
S3AND: Efficient Subgraph Similarity Search Under Aggregated
Neighbor Difference Semantics

Qi Wen

East China Normal University

Shanghai, China

51265902057@stu.ecnu.edu.cn

Yutong Ye

East China Normal University, Shanghai, China

Kent State University, Kent, Ohio, USA

52205902007@stu.ecnu.edu.cn

Xiang Lian

Kent State University

Kent, Ohio, USA

xlian@kent.edu

Mingsong Chen

East China Normal University

Shanghai, China

mschen@sei.ecnu.edu.cn

ABSTRACT
For the past decades, the subgraph similarity search over a large-

scale data graph has become increasingly important and crucial

in many real-world applications, such as social network analysis,

bioinformatics network analytics, knowledge graph discovery, and

many others. While previous works on subgraph similarity search

used various graph similarity metrics such as the graph isomor-

phism, graph edit distance, and so on, in this paper, we propose

a novel problem, namely subgraph similarity search under aggre-
gated neighbor difference semantics (S3AND), which identifies sub-

graphs 𝑔 in a data graph 𝐺 that are similar to a given query graph

𝑞 by considering both keywords and graph structures (under new

keyword/structural matching semantics). To efficiently tackle the

S
3
AND problem, we design two effective pruning methods, keyword

set and aggregated neighbor difference lower bound pruning, which
rule out false alarms of candidate vertices/subgraphs to reduce the

S
3
AND search space. Furthermore, we construct an effective index-

ing mechanism to facilitate our proposed efficient S
3
AND query

answering algorithm. Through extensive experiments, we demon-

strate the effectiveness and efficiency of our S
3
AND approach over

both real and synthetic graphs under various parameter settings.
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1 INTRODUCTION
The subgraph similarity search over graphs has been widely used as

an important and fundamental tool for real-world applications, such

as social network analysis [28], knowledge graph discovery [29],
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Figure 1: An S3AND example of the skilled team search.

bioinformatics mining [9], and so on. Specifically, a subgraph simi-

larity search query retrieves those subgraphs 𝑔 in a large-scale data

graph 𝐺 that are similar to a given query graph pattern 𝑞.

Existing works on the subgraph similarity search used graph

similarity metrics, such as graph edit distance [5, 8] and chi-square
statistics [7], to measure the similarity between subgraphs 𝑔 and

query graph 𝑞. While different graph similarity semantics are help-

ful for different real applications (e.g., with similar graph structures

or statistics), in this paper, we propose a novel graph similarity mea-

sure, called aggregated neighbor difference (AND), which is given

by aggregating the neighbor differences of the matching vertices

between subgraph 𝑔 and query graph 𝑞. Based on this AND seman-

tic, we formulate a new problem, namely subgraph similarity search
under aggregated neighbor difference semantics (S3AND), which
obtains subgraphs 𝑔 ⊆ 𝐺 that match with 𝑞 with low AND scores.

Below, we give a motivation example of our S
3
AND problem in

the application of collaboration social network analysis.

Example 1. (The Skilled Team Search in Collaboration Social
Network) To accomplish a new project, a manager wants to recruit
an experienced team that consists of members with relevant skills and
previous collaboration experiences. Figure 1(a) shows a collaboration
social network 𝐺 , which consists of 12 user vertices, 𝑣1 ∼ 𝑣12, each
with a set of skill labels (e.g., user 𝑣2 has the “back-end” development
skills), and collaborative edges (each connecting two users, e.g., 𝑣2 and
𝑣3, indicating that they collaborated on some project before).

Figure 1(b) shows a target (query) graph pattern 𝑞, which repre-
sents a desirable team structure, specified by the project manager. In
particular, each member 𝑞𝑖 (1 ≤ 𝑖 ≤ 5) in this experienced team must
have certain skills (i.e., query keywords), for example, team mem-
ber 𝑞2 should have the “back-end” skill. Moreover, during the project
period, team members are required to communicate frequently for
accomplishing the project together. Thus, it is preferred that they have
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previous experience in project collaboration to reduce the one-to-one
communication overhead. As an example, the “back-end” team mem-
ber 𝑞2 is expected to have collaborative experience (i.e., edge 𝑒 (𝑞2, 𝑞4))
with a “front-end” member 𝑞4 before.

However, in practice, it is rare to find a perfect subgraph that exactly
matches the query graph 𝑞. For example, in Figure 1, we cannot find
a subgraph of 𝐺 that is structurally isomorphic to the query graph 𝑞.

Alternatively, the manager can issue an S3AND query to obtain
a team from 𝐺 (e.g., the subgraph 𝑔 within the dashed circle of Fig-
ure 1(a)), whose members have the required skills to accomplish project
tasks (i.e., data vertices in 𝑔 must contain the required keywords in
query vertices), but follow some relaxed constraints on the collabora-
tion experience. As an example, in subgraph 𝑔 of Figure 1(a), although
user 𝑣1 does not have experience working with user 𝑣3 before (as
required by edge 𝑒 (𝑞1, 𝑞3) in query graph 𝑞), they can still build
good collaborative relationships through the new project, however,
with some extra costs (e.g., time delays and/or communication ef-
forts, as they were not familiar with each other before). Similarly,
compared with the target team 𝑞, collaborative edge 𝑒 (𝑣3, 𝑣5) is also
missing in 𝑔. Thus, although subgraph 𝑔 and query graph 𝑞 do not
structurally match with each other, subgraph 𝑔 can still be a poten-
tial candidate team that follows strict skill constraints and meets
the relaxed collaboration requirements (e.g., within some budget of
extra collaboration costs, defined later as the aggregated neighbor
differences (AND) in Section 2.2). The S3AND query can exactly help
obtain such a team (subgraph) 𝑔 in 𝐺 , satisfying the keyword set
containment relationship between query and data vertices and with
low collaboration/communication overheads (i.e., AND scores). ■

The S
3
AND problem has many other real applications. For ex-

ample, in the Semantic Web applications [44], a SPARQL query can

be considered as a query graph 𝑞 over a large knowledge graph

𝐺 . Our S3AND query can be used to return RDF subgraphs that

follow the keyword constraints and have minor structural changes

compared with 𝑞.

Inspired by the examples above, our S
3
AND problem considers

novel aggregated neighbor difference (AND) semantics for subgraph

similarity search over a large data graph 𝐺 . Efficient and effective

S
3
AND query answering is quite challenging, due to complex graph

manipulations (e.g., graph structure/keyword checking and AND

score calculation over a large-scale data graph). Therefore, in this

paper, we will design a general framework for S
3
AND query pro-

cessing, which seamlessly integrates our proposed effective pruning

strategies (with respect to keywords and AND scores) to reduce

the problem search space, effective indexing mechanisms over pre-

computed data from graph𝐺 , and efficient S
3
AND query algorithm

via the index traversal.

Specifically, we make the following contributions in this paper.

(1) We formulate a novel problem, subgraph similarity search
under aggregated neighbor difference semantics (S3AND) in
Section 2, which is useful for real application scenarios.

(2) We propose a general framework for tackling our S
3
AND

problem efficiently and effectively in Section 3.

(3) We design effective pruning strategies (w.r.t. constraints of

keywords and aggregated neighbor differences) in Section

4 to prune false alarms of candidate vertices/subgraphs.

(4) We devise an effective indexing mechanism to facilitate our

proposed S
3
AND processing algorithm in Section 6.

(5) We validate the S
3
AND performance in Section 7 through

extensive experiments on real/synthetic graphs.

Section 8 overviews previous works on subgraph matching and

subgraph similarity search. Finally, Section 9 concludes this paper.

2 PROBLEM DEFINITION
2.1 Graph Data Model
We first provide the formal definition of a large-scale data graph 𝐺 .

Definition 1. (Data Graph, 𝑮) A data graph 𝐺 is in the form
of a triple (𝑉 (𝐺), 𝐸 (𝐺),Φ(𝐺)), where 𝑉 (𝐺) is a set of vertices, 𝑣𝑖 , in
graph𝐺 , each with a keyword set 𝑣𝑖 .𝑊 , 𝐸 (𝐺) represents a set of edges
𝑒 (𝑣𝑖 , 𝑣 𝑗 ) (connecting two ending vertices 𝑣𝑖 and 𝑣 𝑗 ), and Φ(𝐺) is a
mapping function: 𝑉 (𝐺) ×𝑉 (𝐺) → 𝐸 (𝐺).

2.2 Aggregated Neighbor Difference Semantics
The Vertex-to-Vertex Mapping, 𝑀 : 𝑉 (𝑞) → 𝑉 (𝑔): Consider a
target (query) graph pattern 𝑞 and a subgraph 𝑔 of data graph 𝐺

with the same graph size, that is, |𝑉 (𝑔) | = |𝑉 (𝑞) |. We say that there

is a vertex-to-vertex mapping, 𝑀 : 𝑉 (𝑞) → 𝑉 (𝑔), between 𝑞 and

𝑔, if each vertex 𝑞 𝑗 ∈ 𝑉 (𝑔) has a 1-to-1 mapping to a query vertex

𝑞 𝑗 ∈ 𝑉 (𝑞), such that their keyword sets satisfy the condition that

𝑞 𝑗 .𝑊 ⊆ 𝑣𝑖 .𝑊 .

The Vertex Subset Mapping Function, 𝜇 (·): Accordingly, we
denote 𝜇 (·) as a mapping function from any vertex subset,𝑉 ′ (𝑞), of
𝑉 (𝑞) to its mapping subset,𝑉 ′ (𝑔), of𝑉 (𝑔) (via the vertex-to-vertex
mapping𝑀). That is, we have 𝜇 (𝑉 ′ (𝑞)) = 𝑉 ′ (𝑔), where any vertex

𝑞 𝑗 ∈ 𝑉 ′ (𝑞) is mapped to a vertex𝑀 (𝑞 𝑗 ) = 𝑣𝑖 ∈ 𝑉 ′ (𝑔).
Neighbor Difference Semantics, 𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ): Let 𝑁 (𝑣𝑖 ) be a set
of 1-hop neighbors of vertex 𝑣𝑖 ∈ 𝑉 (𝑔) in the subgraph 𝑔. Similarly,

𝑁 (𝑞 𝑗 ) is a set of 𝑞 𝑗 ’s 1-hop neighbors in the query graph 𝑞.

Then, for each vertex pair (𝑣𝑖 , 𝑞 𝑗 ) between𝑔 and 𝑞, their neighbor
difference, 𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ), is defined as the number of (matching) 1-hop

neighbors (or edges) that 𝑣𝑖 is missing, based on the target vertex

𝑞 𝑗 (and its neighbors). Formally, we have the following definition

of the neighbor difference semantics.

