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ABSTRACT

Incremental querying of multiple concurrent patterns in dynamic
graphs is essential for various real-world applications. However, ex-
isting solutions face two limitations, particularly inmulti-core archi-
tecture. First, performance isolation deteriorates under concurrent
queries due to coarse-grained scheduling strategies, where long-
running queries block shorter ones. Second, these approaches strug-
gle with generating high-quality query plans formulti-query graphs
efficiently. To address these limitations, we introduce Aqila, a
high-concurrency system designed for efficient multi-query pro-
cessing in dynamic graphs on multi-core. First, Aqila decouples
concurrent queries into a combination of operators with specific
functionalities, and these operators transmit intermediate results to
each other, forming a matching flow. Operator-level workload and
resource scheduling strategies are employed to achieve performance
isolation. Second, Aqila adopts the matching tree to represent
the query plan. A greedy algorithm is designed to construct match-
ing trees by jointly extracting common subgraphs and generating
an efficient matching order, enhanced by subgraph relation opti-
mizations with the subgraph relation graph. Extensive experiments
demonstrate that Aqila outperforms existing approaches by 1-3
orders of magnitude in real-time query metrics.
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1 INTRODUCTION

Graphs are ubiquitous across numerous domains, naturally mod-
eling entities and their relationships. As data volumes continue
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Figure 1: Data graph and a set of query graphs.

increasing and graph structure frequently evolves, real-time graph
query processing on large and dynamic graphs has become a critical
and challenging task. Incremental Graph Query (IGQ), also known
as Continuous Subgraph Matching, addresses subgraph matching
over dynamic graphs through incremental processing of update se-
quences [9, 11, 16, 20, 26, 35, 37, 41]. Unlike static graph queries that
operate on immutable structures [6, 7, 14, 15, 22, 30, 34, 36], IGQ
specifically targets dynamic graphs with incremental matches. IGQ
supports a wide range of real-time applications, including fraud
detection that instantly identifies suspicious cycles in evolving
transaction networks [31]; cybersecurity protection via real-time
recognition of attack signatures in streaming network traffic [38];
recommendation systems which track evolving user preference
patterns [8, 12], etc.

The broad applicability of IGQ has spurred significant research
efforts, resulting in a bloom of various approaches [9, 11, 16, 20,
23, 26, 35, 39, 41, 43]. These approaches generally fall into two cat-
egories: single-query and multi-query approaches. Single-query
approaches typically maintain auxiliary data structures that are
incrementally updated with graph evolving, allowing queries to be
executed without reprocessing the entire graph. However, many
real-world applications entail concurrent detection of multiple pat-
terns, e.g., financial fraud detection often requires monitoring mul-
tiple suspicious patterns. As illustrated in Fig. 1, when a directed
edge (𝑣0, 𝑣1) is inserted, incremental matching for {𝑄1, · · · , 𝑄5}
needs to be found concurrently. Unfortunately, the index-based
approaches are impractical to scale to multiple queries, since these
query-specific indices incur large overhead for maintenance re-
garding graph update. Furthermore, query processing in this multi-
query concurrent scenario poses new challenges in computation
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sharing and task scheduling. Recently, multi-query approaches
have emerged [13, 23, 39, 43], optimizing concurrent execution by
identifying shared sub-queries among query graphs, which facili-
tates shared computation and reuse of intermediate results. Despite
these research efforts, existing solutions still suffer from critical
limitations in two facets.

First, existing approaches struggle with workload balance and
performance isolation in multi-core, because they typically rely on
coarse-grained scheduling at the query level. This coarse-grained
scheduling undermines the execution efficiency of concurrent queries.
Specifically, on one CPU core, multiple queries are either processed
sequentially [20, 41] or distributed across multiple threads [1, 2, 4].
Fig. 2 (a) and (b) illustrate these two scheduling strategies in a single
core, which will be duplicated in multiple cores respectively. For
sequential execution, multiple queries are processed by a single
thread following First-In-First-Out (FIFO) scheduling, where each
query monopolizes the CPU until finished. Under this scheduling,
long-running queries, e.g., 𝑄1, will block other queries and the
workload of a CPU will be overwhelmed. For multi-thread exe-
cution, multiple queries are assigned to multiple threads which
follow a thread scheduling strategy such as round-robin. This strat-
egy achieves query-level performance isolation; however, frequent
thread switch introduces substantial overhead, especially with the
increasing number of queries. Therefore, enhancing performance
isolationwithminimal overhead is essential for efficient, concurrent
multi-query IGQ processing.

Second, existing approaches fail to generate high-quality query
plans efficiently for multi-query IGQ. Unlike single-query IGQ,
multiple-query IGQ processes a batch of query graphs where share-
able sub-queries should be exploited in query plans to improve the
overall query efficiency. Existing multi-query IGQ systems [13, 23,
43] only enable insufficient reuse of intermediate results of sub-
queries, and their query planning strategies are not well inherited
general optimization techniques for subgraph matching, such as
matching vertex reordering and plan pruning. Specifically, [23, 43]
facilitate the reuse of the intermediate results of common subgraphs
but overlook matching order selection. Wings [13] first explicitly
identifies all the shareable sub-queries and then generates the query
plan by a greedy merge strategy. The first step takes exponential
time and space complexity regarding the sizes of query graphs
and the query set, and the greedy planning highly relies on cost
estimation, which may compromise the effectiveness of sharing.
Consequently, these limitations lead to inefficient query plans and
high computational costs for IGQ processing.

In this paper, we design and develop a high-concurrency sys-
tem, named Aqila, for multiple-query IGQ in multi-core architec-
ture. Aqila concentrates on addressing the limitations on concur-
rent scheduling and plan generation, through algorithm-system co-
design. In a nutshell, for a set of concurrent query graphs, Aqila
generates highly optimized logical and physical query plans with
fine-grained scheduling policies and parallelism, enabling efficient
query processing and better performance isolation. Aqila orga-
nizes the physical execution in multi-core as a matching flow, with
each core running a suite of operator instances, triggered by an
edge update in the data graph. Once a matching operator instance
computes partial results, the intermediate results will be deliv-
ered to other operator instances in multiple cores. For concurrent
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Figure 2: The Comparison between three scheduling strate-

gies: (a) FIFO (b) thread-based (c) the scheduling in Aqila.

scheduling, Aqila employs operator-level workload and resource
scheduling strategies, as illustrated in Fig. 2 (c), which achieve
operator-level parallelism and performance isolation. In addition,
to generate high-quality query plans, Aqila adopts matching trees
to formulate the logical plan of multiple-query IGQ, where each
tree node represents a set of shareable sub-queries induced from
one or multiple query graphs. As finding optimal query plans is
NP-hard, we propose a greedy algorithm to construct matching
trees that also synergistically determine matching orders. Consid-
ering the complication of this task, Aqila prioritizes merging
sub-queries which are deterministic in the planning process, leav-
ing the remaining parts of queries to be further optimized by vertex
reordering via cardinality estimation. In the level of system devel-
opment, Aqila implements efficient matching-related operators
subject to computation sharing in matching trees. Each operator in-
stance is implemented by a coroutine, enabling lightweight context
switch, i.e., 10 ∼ 100× switch speedup and a thousandth of memory
cost than thread-based implementation. The contributions of this
paper are summarized as follows.
• We introduce Aqila, a high-concurrency system for multi-

query IGQ in multi-core. Aqila integrates a query planner
that generates high-quality plans as matching trees and a query
executor that processes concurrent queries by matching flow.

• For query planning, we equip Aqila with a greedy algorithm
to generate matching trees, which jointly identifies common
subgraphs across queries for computation sharing and matching
vertex orders. In addition, we introduce Subgraph Relation Graph
(SRG) to further enhance computation sharing.
• For query execution, we propose fine-grained workload and

resource scheduling strategies to achieve workload balance and
operator-level performance isolation. We implement efficient
execution operators that support computation sharing across
multi-queries.

• We conduct comprehensive experimental studies to evaluate the
efficiency, scalability and utility of Aqila. Compared with 4
single-thread approaches and 4 multi-thread approaches on 10
workloads, Aqila demonstrates 1-3 orders of magnitude faster
than state-of-the-art IGQ approaches.

