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ABSTRACT

Graph has become a powerful tool to model real life data. �ere

are companies building their products based on graph data model,

such as Facebookand LinkedIn. Moreover, thanks to location-aware

devices, spatial data can be collected quickly with cheap price and

spatial-aware services are popular in our daily lives, such as Google

Map. GeoSocial graph integrates social graph model with spatial

locations, which has already triggered many interesting applica-

tions. It also brings the challenges to e�ciently searching the spa-

tial graph data. In this paper, we propose an augmented R-Tree

structure, Riso-Tree, which can achieve up to 100x be�er perfor-

mance than state-of-the-artmethods in solving location-based graph

queries.

1 INTRODUCTION

�e world we are living in is becoming more and more connected

due to convenient transportation and telecommunication techniques.

It is natural to model the real world as a set of connected objects.

As a result, graphs that consist of vertices and edges are commonly

used in many real applications, such as social graph, citation net-

work analysis, studying biological function of genes, and brain

simulation. To represent abundant information in di�erent appli-

cations, vertices and edges are assigned with di�erent labels [2].

In a graph like this, searching for interesting pa�erns is crucial in

many applications. �ese applications include but not limited to

similarity search [2], clustering [5] and classi�cation [1]. Pa�ern

matching query, which is used for searching interesting pa�erns,

takes input as a data graph and a query graph and returns all the

matching subgraphs for the query graph in the data graph. For in-

stance, a meta-path-based similarity search is based on the pa�ern

matching query: Author
W rite
−−−−−−→ Paper

W rittenBy
−−−−−−−−−−→ Author [4].

In this application, the number of matching pa�erns is used as the

metric for evaluating similarity. So the pa�ern matching problem

needs to be answered �rst.

�anks to thewide-spread usage ofGPS-enabled devices, GeoSpa-

tial information can be collected conveniently and accurately with

high accessibility. Such information provides us with another per-

spective to observe the real world, analyze data and explain phe-

nomena. Adding spatial information into the graph model triggers

e�ort ofmany researchers. �ey assign spatial locations to vertices

in the network and these vertices are labeled with a spatial label.

Figure 1 demonstrates an application on such graph. Alice is visit-

ing Paris for the �rst time. She may be interested in exploring the

area but needs guidance from her social circle. When she logs in,

Facebook retrieves places such that each place has been visited by

at least one of Alice’ s friends before.

Basically, the existing approaches can be divided into two cat-

egories. �e �rst one is called Spatial-Post. It treats the spatial
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Figure 1: Facebook Graph Search Application

a�ribute as the second-rate citizens. �e spatial predicate will be

checked a�er a spatial vertex is visited in the graph search. If the

spatial location of the vertex cannot satisfy the spatial predicate

(i.e., Paris region in the example application), such spatial vertex

will be �ltered out. Even though the Spatial-Post approach answers

the query correctly, it may possibly traverse many unnecessary

vertices / edges in the graph. Another approach, namely Spatial-

First, applies a state-of-the-art spatial index, e.g., R-Tree or its vari-

ants, to �nd all spatial vertices V that lie within the input spatial

range predicate. �en it re-writes the original pa�ern matching

query into a set of graph pa�ern matching queries for each spatial

vertex in V . �e drawback of the Spatial-First approach is that it

may retrieve spatial vertices that satisfy the spatial predicate but

do not match the query pa�ern.

2 INDEX STRUCTURE

Riso-Tree is an augmented RTree index structure. Riso-Tree shares

common tree structure skeleton with RTree but Riso-Tree has net-

work information a�ached to its non-leaf nodes. For each MBR in

a non-leaf node, we store the information of the subgraph that can

be reachable from spatial vertices included by such MBR through

any path whose length is less than or equal to K where K is prede-

�ned by the user. For di�erent levels of Riso-Tree nodes, reachable

subgraph information is stored with di�erent structure. For the

lowest level MBRs, the vertices that can be reachable through each

type of path are stored. But for MBRs in higher levels, only the

existing paths that start from spatial objects within each MBR are

recorded in Riso-Tree. Besides that, Riso-Tree also stores some sta-

tistical information about spatial objects within such MBR and the

neighbors of this MBR.

Figure 3 depicts an example of Riso-Tree index structure for the

graph in Figure 2. In this case, K is set to 2 so that neighbors within
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Figure 2: Example Graph
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Figure 3: Riso-Tree Structure

2-hops are considered. For the lowest-level MBRs, for instance R4,

there are three types of paths, v , vv and vs . �e vertices that can

be reachable from R4 through pathvv arev2,v8, denoted by PN
p
R4
.

For MBRs in higher-level, for instance R1, Riso-Tree only stores all

the existing paths that start from spatial objects within R1, which

are {v,vv,vs }.

3 QUERY PROCESSING

Existing graph database has its own optimizer for determining strat-

egy of executing a SGPM based on graph statistical information,

such as cardinality of labels and the average degree. However, it

ignores the in�uence of spatial predicate in SGPM.�e in�uence of

spatial predicate has two aspects. One is that the spatial vertex in

the query can be highly-selective when area of the query rectangle

is small. �en it is intuitive to start the search from these spatial

objects because the search space is smaller. Another aspect is that

spatial predicates not only change cardinality of the spatial vertex

in the query, but also that of other vertices connected to the spatial

vertex. Use the query u − v − s where s should be within Q as an

example. �e algorithm will compute all the in�uential paths in

the query, which arev andvu . �en it searches Riso-Tree from the

root node. Even though both R1 and R2 can satisfy the spatial pred-

icate, existing paths of R1 does not contain one in�uential pathvu .

So the tree branch of R1 can be safely pruned. �en the algorithm
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Figure 4: �ery response time (spatial selectivity ranging from

0.0001 to 0.1)

goes to the children of R2. �e mapping set forv can be computed

by performing the union operation on PNv
R6

and PNv
R7
. So the

mapping set ofv is reduced to {v2,v3,v4}. �en the search will go

to the leaf level of Riso-Tree to calculate the candidate set of spa-

tial query vertex s . For this case, it will be {s10, s11, s13, s14, s15}. As

a result, the size of matching candidates for both spatial and non-

spatial vertices in the query can be reduced by using Riso-Tree.

4 EXPERIMENT

Figure 4 shows query time of using Spatial-Post, Spatial-First and

Riso-TreewithK being set to 1 and 2 respectively. Two real datasets,

Foursquare andGowalla are used in our evaluation. 100 non-spatial

labels are randomly assigned to their original non-spatial vertices.

�e selectivity of the spatial predicate varies between 10−6 and

10−3. �e Spatial-Post approach has the worse performance be-

cause it cannot take advantage of the high-selective spatial pred-

icate. Spatial-First can perform well when spatial selectivity is

high. But it can become slow when spatial selectivity increases

and it is even worse than Spatial-Post approach. Both Riso-Tree

approaches can outperform the baseline approaches. �ey can also

keep a stable performance in di�erent spatial selectivities. It can

be observed that Riso-Tree(K = 2) can achieve be�er performance

than Riso-Tree(K = 1) because it has more information of reach-

able subgraphswhich incursmore pruning power. To sumup, Riso-

Tree can achieve 100x be�er performance than the baseline incur

in that it can reduce the search space for both spatial and non-

spatial vertex in the query.
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