Definition 2. (Neighbor Difference, 𝑵𝑫 (𝒒𝒋 , 𝒗𝒊)) Given a tar-
get vertex, 𝑞 𝑗 , of a query graph 𝑞, a vertex, 𝑣𝑖 , of a subgraph 𝑔, and
a mapping function 𝜇 (·) from any subset of 𝑉 (𝑞) to its correspond-
ing subset of 𝑉 (𝑔) (via vertex-to-vertex mapping𝑀), their neighbor
difference, 𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ), is given by:

𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ) = |𝜇 (𝑁 (𝑞 𝑗 )) − 𝑁 (𝑣𝑖 ) |, (1)

where 𝑁 (·) is a set of 1-hop neighbor vertices, “−” is a set difference
operator, and | · | is the cardinality of a set.

Intuitively, in Definition 2, for each vertex pair (𝑞 𝑗 , 𝑣𝑖 ) in 𝑞 and
𝑔, the neighbor difference, 𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ), is given by the number of

missing edges 𝑒 (𝑣𝑖 , 𝑣 𝑗 ) with an ending vertex 𝑣𝑖 (when their corre-

sponding edges 𝑒 (𝑞 𝑗 , 𝑞 𝑗 ) in the target query graph 𝑞 exist).

Example 2. (Continue with Example 1). In the previous example
of Figure 1, compared with the query vertex 𝑞1 in query graph 𝑞, the
data vertex 𝑣1 in subgraph 𝑔 has one missing edge between 𝑣1 and 𝑣3
(while edge 𝑒 (𝑞1, 𝑞3) exists in 𝑞). Thus, we have the neighbor differ-
ence 𝑁𝐷 (𝑞1, 𝑣1) = 1. Similarly, since vertex 𝑣2 has 1-hop neighbors
𝑣1 and 𝑣4 (while edges 𝑒 (𝑞2, 𝑞1) and 𝑒 (𝑞2, 𝑞4) exist in 𝑞), we have
𝑁𝐷 (𝑞2, 𝑣2) = 0. ■
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Figure 2: An Example of the Aggregated Neighbor Difference.

The Aggregation Over Neighbor Differences, 𝐴𝑁𝐷 (𝑞,𝑔): Next,
we consider the aggregated neighbor differences (AND), 𝐴𝑁𝐷 (𝑞,𝑔),
for vertex pairs (𝑞 𝑗 , 𝑣𝑖 ) from query graph 𝑞 and subgraph 𝑔, re-

spectively. Intuitively, 𝐴𝑁𝐷 (𝑞,𝑔) outputs an aggregation over the

numbers of missing edges 𝑒 (𝑣𝑖 , 𝑣 𝑗 ) (or 1-hop neighbors 𝑣 𝑗 in 𝑁 (𝑣𝑖 ))
for all vertices 𝑣𝑖 in 𝑔, according to the targeted query graph 𝑞 (i.e.,

edges 𝑒 (𝑞 𝑗 , 𝑞 𝑗 ) in 𝑞).
Definition 3. (Aggregated Neighbor Difference, 𝑨𝑵𝑫 (𝒒, 𝒈))

Given a query graph 𝑞, a subgraph 𝑔, and a 1-to-1 vertex mapping𝑀
from 𝑉 (𝑞) to 𝑉 (𝑔) (note: |𝑉 (𝑞) | = |𝑉 (𝑔) |), the aggregated neighbor
difference, 𝐴𝑁𝐷 (𝑞,𝑔), between 𝑞 and 𝑔 is defined as the aggregation
over neighbor differences of all the matching vertex pairs (𝑞 𝑗 , 𝑣𝑖 ), i.e.,

𝐴𝑁𝐷 (𝑞,𝑔) = 𝑓
({
𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ) |∀(𝑞 𝑗 , 𝑣𝑖 ), 𝑠 .𝑡 .𝑀 (𝑞 𝑗 ) = 𝑣𝑖

})
, (2)

where𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ) is given by Eq. (1), and 𝑓 (𝑆) is an aggregate function
(e.g., MAX, AVG, or SUM) over a set 𝑆 .

In Definition 3, the aggregated neighbor difference, 𝐴𝑁𝐷 (𝑞,𝑔),
is given by the aggregation over neighbor differences 𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 )
of all the matching pairs (𝑞 𝑗 , 𝑣𝑖 ) between 𝑞 and 𝑣𝑖 . The aggregation
function 𝑓 (𝑆) can have different semantics such as MAX, AVG, or

SUM. In Example 1 (i.e., the skilled team search), theMAX aggregate

function returns the maximum possible collaboration effort (i.e.,

𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 )) that team members 𝑣𝑖 need (due to no collaboration

experience with other team members before). Similarly, AVG (or

SUM) aggregate function obtains the extra collaboration cost each

team member has to spend on average (or the total collaboration

cost for the entire team).

Example 3. Figure 2(a) illustrates the vertex-to-vertex mapping𝑀
from vertices of query graph 𝑞 to that of subgraph𝑔 (as given in Exam-
ple 1), whereas Figure 2(b) shows the neighbor differences, 𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ),
in subgraph𝑔, for each query vertex 𝑞 𝑗 , and their aggregated neighbor
differences 𝐴𝑁𝐷 (𝑞,𝑔) under different semantics.

Specifically, in Figure 2(b), we can see that vertex 𝑣1 is not con-
nected to 𝑣3 in 𝑔, compared with the edge 𝑒 (𝑞1, 𝑞3) in the target query
graph 𝑞. Thus, we have 𝑁𝐷 (𝑞1, 𝑣1) = 1. Similarly, we can compute
neighbor differences for other vertex pairs (𝑞 𝑗 , 𝑣𝑖 ) (for 𝑖 ≥ 2). By

aggregating these neighbor differences 𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ) (for 1 ≤ 𝑖 ≤ 5)
with different aggregation functions 𝑓 (·) (as given in Definition 3),
we can obtain their aggregated neighbor difference, 𝐴𝑁𝐷 (𝑞,𝑔), that
is, 2 (= max{1, 0, 2, 0, 1}) for MAX, 0.8

(
= 1+0+2+0+1

5

)
for AVG, and

4 (= 1 + 0 + 2 + 0 + 1) for SUM. ■

Note that, since the AND score 𝐴𝑁𝐷 (𝑞,𝑔) with the AVG aggre-

gate is given by the AND score with the SUM aggregate divided

by a constant (i.e., |𝑉 (𝑞) |). In subsequent discussions, we will only

focus on MAX and SUM aggregates for 𝑓 (note: AVG has the same

S
3
AND query answers as SUM).

2.3 The S3AND Problem Definition
In this subsection, we formulate the subgraph similarity search
problem under the aggregated neighbor difference semantics (S3AND).

Definition 4. (Subgraph Similarity Search Under Aggre-
gated Neighbor Difference Semantics, 𝑺3𝑨𝑵𝑫 (𝑮, 𝒒)) Given a
data graph 𝐺 , a query graph 𝑞, a vertex-to-vertex mapping 𝑀 :

𝑉 (𝑞) → 𝑉 (𝑔), and an aggregation threshold 𝜎 , a subgraph sim-
ilarity search under the aggregated neighbor difference semantics
(S3AND) retrieves connected subgraphs 𝑔 of 𝐺 , such that:

• (Equal Subgraph Size) |𝑉 (𝑞) | = |𝑉 (𝑔) |;
• (Keyword Set Containment) for the mapping vertices𝑞 𝑗 ∈
𝑉 (𝑞) and 𝑣𝑖 ∈ 𝑉 (𝑔), it holds that 𝑞 𝑗 .𝑊 ⊆ 𝑣𝑖 .𝑊 , and;
• (Aggregated Neighbor Difference) the aggregated neigh-

bor difference satisfies the condition that 𝐴𝑁𝐷 (𝑞,𝑔) ≤ 𝜎 ,
where 𝐴𝑁𝐷 (𝑞,𝑔) is given by Eq. (2).

Intuitively, in Definition 4, the S
3
AND problem retrieves all the

subgraphs 𝑔 that satisfy the AND constraints, with respect to the

query graph 𝑞. In particular, there exists a 1-to-1 vertex mapping,𝑀 ,

from each subgraph𝑔 to query graph𝑞. Thus, they have equal graph

size, that is, |𝑉 (𝑞) | = |𝑉 (𝑔) |. Moreover, for the mapping vertices 𝑞 𝑗
and 𝑣𝑖 from graphs 𝑞 and 𝑔, respectively, their associated keyword

sets satisfy the containment relationship, that is, 𝑞 𝑗 .𝑊 ⊆ 𝑣𝑖 .𝑊 .

Further, their aggregated neighbor difference 𝐴𝑁𝐷 (𝑞,𝑔) should
be as low as possible (i.e., 𝐴𝑁𝐷 (𝑞,𝑔) ≤ 𝜎). The three conditions
above guarantee that the subgraphs 𝑔 can maximally match with

the required target graph pattern 𝑞.

In Definition 4, we used the constraint of the Keyword Set Con-
tainment. In practice, wemay also consider other keywordmatching

constraints such as keyword embedding similarity, ontology simi-

larity, and so on, and adapt our proposed techniques (e.g., pruning

and indexing) to handle such keyword matching constraints. More-

over, the AND score, 𝐴𝑁𝐷 (𝑞,𝑔), considers the (mis)matching of

edges between query/data vertices and their 1-hop neighbors. As

in Example 1, the AND score implies the communication overhead

between team members and their collaborators (i.e., 1-hop neigh-

bors in collaboration networks). We would like to leave interesting

topics of considering variants of S
3
AND query semantics (e.g., with

different keyword matching or topological similarity options) as

our future work.

Table 1 depicts the commonly used notations and their descrip-

tions in this paper.

3 THE S3AND PROCESSING FRAMEWORK
Algorithm 1 illustrates a general framework for S

3
AND query an-

swering in a large-scale data graph 𝐺 . Figure 3 provides a visual
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Table 1: Symbols and Descriptions
Symbol Description
𝐺 a data graph

𝑉 (𝐺 ) a set of vertices 𝑣𝑖
𝐸 (𝐺 ) a set of edges 𝑒 (𝑢, 𝑣)
𝑞 a query graph

𝑔 a subgraph of data graph𝐺

𝑣𝑖 .𝑊 a keyword set of vertex 𝑣𝑖
𝑁 (𝑣𝑖 ) a set of vertex 𝑣𝑖 ’s 1-hop neighbors

𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ) the 1-hop neighbor difference between vertices 𝑞 𝑗 and 𝑣𝑖
𝐴𝑁𝐷 (𝑞,𝑔) the aggregation over all the neighbor differences of vertex pairs (𝑞 𝑗 , 𝑣𝑖 )

in graphs 𝑞 and 𝑔

𝜎 a threshold for the aggregated neighbor difference

workflow of the pseudo code in Algorithm 1, which consists of two

phases, offline pre-computation (lines 1-3 of Algorithm 1) and online
S3AND query processing phases (lines 4-7 of Algorithm 1).