2 PRELIMINARIES AND OVERVIEW

2.1 Preliminaries

In this paper, we focus on directed, connected, and labeled graphs.
A graph 𝐺 is a tuple containing four elements (𝑉 , 𝐸, 𝐿, 𝜆). Here,
𝑉 is a set of vertices, 𝐸 ⊆ (𝑉 × 𝑉 ) is a set of edges, 𝐿 is a set of
vertex labels, and 𝜆 is a function that maps each vertex 𝑣 ∈ 𝑉 to its
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Figure 3: The system architecture of Aqila.

label 𝜆(𝑣) ∈ 𝐿. Let 𝑉 ′ ⊆ 𝑉 , 𝐺 (𝑉 ′, 𝐸′) be the subgraph induced by
𝑉 ′ if 𝐸′ = 𝐸 ∩ (𝑉 ′ ×𝑉 ′). Without loss of generality, we may use
(𝑉 (𝐺), 𝐸 (𝐺), 𝐿(𝐺), 𝜆𝐺 ) to denote the elements of 𝐺 .

Dynamic Graph. A graph can be changed dynamically with a
sequence of edge updates [Δ𝑒1, ...Δ𝑒𝑛], where each Δ𝑒𝑖 is a triplet
of (𝑜𝑝,𝑢, 𝑣). Here, 𝑜𝑝 denotes the insertion or deletion operation,
and (𝑢, 𝑣) is the updated edge. We only consider edge updates since
vertex updates can be regarded as updating all the incident edges
of a vertex.

Subgraph Isomorphism. Given a data graph𝐺 and a query graph
𝑄 , a homomorphism from Q to G is a function 𝑓 : 𝑉 (𝑄) ↦→ 𝑉 (𝐺)
such that : (1) for every 𝑢 ∈ 𝑉 (𝑄), 𝜆𝑄 (𝑢) = 𝜆𝐺 (𝑓 (𝑢)) and (2)
for every (𝑢1, 𝑢2) ∈ 𝐸 (𝑄), (𝑓 (𝑢1), 𝑓 (𝑢2)) ∈ 𝐸 (𝐺). A subgraph
isomorphism of 𝑄 to 𝐺 is a homomorphism of 𝑄 to 𝐺 under the
condition that 𝑓 is an injective function, where 𝑓 (𝑢) ≠ 𝑓 (𝑣) for
any pair 𝑢 and 𝑣 in 𝑉 (𝑄) if 𝑢 ≠ 𝑣 .

Incremental Graph Query (IGQ). Given a query graph 𝑄 and a
data graph 𝐺 , with a sequence of edge updates Δe = [Δ𝑒1, · · ·Δ𝑒𝑛]
in 𝐺 , IGQ aims to find all incremental subgraph isomorphisms or
homomorphisms of 𝑄 in 𝐺 , Δ𝑓 = [Δ𝑓1, · · · ,Δ𝑓𝑛], regarding each
edge update. multi-query IGQ extends IGQ to a multi-query sce-
nario, where for a set of query graphs Q = {𝑄1, · · · , 𝑄𝑘 }, it aims to
identify the incremental matchings of each query graph in 𝐺 for
each edge update, i.e., Δf = {[Δ𝑓𝑄𝑖

1 , · · · ,Δ𝑓𝑄𝑖
𝑛 ] | 𝑖 ∈ {1, · · · , 𝑘}}.

IGQ is an NP-complete problem [10], and multi-query IGQ is also
NP-complete with a polynomial reduction from IGQ. In this pa-
per, for a concise presentation, we focus on addressing subgraph
isomorphism queries in vertex-labeled graphs. Our system can be
easily extended to support homomorphism in graphs with vertex
and/or edge labels.

2.2 System Overview

Fig. 3 presents the architecture of Aqila, a concurrent system to
process multi-query IGQ. The system is organized into three layers:
the graph storage layer, the query parser layer, and the query execu-
tion layer. The graph storage layer is responsible for ingesting edge
updates and forwarding updated edges to the query execution layer.
The data graph is persisted in memory, and incremental queries

are processed in mini-batch edge updates to minimize overhead. In
the query parser layer, the query planner of Aqila generates an
optimized query plan for a set of graph queries, which are match-
ing trees that determine the matching orders of query vertices and
shareable computation. Aqila adopts multiple optimization strate-
gies to select efficient matching orders and merge redundant vertex
matching across query graphs. Then, the optimized matching trees
are transformed into a physical plan composing physical operators.
In the query execution layer, Aqila assigns multiple operator in-
stances to available CPU cores to enhance parallelism and resource
utilization. Matching-related operators conduct vertex matching on
intermediate results, following the generic join algorithm [5, 25, 27],
and the output intermediate results are sent to subsequent operator
instances, thereby forming a matching flow. Operator instances are
scheduled based on operator-level data and resource scheduling
strategies, ensuring both efficiency and performance isolation.

3 MATCHING FLOW

In this section, we first elaborate on the execution and scheduling
of multi-query IGQ, and defer the matching tree generation to
Section 4.

3.1 Operator and Matching Flow

Aqila processes the procedure of graph matching by a set of
physical operators, given the matching vertex orders. Similar to
existing approaches [16, 20, 26, 35, 41], these operators undertake
the functionality of candidate vertex selection, matching result ex-
pansion, saving the final matching results, as well as data allocation.
Table 1 summarizes the four operators in Aqila. Here, we first
demonstrate the functionality of three matching-related operators,
EdgeFind, Expand and DataSink in the scenario of single query
processing.

Processing a Single Query. Given a data graph 𝐺 and a query
graph 𝑄 , computing the incremental matches for an update edge
Δ𝑒𝑖 = (𝑣, 𝑣 ′) starts from identifying its mapping in 𝑄 , i.e., an edge
(𝑢,𝑢′) ∈ 𝐸 (𝑄) where 𝜆𝐺 (𝑣) = 𝜆𝑄 (𝑢) and 𝜆𝐺 (𝑣 ′) = 𝜆𝑄 (𝑢′). Such
operation is implemented by an EdgeFind operator, which is trig-
gered by an updated edge in 𝐺 and outputs this edge as an ini-
tial intermediate matching result. After identifying an edge in 𝑄

matches to Δ𝑒𝑖 , Aqila expands it following a matching order of
the remaining |𝑉 (𝑄) | − 2 vertices of 𝑄 , which recursively match a
vertex in 𝑄 to candidate vertices in 𝐺 by generic join. Specifically,
an Expand operator performs a step of expansion that takes partial
matching results for 𝑘 (𝑘 ≥ 2) vertices, denoted as a tuple of 𝑘
vertices in𝐺 ((𝑣1, · · · , 𝑣𝑘 )), and generates the matching results of
𝑘 + 1 vertices. When finishing the matching of |𝑉 (𝑄) | vertices, a
DataSink operator is used to save the completely matched results.
Aqila process a sequence of edge updates in mini-batch fashion,
which records two timestamps, an arrival time and an expiration
time, for each Δ𝑒𝑖 and 𝑒 ∈ 𝐸 (𝐺). A valid incremental matching
should also be subject to the constraints of timestamps.

Example 1. We illustrate finding the incremental matching of 𝑄1
to 𝐺 in Fig. 1 as an example, when an edge (𝑣0, 𝑣1) is inserted. The
insertion triggers an EdgeFind operator to identify (𝑢0, 𝑢1) ∈ 𝑉 (𝑄1),
and (𝑣0, 𝑣1) is the initial matching of 𝑄1 in 𝐺 . Suppose the matching
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Table 1: The description of operators in Aqila (𝑑 is the maximum degree of vertex in the input intermediate result (IR), and

assume there are 𝑁 child nodes of the tree node to which the IR points. In the 𝑖-th child node,𝑚𝑖 is the number of SRG nodes,

𝑛𝑖 is the number of unique root nodes of these𝑚𝑖 SRG nodes, and 𝛼𝑖 ∈ (0, 1) is a factor determined by 𝑆+ of these SRG nodes)

Operator Input Output Functionality Time Complexity

EdgeFind An updated edge IR (𝑣1, 𝑣2 ) Identify the updated edge and wrap the two vertices into an IR 𝑂 ( | Q | )
Expand IR (𝑣1, ..., 𝑣𝑘 ) IR (𝑣1, ..., 𝑣𝑘 , 𝑣𝑘+1 ) Perform generic join over input IR and output IR augmented with a new vertex 𝑂 (∑𝑁

𝑖=1 ( ( (1 − 𝛼𝑖 )𝑛𝑖 + 𝛼𝑖𝑚𝑖 )𝑑𝑘
+𝑚𝑖 | Q | ) )

Shuffle IR (𝑣1, ..., 𝑣𝑘 ) Integer 𝑐 Hash IR and get 𝑐 then transmit IR to the next operator on 𝑐-th CPU core 𝑂 (1)
DataSink Completely matched IR N/A Store all input completely matched IRs 𝑂 (1)

order 𝑂𝑄1 of this edge is (𝑢0, 𝑢1, 𝑢2, 𝑢3), an Expand operator expands

the matching result (𝑣0, 𝑣1) to (𝑣0, 𝑣1, 𝑣2) by matching 𝑢2 to 𝑣2. Sub-
sequently, the second Expand matches 𝑢3 to 𝑣3 and 𝑣6, generating
matching results of (𝑣0, 𝑣1, 𝑣2, 𝑣3) and (𝑣0, 𝑣1, 𝑣2, 𝑣6), respectively. Fi-
nally, a DataSink operator saves the completely matched results.

