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ABSTRACT

Using Regular Path Queries (RPQs) is a common way to explore
patterns in graph databases. Traditional automata-based approaches
for evaluating RPQs on large graphs are restricted in the graph size
and/or highly complex queries, which causes a high evaluation cost.
Recently, the threshold rare label based approach applied on large
graphs has been proved to be effective. Nevertheless, using rare
labels in a graph provides only coarse information which could not
always guarantee the minimum searching cost. Hence, the Unit-
Subquery Cost Matrix (USCM) based approach has been proposed to
reduce the parallel evaluation cost by estimating the searching cost
of RPQs. However, the previous approach does not take the joining
cost among subqueries into account. In this paper, the method
of estimating joining cost of subqueries is proposed in order to
accelerate the USCM based parallel evaluation of RPQs. Specifically,
the proposed method is realized by estimating the result size of
the subqueries. Through our experiments upon real-world datasets,
it is depicted that estimating joining cost enhances USCM based
approach up to around 20% in terms of response time.

CCS CONCEPTS

« Computing methodologies — Search methodologies; Paral-
lel computing methodologies.
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1 INTRODUCTION

Regular path query (RPQ) is a common class of queries providing
a way of finding connections and patterns in a graph database
[11]. There have been a number of approaches for evaluating RPQs
[3], [20]. However, only a few of these approaches provide the
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performance guarantee on computational cost due to the large size
of graphs and/or highly complex queries. The need for developing
an efficient approach with low computational cost is particularly
evident for evaluating RPQs, which are most commonly used in
practice [17].

A well-known approach for evaluating RPQs is to exploiting
automata [9]. However, this approach has a disadvantage when
the applied graph is large: the long response time is triggered by
the mapping of the automaton states onto the graph. To deal with
this issue, optimization techniques have been studied to reduce the
evaluation cost of RPQs. Rewriting RPQs is introduced as the first
technique, in which, the original expression of an RPQ is trans-
formed into another one to reduce the search space by avoiding the
whole graph traversal [8], [5], [6]. Nevertheless, there is a limitation
when the RPQs are highly complex (e.g., an RPQ with a modifier
operator * over a group of alternate label).

Recently, a threshold rare label based approach has been proved
to be efficient to evaluate RPQs on large graphs [10]. The basic
idea of this method is that the original query is split into multiple
subqueries at rare labels, which are used as fixed points for graph
searching. However, the threshold rare label based approach has
some limitations since it relies on the presence of rare labels, their
positions on the queries, and their quantity in the graphs. Our
earlier work used Unit-Subqueries Cost Matrix (USCM) to estimate
the searching cost of RPQs and obtain the viability of the usage of
subqueries in RPQs evaluation [16]. However, this method does not
take the joining cost among subqueries into account. This neglect
could increase the response time when evaluating RPQs on a large
graph.

In this paper, we propose a method of estimating the joining cost
of subqueries in order to accelerate the USCM based parallel evalu-
ation of RPQs (called USCM-Join). We first propose cost functions
and algorithms to estimate the result size of a given RPQ, which is
directly related to the joining cost of subqueries. We then present
how to improve the evaluation performance of RPQs by splitting
them with a combination of the estimated joining and searching
cost. Finally, we conduct extensive experiments on both real-world
graphs and synthetic graphs, and the experimental results show
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that our USCM-Join approach outperforms the original one and
other approaches.

The rest of this paper is organized as follows. We introduce an
overview of related work in Section 2. We present some terms,
definitions, and splitting RPQs for parallel evaluation using USCM
in Section 3. Section 4 describes our proposal for estimating the
result size of RPQs. Section 5 describes how to evaluate an RPQ
in a parallel fashion by using the estimated evaluation cost. We
conduct experiments to evaluate our method in Section 6. Section
7 concludes with a summary of our proposal.