Specifically, as illustrated in Figure 3, in the offline pre-computation
phase, we offline pre-compute some auxiliary data, 𝑣𝑖 .𝐴𝑢𝑥 , of each

vertex 𝑣𝑖 in large-scale data graph𝐺 (lines 1-2 of Algorithm 1), and

construct a tree index I over these pre-computed data 𝑣𝑖 .𝐴𝑢𝑥 to

facilitate online query optimizations like pruning (line 3 of Algo-

rithm 1).

In the online S3AND query processing phase, for each S
3
AND

query, we traverse the tree index I by applying our proposed prun-

ing strategies (e.g., the keyword set and AND lower bound pruning)

to retrieve candidate vertices w.r.t. query vertices 𝑞 𝑗 in the query

graph 𝑞 (lines 4-5 of Algorithm 1). Next, we assemble candidate ver-

tices of query vertices 𝑞 𝑗 and obtain candidate subgraphs 𝑔 (line 6

of Algorithm 1). Finally, we refine candidate subgraphs 𝑔 and return

a set, 𝑆 , of actual S3AND subgraph answers (line 7 of Algorithm 1).

4 PRUNING STRATEGIES
In this section, we present effective pruning strategies that reduce

the problem search space during the online S
3
AND query process-

ing phase (lines 5-7 of Algorithm 1). Due to space limitations,
we report proofs of lemmas throughout this paper in our
technical report [37] and omit them below.
4.1 Keyword Set Pruning
In Definition 4, the keyword set 𝑣𝑖 .𝑊 of each vertex 𝑣𝑖 in the S

3
AND

subgraph answer 𝑔 must be a superset of the keyword set 𝑞 𝑗 .𝑊 for

its corresponding query vertex 𝑞 𝑗 in the query graph 𝑞. Based on

this, we design an effective keyword set pruning method to rule out

candidate vertices that do not satisfy this keyword set constraint.

Lemma 1. (Keyword Set Pruning) Given a candidate vertex 𝑣𝑖
and a query graph 𝑞, vertex 𝑣𝑖 can be safely pruned, if it holds that:
𝑣𝑖 .𝑊 ∩ 𝑞 𝑗 .𝑊 ≠ 𝑞 𝑗 .𝑊 (i.e., 𝑞 𝑗 .𝑊 ⊈ 𝑣𝑖 .𝑊 ), for all 𝑞 𝑗 ∈ 𝑉 (𝑞).
Discussions on How to Implement the Keyword Set Pruning:
In order to enable the keyword set pruning (as given in Lemma 1),

we can offline pre-compute a bit vector, 𝑣𝑖 .𝐵𝑉 , of size 𝐵 for the

keyword set 𝑣𝑖 .𝑊 in each vertex 𝑣𝑖 . In particular, we first initialize

the bit vector 𝑣𝑖 .𝐵𝑉 with

⃗⃗
0, and then hash each keyword in 𝑣𝑖 .𝑊

into a bit position in 𝑣𝑖 .𝐵𝑉 (via a hashing function; setting the

position to “1”). The case of computing query bit vector 𝑞 𝑗 .𝐵𝑉 for

query keyword set 𝑞 𝑗 .𝑊 (w.r.t. query vertex 𝑞 𝑗 ) is similar.

As a result, the pruning condition, 𝑣𝑖 .𝑊 ∩ 𝑞 𝑗 .𝑊 ≠ 𝑞 𝑗 .𝑊 , in the

keyword set pruning method can be written as:

𝑣𝑖 .𝐵𝑉 ∧ 𝑞 𝑗 .𝐵𝑉 ≠ 𝑞 𝑗 .𝐵𝑉 , (3)

where “∧” is a bit-AND operator between two bit vectors.

Enhancing the Pruning Power via Keyword Grouping: Since
the keyword domain of the real data may be large, the size, 𝐵, of

Algorithm 1: The 𝑆3𝐴𝑁𝐷 Processing Framework
Input: i) a data graph 𝐺 , ii) a query graph 𝑞, and iii) an

aggregated neighbor difference threshold 𝜎

Output: a set, 𝑆 , of subgraphs 𝑔 matching with the query

graph 𝑞 under AND semantics

// offline pre-computation phase
1 for each 𝑣𝑖 ∈ 𝑉 (𝐺) do
2 compute the auxiliary data 𝑣𝑖 .𝐴𝑢𝑥

3 construct a tree index I over pre-computed aggregate data

in graph 𝐺

// online S3AND query processing phase
4 for each S3AND query do
5 traverse the tree index I by applying the keyword set

and AND lower bound pruning strategies to retrieve

candidate vertices w.r.t. query vertices 𝑞 𝑗 in the query

graph 𝑞

6 assemble candidate vertices of query vertices 𝑞 𝑗 and

obtain candidate subgraphs 𝑔

7 refine candidate subgraphs 𝑔 and return a set, 𝑆 , of

actual 𝑆3𝐴𝑁𝐷 subgraph answers

Data Graph, 𝑮

Pre-Computation 
of Auxiliary Data, 

𝒗𝒊.𝐴𝑢𝑥

Construction of 
Balanced Tree 

Index, 𝐼

Query Graph, 𝒒

𝑺𝟑𝑨𝑵𝑫
Answers, 

𝑺

Candidate 
Subgraph 

Refinement

Offline Pre-Computation Phase Online Query Processing Phase

Index Traversal

Pruning Strategies

Figure 3: The workflow of S3AND query processing.

bit vectors 𝑣𝑖 .𝐵𝑉 is much smaller than the keyword domain size,

which may lead to hashing conflicts (i.e., different keywords are

hashed to the same bit position in 𝑣𝑖 .𝐵𝑉 ). In order to enhance the

pruning power of keyword set pruning, we propose a keyword
grouping optimization approach, which can reduce the probability

of incurring false positives via keyword set pruning.

Specifically, we divide the keyword domain into𝑚 disjoint groups.

For each vertex 𝑣𝑖 , if a keyword in 𝑣𝑖 .𝑊 falls into the 𝑥-th keyword

group, we will hash this keyword into the 𝑥-th bit vector 𝑣𝑖 .𝐵𝑉
(𝑥 )

(for 1 ≤ 𝑥 ≤ 𝑚) via a hashing function. This way, the pruning con-

dition, 𝑣𝑖 .𝑊 ∩ 𝑞 𝑗 .𝑊 ≠ 𝑞 𝑗 .𝑊 , in the keyword set pruning (Lemma

1) can be rewritten as:

𝑚∨
𝑥=1

(
𝑣𝑖 .𝐵𝑉

(𝑥 )
∧

𝑞 𝑗 .𝐵𝑉
(𝑥 ) ≠ 𝑞 𝑗 .𝐵𝑉 (𝑥 )

)
, (4)

where 𝑣𝑖 .𝐵𝑉
(𝑥 )

and 𝑞 𝑗 .𝐵𝑉
(𝑥 )

are bit vectors with the hashed key-

words from the 𝑥-th keyword group in 𝑣𝑖 .𝑊 and 𝑞 𝑗 .𝑊 , respectively.

4.2 AND Lower Bound Pruning
According to Definition 4, the aggregated neighbor difference (AND)

between a subgraph 𝑔 and a query graph 𝑞 must satisfy the AND

constraint, that is, 𝐴𝑁𝐷 (𝑞,𝑔) ≤ 𝜎 . Therefore, we present an AND
lower bound pruning method, which effectively filters out candidate

subgraphs with high AND values below.

Lemma 2. (AND Lower Bound Pruning) Given a candidate
subgraph 𝑔, a query graph 𝑞, and an aggregated neighbor differ-
ence threshold 𝜎 , subgraph 𝑔 can be safely pruned, if it holds that
𝑙𝑏_𝐴𝑁𝐷 (𝑞,𝑔) > 𝜎 , where 𝑙𝑏_𝐴𝑁𝐷 (𝑞,𝑔) is a lower bound of𝐴𝑁𝐷 (𝑞,𝑔).
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Discussions on How to Compute an AND Lower Bound,
𝑙𝑏_𝐴𝑁𝐷 (𝑞,𝑔): Based on Eq. (2), in order to compute a lower bound,

𝑙𝑏_𝐴𝑁𝐷 (𝑞,𝑔), of the AND score𝐴𝑁𝐷 (𝑞,𝑔), we only need to obtain
a lower bound, 𝑙𝑏_𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ), of the neighbor difference𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 )
(as given in Eq. (1)) for each matching vertex pair (𝑞 𝑗 , 𝑣𝑖 ). This way,
we have:

𝑙𝑏_𝐴𝑁𝐷 (𝑞,𝑔) = 𝑓
({
𝑙𝑏_𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ) |∀(𝑞 𝑗 , 𝑣𝑖 ), 𝑠 .𝑡 .𝑀 (𝑞 𝑗 ) = 𝑣𝑖

})
. (5)

The Computation of the Neighbor Difference Lower Bound
𝑙𝑏_𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ). To compute a lower bound 𝑙𝑏_𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ) of the
neighbor difference 𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ), we can rewrite the neighbor differ-

ence 𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ) in Eq. (1) as follows:

𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ) = |𝜇 (𝑁 (𝑞 𝑗 )) − 𝑁 (𝑣𝑖 ) | (6)

= |𝜇 (𝑁 (𝑞 𝑗 )) | − |𝜇 (𝑁 (𝑞 𝑗 )) ∩ 𝑁 (𝑣𝑖 ) |.
In Eq. (6), the first term |𝜇 (𝑁 (𝑞 𝑗 )) | is a constant during online

S
3
AND query processing (i.e., the number of vertex 𝑞 𝑗 ’s neighbors

in the query graph 𝑞). Thus, in order to calculate the ND lower

bound 𝑙𝑏_𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ), we alternatively need to compute an upper

bound of the second term in Eq. (6) (i.e., |𝜇 (𝑁 (𝑞 𝑗 )) ∩𝑁 (𝑣𝑖 ) |). Since
𝑁 (𝑣𝑖 ) ⊇ (𝜇 (𝑁 (𝑞 𝑗 )) ∩ 𝑁 (𝑣𝑖 )) holds, we can obtain its upper bound:

|𝑁 (𝑣𝑖 ) | ≥ |𝜇 (𝑁 (𝑞 𝑗 )) ∩ 𝑁 (𝑣𝑖 ) |.
In other words, we have the ND lower bound below:

𝑙𝑏_𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ) = max{0, |𝜇 (𝑁 (𝑞 𝑗 )) | − |𝑁 (𝑣𝑖 ) |}. (7)

The Computation of a Tighter Neighbor Difference Lower Bound
𝑙𝑏_𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ). Note that, some neighbors, 𝑞𝑙 , of query vertex 𝑞 𝑗

may not match with that, 𝑣𝑙 , of data vertex 𝑣𝑖 with respect to their

keyword sets (i.e., 𝑞𝑙 .𝑊 ⊈ 𝑣𝑙 .𝑊 ). Therefore, |𝑁 (𝑣𝑖 ) | may not be a

tight upper bound of |𝜇 (𝑁 (𝑞 𝑗 )) ∩𝑁 (𝑣𝑖 ) |, and in turn 𝑙𝑏_𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 )
in Eq. (7) is not a tight neighbor difference lower bound.