Concurrent Processing by Matching Flow. When processing
a set of queries Q across multiple CPU cores, Aqila assigns a
suite of one EdgeFind operator instance, one DataSink operator
instance and multiple Expand operator instances for each avail-
able CPU core. Since queries in Q may entail different number of
Expand operations, we set the number of Expand in a suite to a
maximum fixed value, i.e., max𝑄∈Q |𝑉 (𝑄) | − 2. A straightforward
approach to multi-query processing is to assign different queries to
different cores. However, this simple parallelism losees the oppor-
tunity of computation sharing. Therefore, Aqila will distribute
multiple queries to one operator instance in a CPU core, based
on the optimized logical plan, the matching trees, which will be
detailed in Sections 4 and 5, respectively. Specifically, an operator
instance may accept and process a collection of partial matches
from different queries in Q. Here, for each intermediate matching
result, Aqila preserve its associated metadata, including its query
ID and matching order, for the provenance of this intermediate
result. With the intermediate results across queries in Q passing
through the operator instances, Aqila processes multi-query IGQ
on multi-cores concurrently, forming a matching flow.

3.2 Scheduling Strategy

In a matching flow, Aqila adopts an operator-level scheduling
strategy to allocate workload and resources dynamically, aiming to
maintain workload balance and performance isolation. This fine-
grained parallelism is different from existing scheduling strategies
for multi-query IGQ [20, 41], which treats a query as the scheduling
granularity. When processing a large number of queries, query-
level scheduling allocates a thread to execute a query, and pro-
cesses queries concurrently by FIFO strategy. Early arrival but
long-running queries will block subsequent queries and even small
queries may suffer from starvation. However, the finest bottleneck
of subgraph matching is an operator instance instead of the entire
query. Many IGQ systems such as NewSP [20], CaLiG [41] and
TigerGraph [2] implement their matching-related operators, simi-
lar to Expand, which may generate a large number of intermediate
results. To tackle the bottleneck from operators, we equip Aqila
with operator-level scheduling that reassigns computation work-
load and resources for each operator. To ensure lightweight context
switch, Aqila adopts coroutine to implement the parallelism.

(𝑣0, 𝑣1)

(𝑣0, 𝑣1, 𝑣2, 𝑣3)

(𝑣0, 𝑣1, 𝑣2, 𝑣6)

(𝑣0, 𝑣1) (𝑣0, 𝑣1, 𝑣3, 𝑣2)

EdgeFind Expand Shuffle Expand Shuffle DataSink

0

1

2

3

Operator 
InstanceOperatorCPU Core Flow

(𝑣0, … )

(𝑣0, … )

Intermediate
Result

Figure 4: The matching flow for {𝑄1, 𝑄2} in Fig. 1 when edge

(𝑣0, 𝑣1) is inserted in the data graph.

Operator-level Workload Scheduling. Aqila reallocates the
workload, i.e., the intermediate results to be processed, for each
Expand operator instance. Recall that an Expand operator instance
will process intermediate results from one or multiple queries, based
on shareable computation determined by matching trees, and the
underlying distribution of the data graph may be imbalanced. Con-
sequently, the computational workload among Expand residing on
different CPU cores may be highly imbalanced. To address this
issue, we introduce a Shuffle operator followed by each Expand

operator. After obtaining the output intermediate results of Expand,
Shuffle uses a hash function ℎ : (𝑣1, · · · , 𝑣𝑘 ) ↦→ 𝑐 that maps each
intermediate matching to an integer 𝑐 denoted as a CPU core ID.
The hash function maps the last vertex ID, 𝑣𝑘 , to 𝑐 using a modulo
operation with the number of available cores. This indicates that
the processing of this intermediate matching is transmitted to that
CPU core for the next Expand operation, which ensures workload
balance in multi-core.

Example 2. Fig. 4 demonstrates the matching flow of executing

{𝑄1, 𝑄2} in Fig. 1 when edge (𝑣0, 𝑣1) is inserted. On core 1 and core

2, two Expand instances match 𝑣2 and 𝑣3 in 𝐺 to 𝑢2 in 𝑄1 and 𝑢2 in
𝑄2, respectively. Then, two Shuffle instances reassign the workload of

the intermediate results (𝑣0, 𝑣1, 𝑣2) and (𝑣0, 𝑣1, 𝑣3) to core 2 and core
3 based on the hash function, respectively. Similarly, the Expand in-

stances in core 2 and core 3 generate (𝑣0, 𝑣1, 𝑣2, 𝑣3) and (𝑣0, 𝑣1, 𝑣2, 𝑣6)
for𝑄1, and (𝑣0, 𝑣1, 𝑣3, 𝑣2) for𝑄2, respectively. Then, Shuffle instances

on core 2 and core 3 further reassign the workload.

Operator-level Resource Scheduling. In Aqila, resource allo-
cation is also performed at the level of operator instances, which
avoids each operator instance becoming a bottleneck. Each CPU
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core maintains a queue to manage the operator instances residing
on the core. During the matching flow execution, the scheduler as-
signs an equal CPU time slot to each operator instance in the queue.
If an operator instance exhausts its time slot or finishes process-
ing its intermediate results, the scheduler immediately yields the
instance and proceeds to the next instance. A round of scheduling
is complete once the queue has been traversed. Then, the sched-
uler will start a new round of scheduling for the operator instances
which will be pushed into the queue again. These operator instances
will obtain renewed time slots and resume from their execution
state in the last round. This procedure continues round by round
until all the queries are finished. This round-robin scheduling mech-
anism guarantees fair distribution of CPU resources, preventing
long-running operators from blocking others and enabling strong
operator-level performance isolation.

Aqila assigns a suite of Expand, Expand, Shuffle,DataSink oper-
ator instances into each CPU core. Users can assign multiple suites
to one core, based on their workload and hardware resources to
further enlarge the parallelism of the system. Aqila implements
each operator instance by a coroutine, which incurs tens to hun-
dreds of nanoseconds for context switch, lower than thread switch
by one to two orders of magnitude [21]. And the memory cost of
coroutines is independent of fixed stack size, about three orders of
magnitude lower than that of threads.

Example 3. Fig. 2 shows three methods to execute concurrent IGQ

on a single core, and the execution on multi-core has a similar effect.

Fig. 2 (a) shows the FIFO scheduling strategy. A long query may

occupy CPU time for a long time, causing other queries to be blocked

and wait for the CPU time. Fig. 2 (b) shows the scheduling policy with

multi-thread. This strategy achieves query-level performance isolation

but not operator-level performance isolation, and the overhead of

frequent context switch of different threads is high. Fig. 2 (c) shows the

scheduling strategy of Aquila, where the time between two adjacent

dashed lines is split into slots that are allocated to different operators.

The execution of operator 3,4,5 of 𝑄1 is fast because the number of

intermediate results output by the last operator 2 is small. Aquila

achieves operator-level performance isolation and lower overhead of

context switch, compared with Fig. 2 (a) and (b).

4 QUERY PLAN GENERATION

In Section 3, we assume Aqila processes multiple queries indepen-
dently. However, the computation of common subgraphs among
multiple query graphs can be shared to speed up query process-
ing. For example, if a common subgraph 𝑆 appears in both 𝑄𝑖 and
𝑄 𝑗 , the matching result of 𝑆 can be used as the intermediate re-
sults to process𝑄𝑖 and𝑄 𝑗 . This means that matching of 𝑆 in𝐺 only
needs be computed once for processing these two queries. Aqila’s
planner is designed to exploit such opportunities for computation
sharing. It generates matching trees as the logical plan that com-
bines these common subgraphs into tree nodes. The matching trees
also determine the matching orders of query vertices by cardinality
estimation. It is a complicated task to optimize the sharing of com-
putation and matching order simultaneously, as each influences the
size of intermediate results in different ways. During the construc-
tion of matching trees, Aqila prioritizes merging sub-queries that
can be shared among queries, leaving the remaining parts to be
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(a) (b)
Figure 5: (a) the matching tree w/o SRG optimization from

an anchored edge with label pair (A, B) (b) the matching tree

w/ SRG optimization. 𝑢
𝑗
𝑖
denotes the vertex 𝑢𝑖 in 𝑄 𝑗 of Fig. 1.

further optimized by query vertex reordering. This design is based
on the consideration that the shareable sub-queries are determinis-
tic, but the reordering needs cardinality estimation with inherent
uncertainty.

