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ABSTRACT

Subgraph matching is a fundamental yet NP-hard problem in
graph algorithms. Modern multi-core shared-memory architectures
present substantial opportunities to accelerate subgraph matching
through parallelism. However, while several parallel subgraph
matching algorithms have been proposed, it warrants a systematic
empirical study to evaluate: (1) the interaction effect of different
parallel strategies, (2) their scalability, (3) underlying performance
factors, and (4) the potential for efficiently parallelizing existing
sequential algorithms. In this paper, we present a comprehensive
study of parallel subgraph matching by analyzing three key compo-
nents: task splitting, task scheduling, and match enumeration. To
investigate their interplay, we evaluate 100 feasible combinations
of representative techniques for each component. We further assess
scalability across varying thread counts and explore performance
variations under diverse query and data graph characteristics.
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1 INTRODUCTION

Subgraph matching, a fundamental graph query operation, has
wide applications in areas such as social networks [22, 51], bioin-
formatics [8], and knowledge graphs [57]. It aims to identify all
embeddings in a large data graph that are isomorphic to a query
graph. As shown in Figure 1, subgraph matching gets all subgraphs
in data graph G that are isomorphic to query graph Q [25, 61, 75, 91].
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Figure 1: A running example for subgraph matching.

1.1 Motivation

Parallel subgraph matching has gained significant importance with
the widespread adoption of multi-core processors [17, 18, 24, 45,
79]. Modern servers with terabyte-scale memory can process large
graphs entirely in-memory. This capability is particularly critical
for latency-sensitive tasks, such as real-time financial analysis [60].
The performance requirements of such applications are exemplified
by benchmarks like the LDBC FinBench [58]. Moreover, algorithmic
principles from shared-memory parallelism offer valuable insights
for distributed systems, where intra-node efficiency is pivotal to
overall performance.

Over the past decade, numerous parallel subgraph matching algo-
rithms for multi-core shared-memory systems have been proposed,
e.g., PRI [39], PRS [71], PVF3 [11, 12], CECI [6], MPMatch [34],
and LIGHT [70]. These approaches introduce a variety of effec-
tive strategies, such as MPMatch’s focus on workload estimation
and LIGHT’s emphasis on matching-tree partitioning. However,
there is no comprehensive survey dedicated to parallel subgraph
matching on shared-memory architectures, leaving key aspects of
shared-memory parallelism underexplored.

As summarized in Table 1, we decompose parallel subgraph
matching into three components: task splitting, task scheduling, and
match enumeration. Task splitting contrasts data graph splitting (ab-
breviated as GSplit), which partitions the search tree over the data
graph, with query graph splitting (abbreviated as QSplit), which
decomposes the query into join units whose embeddings are later
joined. Task scheduling decides when to split, balancing workload
while minimizing synchronization and preserving locality. Match
enumeration captures whether backtracking and pruning are local
and independent (easier to parallelize) or global and dependency-
heavy (requiring extra coordination). Their cross-product yields
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Table 1: Techniques to Evaluate.

Component Techniques Abbrev.
Upper-one Split [12, 39] pUO
Data graph | Equal-count Split [70, 71] pEC
splitting Full Split [82] pFL
Task Workload-aware Split [6, 34] pWA
Splitting Stwig [76] pSW
Query graph | TwinTwig [40] pTW
splitting CliqueJoin [41] pCJ
SketchTree [94] pST
Static-Assigning [6, 34, 82] cST
. Busy2Idle-NoneStop [39, 70] c¢BNS
Task Scheduling Busy2Idle-DepthStop [71] cBDS
Timeout-Assigning [92] cTO
LFIJ [73, 78] eLFTJ
GraphQL [32] eGQL
Match CFL [7] eCFL
Enumeration CECI [6] eCECI
DPiso [27] eDPiso
Circinus [33] eCIR

100 feasible strategies. Figure 2 shows this design space and compo-
nent interactions: red lines mark combinations adopted by existing
methods, while gray lines highlight substantial unexplored ones.

Through in-depth analysis and experimental evaluation, we aim
to address the following key research questions:

o How to evaluate the effectiveness of a specific technique and
its interaction with other strategies?

As shown in Table 1, various methods have been proposed
to enhance parallel subgraph matching efficiency, each tar-
geting different aspects of parallelization yet often sharing
underlying techniques. However, prior studies typically
evaluate complete systems, making it difficult to isolate
individual techniques’ contributions. Moreover, the effec-
tiveness of combining techniques from different methods
remains underexplored. Thus, a systematic investigation of
individual techniques and their interactions is essential.
How is the scalability of these parallel algorithms, and which
factors impact the scalability?

Existing approaches show improved efficiency as thread
count increases. However, the performance of parallel sub-
graph matching is also influenced by query and data graph
characteristics. How these factors affect scalability, and
whether linear scalability can consistently be maintained
across different scenarios, remains a critical consideration.
How does parallel subgraph matching leverage efficient tech-
niques of sequential methods to enhance performance?
Sequential subgraph matching methods, such as DPiso [27]
and Circinus [33], have achieved notable success in sequen-
tial settings by employing backtracking and pruning tech-
niques. A natural idea is to extend them to parallel settings.
However, it remains an open question whether parallel al-
gorithms can effectively adapt these techniques, and how
such adaptations would impact overall performance, neces-
sitating systematic investigation and empirical validation.