2 RELATED WORK

There have been a lot of studies done on RPQs evaluation as well as
providing query languages on graph data [3], [10], [20]. A common
way to evaluate an RPQ is using the automata-based approach.
This approach converts the graph to a DFA (Deterministic Finite
Automaton), and the expression of an RPQ can be translated into
an automaton, then computes the cross-product of the automaton
to find the answer [9]. However, the limitation of this approach is
that every state in automaton needs to be mapped onto the graph,
which causes substantial memory space consumption and long
response time. To address this problem, a number of studies has
been proposed with optimization techniques to reduce the cost of
RPQs evaluation.

A strategy for reducing the RPQs evaluation cost is to optimize
the RPQs by rewriting them into other ones [8], [5]. Fernandez Mary
et al. [8] presented two optimization techniques based on graph
schemas. Calvanese et al. [5] proposed a view-based query rewrit-
ing approach for evaluating RPQs in semi-structured data which
guarantees the new ones contain all the answers of the original
ones. However, the query rewriting techniques still have some lim-
itations deal with highly complex RPQs, such as the nested queries
with modifier recursion, which leads to state explosion after con-
verting the rewritten query to a DFA for graph searching. Therefore,
several techniques have also been proposed for estimating query
size [13] or minimizing DFAs [2], [12].

Recently, a threshold rare label based approach has been proved
effectively to reduce the search space of RPQ evaluation on large
graphs [10]. The authors employ a cost-based technique to deter-
mine which labels in a graph and/or a query are considered to be
rare. Then, the rare labels are used as start-points, end-points, and
way-points in traversal time, which reduce the number of visited
nodes as well as the response time. However, the disadvantage of
this approach is that the graph search algorithm depends on the
presence of rare labels. So, in the case there are poor rare labels on
the graph and the RPQs, or long queries, this approach still takes a
high evaluation cost.

To the best of our knowledge, although there have been many
studies focusing on RPQs evaluation, researches related to evalua-
tion cost estimation of RPQs and its efficiency have not gotten much
attention [15]. Silke et al. [18] proposed cost functions to estimate
the response time and the result size of reachability path queries.
Davoust et al. [7] focused on estimating the volume transmitted
through the network while evaluating RPQs to provide appreciated
strategies for evaluating them on distributed graphs. Among all of

Van-Quyet et al.

these works, there is no one that issues any cost estimating func-
tions relying on RPQ operators as well as connectivity of labels
in the query and the graph. In this work, we propose an efficient
method for evaluating an RPQ by splitting it into multiple smaller
subqueries based on estimation of their searching cost and joining
cost.

3 PRELIMINARIES

3.1 Graph Data and Regular Path Queries

Graph Data. We consider an edge-labeled directed graph G = (V, E,
%), where V is a set of nodes, Y is a set of labels,and EC VXX XV
is a set of edges. In which, an edge (v, a, u) indicates edge direction
from node v to node u labeled with a € X.

Regular Path Queries. An RPQ Q(R) is a regular expression R
over some labels in 3. Here, R is defined in formally by R =€ | a |
RoR| RUR | R*, where € is an empty value; ais a label in 3; Ro R,
R U R, and R* denote concatenation, alternation, and Kleene Star,
respectively.

Let us categorize regular expression R into four types of RPQ as
the following:

e Concatenation RPQ: R = apajy...an

e Alternation RPQ: R = ay...a;—1(aj|ai+1)ait2...an

e Kleene Star RPQ: R = aoal...ai,la;‘aiﬂ...an

e Highly Complex RPQ: R = agaj...aj—1(ai|ai+1)* ait2...an
where a; € %,0 < i < n. For clarity of presentation, we use the
symbol | for alternation operator and drop the symbol o in terms
and equations, but keep them in examples.

To answer an RPQ, Q(R), we need to search all paths in the
graph G which satisfy a given regular expression R. Here, a path p
between node vy and node vy in G is a sequence

P =00 & U1 L 02...0k_1 h) 43
such that each (vj, aj, vi41), for 0 < i < k, is an edge. The sequence
of labels of a path p, denoted as L(p), is the string apaj...ap_1 € =%,
where 3* is a set of all possible strings over the set of labels 3. The

L(R)

answer of Q(R) is a set of paths in the form Q(R) = v — u, where
v,u € V,and L(R) C 3* is a regular language. Thus, a path p is an
answer path of Q(R) iff L(p) € L(R).