4.1 Construction of Matching Trees

In IGQ, each query graph has a collection of matching orders
each starts from one edge of it. For one matching order 𝑂𝑄 =

[𝑢1, 𝑢2, · · ·𝑢𝑛] start from the edge (𝑢1, 𝑢2) in query 𝑄 where 𝑛 =

|𝑉 (𝑄) |. We use 𝑆𝑖 (𝑂𝑄 ) to denote the induced subgraph of the first
𝑖 vertices (𝑢1, 𝑢2 · · ·𝑢𝑖 ) of 𝑂𝑄 in 𝑄 where 3 ≤ 𝑖 ≤ 𝑛, 𝑆 of 𝑢𝑖 for
short. Without loss of generality, we assume that 𝑢𝑖+1 in 𝑂𝑄 is
connected to 𝑆𝑖 (𝑂𝑄 ). If induced subgraphs 𝑆𝑖 (𝑂𝑄1 ) and 𝑆𝑖 (𝑂𝑄2 )
are isomorphic, the matching results for the first 𝑖 vertices of 𝑂𝑄1
and 𝑂𝑄2 are the same. Based on this intuition, we use a tree-based
data structure called matching tree to represent the query plan of
multiple IGQ, which includes a collection of matching orders from
one or different query graphs. We use the term ‘node’ in matching
tree to distinguish ‘vertex’ in data/query graph.

Definition 1. (Matching Tree) Given a set of queries Q =

{𝑄1, · · · , 𝑄𝑘 }, a matching tree of Q is a tree. The path from the root

node to one m-th layer node in the tree represents a matching order

𝑂𝑄 of a query 𝑄 in Q where𝑚 = |𝑂𝑄 | = |𝑉 (𝑄) |. Such a m-th layer

node is defined as the end node of 𝑂𝑄 . For each node whose depth

is 𝑑 in the tree, if it is the common ancestor of the end nodes of
𝑂𝑄𝑖

and 𝑂𝑄 𝑗
, then the induced subgraph 𝑆𝑑 (𝑂𝑄𝑖

) and 𝑆𝑑 (𝑂𝑄 𝑗
) are

isomorphic in 𝑄𝑖 and 𝑄 𝑗 .

Example 4. Fig. 5 (a) shows a matching tree of {𝑄1, ..., 𝑄5} in
Fig. 1. We use 𝑢

𝑗
𝑖
to denote vertex 𝑢𝑖 in query 𝑄 𝑗 . The second node

in the fourth layer contains vertices [𝑢13, 𝑢
3
4, 𝑢

3
4], and the induced

subgraphs 𝑆4 (𝑂𝑄1 ), 𝑆4 (𝑂𝑄3 ), 𝑆4 (𝑂
′
𝑄3
) are isomorphic where the first

four vertices of𝑂𝑄1 ,𝑂𝑄3 and𝑂
′
𝑄3

are [𝑢10, 𝑢
1
1, 𝑢

1
2, 𝑢

1
3], [𝑢

3
0, 𝑢

3
3, 𝑢

3
1, 𝑢

3
4],

and [𝑢32, 𝑢
3
5, 𝑢

3
1, 𝑢

3
4], respectively, which includes inter-query and intra-

query subgraphs.

If a node has multiple vertices, intermediate results can be reused
due to subgraph isomorphism. However, if a node has multiple child
nodes in the matching tree, the intermediate results must be ex-
panded multiple times, as the results from one child cannot be
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Algorithm 1: ConstructMatchingTrees
Input: Q : all query graphs
Output: T : a set of matching trees

1 E ← all anchored edges in Q, T ← {};
2 foreach 𝐸 ∈ E do

3 Initialize a new matching tree𝑇 ;
4 𝑒𝑑𝑔𝑒𝑠 ← all edge instances of 𝐸 in Q;
5 Q′ ← a list of query graphs have 𝑒𝑑𝑔𝑒𝑠 ;
6 V1 ← a list of source vertices of 𝑒𝑑𝑔𝑒𝑠 ;
7 V2 ← a list of target vertices of 𝑒𝑑𝑔𝑒𝑠 ;
8 𝑇 .𝑙𝑎𝑦𝑒𝑟 [1] ← {CreateNode(𝐸.𝑠𝑜𝑢𝑟𝑐𝑒𝑙𝑎𝑏𝑒𝑙, Q′,V1 ) };
9 𝑇 .𝑙𝑎𝑦𝑒𝑟 [2] ← {CreateNode(𝐸.𝑡𝑎𝑟𝑔𝑒𝑡𝑙𝑎𝑏𝑒𝑙, Q′,V2 ) };

10 mark each vertex in V1 and V2 as visited;
11 foreach 𝑖 ← 3 : MaxVertexNumber (Q′ ) do
12 foreach 𝑛 ∈ 𝑇 .𝑙𝑎𝑦𝑒𝑟 [𝑖 − 1] do
13 C ← CreateChildNodes(𝑛,𝑇 );
14 Create child nodes of 𝑛 for each new node in C;

15 T ← T ∪ {𝑇 };
16 return T;

reused in the next layer. Our goal is to construct a set of matching
trees that includes all possible matching orders from the query
graphs. However, constructing them with least cost in query pro-
cedure is NP-Hard as it can be polynomially reduced to the direct
steiner tree problem [13, 40]. It needs to exploit common substruc-
tures while maintaining efficient matching order. Enumerating
all possible combinations of matching orders and finding isomor-
phisms of induced subgraphs is computational infeasible. Therefore,
we design a greedy algorithm to construct the matching trees.

Matching Tree Construction Algorithm. According to the Def-
inition 1, a collection of matching orders can be included in one
matching tree only if the edges formed by the first two vertices in
these matching orders are isomorphisc. i.e., the labels of 𝑢1 and 𝑢2
in all 𝑂𝑄 included in the tree are the same. We denote this edge
as anchored edge, and for each edge matches this anchored edge
in all query graphs, we refer to it as an edge instance of this an-
chored edge, and we can start constructing matching tree from
these edges. In the matching tree, we maintain three attributes for
each node: vertex label, queries and corresponding vertices for ease
of presentation (denote as 𝑛𝑜𝑑𝑒.𝑙 , 𝑛𝑜𝑑𝑒.𝑞 and 𝑛𝑜𝑑𝑒.𝑣 , respectively).
Algorithm 1 outlines the procedure for constructing matching trees.
One matching tree is constructed from all edge instances of one
anchored edge, each edge instance corresponds to one query graph
(line 1-4). First, the root node and the second layer node can be
set which represent this anchored edge (line 5-10), then the tree is
constructed layer by layer (line 11-14). Note that when get Q′ in
line 5, if some edge instances are from the same query graph, they
are treated as distinct graphs. Visited vertices in different graphs
will be marked which is akin to managing duplicates of the same
graph.

From the 𝑖-th(𝑖 ≥ 3) layer, we needs to find the next matching
vertices of all matching orders. The next vertex should connect to
the already matched part, which is represented by the path from
the root of the matching tree. As merging isomorphic subgraphs is
prioritized, we first select the label of the neighboring vertices in
this already matched part, which occurs most frequently across all
query graphs. This label is more likely to lead to finding subgraph
isomorphism [23], the corresponding vertices in each query graph

Root Node Right Node
[𝑢!", 𝑢#!, 𝑢#!]

[𝑢!$]

[𝑢!#]

[𝑢!%]
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B D B

D
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B
D

C
A
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Cost = 2

Cost = 4

Cost = 1

Figure 6: The SRG of the fourth layer node (with label ‘D’)

of the tree in Fig. 5 (b). The edge denotes the cost from the

root node to its connected right node. The red edges show

the query plan within SRG.

are identified and merged into a child node that has isomorphic
𝑆𝑖 (𝑂𝑄 ) after adding new vertex. The process of selecting the next
most frequent label and merging child nodes continues until all
occurred labels have been iterated or all matching orders have
picked new vertices.

Cardinality-based Order Selection. If no isomorphism is found
for the current node, the next vertex for each matching order in
the remaining queries is selected individually. In this case, the size
of the matching result for each candidate vertex is estimated. The
vertex with the least number of matches (i.e., the smallest result
size) is selected [16, 25]. This selection strategy helps reduce the size
of intermediate results and ensures that the matching order remains
efficient. This procedure is repeated for each layer, continuing until
all matching orders have a next vertex chosen for each node at each
layer. Once this process is completed, a complete matching tree is
constructed.