Below, we will consider the keyword set matching between

(neighbors of) vertices 𝑣𝑖 and 𝑞 𝑗 , and derive a tighter neighbor

difference lower bound. Specifically, for each neighbor 𝑞𝑙 of query

vertex𝑞 𝑗 , if its keyword set𝑞𝑙 .𝑊 is a subset of the union of keyword

sets from 𝑁 (𝑣𝑖 ) (i.e., 𝑣𝑖 ’s neighbors), we can count 1, for the upper

bound of |𝜇 (𝑁 (𝑞 𝑗 )) ∩𝑁 (𝑣𝑖 ) |). Formally, we have this upper bound:∑︁
𝑞𝑙 ∈𝑁 (𝑞 𝑗 )

Φ
(
𝑞𝑙 .𝑊 ⊆ ∪∀𝑣𝑙 ∈𝑁 (𝑣𝑖 )𝑣𝑙 .𝑊

)
≥ |𝜇 (𝑁 (𝑞 𝑗 )) ∩ 𝑁 (𝑣𝑖 ) |,

where Φ(·) is an indicator function (i.e., Φ(𝑧) = 1, if 𝑧 is true;
Φ(𝑧) = 0, otherwise).

As a result, we can obtain a tighter ND lower bound below:

𝑙𝑏_𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ) = |𝜇 (𝑁 (𝑞 𝑗 )) | −
∑︁

𝑞𝑙 ∈𝑁 (𝑞 𝑗 )
Φ
(
𝑞𝑙 .𝑊 ⊆ ∪∀𝑣𝑙 ∈𝑁 (𝑣𝑖 )𝑣𝑙 .𝑊

)
. (8)

To efficiently check the containment of two keyword sets in

Eq. (8) (i.e.,𝑞𝑙 .𝑊 ⊆ ∪∀𝑣𝑙 ∈𝑁 (𝑣𝑖 )𝑣𝑙 .𝑊 ), we can also use their keyword

bit vectors to replace the parameter of the indicator function Φ(·)
in Eq. (8), that is,

𝑙𝑏_𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ) = |𝜇 (𝑁 (𝑞 𝑗 )) | (9)

−
∑︁

𝑞𝑙 ∈𝑁 (𝑞 𝑗 )
Φ
©­«
𝑚∧
𝑥=1

©­«𝑞𝑙 .𝐵𝑉 (𝑥 )
∧©­«

∨
∀𝑣𝑙 ∈𝑁 (𝑣𝑖 )

𝑣𝑙 .𝐵𝑉
(𝑥 )ª®¬ = 𝑞𝑙 .𝐵𝑉 (𝑥 )ª®¬ª®¬ ,

where ∧ and ∨ are bit-AND and bit-OR operators between two bit

vectors, respectively.

Algorithm 2: Offline Pre-Computation of Auxiliary
Data
Input: i) a data graph 𝐺 , and ii) the number,𝑚, of keyword

groups

Output: the pre-computed auxiliary data 𝑣𝑖 .𝐴𝑢𝑥 for each

vertex 𝑣𝑖
1 for each vertex 𝑣𝑖 ∈ 𝑉 (𝐺) do

// keyword bit vectors

2 for keyword group 𝑥 = 1 to𝑚 do
3 hash the keywords in the 𝑥-th keyword group of

𝑣𝑖 .𝑊 into a bit vector 𝑣𝑖 .𝐵𝑉
(𝑥 )

of size 𝐵

4 for each vertex 𝑣𝑖 ∈ 𝑉 (𝐺) do
// neighbor keyword bit vectors

5 initialize neighbor keyword bit vectors 𝑣𝑖 .𝑁𝐵𝑉
(𝑥 )

with⃗⃗
0 (for 1 ≤ 𝑥 ≤ 𝑚)

6 for each neighbor vertex 𝑣𝑙 ∈ 𝑁 (𝑣𝑖 ) do
7 for keyword group 𝑥 = 1 to𝑚 do
8 𝑣𝑖 .𝑁𝐵𝑉

(𝑥 ) = 𝑣𝑖 .𝑁𝐵𝑉 (𝑥 ) ∨ 𝑣𝑙 .𝐵𝑉
(𝑥 )

// the number of distinct neighbor keywords

9 𝑣𝑖 .𝑛𝑘 = | ∪∀𝑣𝑙 ∈𝑁 (𝑣𝑖 ) 𝑣𝑙 .𝑊 |
// obtain the auxiliary data structure 𝑣𝑖 .𝐴𝑢𝑥

10 𝑣𝑖 .𝐴𝑢𝑥 =
(
𝑣𝑖 .𝐵𝑉

(𝑥 ) , 𝑣𝑖 .𝑁𝐵𝑉 (𝑥 ) , 𝑣𝑖 .𝑛𝑘
)

11 return 𝑣𝑖 .𝐴𝑢𝑥

ND Lower Bound Pruning for Individual Vertices: Note that,
Lemma 2 uses AND lower bound, 𝑙𝑏_𝐴𝑁𝐷 (𝑞,𝑔), to prune the entire
candidate subgraphs 𝑔 (which are not available during the filtering

phase). Therefore, in the sequel, we will discuss how to utilize ND

lower bounds, 𝑙𝑏_𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ) (w.r.t. individual vertices 𝑣𝑖 ), to filter

out false alarms of vertices 𝑣𝑖 (or retrieve candidate vertices 𝑣𝑖 ), for

different aggregation functions 𝑓 (·) (e.g.,𝑀𝐴𝑋 or 𝑆𝑈𝑀).

ND Lower Bound Pruning on Individual Vertices. From Lemma 2

and Eq. (5), we can derive that: a candidate vertex 𝑣𝑖 can be safely

pruned (for either𝑀𝐴𝑋 or 𝑆𝑈𝑀), if its ND lower bound 𝑙𝑏_𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 )
is greater than the aggregate threshold 𝜎 . Formally, we have the

corollary below.

Corollary 4.1. (ND Lower Bound Pruning) Given a query
vertex 𝑞 𝑗 ∈ 𝑉 (𝑞) and an aggregate threshold 𝜎 , a vertex 𝑣𝑖 can be
safely pruned, if it holds that 𝑙𝑏_𝑁𝐷 (𝑞 𝑗 , 𝑣𝑖 ) > 𝜎 .
5 OFFLINE PRE-COMPUTATION
5.1 Offline Pre-Computed Auxiliary Data
To facilitate efficient online S

3
AND computation, Algorithm 2

offline pre-computes relevant aggregation information for each

vertex in graph 𝐺 , which can be used for pruning candidate ver-

tices/subgraphs during the S
3
AND query processing. Due to space

limitations, please refer to our technical report [37] for the detailed

descriptions of Algorithm 2.

• 𝑚 keyword bit vectors, 𝒗𝒊 .𝑩𝑽 (𝒙 ) (for 1 ≤ 𝒙 ≤ 𝒎), of
size 𝑩,which is obtained by using a hashing function 𝑓 (𝑤)
to hash each keyword𝑤 ∈ 𝑣𝑖 .𝑊 of each group to an integer

between [0, 𝐵 − 1] and set the 𝑓 (𝑤)-th bit position to 1 (i.e.,

𝑣𝑖 .𝐵𝑉
(𝑥 ) [𝑓 (𝑤)] = 1; lines 2-3 of Algorithm 2);

• 𝑚 neighbor keyword bit vectors, 𝒗𝒊 .𝑵𝑩𝑽 (𝒙 ) (for 1 ≤

𝒙 ≤ 𝒎), which is computed by aggregating all keywords in
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𝑣𝑙 .𝑊 from neighbor vertices 𝑣𝑙 ∈ 𝑁 (𝑣𝑖 ) (i.e., 𝑣𝑖 .𝑁𝐵𝑉 (𝑥 ) =
∨∀𝑣𝑙 ∈𝑁 (𝑣𝑖 )𝑣𝑙 .𝐵𝑉

(𝑥 )
; lines 4-8 of Algorithm 2), and;

• the number, 𝒗𝒊 .𝒏𝒌, of distinct neighbor keywords,which
is given by counting the number of distinct keywords from

neighbors 𝑣𝑙 ∈ 𝑁 (𝑣𝑖 ) of vertex 𝑣𝑖 (i.e., 𝑣𝑖 .𝑛𝑘 = | ∪∀𝑣𝑙 ∈𝑁 (𝑣𝑖 )
𝑣𝑙 .𝑊 |; line 9 of Algorithm 2).

5.2 Indexing Mechanism
In this subsection, we show the offline construction of a tree index

I on data graph 𝐺 with the pre-computed auxiliary data in detail

to support online S
3
AND query computation.

The Data Structure of Index I: We will construct a tree index

I on the data graph 𝐺 . Specifically, the tree index I contains two

types of nodes, leaf and non-leaf nodes.

Leaf Nodes: Each leaf node N contains a vertex set in the data

graph𝐺 . Each vertex 𝑣𝑖 is associatedwith the following pre-computed

data in 𝑣𝑖 .𝐴𝑢𝑥 :

• 𝑚 keyword bit vectors, 𝑣𝑖 .𝐵𝑉
(𝑥 )

(for 1 ≤ 𝑥 ≤ 𝑚);

• 𝑚 neighbor keyword bit vectors, 𝑣𝑖 .𝑁𝐵𝑉
(𝑥 )

(for 1 ≤ 𝑥 ≤
𝑚), and;

• the number of distinct neighbor keywords, 𝑣𝑖 .𝑛𝑘 .