3.2 USCM-based Splitting RPQs for Parallel
Evaluation

In the USCM-based approach for parallel evaluation of RPQs [16],
an original RPQ is split into smaller subqueries based on the esti-
mated searching cost. In this method, a Unit-Subqueries Cost Matrix
(USCM) is generated by analyzing the cost of unit-subqueries in
a graph. A unit-subquery is a smallest subquery Q(a;a;) concate-
nated by a start label a; with an end label aj, where a; and a; are
elements of the set labels X. The number a; edges connected to
a;j edges is defined as the cost of a unit-subquery p(a;, aj). An
example of USCM is illustrated in Figure 1. For a given RPQ, by
estimating the searching cost of every possible set of its subqueries
with USCM, the RPQ is split into the best set of subqueries, which
has the minimum of estimated searching cost.
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Table 1: Example of USCM for a graph of social shopping network

Label:Count | isLeaderOf | friend | follows | knows | purchased | likes | ownedBy | Total
isLeaderOf:3 0 2 2 0 1 1 0 6
friend:2 0 0 1 3 1 3 0 8
follows:3 0 0 1 1 1 1 0 4
knows:6 3 0 0 2 3 1 0 9
purchased:4 0 0 0 0 0 0 4 4
likes:6 0 0 0 0 0 0 6 6
ownedBy:4 0 1 3 2 1 2 0 9

Vi Vs

isLeaderOf i i V15

Figure 1: Example of a directed graph representing a social
shopping network.

4 USCM-BASED PARALLEL EVALUATION OF
RPQS BY ESTIMATING JOINING COST

Because the joining cost means the cost of merging results of sub-
queries, and it depends on the result size of the subqueries. There-
fore, we first describe how to estimate the result size of a given
RPQ as the joining cost. We then present how to split RPQs with
combination of the joining and searching cost.

4.1 Estimating Result Size of RPQs with USCM

(1) Concatenation RPQ. The result size is the number of paths on the
graph satisfying the query. We denote §(a;) as the number of label
a;j in G. It is undeniable that the result size of an RPQ with length
1, R = ay, equals 8(ap). While an RPQ with length 2, R = agpay,
has result size being equal to p(ag, a1). Intuitively, the number
of paths satisfying the query with R = agpa;..an—1a, depends on
the number of paths on the graph being matched with regular
expression apdi..ap—1. We formulate the estimation of result size
by the equation below.

pla,a2) - pan-1,dn)
(a1) 8(an-1)

P = p(ao, a1) X 1)

Example 1: Assuming that there is a graph G as illustrated in
Figure 1, then a recommendation system can help leaders of a com-
pany/shop to find out which products are liked by people who are
followed by their employees. A regular expression R representing
this finding is R = isLeaderOf o follows o likes. By using Equation
1, we can estimate the result size of Q(R) as follows.

u(follows, likes)

P = p(isLeaderOf, follows) X 5(follows)

=2X-=1

W | =

Thus, the estimated result size is one which equals the number of

Lo . isLeaderOf follows
true paths satisfying the query, that is v3 vy

likes
06 — 010-

(2) Alternation RPQ. The result size of Q(R) in this case can be
calculated by summing the number of paths matched two regular
expressions: ay...aj—14;aj+2...ap and ag...aj—1a;+1ai+2...an. Specifi-
cally, we formulize the estimation by consider some specific cases
as the following:

o For the simplest case, R = ag(a1|az)as, there is no concate-
nation sub-query before and after a group of alternate labels.
The result size can be estimated like

p(ay, as) p(az, as)
d(ay) 5(az)

e For a general case, R = ay...aj—1(a;i|ai+1)dit+2...an, where
i > 2andi+3 < n, we estimate the result size of Q(R) by
using the equation below.