4.2 SRG Optimization

Assume matching order 𝑂𝑄 = [𝑢1, ...𝑢𝑛], We use 𝑆+
𝑖
(𝑂𝑄 ) to de-

note the induced subgraph by vertex 𝑢𝑖 and its neighbors 𝑢𝑘 where
𝑘 < 𝑖 ≤ 𝑛, 𝑆+ of 𝑢𝑖 for short, which is the same as the differential
graph of 𝑆𝑖−1 (𝑂𝑄 ) and 𝑆𝑖 (𝑂𝑄 ). Given queries 𝑄1, 𝑄2 with match-
ing order𝑂𝑄1 ,𝑂𝑄2 and 𝑆𝑖 (𝑂𝑄1 ) is isomorphic to 𝑆𝑖 (𝑂𝑄2 ), consider
the next selected matching vertices 𝑢𝑖+1 in 𝑂𝑄1 and 𝑢

′
𝑖+1 in 𝑂𝑄2 .

If 𝑆𝑖+1 (𝑂𝑄1 ) is not isomorphic to 𝑆𝑖+1 (𝑂𝑄2 ), the matching proce-
dure for 𝑢𝑖+1 and 𝑢′

𝑖+1 cannot be merged. However, if 𝑆+
𝑖+1 (𝑂𝑄1 )

is a subgraph of 𝑆+
𝑖+1 (𝑂𝑄2 ), then 𝑆𝑖+1 (𝑂𝑄1 ) is also a subgraph of

𝑆𝑖+1 (𝑂𝑄2 ). Matching results satisfying 𝑆𝑖+1 (𝑂𝑄2 ) inherently satisfy
𝑆𝑖+1 (𝑂𝑄1 ) as well. Splitting 𝑢𝑖+1 and 𝑢′𝑖+1 into separate tree nodes
would result in redundant duplication of the same matching results.

Consider node lists [𝑢23] and [𝑢
1
3, 𝑢

3
4, 𝑢

3
4] in the red dashed box

of the tree in Figure 5 (a), 𝑆 and 𝑆+ of each vertex in [𝑢13, 𝑢
3
4, 𝑢

3
4] are

isomorphic, denote it as 𝑆1 and 𝑆+1 . 𝑆 and 𝑆+ of [𝑢23] are denoted
as 𝑆2 and 𝑆+2 . It is evident that 𝑆1 is a subgraph of 𝑆2 and 𝑆+1 is a
subgraph of 𝑆+2 . IGQ will produce the same intermediate results
twice which matched 𝑆2, and in the next layer in red dashed box,
the same expand operations for the same intermediate results are
performed, which brings redundant computation. To avoid this, we
can merge these vertices whose 𝑆+ exhibit subgraph relation so
their 𝑆 also maintain this relation.

Definition 2. (Subgraph Relation Graph (SRG)) Each match-

ing tree node has an SRG which is a bipartite graph. Each unique

𝑆+ of all vertices in this tree node corresponds to an SRG node (to
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Algorithm 2: CreateChildNodes
Input: 𝑛𝑜𝑑𝑒 : a node in the matching tree,𝑇 : a matching tree
Output: C : a set of child nodes of 𝑛𝑜𝑑𝑒

1 Q′ ← query graphs that all vertices are visited.;
2 𝑝 ← the path from root to 𝑛𝑜𝑑𝑒 in matching tree𝑇 ;
3 Q ← 𝑛𝑜𝑑𝑒.𝑞\Q′ ;
4 𝐿 ← a priority queue that stores all labels of unvisited neighbors of 𝑝 and are

sorted in descending order of occurrence;
5 C ← {};
6 while 𝐿 is not empty and Q ≠ ∅ do

7 V ← the vertices each from one𝑄 ∈ Q correspond to 𝐿.𝑡𝑜𝑝 ( ) ;
8 𝑆+ ← the induced subgraphs augmented with each 𝑣 ∈ V;
9 Cluster 𝑆+ according to subgraph relationship;

10 foreach cluster 𝑠 ∈ 𝑆+ do
11 if 𝑠 .size() > 1 then

12 Q1,V1 ← queries and vertices of 𝑠 ;
13 C ← C ∪ {CreateNode(𝐿.𝑡𝑜𝑝 ( ), Q1,V1 ) };
14 Mark all vertices in V1 as visited;
15 Construct SRG and select unique root for each right node;
16 Q ← Q\Q1 ;

17 𝐿.𝑝𝑜𝑝 ( ) ;
18 foreach𝑄 in Q do

19 𝑛′ ← Create node by cardinality-based vertex selection in𝑄 ;
20 C ← C ∪ {𝑛′ };
21 Mark 𝑛′ .𝑣 as visited;

22 return C;

distinguish node in matching tree), we denote all SRG nodes as 𝑁 and

we can classify 𝑁 as root nodes and right nodes, an SRG node 𝑢 is

root node if and only if �𝑛 ∈ 𝑁 , that 𝑛 is a subgraph of 𝑢, and other

SRG nodes are right nodes. There is a directed edge from root node u

to right node n if u is a subgraph of n.

Query Plan Generation within SRG. Instead of only merging
vertices whose 𝑆 are isomorphic, we merge vertices whose 𝑆+ are
isomorphic or subgraph of one another, thereby forming an SRG.
All 𝑆+ can be clustered and form an SRG in this child node, and
the query plan within the SRG should be decided. SRG nodes are
classified into root nodes and right nodes. Since the 𝑆+ of a root node
is a subgraph of a right node, we can first compute the matching
candidates of root nodes during IGQ and then derive the results of
right nodes based on the edge representing the differential graph.
However, in our SRG, a right node may be connected to multiple
root nodes via edges. To address this, we must select a unique root
node for each right node. The edge between right SRG node and
root SRG node represents the differential triplets of their subgraphs,
and we can assign a cost which represents computational cost for
each edge in SRG. The cost is estimated by the minimal number of
differential triplets in the data graph. We can select a unique root
SRG node for each right SRG node with minimal edge cost.

Example 5. Fig. 6 shows the SRG of the fourth layer of the tree in

Fig. 5 (b). Each SRG node is marked with a list of vertices and their

corresponding 𝑆+, and there is an edge with cost from 𝑁1 to 𝑁3, 𝑁1
to 𝑁4 and 𝑁2 to 𝑁4 because of subgraph relation. For example, the

differential triplet of 𝑁1 and 𝑁3 is triplet ’C’->’D’ which appears 2

times in the data graph. The unique root node of 𝑁3 and 𝑁4 is 𝑁1
based on the minimal cost. The query plan of SRG is first compute the

result of 𝑁1 and 𝑁2, and then compute the result of 𝑁3 and 𝑁4 from
the result of 𝑁1.

Child Node Construction. Algorithm 2 outlines the greedy pro-
cess for constructing child nodes. We first get Q by removing
queries from 𝑛𝑜𝑑𝑒 whose vertices are all selected and get the path
𝑝 from the root to 𝑛𝑜𝑑𝑒 which records the already matched part
(line 1-3). To construct the child nodes of 𝑛, The label which is the
most number of 𝑝.𝑣 ’s unvisited neighbor label in Q is chosen, and
we select one vertex 𝑣 in each 𝑄 corresponding to this label based
on the maximum isomorphism with each other. The new induced
subgraphs 𝑆+ of each 𝑣 ∈ V are obtained (line 7-8). All 𝑆+ are
clustered and if 𝑆+1 is a subgraph or isomorphic to 𝑆+2 , they are in
the same cluster (line 9). For each cluster, if the cluster size is more
than one, these new vertices are merged as a new child node and
construct the SRG of it, Q1 andV1 represent queries and vertices
correspond to the cluster, respectively (line 10-16). This procedure
continues until all labels have been computed or all queries have
selected new vertices. If there are remaining queries, we select one
vertex for each query in Q based on the candidates cardinality (line
18-21).

Example 6. The tree in Fig. 5 (b) shows the tree after SRG opti-

mization. We first extract all edge instances of anchored edge with

label pair(’A’, ’B’) and set the root node and the second layer node

with corresponding vertices. For the third layer, label ’C’ is selected

as the neighbor vertices with label ’C’ connects most to the matched

part (6 times), then one child node is created because the 𝑆+ of all new
neighbor vertices with label ’C’ are isomorphic. For the fourth layer,

we get label ’D’ and create an SRG for them as shown in Fig. 6. This

process continues until it gets the complete tree.

