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Abstract: Keyword searches are a good substitute for a subject search. It is useful when you do not know the standard subject
heading. Many large-scale RDF knowledge bases with billions of facts are generating due to the growth of semantic data on the
Web. This poses significant challenges for the storage and query of big RDF graphs. It is used for exploring large RDF (Resource
Description Framework) Graph which is used as a W3C standard to describe data in the Semantic Web for many real time
applications. In Existing techniques, RDF Data may often suffer from the unreliability of their data sources, and exhibit errors or
inconsistencies. In this paper, we overcome these kinds of inconveniences with the help of an important problem, keyword
search query over probabilistic RDF graphs (namely, the pg-KWS query) by probabilistic RDF graphs. To retrieve meaningful
keyword search answers, we design the score rankings for sub graph answers specific for RDF data. Furthermore, we propose
effective pruning methods to quickly filter out false alarms. We construct an index over the pre-computed data for RDF. We also
present an efficient query answering approach through the index. Experiments have been conducted to verify the proposed

approaches.
Keywords: Probabilistic RDF graph, keyword search, pg-KWS

I. INTRODUCTION

Resource Description Framework (RDF) is a W3C standard to
represent resource information in the Semantic Web[1].
Nowadays, in many real applications, the RDF format has
been widely used to model semantic data, in the form of
subject, predicate, object. Equivalently, a collection of RDF
triples can be represented by a directed graph [13] in which
vertices are indicated by subjects (S) or objects (O), and edges
are indicated by predicates (P). For example, we use an RDF
triple (hauthori, hwrites i, hnovel_seriesi) to describe a case
that an author writes a novel series. Equivalently, we can
transform this triple to a directed edge (labeled by “writes”)
that connects from vertex “author” to vertex “novel_series”, as
shown in RDF Graph g; of Fig. 1a. In the literature [25], the
keyword search over graphs has drawn much attention from
the database community due to many applications (e.g.,
chemical data analysis and social network mining). In these
applications, the underlying data are often represented by
graph structures, in which vertices/edges are associated with
keywords. In the RDF graph of Fig. la, each vertex is often
linked with one or multiple keywords (extracted from the label
or URI of the vertex), for example, the vertex that represents
the character of the novel has two keywords {“John”,
“Smith”}.

The keyword search is quite useful, due to its ease of use. That
is, the keyword search techniques do not require users to

master the domain knowledge of the data schema (e.g., graph
structures and keywords), and also it return satisfactory query
results by only specifying a few enquiry keywords (rather than
a detailed query graph). The keyword search is useful in real
applications such as searching the Semantic Web with query
keywords. Different from general graphs, RDF graphs contain
RDF resources following the RDF schema, and their vertices
are often associated with (imprecise) keyword information.
Further, queries on general graphs include the subgraph
matching and keyword search queries, which do not have to
consider RDF properties (e.g., RDF resources or schema). In
contrast, RDF has its own standard language, SPARQL, which
requires the knowledge of RDF graph structure and labels.
Moreover, keyword search queries over RDF graphs [25] need
to consider properties of RDF graphs (e.g., RDF resources),
which is the focus of our problem.

During the data extraction in the Semantic Web, RDF data
often contain errors [15], [19]. For example, in the data
extraction application, we apply information extraction (IE)
methods, and extract RDF data from unstructured texts on the
web. The resulting RDF data may acquire incorrectness, due
to the inaccuracy of IE techniques. Moreover, with different
IE methods, extraction results may exhibit inconsistencies
(e.g., with conflicting keywords for the same RDF resources).
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Due to the unreliability of data sources (e.g., data expirations),
when we integrate RDF graphs from different sources [11],
keyword information of the same RDF entity may conflict
with one another. For example, Figs. 1a and 1b show two RDF
graphs g; and g,, from data sources A and B, respectively.
Although most portions of the two graphs are the same, there
exist some different vertex keywords.
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Fig 1: RDF graphs from different data sources (keywords:

“John”, “law”, “Edinburgh”, and “assistant_prof™).