P = p(ap,a1) X + p(ag, az) X (2

pai-1,ai) _ plai, ajv2)
ol R TPy R T
plai-1,aiv1) _ p(@ir1, aiv2) 3)
5(ai-1) d(ai+1)
p(aiv2, aiv3) - p(an-1,dn)
d(ai+2) d(an-1)

where P;_1 is the number of paths that estimated by using Equation
1 on subquery apa;..a;j—1.

(3) Kleene Star RPQ. Typically, the result size of an RPQ having
Kleene Star operator is much larger than other ones. It is the sum-
mation of all paths satisfying one of all possible paths which end at
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# Stop-point ® Terminal-point

Figure 2: A tree representing all possible paths satisfying a
Kleene Star RPQ

# Stop-point

m Terminal-point

Figure 3: A tree representing possible paths satisfying a com-
plex RPQ.

terminal-points as shown in Figure 2. It includes the number paths
with length n (without a;), Pp, and the remained paths containing
at least one label a;, Px. Let P is the result size in this case, we have
P being equal to the summation of Pp and Pk, where Pp and Px
are estimated by the equations below.

p(ai-1, air1) p(an-1, an)
Pp=Pj_1 X 4
o-i 5(ai-1) d(an-1) @
Pk =Pix(1+w+w’+..+a") X p(ai div1)
d(ay) 5)

p(an-1, an)
d(an-1)
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Algorithm 1 EstimateAlterStar

Require: pre: string before alternation operator, a: the first label
in group of alternation operator, b: the second label in group
of alternation operator, suf: string after alternation operator,
and USCM

Ensure: P: the number of paths satisfying R

1: Po « EstimateConcat(pre + suf, USCM);

2% P« P+ Pp;

3: P; < EstimateConcat(pre + a, USCM);

4: Py « EstimateConcat(pre + b, USCM);

5. if Py > 1 then

6 EstimateAlterStar(pre + a, a, b, suf, USCM);
7. if P, > 1 then

8: EstimateAlterStar(pre + b, a, b, suf, USCM);

p(ai, ai)

5(ai)
the longest path length of g; in the result of Q(R) as illustrated in
Figure 2,y € N.

Here, how to specify the upper bound of y for a given RPQ is non-
trivial. Fortunately, we can estimate y by using USCM. Obviously,
to obtain the paths with y labels a;, the number of path with y — 1
labels a; need to be greater than or equal to one. So, we have the
equation

where v = , and we assume that @ < 1 as usual; and y is

Pisy-1=P; X 0¥ (6)
Then, Pij4y-1 > 1 means that
y <log,(1/P;) +1 (7)

(4) Highly Complex RPQ. Similar to the result size of an RPQ in
case of Kleene Star operator, the result size of a highly complex RPQ
is the summation of all paths satisfying one of all possible paths
from start-label ag to end-label a,. However, in the case of a highly
complex RPQ, there are multiple stop-points and terminal-points
as shown in Figure 3, so it is difficult to formalize the estimated
result size by using equations. To estimate the result size of the
highly complex RPQ, Q(R), with R = apay...ai—1(a;|ai+1)* ais2...an,
we propose an algorithm which is shown in Algorithm 1. Here,
the input arguments (e.g., pre, a, etc.) of the function EstimateAl-
terStar are extracted from the highly complex RPQ. Initially, we
estimate the result size of the concatenation RPQ (agajaj—1ai+2.-an)
whose answers have smallest path length and have not included
the alternate labels of the complex RPQ (line 1), by using estima-
tion function EstimateConcat (not shown). The result is added to
variable P which is the number of paths statisfying R (line 2). Note
that, the value of P would be increased after calling the recursive
function EstimateAlterStar. We then perform estimating the result
size of concatenation RPQs having longer path length by adding
alternate labels one by one and re-calling EstimateAlterStar proce-
dure (line 3-4). Estimating of concatenation RPQs having longer
path length is repeated until the estimated number of paths of every
concatenation RPQ is smaller than one (lines 5-8).
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4.2 Parallel Evaluation of RPQs by Exploiting
Joining Cost

Let us consider an RPQ, Q(R), which is split into k subqueries. The

estimated parallel evaluation cost of Q(R) consists of the estimated

searching cost and the estimated joining cost of its subqueries. First,

the estimated searching cost Cs of Q(R) can be computed by using

Equation 8

Cs = max[Cq,,Cq,, - Cqr 1 ®)

where Cgy; is the estimated searching cost of subquery ¢;,0 < i < k,
which is estimated by using the method in our previous works [16].