Proposition 1. The space and time complexity of constructing

matching trees are 𝑂 (∑ | Q |
𝑖=1 |𝑉 (𝑄𝑖 ) | |𝐸 (𝑄𝑖 ) |) and

𝑂 (∑ | Q |
𝑖=1 |𝐸 (𝑄𝑖 ) |𝑑𝑉 2

𝑚𝑎𝑥 (Q)+(
∑ | Q |
𝑖=1 |𝐸 (𝑄𝑖 ) |)2𝑉𝑚𝑎𝑥 (Q)), respectively,

where 𝑑 is the maximum vertex degree in Q.

5 MATCHING TREE BASED EXECUTION

In this section, we delve into the implementation of Aqila’s oper-
ator functionality, given matching trees generated by the planner.
For a set of concurrent queries, their query plan is a set of match-
ing trees, which are traversed by BFS during query execution. We
construct a matching flow comprising one EdgeFind operator, 𝑘 − 2
Expand operators, 𝑘−2 Shuffle operators and oneDataSink operator,
where 𝑘 is the maximum depth among all matching trees. For all
matching tree nodes at depth 𝑛, their expansion is performed by the
(𝑛 − 2)-th Expand operator in the matching flow. That is because
the first and the second layer tree nodes represent anchored edges
which are identified by EdgeFind operator. All instances of (𝑛 − 2)-
th Expand operator, residing on different CPU cores, collectively
handle expansion for nodes at depth 𝑛. The time complexity of
the four operators is shown in Table 1. To trace the tree node and
involved queries, we also maintain metadata for an intermediate
result 𝑅, together with the partial match 𝑅.𝑑𝑎𝑡𝑎. The metadata con-
tains two fields: 𝑅.𝑛𝑜𝑑𝑒 , a pointer linking to a matching tree node,
and 𝑅.𝑞𝑢𝑒𝑟𝑖𝑒𝑠 , the set of queries to which this intermediate result
belongs. In the following, we present the execution details of the
matching-related operators, EdgeFind and Expand.

EdgeFind operator.Different updated edges are distributed among
multiple EdgeFind operator instances on different CPU cores. The
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Figure 7: The matching flow of {𝑄1, · · · , 𝑄5} in Fig. 1 when

(𝑣0, 𝑣1) inserted. 𝑅.𝑑𝑎𝑡𝑎 and 𝑅.𝑞𝑢𝑒𝑟𝑖𝑒𝑠 are plotted in red and

purple, respectively. A query 𝑄𝑖 in a box indicates 𝑄𝑖 get one

completely matched result.

matching tree corresponding to the updated edge is identified by
the endpoint labels of the edge. Then, the query metadata is stored
in 𝑅.𝑞𝑢𝑒𝑟𝑖𝑒𝑠 , obtained from the queries of the first layer node of the
matching tree, while 𝑅.𝑛𝑜𝑑𝑒 records a pointer to the second layer
of nodes of the matching tree. The partial matching result, 𝑅.𝑑𝑎𝑡𝑎,
records a tuple (𝑣1, 𝑣2), where 𝑣1 and 𝑣2 denote the two matched
vertices of this edge.

Expand operator. Algorithm 3 presents the execution details of
Expand, given a partial matching as the intermediate result, with
associated metadata. We first extract the tree node to which the
result points and obtain the involved queries Q′ (line 1). If the tree
node has no children, or there exist queries in Q′ are completely
matched, indicating a complete match, the algorithm outputs the
result directly (line 2-3), which will be restored by a DataSink oper-
ator. For each child node of this node, generic join is performed and
metadata is updated: First, all queries of this node that exist in Q′
are identified, and they are mapped to SRG nodes of this tree node
and all unique SRG root nodes of these SRG nodes (line 6-8). Then
the vertex candidates 𝐶 (𝑟 ) of each SRG root node 𝑟 are computed
(line 10) based on the 𝑆+ of it using generic join. After obtaining
the candidate set𝐶 (𝑟 ), we iterate all SRG nodesN ′ whose root is 𝑟
and check whether each candidate in 𝐶 (𝑟 ) satisfies the differential
graph condition between 𝑟 and 𝑛′ ∈ N ′ since the 𝑆+ of root node
is a subgraph of that of 𝑛′. A query list is also maintained to store
queries of each candidate in 𝐶 (𝑟 ) (line 13-18). Then new interme-
diate results are created, each augmented with one 𝑐 in 𝐶 (𝑟 ), and
the node and queries metadata is updated (line 19-23). The same
𝑐 computed from different roots can be merged and their queries
metadata can be unioned (line 24). Finally, this new augmented 𝑅′
is added into 𝐵, Expand operator will flatten it outside the function.

Example 7. The matching flow executed base on matching tree is

shown in Fig. 7. When the new edge in Fig. 1 arrives, after EdgeFind

one intermediate result is formed with data (𝑣0, 𝑣1). After one Ex-
pand the data now is (𝑣0, 𝑣1, 𝑣2). In the next Expand, following Al-

gorithm 3 and Fig. 6, we can get one data (𝑣0, 𝑣1, 𝑣2, 𝑣3) with queries

(𝑄1, 𝑄2, 𝑄3, 𝑄∗3, 𝑄4, 𝑄5) that 𝑄1, 𝑄2 and 𝑄5 are completely matched,

and data (𝑣0, 𝑣1, 𝑣2, 𝑣6) with queries (𝑄1, 𝑄3, 𝑄∗3, 𝑄4) that 𝑄1 is com-

pletely matched. 𝑄∗3 and 𝑄3 are distinguished when representing

queries metadata. These intermediate results are shuffled to different

Algorithm 3: Expand
Input: Intermediate result 𝑅
Output: A list of intermediate results 𝐵

1 𝑁𝑜𝑑𝑒 ← 𝑅.𝑛𝑜𝑑𝑒 ; Q′ ← 𝑅.𝑞𝑢𝑒𝑟𝑖𝑒𝑠 ; 𝐵 ← {} ;
2 if 𝑁𝑜𝑑𝑒 is a leaf node or any q in Q′ is completely matched then

3 Report 𝑅 with corresponding queries;

4 Delete queries from Q′ that are completely matched;
5 foreach 𝑐ℎ𝑖𝑙𝑑 in 𝑁𝑜𝑑𝑒.𝑐ℎ𝑖𝑙𝑑 do

6 Q ← Q′ ∩ 𝑐ℎ𝑖𝑙𝑑.𝑞;
7 𝑁 ← all SRG nodes having any𝑄 ∈ Q in 𝑐ℎ𝑖𝑙𝑑.𝑆𝑅𝐺 ;
8 R ← all unique root nodes of 𝑁 in 𝑐ℎ𝑖𝑙𝑑.𝑆𝑅𝐺 ; 𝑠 ← {};
9 foreach 𝑟 ∈ R do

10 Compute𝐶 (𝑟 ) using generic join based on the 𝑆+ of 𝑟 ;
11 𝑁 ′ ← subset of 𝑁 whose root is 𝑟 ;
12 foreach 𝑐 ∈ 𝐶 (𝑟 ) do
13 𝑞_𝑙𝑖𝑠𝑡 ← Q ∩ queries of 𝑟 ;
14 foreach 𝑛′ ∈ 𝑁 ′ do
15 if 𝑛′ = 𝑟 then

16 continue;

17 if 𝑅.𝑑𝑎𝑡𝑎 ∪ {𝑐 } is a match of the 𝑆 of 𝑛′ then
18 𝑞_𝑙𝑖𝑠𝑡 ← 𝑞_𝑙𝑖𝑠𝑡 ∪ (Q ∩ queries of 𝑛′);

19 𝑅′ ← 𝑅;
20 𝑅′ .𝑛𝑜𝑑𝑒 ← 𝑐ℎ𝑖𝑙𝑑 ;
21 𝑅′ .𝑞𝑢𝑒𝑟𝑖𝑒𝑠 ← 𝑞_𝑙𝑖𝑠𝑡 ;
22 𝑅′ .𝑑𝑎𝑡𝑎 ← 𝑅.𝑑𝑎𝑡𝑎 ∪ {𝑐 };
23 𝑠 ← 𝑠 ∪ {𝑅′ };

24 Merge intermediate results in 𝑠 whose new vertices are the same and
union their queries metadata.;

25 𝐵 ← 𝐵 ∪ 𝑠 ;
26 return 𝐵;

CPUs. After a number of expansion operations, we get all completely

matched results for all queries.