Thus, this paper will deals with the keyword search problem
on probabilistic RDF graphs (namely, pg-KWS). That is, we
want to retrieve probabilistic RDF subgraphs, which contain
query keywords and have both high existence probabilities
and ranks. Specifically, there are many real applications of the
pg-KWS query. As an example, in the application of the job
recruitment, a project manager may want to identify a team of
engineers, who have close relationships and qualified skills
(such as C++, UML, SQL, etc.) to assign tasks, from social
networks. In this case, we can treat the integrated networks as
probabilistic graphs, and issue a pg-KWS query over
probabilistic graphs. That is, the project manager (user) can
specify a set of query keywords, including the required skills,
and retrieve the pg-KWS query answers from the integrated
probabilistic graphs.
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Fig 3: RDF data graphs g3 and g4 (keywords: “John”, “law”,
“Edinburgh”, and “assistant_prof™).
In this paper, we make the following contributions:
1) We enhance the pg-KWS problem in probabilistic RDF
graphs with appropriate ranks.

2) We design effective pruning strategies to reduce the pg-
KWS search space.

3) We propose an efficient approach to process pg-KWS
queries via pre-computed data.

4) We conduct extensive experiments to show the pg-
KWS query performance.

Il. RELATED WORK

2.1 Data Model for Probabilistic RDF Graphs

A probabilistic RDF graph database G consists of probabilistic
RDF graphs G, which are modeled by Bayesian networks .V
oGP is a set of vertices v;, each associated with a set of
possible keywords (denoted as kdvip). In this paper, we
consider uncertain keywords in vertices only, and certain
labels in edges. In the case where edge labels are uncertain
(denoted by CPTs), we can easily extend our solution to the
one on a transformed probabilistic RDF graph. That is, we can
add a new (dummy) vertex to each edge in probabilistic RDF
graph, and assign CPTs of uncertain edge keywords to this
new vertex. This way, we can transform probabilistic RDF
graph with uncertain vertex/edge keywords to the one with
uncertain keywords in vertices only, to which we apply our
proposed approaches.

2.2 Probabilistic RDF Keyword Search Queries

The r-Radius Graph Recently, EASE [25] has been proposed
to answer keyword search queries on certain graphs. Keyword
search answers in EASE are related to the notion of r-radius
graph.

2.3 Ranking Scores for RDF Keyword Search

Consider two scores, feature dg. P and entropy &g. b, in a
certain subgraph g. below. Later, we will generalize it to
probabilistic RDF graph.

Feature score:

The first dimension, feature dg.P, in the 2D ranking score
vector considers both structural and IR features of subgraph g.
2.4 The pg-KWS Problem

The r-radius graph [25] is the basic subgraph unit that we want
to obtain for the keyword search in RDF graphs. The r-radius
graph centers at some vertex in the graph and has the breadth
first traversal depth (radius) not greater than r. Specific to our
problem where the RDF graph is probabilistic, we need to
consider the ranking score under the possible worlds
semantics [9].

Given a probabilistic RDF graph G, a set of g query keywords
ki, ko; . . . ; Kg, and a probabilistic threshold a 2 %0; 1b, a
keyword search query over probabilistic RDF graph G (pg-
KWS) retrieves r-radius graphs g _ G such that g contains all
the query keywords, and h feature dgP; entropy dgbi is not
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dominated by that of other r-radius subgraphs g° with
probability P dgb greater than threshold a. Here, we have a
graph where PWdgP is a set containing all possible worlds of
g, and P. Intuitively, pg-KWS query answers are expected to
have high feature scores (with high structure/IR scores) and
low entropy scores (with good keyword distributions in RDF
entities), which are not worse than other non-answers (in
terms of feature/entropy scores) and thus preferred by users.
Please refer to Appendix E4 in the online supplementary
materials for an example of the pg-KWS problem. The pg-
KWS problem is similar to computing probabilistic skylines
over 2D uncertain s core vectors. However, previous work
considered probabilistic skyline on static uncertain data. In
contrast, attributes (i.e., feature/entropy scores) in our problem
should be dynamically computed w.r.t. online query
keywords. Furthermore, each probabilistic subgraph g has
exponential number of possible worlds, and their scores in
possible worlds are also exponential, which is more
challenging than (with linear sample size). Thus, we cannot
efficiently solve our pg-KWS problem by directly using
previous techniques , which inspires u to design efficient
processing approaches.
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2.5 General Framework

The framework consists of three phases, indexing, pruning,
and refinement phases. In the indexing phase, we will offline
extract probabilistic r-radius graphs from the probabilistic
RDF graph, and pre-compute data for each graph. Then, we
construct an index over these pre-computed data for
probabilistic r-radius graphs, which will be used later for
online pruning and pg-KWS query answering.

