106) 5 2 40 70 30 
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Q3 FullProfessor9 GraduateStudent0 Publication18 Lecturer6 

Q4 Department0 GraduateStudent1 Publication18 AssociateProfessor0 

Q5 Afghan Afghanistan al-Qaeda al-Qa0ida 

Q6 3rdbase 1stbase baseball team solo dance 

Q7 Knuth Addison-Wesley Number theory 

Q8 Data Mining SIGMOD Database Mgmt. 

Q9 Bloomberg New York City Manhattan 

Q10 Bush Hussein Iraq 

Q11 deflation railroaders 

Q12 ignitor microprocessor lawmaker 

 

 

 

 

 

 

 

 

 

 

Fig. 9. Query response time: (a) LUBM vs. (b) other datasets 

 

The summary graph in SCHEMA [22] method lacks some inter-entity relationships 

as mentioned earlier. For instance, the relationships between FullProfessor and Depart-

ment can be “headOf”, “worksFor” or others. However, only one relationship is kept by 

the SCHEMA method. Thus, other relationships are lost. In our approach, in this case, the 

relationships between FullProfessor and Department are denoted as “worksFor|headOf” 

where the relationship is separated by “|” operator, so that all the relationships between 

FullProfessor and Department are kept. In what follows, we compare the query response 

time of the SUMM method with our approach that has provable guarantees on the cor-

rectness of the query results answered. In Fig. 10 (a) and (b), we investigate the query 

performance when varying the size of the LUBM dataset from 150K to 28M. As illus-

trated in the Fig. 10, for both SUMM and ours approach, the cost of query evaluation 

generally becomes more expensive as the size of the data increases. Our approach out-

performs SUMM on query Q2−Q4. Through Fig. 9 (b), notice that the response time of 

different queries isn’t affected greatly by the number of query keywords. In contrast to 

SUMM, the difference in the time of our approach for different queries is relatively mod-

erate. Nevertheless the difference in the time for the same query increases linearly as the 

size of the data changes. We use [4] to store and query RDF data and the SPARQL query 

engine is affected by the size of datasets. As for k, we execute 30 SPARQL queries with 
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length 2, 3 and 4 on the LUBM dataset at k=10, 15 and 20, respectively. The average 

time is illustrated in Fig. 11. It can be observed that the time increases linearly when k 

becomes larger. In addition, the impact of query length on the search performance is 

minimal when k is 10. The impact of query length is substantial when a higher k is used 

instead. Thus, we set k=10. 

 

 

 

 

 

 

 

 

 

Fig. 10. Query response time: (a) our approach vs. (b) SUMM 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 11. Impact of parameter k on search performance 

 

The response time complexity analysis. 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 searching top-k subgraphs algorithm, namely Algorithm 2. We com-

pare the response time complexity with that of SUMM and SCHEMA respectively. Our 

response time complexity of Algorithm 2 is O ((m*|C|*(dmax+e)) where |C| is the number 

of keyword element combinations, m is the number of the keywords, dmax is the search 

depth value, e is the number of edges adjacent to each header vertices visited. 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. Notice that our response time 
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complexity is lower than that of SUMM, for |C| is approximately equal to |K’|*m and 

“dmax+ e” is less than |L|*|g|. Although SCHEMA can’t guarantee the correctness of query 

results for the LUBM dataset, 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, |N’| is the average number of neighbors for the vertex to be 

visited, |K’| is less than |C|, and |N’| is less than e.  

 

6.2 Index Performance 

 

Now the indexing performance of the summary and the OPT index are examined in 

terms of the indexing time and the indexing size. Computing the index time is similar to 

that in [12, 22]. In detail, the index time is a period when we construct the index. The 

index time is the average time executed for 10 times. The index time is affected by the 

index size, and thus the index time and the index size can all be used for a measure for 

index performance. In order to compare the existing SUMM method with our approach, 

we implement the SUMM method 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. 

12 (c). The plotted total time includes the time spent to construct the summary index and 

the time spent to construct the OPT index. The cardinality of types is fixed regardless of 

number of universities generated in LUBM. Therefore, the number of summary vertices is 

unchanged. Although relationships between types are randomly generated, the number of 

edges of the type-based summary will be no greater than n  (n−1)/2 where n is the num-

ber of the type-based summary vertices. The size of summary index is stable from Fig. 12 

(a). The size of the summary index does not change as the cardinality of the RDF triples 

increases. As the OPT index connects the keyword to its entity. Thus, the size of the OPT 

index increases linearly while the size of the dataset gets larger, as illustrated in Fig. 12 

(a). Notice that our type-based summary is built once and which is thereafter incremen-

tally updatable whenever the data is updated. For comparison, we study the index per-

formance for the SUMM method illustrated in Fig. 12 (b). Our approach performs an 

order of magnitude faster than the SUMM method across all the datasets because parti-

tioning millions of subgraphs and summarizing these subgraphs are required for the 

SUMM method.  

The index time complexity analysis. Because there are two processes the partition and 

the summarization are included in SUMM, the index time complexity of SUMM is O 

(|T|*|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. Howev-

er, the index construction or our approach is implemented by Algorithm 1, so our index 

time complexity is O (n2) where in which n is the number of the type-based triples which 

is less than |V|, |P| and |S|. Therefore, our index time complexity is much lower than that 

of SUMM.  
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Fig. 12. Index size and time: (a) index size, (b) index time, (c) LUBM 

7. 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 which are used for keywords-to-SPARQL translation and 

moreover, the summary can be incrementally updated. ( ii ) During translating keyword 

queries into SPARQL queries, we exploit the property path expressions of SPARQL 1.1 

including predicatePath, SequencePath, ReversePath and AlternativePath to enable the 

translation. ( iii ) Efficient algorithms are leveraged to find top-k subgraphs and translate 

top-k subgraphs into SPARQL queries. The experimental results on the synthetical and 

the real datasets show that our approach is scalable, efficient and portable. In the future, 

we will try to optimize SPARQL queries using property paths in order to improve query 

performance. Furthermore, we will try to solve the problem of the RDF keyword search 

by combining Granular Computing techniques. 
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