6 EXPERIMENT

6.1 Experiment Setup

Datasets. We use LDBC datasets with scale factors 1 and 10 which
are widely used in graph query processing [17, 19, 28, 29, 32], as
well as four vertex-labeled datasets commonly used in previous
work [13, 20, 33, 37]. We duplicate the vertices whose label is ‘post’
or ‘comment’ in LDBC and merge them into ‘message’ vertices,
along with their corresponding edges. As a result, there are 9 vertex
labels and 28 edge labels in total, and the numbers of vertices and
edges are enlarged by 1.8 ×. Table 2 provides the statistics of all
datasets in our experiments.

Query Workloads.We extend the LSQB query workload, a sub-
graph query benchmark based on the LDBC dataset which includes
9 queries [24]. Among these, queries Q1-Q6 represent 6 distinct
subgraph structures. For each structure, we generate 10 semanti-
cally similar query graphs, which are expressible through natural
language, resulting in 6 query groups LSQB-QG1 to QG6. Each
query group thus contains 11 queries. These queries are designed
to simulate real-world scenarios where some patterns occur fre-
quently in dynamic graphs, while others are infrequent, thereby
capturing different query cardinalities in real systems [32]. Fig. 8
illustrates LSQB-QG1; details for other query groups are available
in our repository. For other datasets, we sample 20 query graphs
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Figure 8: Illustration of LSQB-QG1.

as a group per dataset using random walks in the data graph. Each
sampled query graph contains 7 vertices and between 6 ∼ 21 edges.

Baselines. We compare Aqila against 8 state-of-the-art algo-
rithms or systems, categorized into 4 groups as follows:

• Single-Query Execution in Single Thread: NewSP [20] is an IGQ
algorithm that introduces a novel search process to postpones
expansions. CaLiG [41] is an IGQ algorithm that leverages a
cost-effective index and performs kernel and shell search process.

• Multi-Query Execution in Single Thread:MQ-Match [23] is a
multi-query oriented IGQ approach that employs a tight index
CCG and a collection of matching trees to share common sub-
structures among query graphs. TRIC [43] is an IGQ algorithm
for multi-query, using tries to index and exploit shared structures
across multiple query graphs.

• Single-Query Execution inMulti-Thread: we compareNewSP [20]
and two graph database systems Neo4j [1] and TigerGraph [2].

• Multi-Query Execution in Multi-Thread:Wings [13] is a multi-
query IGQ approach that leverages directed acyclic graphs (DAGs)
to capture common subgraphs and utilizes a directed Steiner tree
for query planning.

Implementation Details. Aqila is built on hiactor [3], an event-
driven framework for building concurrent systems. Each opera-
tor instance is implemented by a coroutine, which supports light-
weight context switch for concurrent query processing. Operator
instances use message queues to achieve asynchronous communi-
cation. Aqila allocates each operator instance a buffer (default
size is 64) to store intermediate results. When the buffer reaches
capacity, its contents are dispatched to the subsequent operator
instance to reduce data transfer overhead. Intermediate matching
results and their associated metadata are concatenated respectively,
and persisted in a C++ vector. Both the data graph and incoming
update streams are maintained entirely in memory. To keep con-
current query consistency for batch updating, Aqila assigns two
timestamps to both edges in the data graph and the updated edges,
i.e., an arrival time and an an expiration time. When visiting edges
in the data graph, Aqila checks edge validity by comparing the
timestamps with that of the updated edges.

For single-thread baselines, queries in a query group are sequen-
tially processed for each updated edge. For TigerGraph and Neo4j,
we use a thread pool with each thread processing one query graph
for a single updated edge. The entire data graph is pre-loaded into
memory to avoid I/O overhead. We implement all queries in GSQL

Table 2: Statistic of datasets

Dataset |𝑉 | |𝐸 | |𝑙𝑉 | |𝑙𝐸 | 𝑑𝑎𝑣𝑔

LDBC-1 6,237,498 31,021,501 9 28 9.9
LDBC-10 59,289,006 322,220,368 9 28 10.9

Amazon (AZ) 403,394 2,433,408 6 1 12.2
Patents (PT) 3,774,768 16,518,947 20 1 8.8
Eu2005 (EU) 862,664 16,138,468 40 1 37.4

LiveJournal (LJ) 4,487,571 42,841,237 30 1 18.1

and Cypher, where queries are explicitly formulated to start tra-
versals from the updated edges to support incremental evaluation.
The multi-thread version of NewSP, denoted as NewSP (32), fol-
lows the same algorithm of NewSP but disables the Neighbor Label
Frequency Filter index to ensure query result consistency in par-
allelism. All experiments are conducted in a server equipped with
two Intel(R) Xeon(R) Silver 4110 CPUs @ 2.10GHz, each with 8
cores and 16 threads and 219 GiB of RAM, running Ubuntu 20.04.6
RTS, We use g++ 9.4.0, TigerGraph 3.11.0, and Neo4j 3.5.3, with all
C++ based algorithms and systems compiled with O3 optimization.
Following a mini-batch updating scenario [18, 42] that assumes
updated edges in a mini-batch arrive simultaneously, we first apply
updates to the data graph and for each updated edge in a mini-
batch, we execute all queries whose edges match this updated edge
in a query group, for all the systems and algorithms. We evaluate
queries for 50 mini-batches with a batch size of 104 edge insertion
by default, and report the average latency and quantiles of the
latency per mini-batch.

Evaluation Metrics. We use elapsed time, average latency, and
the 50%, 90%, 99% quantiles (P50, P90, P99) of the execution latency
per mini-batch edge updating to evaluate system performance. The
elapsed time is the duration from the arrival of the first updated
edge to the end of processing an entire query group in one mini-
batch. The latency per query is the duration from the arrival of an
edge to the finish of the query evaluation of a query graph in query
group, and the average latency and the quantiles of the latency are
the corresponding statistical values across all queries in a batch.
The elapsed time is used to assess the overall query efficiency, while
the statistics of execution latency are used to assess performance
isolation.

6.2 Performance Studies

Exp-1: Query performance on a single core.We evaluate the
performance of Aqila against single-thread baselines, running
on a single core. Fig. 9 presents the overall performance. On av-
erage across 6 workloads on LDBC-1, Aqila outperforms other
baselines by 3.72× ∼ 761× regarding elapsed time. The substantial
performance gap stems from key differences in these approaches.
Both NewSP and CaLiG are unable to efficiently reuse common
subgraphs during query execution, resulting in significant com-
putational overhead. In addition, CaLiG suffers from considerable
delays due to index maintenance, further degrading its performance.
In contrast, Aqila employs matching trees that reuse interme-
diate results, significantly reducing overhead. The matching tree
of MQ-Match does not incorporate matching order optimization,
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Figure 9: Query performance on single core with single-thread baselines on LDBC-1 (top), LDBC-10 (middle) and vertex-labeled

datasets (bottom).
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Figure 10: Query performance on multi-core with multi-thread baselines on LDBC-1 (top), LDBC-10 (middle) and vertex-labeled

datasets (bottom).

leading to inefficient query plans, while TRIC also fails to optimize
matching orders and suffers from costly materialized view main-
tenance. Our method considers both common subgraph reuse and
cardinality-based order selection when constructing matching tree.
Specifically, Aqila outperforms other baselines by 10.3× ∼ 1002×
on average in terms of P50; 3.98× ∼ 848× for P90; 3.69× ∼ 758×
for P99 and 4.55× ∼ 828× for average latency. This improvements
are due to our operator-level resource scheduling strategy, which
ensures fair CPU time allocation for each operator, thereby guar-
anteeing performance isolation. In contrast, the baselines adopt a
query-level scheduling strategy, causing longer queries to block
short ones and resulting in higher average latencies.

Aqila consistently outperforms the baselines on the larger
LDBC-10 dataset by one to three orders of magnitude. As the
dataset size increases, index maintenance overhead grows signifi-
cantly, causing their elapsed time to rise drastically for certain query
groups. Aqila, being index-free, exhibits stable elapsed time and
continues to deliver superior average latency, P50, P90, and P99 la-
tencies. Finally, on the 4 vertex-labeled datasets, including Amazon,
Patents, Eu2005 and LiveJournal, Aqila consistently demonstrate
significant performance gains in elapsed time and latency met-
rics. These results confirm the effectiveness of its matching tree
optimization, the efficiency of operator-level scheduling, and its
generalizability across diverse datasets.