Next, we estimate the joining cost of the subqueries. Here, we
do not consider methods for optimizing the joining cost such as
multiway joins [1] or top-k join queries [19]. We therefore use a
join sequence for subqueries’ results. That is, the two first partial
answers will be joined, then the result will be used to join with the
third partial answer, and so on. In our implementation, a merge-join
is used to match two partial answers. Thus, a O(M * N) merge-like
step is performed to determine the matching paths, where M, N are
the result sizes of two partial answers. Let us assume that Py, is the
result size of subquery g;, and C; is the estimated joining cost, so
we can formalize Cy by using the equation below:

CJ = Pg; X Pgy +1(q1,q2) X Pgs + " + N(qr.q0 - qr1) > Pai
©)
where 7 is the function for estimating the result size of the query
which is established by concatenation of subqueries.

Finally, to obtain the parallel evaluation cost, denotes as Cpg,
we need to sum up the searching cost Cs and the joining cost C;.
However, they are not represented by the same unit, in which,
the unit of the searching cost is the number of traversed edges;
meanwhile, the unit of the joining cost is the number of operations
(merge-like). Therefore, we need to use a conversion to make the
units be uniform. To do this, we analyze the searching cost and try
to represent it in the number of operations. In practice, in order
to find the nodes for the next searching step, each traversed edge
is checked whether there exists a matched label with any label
of transitions from a current state in the query automaton. We
assume that the cost of an operation of matching two labels in
the searching step is similar to the one in the joining step. By
specifying the searching cost likes this way, we can use the number
of operations as the unit of the searching cost (from now on). Let
us assume that f is the average degree of the query automaton,
and it can be obtained after reading query. So, we can estimate the
parallel evaluation cost in the number of operations as follows.

Cpg=Cs X B+Cy (10)

Based on estimated evaluation cost, we can reduce the cost of
parallel evaluation of an RPQ Q(R) on multiple CPU cores. Let us
assume that k is a given number of CPU cores, which can be used to
evaluate Q(R). Our algorithm is done in four steps as the following:

Step 1: Split R into every possible set of subqueries so that the
number of subqueries in each set is less than or equal to k.

Step 2: Estimate the evaluation cost of every set of subqueries
by using USCM, in which, both the searching cost and joining cost
are considered. Then, we select only one set of subqueries, Speg;»
which has a minimum estimated evaluation cost.

300 a0t
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Figure 4: Response time comparison on different graphs.

Step 3: Evaluate Sp,; in a parallel manner, in which, each sub-
query is searched separately under a CPU core.

Step 4: If each search process found at least one path, we merge
the results from |Sp,,;| subqueries to get the final answer.

5 EXPERIMENTAL EVALUATION

In this section, we conducted experiments for evaluating the effec-
tiveness of our proposed method. We compares the performance
of our USCM-Join approach with USCM-Basic approach (with-
out consideration of joining cost) and other approaches including
automata-based approach (AUT) [9] and the threshold rare label
based approach (TRL) [10].

Environments. We implemented all algorithms in Java. Exper-
iments are conducted on a single personal computer which has
3.60GHz Intel Core i7, 4 CPU cores, and 8.0GB of RAM.

Datasets. We used two real-life graphs: the first one is a protein-
protein interactions network named Alibaba[10], which contains
52,050 nodes, 340,775 edges, and 649 labels. The second is a knowl-
edge graph named Yago, which is extracted from the main entities of
Yago3 [14] with 1,756,958 nodes, 3,615,249 edges, and 13 labels. We
also used a synthetic graph with around 16,000 nodes and 304,000
edges. which is generated by using Gephi [4]. We used 15 distinct
labels to annotate edges for these graphs. The occurrence of labels
follows the Zipfian distribution.