Given any pg-KWS query, the second pruning phase traverses
the index, and meanwhile applies pruning methods to quickly
rule out false. In particular, we will propose two pruning
strategies, score bound pruning and probabilistic pruning,
which utilize score bounds or probabilistic threshold,
respectively, to enable the pruning. After the index traversal,
we can obtain a candidate set Sc.ng. Finally, in the refinement
phase, we refine candidates in S¢,,g by checking the condition
in equation, and return the actual pg-KWS answers .

Procedure pg-KWS_Framework {
Tnput: a probabilistic RDF graph database G
Qutput: an index L over §
(1) build a multidimensional index I offline on probabilistic RDF graphs
1 indexing phase
Taput: an index L ever probabilistic: RDF graph database G, a set of queny
keywords ka, ka, ..., kg, and a probabilistic threshold o
Output: the answer to pg-KWS guery
i2) for each online pg-KWS query I pruning phuse
{3)  traverse index Z by applying the score bound and probabilistic pruning
{4) refine candidates in the set S,.,, 4 and return pg-KWS answers
Il refinement phase

Fig 4: General framework for pg-KWS processing
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I1l. PROBLEM DEFINITION

3.1 Score Bound Pruning

In this section, we present the basic idea of our proposed
pruning methods via score bounds. In particular, for a
probabilistic r-radius graph g, we will offline pre-compute
data for all keywords or keyword pairs in g. Then, during the
pg-KWS query processing, we can utilize these pre-computed
data to efficiently calculate lower/upper bounds of feature and
entropy scores in probabilistic r-radius graph. Intuitively, the
score bounds we obtain are minimum /maximum possible
scores for all possible worlds of the probabilistic r-radius
graph, and we can use them to facilitate effective filtering of
false alarms.

3.2 Probabilistic Pruning

We have discussed how to use score bounds calculated from
pre-computed scores for keywords or keyword pairs over all
possible worlds) to prune those false alarms (subgraphs) that
are definitely dominated by others. In order to further enhance
the pruning power, in this section, we will propose a
probabilistic pruning method, and filter out those false alarms
whose score bounds are partially dominated by considering
the probabilistic confidences. Probabilistic pruning with
probability upper bounds. Specifically, our basic idea of the
probabilistic pruning is to derive an upper bound of
probability P dgb with low cost, and then prune g with small
probability upper bound (i.e., _ a). We give the lemma for
probabilistic pruning below.

entropy,
&5 dominates g
g e
51l g )8
2
Sfeature
0 ' >

Fig 5: Probabilistic pruning (g% i dominating g).
To enable the score bound pruning, for each graph (entry) g,
we maintain the bounds of its feature/entropy scores (e.g.,
feature bounds of pairwise keywords, and counter bounds for
each keyword). Similarly, for probabilistic pruning, we keep
bitmaps or probabilities for w PWGs.

IV. THE PROPOSED SYSTEM

There are some existing works on modeling probabilistic RDF
data. For example, Fukushige [15] modeled probabilistic RDF
data by the Bayesian network. However, this work only gave a
probabilistic RDF data model by extending the vocabulary of
RDF data. In this paper, we model our probabilistic RDF
graph by Bayesian network, but focus on a different aspect
(i.e., the efficiency of keyword search) from [15].
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Fig 6: The pg-KWS performance versus g.

In probabilistic/ uncertain databases, the data uncertainty can
be classified into two categories [39], attribute uncertainty and
tuple uncertainty. Uncertain databases [8] consider the
attribute uncertainty, in which uncertain objects are modeled
by uncertainty regions. The tuple uncertainty is captured by
probabilistic databases that contain relational tuples associated
with existence probabilities.Keyword search over graphs has
recently been very hot due to its ease of use by users in real
applications [6], [16], [22], [25]. Basically, these works return
connected keywords in a graph with high ranks, and aim to
improve the query efficiency.Query answering on
probabilistic/uncertain data considers the possible worlds
semantics [9]. That is, a possible world is a materialized
instance of the probabilistic database that may appear in the
real world. A probabilistic query is equivalent to first
answering such a query in all possible worlds individually,
and then combining (aggregating) query answers returned
from these possible worlds.

V CONCLUSION

We formulate and deal with an important prob of keyword
search over probabilistic RDF graphs, called pg-KWS queries.
We propose effective pruning methods via offline pre-
computed score bounds and probabilistic threshold to quickly
filter out false alarms. Moreover, we construct an index for the
precomputed data for RDF, and present an efficient query
answering approach. Experiments have been conducted to
verify the proposed approaches.
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