Non-Leaf Nodes: Each non-leaf node N has multiple entries N𝑖 ,
each corresponding to a subgraph of𝐺 . Each entryN𝑖 is associated
with the following aggregates:

• a pointer to a child node, N𝑖 .𝑝𝑡𝑟 ;
• 𝑚 aggregated keyword bit vectors, N𝑖 .𝐵𝑉 (𝑥 )

= ∨∀𝑣𝑙 ∈N𝑖
𝑣𝑙 .𝐵𝑉

(𝑥 )
(for 1 ≤ 𝑥 ≤ 𝑚);

• 𝑚 aggregated neighbor keyword bit vectors, N𝑖 .𝑁𝐵𝑉 (𝑥 ) =
∨∀𝑣𝑙 ∈N𝑖

𝑣𝑙 .𝑁𝐵𝑉
(𝑥 )

(for 1 ≤ 𝑥 ≤ 𝑚), and;

• the maximum number of distinct neighbor keywords for

vertices 𝑣𝑙 under entryN𝑖 , that is,N𝑖 .𝑛𝑘 = max∀𝑣𝑙 ∈N𝑖
𝑣𝑙 .𝑛𝑘 .

Index Construction: Algorithm 3 illustrates the pseudo code of

constructing a balanced tree index I in a top-down manner.

Specifically, given the fanout, 𝑓 𝑎𝑛𝑜𝑢𝑡 , of index nodes, we first

calculate the tree height ℎ = ⌈𝑙𝑜𝑔𝑓 𝑎𝑛𝑜𝑢𝑡 ( |𝑉 (𝐺) |)⌉, and use the

tree root 𝑟𝑜𝑜𝑡 (I) to represent the entire vertex set 𝑉 (𝐺) (lines
1-2). Then, we construct the index I in a top-down fashion (i.e.,

level 𝑙 from ℎ to 1). In particular, for each node N (𝑙 ) on the 𝑙-th

level of index I, we invoke a cost-model-based partitioning func-

tion, CM_Partitioning(N (𝑙 ) , 𝑓 𝑎𝑛𝑜𝑢𝑡), to obtain 𝑓 𝑎𝑛𝑜𝑢𝑡 partitions

N (𝑙−1)
𝑖

(1 ≤ 𝑖 ≤ 𝑓 𝑎𝑛𝑜𝑢𝑡 ) of similar sizes as child nodes (lines 3-5).

After we partition each non-leaf node on level 𝑙 = 1, we obtain leaf

nodes on level 0 and complete the construction of index I. Finally,
we return this balanced index I (line 6).

Example 4. (The Construction of a Tree Index, I) Figure 4
illustrates a tree index I over a data graph 𝐺 in the example of
Figure 1, via cost-model-based graph partitioning (i.e., Algorithm 4),
where 𝑛 = 4 and 𝛾 = 0.2. In particular, the tree rootN0 (i.e., graph𝐺)
contains 4 leaf entries (i.e., 4 subgraph partitions, N1, N2, N3, and
N4, respectively). Each entry (e.g., N1) is associated with a branch
pointer N1 .𝑝𝑡𝑟 and some aggregates (i.e., N1 .𝐵𝑉

(𝑥 ) , N1 .𝑁𝐵𝑉
(𝑥 ) ,

and N1 .𝑛𝑘).
Similarly, each leaf node (e.g., N1) contains a set of vertices (e.g.,

𝑣1 and 𝑣12), where each vertex, say 𝑣1, is associated with auxiliary
data, for example, 𝑣1 .𝐴𝑢𝑥 = (𝑣1 .𝐵𝑉 (𝑥 ) , 𝑣1 .𝑁𝐵𝑉 (𝑥 ) , 𝑣1 .𝑛𝑘).

Algorithm 3: The Balanced Tree Index Construction
Input: i) the pre-computed auxiliary data 𝑣𝑖 .𝐴𝑢𝑥 over a

data graph𝐺 , and ii) the fanout, 𝑓 𝑎𝑛𝑜𝑢𝑡 , of the index

node

Output: a balanced tree index, I, of data graph 𝐺
1 tree height ℎ = ⌈𝑙𝑜𝑔𝑓 𝑎𝑛𝑜𝑢𝑡 ( |𝑉 (𝐺) |)⌉
2 tree root 𝑟𝑜𝑜𝑡 (I) = 𝑉 (𝐺)
3 for level 𝑙 = ℎ to 1 do
4 for each node N (𝑙 ) on the 𝑙-th level of index I do

// cost-model-based top-down partitioning

5 invoke function CM_Partitioning(N (𝑙 ) , 𝑓 𝑎𝑛𝑜𝑢𝑡)
to obtain 𝑓 𝑎𝑛𝑜𝑢𝑡 partitions N (𝑙−1)

𝑖
(1 ≤ 𝑖 ≤ 𝑓 𝑎𝑛𝑜𝑢𝑡 ) of similar sizes as child nodes

6 return I

𝒗𝟕
𝒗𝟕. 𝑩𝑽

(𝒙)

𝒗𝟕. 𝑵𝑩𝑽
(𝒙)

𝒗𝟕. 𝒏𝒌

𝒗𝟏𝟎
𝒗𝟏𝟎. 𝑩𝑽

(𝒙)

𝒗𝟏𝟎. 𝑵𝑩𝑽
(𝒙)

𝒗𝟏𝟎. 𝒏𝒌

𝒗𝟏
𝒗𝟏. 𝑩𝑽

(𝒙)

𝒗𝟏. 𝑵𝑩𝑽
(𝒙)

𝒗𝟏. 𝒏𝒌

𝒗𝟏𝟐
𝒗𝟏𝟐. 𝑩𝑽

(𝒙)

𝒗𝟏𝟐. 𝑵𝑩𝑽
(𝒙)

𝒗𝟏𝟐. 𝒏𝒌

𝓝𝟏

𝓝𝟎

𝓝𝟐 𝓝𝟑 𝓝𝟒

𝓝𝟒. 𝑩𝑽
(𝒙)

𝓝𝟒. 𝑵𝑩𝑽
(𝒙)

𝓝𝟒. 𝒏𝒌

…

Figure 4: An example of constructing a tree index I based on Fig-
ure 1 (𝑛=4, 𝛾=0.2).
The Cost Model for Vertex Partitioning: In line 5 of Algorithm

3, we need to divide a set of vertices into 𝑛 partitions of similar

sizes, by invoking function CM_Partitioning (·, ·). Since different
partitioning strategies may result in different pruning effects, our

goal is to propose a formal cost model to guide such partitioning.

Intuitively, we would like to group those vertices with similar key-

word bit vectors in the same partitions (achieving high pruning

power), and dissimilar bit vectors in different partitions. We use a

cost model, 𝐶𝑜𝑠𝑡 (𝑃𝑎𝑟 ), to evaluate the “goodness” (quality) of the

partitioning strategy 𝑃𝑎𝑟 as follows.

𝐶𝑜𝑠𝑡 (𝑃𝑎𝑟 ) =

𝑖𝑛𝑡𝑟𝑎−𝑝𝑎𝑟𝑡𝑖𝑡𝑖𝑜𝑛 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 ↓︷                                            ︸︸                                            ︷
𝑛∑︁
𝑖=1

∑︁
𝑣∈𝑃𝑎𝑟𝑖

𝑚∑︁
𝑥=1

𝑑𝑖𝑠𝑡 (𝑣 .𝐵𝑉 (𝑥 ) , 𝑐𝑖 .𝐵𝑉 (𝑥 ) )

∑︁
1≤𝑎<𝑏≤𝑛

𝑚∑︁
𝑥=1

𝑑𝑖𝑠𝑡 (𝑐𝑎 .𝐵𝑉 (𝑥 ) , 𝑐𝑏 .𝐵𝑉 (𝑥 ) ) + 1︸                                                  ︷︷                                                  ︸
𝑖𝑛𝑡𝑒𝑟−𝑝𝑎𝑟𝑡𝑖𝑡𝑖𝑜𝑛 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 ↑

, (10)

where 𝑐𝑖 is the center of partition 𝑃𝑎𝑟𝑖 (i.e., mean of all bit vectors in

this partition), and 𝑑𝑖𝑠𝑡 (𝑣 .𝐵𝑉 (𝑥 ) , 𝑐𝑖 .𝐵𝑉 (𝑥 ) ) is given by the 𝐿1-norm
distance [24] between vectors 𝑣 .𝐵𝑉 (𝑥 ) and 𝑐𝑖 .𝐵𝑉 (𝑥 ) (note: in the

special case of bit vectors, this is the Hamming distance [22]).
Here, we have:

𝑑𝑖𝑠𝑡 (𝑣 .𝐵𝑉 (𝑥 ) , 𝑐𝑖 .𝐵𝑉 (𝑥 ) ) =
𝐵∑︁
𝑒=1

���𝑣 .𝐵𝑉 (𝑥 ) [𝑒] − 𝑐𝑖 .𝐵𝑉 (𝑥 ) [𝑒]��� , (11)

where 𝑣 .𝐵𝑉 (𝑥 ) [𝑒] is the 𝑒-th position in vector 𝑣 .𝐵𝑉 (𝑥 ) , and Φ(·)
is an indicator function (Φ(𝑧) = 1, if 𝑧 is 𝑡𝑟𝑢𝑒 ; Φ(𝑧) = 0, otherwise).
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Algorithm 4: CM_Partitioning
Input: i) a set, 𝑃𝑎𝑟 , of vertices (or an index node) to be

partitioned, ii) the number, 𝑛, of partitions (or the

fanout of the index node), iii) the number,

𝑔𝑙𝑜𝑏𝑎𝑙_𝑖𝑡𝑒𝑟 , of global iterations, and iv) the number,

𝑙𝑜𝑐𝑎𝑙_𝑖𝑡𝑒𝑟 , of local iterations

Output: a set, 𝑔𝑙𝑜𝑏𝑎𝑙_𝑃𝑎𝑟 , of 𝑛 partitions

1 𝑔𝑙𝑜𝑏𝑎𝑙_𝑐𝑜𝑠𝑡 = +∞;
2 for 𝑘 = 1 𝑡𝑜 𝑔𝑙𝑜𝑏𝑎𝑙_𝑖𝑡𝑒𝑟 do
3 randomly select 𝑛 center vertices 𝐶 = {𝑐1, 𝑐2, · · · , 𝑐𝑛},

and assign each vertex 𝑣 in 𝑃𝑎𝑟 to a partition, 𝑃𝑎𝑟𝑖 ,

with the closest distance

∑𝑚
𝑥=1 𝑑𝑖𝑠𝑡 (𝑣 .𝐵𝑉 (𝑥 ) , 𝑐𝑖 .𝐵𝑉 (𝑥 ) )