Query sets. With experiments on Alibaba graph, we used the
queries set given by previous research [10]. We analyzed ten thou-
sand queries and found that approximately 87% proportion is simple
RPQs, 3% and 10% proportion contain nested RPQs with and with-
out recursive modifiers, respectively. For Yago graph, we created a
query set of 40 RPQs with length varied from 4 to 8. The query set
has 10 queries for each type of RPQs in Section 4. For the synthetic
graphs, we mainly used 1,000 random RPQs with 80% proportion
of having concatenation and alternation RPQs, 15% proportion of
having Kleene Star RPQs, and 5% proportion of having complex
RPQs with recursive modifiers.

Experimental Results. Figure 4 illustrates the average response
times of four different approaches on both real-world graphs and
the synthetic graph. We observed that USCM-Join approach outper-
forms other approaches in all the cases. Especially, it reduces the
response time around 20% on average compared to the USCM-Basic
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Figure 5: Evaluation cost comparison in detail on Yago graph.

approach. To explain how our proposed method reduces response
time significantly in detail, we chose 10 queries randomly on Yago
graph and shown their evaluation cost in Figure 5. We observed
that AUT approach without separating RPQs has no joining cost,
but high searching cost. TRL and UCSM-Basic approaches sepa-
rating RPQs without joining cost consideration sometimes have
high joining cost. Meanwhile, USCM-Join separating RPQs with
combination of joining and searching cost achieved the minimum
evaluation cost.

6 CONCLUSION

This paper presented a method of estimating the joining cost of sub-
queries in order to accelerate the USCM based parallel evaluation
of RPQs. The proposed method is realized by estimating the result
size of subqueries, which are used to estimate the joining cost of the
subqueries. Then, the evaluation performance of RPQs is improved
by splitting them with combination of the estimated joining and
searching cost. Through the experimental results upon real-world
datasets, we found that estimating joining cost enhances USCM
based approach up to around 20% in terms of response time. In the
future, we will evaluate (1) the impact of query types (concatena-
tion, alternation, Kleene Star, and complex RPQs) on the accuracy
of result size estimation and (2) the impact of the different number
of subqueries on our USCM-Join approach.

ACKNOWLEDGMENTS

This research is funded by Hung Yen University of Technology and
Education under the grant number UTEHY.L.2020.07. This research
was supported by Basic Science Research Program through the Na-
tional Research Foundation of Korea (NRF) funded by the Ministry
of Science, ICT & Future Planning (NRF-2017R1A2B4012559).

REFERENCES

[1] Foto N Afrati and Jeffrey D Ullman. 2011. Optimizing multiway joins in a map-
reduce environment. IEEE Transactions on Knowledge and Data Engineering 23, 9
(2011), 1282-1298.

[2] Jorge Almeida and Marc Zeitoun. 2008. Description and analysis of a bottom-up
DFA minimization algorithm. Inform. Process. Lett. 107, 2 (2008), 52-59.

[3] Pablo Barcel6 Baeza. 2013. Querying graph databases. In Proceedings of the 32nd
ACM SIGMOD-SIGACT-SIGAI symposium on Principles of database systems. ACM,

[10

(11]