Exp-2: Query performance on multi-core. We evaluate Aqila
against multi-thread baselines in a multi-core environment, with
overall performance presented in Fig. 10. In LDBC-1, Aqila sig-
nificantly outperforms other baselines across all metrics, reducing
elapsed time by approximately one to two orders of magnitude.
The primary reason for this performance gap is that NewSP (32),
TigerGraph, and Neo4j do not optimize for intermediate result
reuse, while Wings highly relies on cost estimation and fails to
generate query plan with high quality. In contrast, the matching
tree of Aqila prioritizes sub-queries sharing and enables effective
intermediate result reuse with low cost, and the tree generation
process is efficient. Aqila outperforms other baselines by one to
three orders of magnitude in terms of P50, P90, P99, and average
latency. This is because Neo4j, NewSP(32) Wings, and TigerGraph
use thread pool to execute queries but lacks fine-grained resource
and workload scheduling strategies. and all of them suffer from
high context-switching overhead by using a thread pool. In contrast,
Aqila adopts operator-level workload and resource scheduling
strategy and uses coroutines to achieve both performance isolation
and low-cost context switching. Similar trends are observed on
larger and diverse datasets, including LDBC-10, Amazon, Patents,
Eu2005 and LiveJournal, where Aqila demonstrates significant
scalability and generalizability with performance improvement by
up to three orders of magnitude.
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Figure 11: Query performance on single core and multi-core under edge deletion.

Exp-3: Query performance under edge deletion.We test Aqila
under edge deletion scenarios, comparing with the baselines on
both single core and multi-core environments. In each mini-batch,
all updated edges are deletions sampled from LDBC-1. As shown in
Fig. 11, Aqila achieves similar performance advantages to edge in-
sertions, confirming its robustness and efficiency for edge deletions.
This consistent performance arises because Aqila processes edge
deletions in a similar way to insertions, i.e., finding ‘decremental’
matches via matching trees. However, baselines leveraging indexes
exhibit inconsistent performance between insertion and deletion.

Exp-4: Varying the number of query graphs. We investigate
the performance of Aqila as the number of query graph increases.
Specifically, on LDBC-1 dataset, we merge the first 1 ∼ 6 query
groups into a larger group respectively, resulting in 6 new query
groups with {11, 22, · · · , 66} query graphs. Fig. 12 presents the per-
formance on these new query groups. The results demonstrate
that Aqila maintains stable performance as the number of query
graphs per group increases. This stability is primarily attributed to
the growing number of shared subgraphs, enabling greater reuse of
intermediate results. However, for the largest group with 66 query
graphs containing QG6, some queries in this group are particu-
larly costly and share fewer subgraphs with the others. In addition,
Aqila achieves better performance isolation than the baselines,
as the number of queries increases; its P50 and P90 latency take
5% ∼ 25% and 58% ∼ 81% of the elapsed time, respectively. Baseline
approaches suffer from worse performance isolation, leading to
drastic increments of the average and quantile latencies.

Exp-5: Ablation study. To evaluate the impact of our design
choices, we conduct an ablation study that compares Aqila with
three system variants as follows. (1) Aqila−: Aqila without SRG
optimization during matching tree construction, as illustrated in
Fig. 5(a). (2) AqilaGF: Aqila without matching trees; in this vari-
ant, query processing resembles that of [9], without exploitation of
shared subgraphs. (3) AqilaFIFO: Aqila utilizing the matching
tree, but processing edges and queries strictly in FIFO order. We
conduct experiments on LDBC-1, and present the results in Fig. 13.

Relative to Aqila−, Aqila delivers a 1.48× average speedup,
demonstrating its ability to identify subgraph relations across dif-
ferent induced subgraphs and further reuse intermediate results ac-
cordingly. Compared to AqilaGF, which does not leverage shared
subgraphs among query graphs, Aqila achieves a 1.8× ∼ 5.7×
speedup in elapsed time. This highlights the effectiveness of the

matching trees in reusing intermediate results and reducing compu-
tation. When compared with AqilaFIFO, Aqila exhibits 1.31×
faster on average latency, and is 3.27×, 1.24×, and 1.04× faster
on P50, P90 and P99 latencies, respectively. The workload and re-
source scheduling strategies are critical for performance isolation.
Since AqilaFIFO processes queries for each edge sequentially, fast
queries can be blocked by slow ones. Aqila’s operator-level re-
source allocation ensures fair CPU time for each operator, resulting
in effective performance isolation.

Exp-6: Matching tree suitability. We investigate which types
of query workloads are more suitable for Aqila by evaluating
a diverse set of query graphs. In this experiment, we introduce
8 query groups, each containing 10 query graphs with 7 vertices
for LiveJournal dataset. The queries are categorized by average
degree (sparse vs. dense) and overlap ratios in {25%, 50%, 75%, 100%},
where an overlap ratio of 100% indicates that all 10 query graphs
are isomorphic. Fig. 14 presents the per group speedup for these
queries, with the speedup defined as the ratio of the elapsed time of
executing every query sequentially to that of executing the query
group using matching trees. The results demonstrate that as the
graph overlap ratio increases, the matching trees are able to exploit
more isomorphic subgraphs, resulting in higher speedup ratios. In
addition, dense query groups benefit more from the matching tree,
as the SRG optimization achieves greater reusability with queries
of more edges.

Exp-7: Scalability. To assess the scalability of Aqila in multi-
core, we vary the number of CPU cores and report the elapsed
time and average latency on LDBC-1 in Fig. 15. The results indicate
that Aqila achieves nearly linear speedup in elapsed time and
average latency as the number of cores increases from 2 to 16. The
scalability derives from that in the matching flow of Aqila, Shuffle

operators effectively distribute intermediate results across cores
and maintain load balance. However, when scaling up to 32 cores,
the speedup plateaus. This is primarily attributed to reduced data
locality under hyper-threading and the communication overhead
introduced by Shuffle. Despite this, Aqila demonstrates strong
scalability up to 16 cores, confirming its efficiency and suitability
for parallel environments.

7 RELATEDWORK

Single-query Incremental Graph Query. Various algorithms
have been developed to handle single-query processing on dynamic
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Figure 12: Performance comparison with single-thread and multi-thread baselines by varying number of queries.
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Figure 13: Ablation study with each LSQB-QG. ET and AL

denotes elapsed time and average latency, respectively.

graphs. Graphflow [9] employs a generic join-based algorithm with-
out building indices, enumerating matches starting from the up-
dated edge, but it may include of invalid candidates. TurboFlux [16]
and SymBi [26] introduce auxiliary indices that dynamically track
candidate vertices, enabling efficient identification of incremental
matches. RapidFlow [35] proposes a dual-matching strategy that
reduces redundant computation from automorphisms in a query
graph. It supports a flexible matching orders that do not necessarily
begin at the updated edge. CaLiG [41] proposes a cost-effective
indexing scheme combined with a kernel-and-shell incremental
matching technique to minimize computational overhead. NewSP
[20] introduces a novel search process that postpones expansions
to reduce intermediate results. These approaches primarily target
single-query optimization, processing each query independently.
However, this can lead to inefficiencies in multi-query scenarios
due to redundant computations and index maintenance overhead.

Multi-query Incremental Graph Query. To address inefficien-
cies in multiple-query scenarios, recent approaches focus on compu-
tation sharing across queries. IncMQO [39] consolidates all query
graphs into a single structure and extends TurboFlux [16] with
an equivalence tree to reduce false positives from non-tree edges.
Wings [13] constructs a Directed Acyclic Graph (DAG) to capture
common subgraphs and performs a directed Steiner tree optimiza-
tion to generate query plans; however, its scalability is limited by
explicitly exploring the exponential search space. TRIC [43] decom-
poses query graphs into minimal covering paths, indices common
subgraphs using tries, and maintains materialized views for each
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query edge to store updates. However, it neglects matching order
selection and has high view maintenance overhead in large query
groups. MQ-Match [23] introduces a candidate classification graph
and a shared matching tree to process common subgraphs across
queries but it overlooks cardinality-based matching order selection.
All these approaches also face challenges in keeping performance
isolation due to coarse-grained scheduling. Our matching tree con-
siders both isomorphic subgraph and efficient matching order, along
with operator-level workload and resource scheduling to achieve
better performance isolation.

8 CONCLUSION

In this paper, we propose Aqila, a system for real-time concurrent
incremental multiple graphs query on dynamic graphs. Aqila de-
couples concurrent queries into a combination of operators with
specific functionalities, and adopts operator-level workload and re-
source scheduling strategies to achieve fine-grained parallelism and
performance isolation. Additionally, Aqila creates query plan us-
ing a greedy algorithm which considers both isomorphic subgraphs
and efficient matching order, enhanced by subgraph relation opti-
mizations with the subgraph relation graph. Extensive experiments
on real-world and synthetic datasets show that Aqila outperforms
competitors by 1-3 orders of magnitude in real-time query metrics.
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