4 obtain an initial partitioning strategy 𝑙𝑜𝑐𝑎𝑙_𝑃𝑎𝑟 =

{𝑃𝑎𝑟1, 𝑃𝑎𝑟2, · · · , 𝑃𝑎𝑟𝑛} with cost

𝑙𝑜𝑐𝑎𝑙_𝑐𝑜𝑠𝑡 = 𝐶𝑜𝑠𝑡 (𝑙𝑜𝑐𝑎𝑙_𝑃𝑎𝑟 ) // Eq. (10)
5 for 𝑗 = 1 𝑡𝑜 𝑙𝑜𝑐𝑎𝑙_𝑖𝑡𝑒𝑟 do

// update 𝑛 center vertices

6 for 𝑖 = 1 𝑡𝑜 𝑛 do
7 𝑐𝑖 .𝐵𝑉

(𝑥 ) = (∑𝑣∈𝑃𝑎𝑟𝑖 𝑣 .𝐵𝑉
(𝑥 ) )/|𝑃𝑎𝑟𝑖 | (for

1 ≤ 𝑥 ≤ 𝑚)

8 for each vertex 𝑣 ∈ 𝑃𝑎𝑟 do
9 assign 𝑣 to a partition 𝑃𝑎𝑟 ′

𝑖
(|𝑃𝑎𝑟 ′

𝑖
| ≤ (1 + 𝛾) · |𝑃𝑎𝑟 |/𝑛) with the closest

distance

∑𝑚
𝑥=1 𝑑𝑖𝑠𝑡 (𝑣 .𝐵𝑉 (𝑥 ) , 𝑐𝑖 .𝐵𝑉 (𝑥 ) )

10 obtain a new partitioning strategy

𝑙𝑜𝑐𝑎𝑙_𝑃𝑎𝑟 ′ = {𝑃𝑎𝑟 ′
1
, 𝑃𝑎𝑟 ′

2
, · · · , 𝑃𝑎𝑟 ′𝑛} with new cost

𝑙𝑜𝑐𝑎𝑙_𝑐𝑜𝑠𝑡 ′ = 𝐶𝑜𝑠𝑡 (𝑙𝑜𝑐𝑎𝑙_𝑃𝑎𝑟 ′) // Eq. (10)
11 if 𝑙𝑜𝑐𝑎𝑙_𝑐𝑜𝑠𝑡 ′ < 𝑙𝑜𝑐𝑎𝑙_𝑐𝑜𝑠𝑡 then
12 𝑙𝑜𝑐𝑎𝑙_𝑃𝑎𝑟←𝑙𝑜𝑐𝑎𝑙_𝑃𝑎𝑟 ′, 𝑙𝑜𝑐𝑎𝑙_𝑐𝑜𝑠𝑡←𝑙𝑜𝑐𝑎𝑙_𝑐𝑜𝑠𝑡 ′

13 if 𝑙𝑜𝑐𝑎𝑙_𝑐𝑜𝑠𝑡 < 𝑔𝑙𝑜𝑏𝑎𝑙_𝑐𝑜𝑠𝑡 then
14 𝑔𝑙𝑜𝑏𝑎𝑙_𝑃𝑎𝑟 ← 𝑙𝑜𝑐𝑎𝑙_𝑃𝑎𝑟 , 𝑔𝑙𝑜𝑏𝑎𝑙_𝑐𝑜𝑠𝑡 ← 𝑙𝑜𝑐𝑎𝑙_𝑐𝑜𝑠𝑡

15 return 𝑔𝑙𝑜𝑏𝑎𝑙_𝑃𝑎𝑟

Intuitively, the lower value of the cost 𝐶𝑜𝑠𝑡 (𝑃𝑎𝑟 ) indicates the
good quality of the partitioning strategy (i.e., with small intra-

partition distances and large inter-partition distances). Thus, we

aim to find a good vertex partitioning approach that minimizes the

cost function 𝐶𝑜𝑠𝑡 (𝑃𝑎𝑟 ).
Cost-Model-BasedPartitioning Function,CM_Partitioning (·, ·):
Algorithm 4 illustrates the partitioning process based on our pro-

posed cost model. Specifically, to avoid local optimality, we run

our partitioning algorithm for 𝑔𝑙𝑜𝑏𝑎𝑙_𝑖𝑡𝑒𝑟 iterations to achieve the

lowest cost 𝑔𝑙𝑜𝑏𝑎𝑙_𝑐𝑜𝑠𝑡 (lines 1-14). For each iteration, we start

with a set of 𝑛 random initial center vertices 𝐶 = {𝑐1, 𝑐2, · · · , 𝑐𝑛}
and assign each vertex 𝑣 in 𝑃𝑎𝑟 to a partition 𝑃𝑎𝑟𝑖 with the closest

center vertex 𝑐𝑖 (for 1 ≤ 𝑖 ≤ 𝑛; line 3). This way, we can obtain an

initial partitioning strategy 𝑙𝑜𝑐𝑎𝑙_𝑃𝑎𝑟 with the cost 𝑙𝑜𝑐𝑎𝑙_𝑐𝑜𝑠𝑡 =

𝐶𝑜𝑠𝑡 (𝑙𝑜𝑐𝑎𝑙_𝑃𝑎𝑟 ) (as given in Eq. (10); line 4).

Then, we will iteratively update center vertices 𝑐𝑖 and in turn

their corresponding partitions 𝑃𝑎𝑟𝑖 , by minimizing intra-partition

distances and maximizing inter-partition distances (in light of our

cost model in Eq. (10); lines 5-12). In particular, for 𝑙𝑜𝑐𝑎𝑙_𝑖𝑡𝑒𝑟 itera-

tions, we update the bit vectors, 𝑐𝑖 .𝐵𝑉
(𝑥 )

, of center vertices 𝑐𝑖 (for

1 ≤ 𝑥 ≤ 𝑚), by taking the mean of bit vectors for all vertices in each

partition 𝑃𝑎𝑟𝑖 (lines 6-7). We then assign vertices 𝑣 ∈ 𝑃𝑎𝑟 to a par-

tition 𝑃𝑎𝑟 ′
𝑖
with the distance

∑𝑚
𝑥=1 𝑑𝑖𝑠𝑡 (𝑣 .𝐵𝑉 (𝑥 ) , 𝑐𝑖 .𝐵𝑉 (𝑥 ) ) closest

to the updated centers 𝑐𝑖 , satisfying the constraint of the balanced

partitions (i.e., |𝑃𝑎𝑟 ′
𝑖
| ≤ (1 + 𝛾) · |𝑃𝑎𝑟 |/𝑛), where 𝛾 is a relaxation

coefficient for the partition size (lines 8-9). As a result, we obtain

a new partitioning strategy, 𝑙𝑜𝑐𝑎𝑙_𝑃𝑎𝑟 ′, with cost 𝑙𝑜𝑐𝑎𝑙_𝑐𝑜𝑠𝑡 ′ =
𝐶𝑜𝑠𝑡 (𝑙𝑜𝑐𝑎𝑙_𝑃𝑎𝑟 ′) (line 10). If this new partitioning 𝑙𝑜𝑐𝑎𝑙_𝑃𝑎𝑟 ′ has
lower cost (i.e., 𝑙𝑜𝑐𝑎𝑙_𝑐𝑜𝑠𝑡 ′ < 𝑙𝑜𝑐𝑎𝑙_𝑐𝑜𝑠𝑡 ), we will accept this new
partitioning strategy by letting 𝑙𝑜𝑐𝑎𝑙_𝑃𝑎𝑟 = 𝑙𝑜𝑐𝑎𝑙_𝑃𝑎𝑟 ′ with the

lower cost 𝑙𝑜𝑐𝑎𝑙_𝑐𝑜𝑠𝑡 = 𝑙𝑜𝑐𝑎𝑙_𝑐𝑜𝑠𝑡 ′ (lines 11-12). After 𝑙𝑜𝑐𝑎𝑙_𝑖𝑡𝑒𝑟
iterations, we will update 𝑔𝑙𝑜𝑏𝑎𝑙_𝑃𝑎𝑟 and 𝑔𝑙𝑜𝑏𝑎𝑙_𝑐𝑜𝑠𝑡 with the best

partitioning strategy so far and its cost, respectively (lines 13-14).

Finally, we return the best partitioning strategy 𝑔𝑙𝑜𝑏𝑎𝑙_𝑃𝑎𝑟 (after

𝑔𝑙𝑜𝑏𝑎𝑙_𝑖𝑡𝑒𝑟 iterations) to obtain 𝑛 good-quality partitions (line 15).

Time Complexity Analysis: The time complexity of offline pre-

computations is given by𝑂 ( |𝑉 (𝐺) | ·𝑚 · (𝑑𝑒𝑔 + ⌈𝑙𝑜𝑔𝑓 𝑎𝑛𝑜𝑢𝑡 |𝑉 (𝐺) |⌉ ·
𝑓 𝑎𝑛𝑜𝑢𝑡 · 𝑙𝑜𝑐𝑎𝑙_𝑖𝑡𝑒𝑟 · 𝑔𝑙𝑜𝑏𝑎𝑙_𝑖𝑡𝑒𝑟 ) + ∑ |𝑉 (𝐺 ) |

𝑖=1
|𝑣𝑖 .𝑊 |). Due to space

limitations, please refer to our technical report [37] for the detailed

complexity analysis.

6 ONLINE S3AND QUERY COMPUTATION
6.1 Pruning for Index Nodes
In this subsection, we propose effective pruning methods on index

nodes to prune index nodes with (a group of) vertex false alarms.

Index-Level Keyword Set Pruning: If all vertices under an index

entry N𝑖 do not contain some keyword in 𝑞 𝑗 .𝑊 for a query vertex

𝑞 𝑗 ∈ 𝑉 (𝑞), then index entry N𝑖 can be pruned w.r.t. this query

vertex 𝑞 𝑗 (i.e., N𝑖 does not contain any vertices matching with 𝑞 𝑗 ).

Below, we provide an effective index-level keyword set pruning
method, using the 𝑚 aggregated keyword bit vectors N𝑖 .𝐵𝑉 (𝑥 )
stored in N𝑖 .

Lemma 3. (Index-Level Keyword Set Pruning) Given an index
entryN𝑖 and a query vertex 𝑞 𝑗 ∈ 𝑉 (𝑞), index entryN𝑖 can be pruned
with respect to𝑞 𝑗 , if

∨𝑚
𝑥=1

(
N𝑖 .𝐵𝑉 (𝑥 )

∧
𝑞 𝑗 .𝐵𝑉

(𝑥 ) ≠ 𝑞 𝑗 .𝐵𝑉 (𝑥 )
)
holds.