[12

ey
&

=
it

175-188.
Mathieu Bastian, Sebastien Heymann, Mathieu Jacomy, et al. 2009. Gephi: an
open source software for exploring and manipulating networks. ICWSM 8 (2009),
361-362.
Diego Calvanese, Giuseppe De Giacomo, Maurizio Lenzerini, and Moshe Y Vardi.
1999. Rewriting of regular expressions and regular path queries. In Proceedings of
the eighteenth ACM SIGMOD-SIGACT-SIGART symposium on Principles of database
systems. ACM, 194-204.
Diego Calvanese, Giuseppe De Giacomo, Maurizio Lenzerini, and Moshe Y Vardi.
2002. Rewriting of regular expressions and regular path queries. J. Comput.
System Sci. 64, 3 (2002), 443-465.
Alan Davoust and Babak Esfandiari. 2016. Processing Regular Path Queries on
Arbitrarily Distributed Data. In OTM Confederated International Conferences” On
the Move to Meaningful Internet Systems". Springer, 844-861.
Mary Fernandez and Dan Suciu. 1998. Optimizing regular path expressions
using graph schemas. In Data Engineering, 1998. Proceedings., 14th International
Conference on. IEEE, 14-23.
Roy Goldman and Jennifer Widom. 1997. DataGuides: Enabling Query Formu-
lation and Optimization in Semistructured Databases. In VLDB’97, Proceedings
of 23rd International Conference on Very Large Data Bases, August 25-29, 1997,
Athens, Greece. 436-445. http://www.vldb.org/conf/1997/P436. PDF
André Koschmieder and Ulf Leser. 2012. Regular path queries on large graphs.
In Scientific and Statistical Database Management. Springer, 177-194.
Leonid Libkin and Domagoj Vrgo¢. 2012. Regular path queries on graphs with
data. In Proceedings of the 15th International Conference on Database Theory. ACM,
74-85.
Desheng Liu, Zhiping Huang, Yimeng Zhang, Xiaojun Guo, and Shaojing Su.
2016. Efficient Deterministic Finite Automata Minimization Based on Backward
Depth Information. PloS one 11, 11 (2016), e0165864.
Tingwen Liu, Alex X Liu, Jinqiao Shi, Yong Sun, and Li Guo. 2014. Towards
fast and optimal grouping of regular expressions via DFA size estimation. [EEE
Journal on Selected Areas in Communications 32, 10 (2014), 1797-1809.
Farzaneh Mahdisoltani, Joanna Biega, and Fabian M Suchanek. 2013. Yago3: A
knowledge base from multilingual wikipedias. In CIDR.
Wim Martens and Tina Trautner. 2018. Evaluation and Enumeration Problems
for Regular Path Queries. In 21st International Conference on Database Theory
(ICDT 2018). Schloss Dagstuhl-Leibniz-Zentrum fuer Informatik.
Van-Quyet Nguyen, Quyet-Thang Huynh, and Kyungbaek Kim. 2018. Estimat-
ing searching cost of regular path queries on large graphs by exploiting unit-
subqueries. Journal of Heuristics (30 Nov 2018). https://doi.org/10.1007/s10732-
018-9402-0
Jacob Scott, Trey Ideker, Richard M Karp, and Roded Sharan. 2006. Efficient
algorithms for detecting signaling pathways in protein interaction networks.
Journal of Computational Biology 13, 2 (2006), 133-144.
Silke Trif}l and Ulf Leser. 2010. Estimating Result Size and Execution Times for
Graph Queries.. In ADBIS (Local Proceedings). 11-20.
Minji Wu, Laure Berti-Equille, Amélie Marian, Cecilia M Procopiuc, and Di-
vesh Srivastava. 2010. Processing top-k join queries. Proceedings of the VLDB
Endowment 3, 1-2 (2010), 860-870.
Nikolay Yakovets, Parke Godfrey, and Jarek Gryz. 2016. Query planning for eval-
uating SPARQL property paths. In Proceedings of the 2016 International Conference
on Management of Data. ACM, 1875-1889.


http://www.vldb.org/conf/1997/P436.PDF
https://doi.org/10.1007/s10732-018-9402-0
https://doi.org/10.1007/s10732-018-9402-0

	Abstract
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 Graph Data and Regular Path Queries
	3.2 USCM-based Splitting RPQs for Parallel Evaluation

	4 USCM-Based Parallel Evaluation of RPQs by Estimating Joining Cost
	4.1 Estimating Result Size of RPQs with USCM
	4.2 Parallel Evaluation of RPQs by Exploiting Joining Cost

	5 Experimental Evaluation
	6 Conclusion
	References