Index-LevelND-Lower-Bound-Based Pruning:We also propose

an index-level candidate node retrieval based on ND lower bounds

(via Corollary 4.1) below.

Lemma 4. (Index-Level ND-Lower-Bound-Based Pruning)
Given an index entry N𝑖 , a query vertex 𝑞 𝑗 , and an aggregate thresh-
old 𝜎 , index entry N𝑖 can be safely pruned with respect to 𝑞 𝑗 , if
𝑙𝑏_𝑁𝐷 (𝑞 𝑗 ,N𝑖 ) > 𝜎 holds, where we have 𝑙𝑏_𝑁𝐷 (𝑞 𝑗 ,N𝑖 ) = min∀𝑣∈N𝑖

{𝑙𝑏_𝑁𝐷 (𝑞 𝑗 , 𝑣)}.
Example 5. (Pruning Over Index I)We continue with the ex-

ample in Figures 1 and 4 to illustrate the index pruning in Lem-
mas 3 and 4. For the index-level keyword set pruning, in Figure 1,
the keyword sets of vertices 𝑣7 and 𝑣10 have no intersection with
that of any query vertex in query graph 𝑞. Since node N4 contains
vertices 𝑣7 and 𝑣10, its aggregates N4 .𝐵𝑉

(𝑥 ) satisfy the condition

that:
∨𝑚

𝑥=1

(
N4 .𝐵𝑉

(𝑥 ) ∧ 𝑞 𝑗 .𝐵𝑉
(𝑥 ) ≠ 𝑞 𝑗 .𝐵𝑉 (𝑥 )

)
is true (assuming

no conflicts in bit vectors), for each query vertex 𝑞 𝑗 ∈ 𝑉 (𝑞). Thus, we
can safely prune entry N4 in root N0 without accessing this branch.

For the index-level ND-lower-bound-based pruning, in Figure 4,
the ND lower bound 𝑙𝑏_𝑁𝐷 (𝑞1,N1) for query vertex 𝑞1 and node
N1 is given by min∀𝑣∈N1

{𝑙𝑏_𝑁𝐷 (𝑞1, 𝑣)} = min{𝑙𝑏_𝑁𝐷 (𝑞1, 𝑣1),
𝑙𝑏_𝑁𝐷 (𝑞1, 𝑣12). From Eqs. (7) and 9, we have the tight ND lower
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bounds 𝑙𝑏_𝑁𝐷 (𝑞1, 𝑣1) = 1 and 𝑙𝑏_𝑁𝐷 (𝑞1, 𝑣12) = 2. Thus, we obtain
𝑙𝑏_𝑁𝐷 (𝑞1,N1) = min{1, 2} = 1. Based on index-level ND-lower-
bound-based pruning (Lemma 4), if the ND lower bound, 𝑙𝑏_𝑁𝐷 (𝑞1,N1)
(= 1), is greater than the threshold 𝜎 , we can safely prune entry N1

in root N0 without accessing the leftmost branch via pointer N1 .𝑝𝑡𝑟 .

6.2 S3AND Query Algorithm
Algorithm 5 illustrates our proposed S

3
AND query answering algo-

rithm, which traverses the indexI to retrieve candidate vertices (via

pruning strategies) and refines candidate subgraphs by combining

candidate vertices to return actual S
3
AND answers.

Initialization:When an S
3
AND query arrives, we first initialize

an empty S
3
AND query answer set 𝑆 (containing subgraphs that

satisfy both keyword and AND constraints w.r.t. query graph 𝑞; line

1). Moreover, for each query vertex 𝑞 𝑗 ∈ 𝑉 (𝑞), we hash keywords

in 𝑞 𝑗 .𝑊 into 𝑚 keyword bit vectors 𝑞 𝑗 .𝐵𝑉
(𝑥 )

, and initialize an

empty set 𝑞 𝑗 .𝑉𝑐𝑎𝑛𝑑 to record candidate vertices that match with

𝑞 𝑗 (lines 2-4). We also maintain a maximum heap H for the index

traversal, accepting entries in the form (N , 𝑘𝑒𝑦), where N is an

index entry, and 𝑘𝑒𝑦 is a heap entry key (defined as the N .𝑛𝑘 ;
intuitively, node entries with large keys tend to contain vertices

with lower ND values; line 5). Then, we add the tree root 𝑟𝑜𝑜𝑡 (I)
(in the form (𝑟𝑜𝑜𝑡 (I), 0)) to H , and let its corresponding query

vertex set 𝑟𝑜𝑜𝑡 (I).𝑄 be 𝑉 (𝑞) (lines 6-7).
Index Traversal: We next traverse the index I, by utilizing the

maximum heapH . Each time, we pop out an entry (N , 𝑘𝑒𝑦) with
themaximum key fromH (lines 8-9).WhenN is a leaf node, wewill

check each vertex 𝑣𝑖 ∈ N . That is, with respect to each query vertex

𝑞 𝑗 ∈ N .𝑄 , if vertex 𝑣𝑖 cannot be pruned by the Keyword Set and
ND Lower Bound Pruning (Lemma 1 and Corollary 4.1, respectively),

then we add 𝑣𝑖 to candidate vertex set 𝑞 𝑗 .𝑉𝑐𝑎𝑛𝑑 of 𝑞 𝑗 (lines 10-14).

WhenN is a non-leaf node, we consider each node entryN𝑖 ∈ N
and check whether we need to access the children of entryN𝑖 (lines
15-22). In particular, we first initialize an empty query set N𝑖 .𝑄 ,
and then check if entry N𝑖 can be pruned with respect to each

query vertex 𝑞 𝑗 ∈ N .𝑄 by Lemmas 3 and 4. If N𝑖 cannot be ruled
out (w.r.t. 𝑞 𝑗 ), we will add 𝑞 𝑗 to N𝑖 .𝑄 (lines 17-20). In the case that

N𝑖 .𝑄 is not empty, we insert entry (N𝑖 ,N𝑖 .𝑛𝑘) into heap H for

later investigation (lines 21-22).

Candidate SubgraphRetrieval and Refinement:After the index
traversal, we obtain a candidate vertex set 𝑞 𝑗 .𝑉𝑐𝑎𝑛𝑑 for each query

vertex 𝑞 𝑗 . Since we used keyword bit vectors for pruning, there may

still exist some false positives. We thus need to refine candidate

vertices 𝑣𝑖 in 𝑞 𝑗 .𝑉𝑐𝑎𝑛𝑑 , by comparing the actual keyword sets (i.e.,

checking 𝑞 𝑗 .𝑊 ⊆ 𝑣𝑖 .𝑊 ; line 23).

Then, we will compute a query plan 𝑄 , which is a sorted list of

query vertices in 𝑞 to guide the order of candidate vertex concate-

nation and obtain candidate subgraphs (lines 24-27). Specifically,

we initialize the first vertex in 𝑄 with a query vertex 𝑞 𝑗 with the

smallest candidate set size |𝑞 𝑗 .𝑉𝑐𝑎𝑛𝑑 | (line 24). Next, each time we

append a query vertex 𝑞𝑙 ∈ 𝑉 (𝑞) to the end of the sorted list𝑄 , until
𝑄 = 𝑉 (𝑞) holds, where 𝑞𝑙 is a neighbor of 𝑞𝑖 (for all 𝑞𝑖 ∈ 𝑄) with
the minimum candidate set size |𝑞𝑙 .𝑉𝑐𝑎𝑛𝑑 | (lines 25-27). After that,
we call function Refinement𝑓 (𝐺,𝑞,𝑄, 𝑆, ∅, 0, 𝜎) in Algorithm 6,

and return final S
3
AND subgraph answers in 𝑆 (lines 28-29).

Algorithm 5: Online S3AND Query Processing
Input: i) a data graph 𝐺 , ii) a query graph 𝑞, iii) an

aggregate threshold 𝜎 , iv) an aggregation function

𝑓 (·), and v) the index I over 𝐺

Output: a set, 𝑆 , of S3AND subgraph answers similar to 𝑞

// initialization

1 𝑆 ← ∅;
2 for each query vertex 𝑞 𝑗 ∈ 𝑉 (𝑞) do
3 obtain𝑚 keyword bit vectors 𝑞 𝑗 .𝐵𝑉

(𝑥 )
(for 1 ≤ 𝑥 ≤ 𝑚)

4 𝑞 𝑗 .𝑉𝑐𝑎𝑛𝑑 ← ∅;
5 initialize a maximum heapH accepting entries in the form

(N , 𝑘𝑒𝑦)
6 insert entry (𝑟𝑜𝑜𝑡 (I), 0) into heapH
7 𝑟𝑜𝑜𝑡 (I).𝑄 = 𝑉 (𝑞);
// index traversal

8 whileH is not empty do
9 (N , 𝑘𝑒𝑦) ← H .𝑝𝑜𝑝 ()

10 if N is a leaf node then
11 for each vertex 𝑣𝑖 ∈ N do
12 for each query vertex 𝑞 𝑗 ∈ N .𝑄 do
13 if 𝑣𝑖 cannot be pruned by Lemma 1 and

Corollary 4.1 then
14 𝑞 𝑗 .𝑉𝑐𝑎𝑛𝑑 ← 𝑞 𝑗 .𝑉𝑐𝑎𝑛𝑑 ∪ {𝑣𝑖 }

15 else
// N is a non-leaf node

16 for each entry N𝑖 ∈ N do
17 N𝑖 .𝑄 ← ∅;
18 for each query vertex 𝑞 𝑗 ∈ N .𝑄 do
19 if N𝑖 cannot be pruned (w.r.t., 𝑞 𝑗 ) by

Lemmas 3 and 4 then
20 N𝑖 .𝑄 ← N𝑖 .𝑄 ∪ {𝑞 𝑗 }

21 if N𝑖 .𝑄 is not empty then
22 insert entry (N𝑖 ,N𝑖 .𝑛𝑘) into heapH

23 refine candidate vertex sets 𝑞 𝑗 .𝑉𝑐𝑎𝑛𝑑 by checking the

keyword matching with 𝑞 𝑗 .𝑊 in query vertices 𝑞 𝑗 (for

1 ≤ 𝑗 ≤ |𝑉 (𝑞) |)
// generate a query plan 𝑄

24 obtain the first query vertex 𝑞 𝑗 with the smallest candidate

vertex set |𝑞 𝑗 .𝑉𝑐𝑎𝑛𝑑 |, and initialize a sorted list (query plan)

𝑄 = {𝑞 𝑗 }
25 while 𝑄 ≠ 𝑉 (𝑞) do
26 for all query vertices 𝑞𝑖 ∈ 𝑄 , find a neighbor 𝑞𝑙 ∈ 𝑁 (𝑞𝑖 )

with the minimum candidate set size |𝑞𝑙 .𝑉𝑐𝑎𝑛𝑑 |
27 append 𝑞𝑙 to the end of the sorted list 𝑄

// candidate subgraph retrieval and refinement

28 𝑆 ← Refinement𝑓 (𝐺,𝑞,𝑄, 𝑆, ∅, 0, 𝜎);
29 return 𝑆

Discussions on How to Retrieve and Refine Candidate Sub-
graphs: Algorithm 6 illustrates the pseudo code of a recursive

function to retrieve and refine candidate subgraphs. Specifically,
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Algorithm 6: Refinement𝑓
Input: i) a data graph 𝐺 , ii) a query graph 𝑞, iii) a sorted

candidate vertex list (query plan) 𝑄 , iv) a vertex list,

𝑀 , matching with query vertices in 𝑄 , v) a recursion

depth 𝑑𝑒𝑝 , and vi) an aggregate threshold 𝜎

Output: a set, 𝑆 , of subgraphs that satisfy keyword and

AND constraints for 𝑞

1 if |𝑄 | = 𝑑𝑒𝑝 then
2 if subgraph 𝑔 with vertices 𝑉 (𝑔) = 𝑀 is connected and

𝐴𝑁𝐷 (𝑞,𝑔) ≤ 𝜎 then
3 𝑆 ← 𝑆 ∪ {𝑔}
4 else
5 for each candidate vertex 𝑣 ∈ 𝑄 [𝑑𝑒𝑝] .𝑉𝑐𝑎𝑛𝑑 and 𝑣 ∉ 𝑀

do
6 if vertex 𝑣 is connected to some vertex𝑀 [𝑖] (for

0 ≤ 𝑖 < 𝑑𝑒𝑝) or some candidate vertex in 𝑄 [𝑖] .𝑉𝑐𝑎𝑛𝑑
(for 𝑑𝑒𝑝 + 1 ≤ 𝑖 < |𝑄 |) then

7 𝑀 [𝑑𝑒𝑝] = 𝑣
8 Refinement𝑓 (𝐺,𝑞,𝑄, 𝑆,𝑀,𝑑𝑒𝑝 + 1, 𝜎)

9 return 𝑆

in the base case that the recursive depth 𝑑𝑒𝑝 is |𝑄 |, we have all

the matching pairs of vertices between 𝑀 and 𝑄 , and check the

S
3
AND constraints between subgraph 𝑔 (with vertices in 𝑀) and

query graph 𝑞. If candidate subgraph 𝑔 is the S3AND query answer,

then we add 𝑔 to the answer set 𝑆 (lines 1-3).

When the recursive depth 𝑑𝑒𝑝 has not reached |𝑄 |, we will con-
sider each candidate vertex 𝑣 in𝑄 [𝑑𝑒𝑝] .𝑉𝑐𝑎𝑛𝑑 (not a duplicate in𝑀 ;

line 5). In particular, if candidate vertex 𝑣 is not connected to some

vertex𝑀 [𝑖] (0 ≤ 𝑖 < 𝑑𝑒𝑝) in the current vertex list𝑀 and any vertex

in 𝑄 [𝑖] .𝑉𝑐𝑎𝑛𝑑 (𝑑𝑒𝑝 + 1 ≤ 𝑖 < |𝑄 |), then it implies that the resulting

subgraph𝑔will not be connected andwe can terminate the recursive

call; otherwise, we can set the matching vertex 𝑀 [𝑑𝑒𝑝] to 𝑣 , and
recursively invoke function Refinement𝑓 (𝐺,𝑞,𝑄, 𝑆,𝑀,𝑑𝑒𝑝 + 1, 𝜎)
for the next depth (𝑑𝑒𝑝+1) (lines 6-8). Finally, we return the S3AND
query answer set 𝑆 (line 9).

Complexity Analysis: The time complexity of online S
3
AND

query processing (i.e., Algorithm 5) is given by𝑂
( ∑ |𝑉 (𝑞) |

𝑗=1
|𝑞 𝑗 .𝑊 | +∑⌈𝑙𝑜𝑔𝑓 𝑎𝑛𝑜𝑢𝑡 |𝑉 (𝐺 ) | ⌉

𝑖=1
𝑓 𝑎𝑛𝑜𝑢𝑡 · (1−𝑃𝑃𝑖 ) + |𝑉 (𝑞) | +

∏ |𝑄 |
𝑖=1
|𝑄 [𝑖] .𝑉𝑐𝑎𝑛𝑑 |

)
.

Due to space limitations, please refer to our technical report [37]

for the detailed discussions on the complexity.

7 EXPERIMENTAL EVALUATION
7.1 Experimental Settings
Real-WorldGraphData Sets:Weuse 5 real-world graphs, 𝐹𝑎𝑐𝑒𝑏𝑜𝑜𝑘

[38], 𝑃𝑢𝑏𝑀𝑒𝑑 [26], 𝐸𝑙𝑙𝑖𝑝𝑡𝑖𝑐 [36], 𝑇𝑊𝑒𝑖𝑏𝑜 [38], and 𝐷𝐵𝐿𝑃𝑣14 [31],

whose statistics are depicted in Table 2, where “Abbr.” stands for

the abbreviation of the name, and “|∑ |” stands for the keyword
domain size. 𝐹𝑎𝑐𝑒𝑏𝑜𝑜𝑘 is a social network, where two users are

connected if they are friends, and keywords of each user are ob-

tained from one’s profile. 𝑃𝑢𝑏𝑀𝑒𝑑 is a citation network of scientific

publications on diabetes, where keywords are from lexical features.

𝐸𝑙𝑙𝑖𝑝𝑡𝑖𝑐 is a Bitcoin transaction network, where each node repre-

sents a transaction, edges represent financial connections, and each

Table 2: Statistics of the Tested Real-World Graph Data Sets.
Name Abbr. |𝑽 (𝑮 ) | |𝑬 (𝑮 ) | |

∑

|

𝐹𝑎𝑐𝑒𝑏𝑜𝑜𝑘 [38] FB 4,039 88,234 1,284

𝑃𝑢𝑏𝑀𝑒𝑑 [26] PM 19,717 44,338 501

𝐸𝑙𝑙𝑖𝑝𝑡𝑖𝑐 [36] EL 203,769 234,355 166

𝑇𝑊𝑒𝑖𝑏𝑜 [38] TW 2,320,895 9,840,066 1,658

𝐷𝐵𝐿𝑃𝑣14 [31] DB 2,956,012 29,560,025 7,990,611

Table 3: Parameter Settings.
Parameters Values
the threshold, 𝜎𝑀𝐴𝑋 (= 𝜎), of MAX

neighbor difference

1, 2, 3, 4

the threshold, 𝜎𝑆𝑈𝑀 (= 𝜎), of SUM

neighbor difference

2, 3, 4, 5

the size, |𝑣𝑖 .𝑊 |, of keywords per vertex 1, 2, 3, 4, 5
the size, |∑ |, of the keyword domain 10, 20, 50, 80
the size, |𝑉 (𝑞) |, of query graph 𝑞 3, 5, 8, 10
the size, |𝑉 (𝐺) |, of data graph 𝐺 10K, 25K, 50K, 100K, 250K, 1M, 10M, 30M

node contains transaction attribute category keywords. 𝑇𝑊𝑒𝑖𝑏𝑜 is

also a social network, where each node represents a user, each edge

represents a following relationship, and the keyword for each node

is from the user profile. 𝐷𝐵𝐿𝑃𝑣14 is a citation network extracted

from DBLP, where each author’s keywords were extracted from

their relevant paper titles. It is worth noting that if a vertex in

the graph mentioned above does not have keyword attributes, we

create a dummy keyword label “0” to indicate None for this vertex.
Synthetic Graph Data Sets:We generate synthetic small-world

graphs in the Newman-Watts-Strogatz model [35], using NetworkX

[12], where parameters are depicted in Table 3. By using different

distributions of keywords in

∑
(i.e., Uniform, Gaussian, and Zipf ),

we obtain three types of synthetic graphs: Syn-Uni, Syn-Gau, and
Syn-Zipf, respectively.
Query Graph: For each graph data set𝐺 , we randomly sample 100

connected subgraphs. For each extracted subgraph 𝑔, we remove

each of its edges with probability 0.3 (as long as the subgraph 𝑔 is

connected after the edge removal). As a result, we obtain 100 query

graphs 𝑞 for the S3AND query evaluation.

Competitors: To our best knowledge, no prior work studied the

S
3
AND problem. Thus, we will compare our S

3
AND approach

(i.e., Algorithm 5) with three methods, a straightforward base-

line method (named 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒), 𝐶𝑆𝐼_𝐺𝐸𝐷 [10], and𝑀𝐶𝑆𝑃𝐿𝐼𝑇 [25].

Specifically, for each vertex in a query graph 𝑞, the 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 method

obtains a set of candidate vertices in the data graph that match with

keywords in 𝑞. Then, we aggregate those subgraphs from |𝑉 (𝑞) |
candidate vertex sets that meet the S

3
AND query requirements as

the returned results. 𝐶𝑆𝐼_𝐺𝐸𝐷 and 𝑀𝐶𝑆𝑃𝐿𝐼𝑇 first retrieve a set

of candidate subgraphs that are similar to a given query graph 𝑞,

where the graph similarity is measured by the Graph Edit Distance
(GED) or Maximum Common Subgraph (MCS), respectively. After

obtaining 𝐶𝑆𝐼_𝐺𝐸𝐷 (or𝑀𝐶𝑆𝑃𝐿𝐼𝑇 ) candidate subgraphs, we next

refine/return subgraphs (in these candidates) so that they satisfy

the keyword set constraints and have the same size as 𝑞 (note: the

subgraph connectivity is relaxed and not required). In the experi-

ments, we set the parameters to default values, and let the GED (or

MCS) threshold be 1 for 𝐶𝑆𝐼_𝐺𝐸𝐷 (or𝑀𝐶𝑆𝑃𝐿𝐼𝑇 ) by default.

Measures:We evaluate the S
3
AND query performance, in terms

of pruning power and wall clock time. The pruning power is the
percentage of candidate vertices pruned by our pruning strategies,

whereas the wall clock time is the average time cost to answer

S
3
AND queries. We report the average values of the evaluated

metrics over 100 runs.
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