1.2 Contributions

(1) Individual Parallel Techniques and Their Combination.
Prior systems for parallel subgraph matching are typically evalu-
ated end to end, making it difficult to pinpoint the effectiveness
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Figure 2: Combinations of different components.

of individual strategies or the impact of combining them. To ad-
dress this, we factor parallel subgraph matching algorithm into
three components—task splitting, task scheduling, and match enu-
meration. Treating these components as orthogonal dimensions
maximizes the design space and reveals intrinsic performance free
from implementation bias. Since each component admits multiple
alternatives, their feasible pairings lead to a large combinatorial
space (100 combinations). Crucially, this decomposition goes be-
yond theoretical completeness and directly addresses challenges in
real-world scenarios like real-time financial analysis over skewed
transaction networks. Within this framework: (a) Task Splitting
determines granularity to effectively decompose high-degree hub
nodes to prevent stragglers; (b) Task Scheduling dynamically bal-
ances highly irregular workloads to ensure low latency; and (c)
Match Enumeration governs computational efficiency of verifying
complex patterns within each task. Building on this structured
approach, we systematically isolate individual techniques and eval-
uates their combinations within a unified implementation.
(2) Scalability and Key Factors. We systematically evaluate scal-
ability, analyzing whether execution time decreases proportionally
with thread count or if bottlenecks emerge. Beyond thread scal-
ability, we explore how task splitting, task scheduling, and the
parallelizability of algorithmic techniques influence scaling behav-
ior. Additionally, we study query-specific features, including the
size of the query graph, the number of labels, and the structural
properties of the data graph. These features can significantly af-
fect the behavior of splitting methods, the efficiency of scheduling
strategies, and ultimately the overall performance of the algorithm.
(3) Parallelizing Advanced Sequential Solvers. Many pruning
techniques have been developed within backtracking enumera-
tion [95] to eliminate redundant exploration across search subtrees,
significantly improving sequential efficiency. Despite the success in
sequential settings, their parallelizability remains unclear, i.e., the
extent to which the advanced pruning techniques used in sequen-
tial subgraph-matching methods can run in parallel with minimal
adaptation overhead and negligible performance loss. We adapt
state-of-the-art subgraph matching algorithms to parallel settings,
and analyze both the complexity of adaptation and the efficiency
improvements achieved. We further evaluate scalability across di-
verse scenarios, providing insights into how sequential algorithms
and parallel strategies jointly affect performance.

In summary, we make the following contributions in this paper.
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Figure 3: Key components of parallel subgraph matching.

To the best of our knowledge, we are the first to present
a comprehensive experimental study of parallel subgraph
matching in a multi-core shared-memory machine.

We categorize the key factors influencing parallel subgraph
matching into three dimensions and explore 100 feasible
combinations, implement them in a unified framework, and
comprehensively analyze each component’s methods.

We evaluate scalability by investigating how various factors
and query-specific features affect parallel performance.
Through extensive experiments on real-world datasets, we
uncover critical factors affecting parallel performance, iden-
tify optimization opportunities, and provide insights to
guide the design of scalable and efficient parallel subgraph
matching approaches.

2 PRELIMINARY

2.1 Problem Definition

In this paper, we focus on an undirected labeled graph g = (V, E),
where V is the set of vertices and E the set of edges. For a vertex
u € V, N(u) denotes its neighbors, i.e., N(u) = {v' € V | (w,u') €
E}. For V! C V, g[V’] refers to the vertex-induced subgraph of g
on V’. A label function L maps each vertex u € V to a label from a
label set %, and is shared between both graphs. We naturally extend
this notation to vertex sets: for S € V, N(S) = Uyes N(0).

Definition 2.1 (Subgraph Isomorphism). Given a query graph Q =
(Vo,Eg, %, Lp) and a data graph G = (Vg, Eg, %, Lg), Q is subgraph
isomorphic to G iff there exists a mapping f : Vo — Vg that: (1)
Lo(u) = Lo(f(u)) for all u € Vp. (2) (f(u1), f(uz)) € Eg for all
(u1,u3) € Eg, and (3) For all u; € Vo, u; # uj, f(u;) # f(uj).

The mapping function f is also called an embedding of Q in G.
M : I — V(G) denotes a partial matching, where I C V(Q).

Definition 2.2 (Subgraph Matching). Given a query graph Q and
a data graph G, subgraph matching identifies all the embeddings of
Q within G.

Problem Statement. Given a query graph Q and a data graph
G, Parallel Subgraph Matching on a multi-core shared memory
machine aims to enumerate all the embeddings of Q within G by
utilizing multiple computing cores.

2.2 Components of Parallel Subgraph Matching

In parallel shared-memory settings, the end-to-end efficiency of
subgraph matching is constrained not only by algorithmic complex-
ity but by hardware bottlenecks: synchronization contention and
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Table 2: Summary of task splitting

Method Splitting strategies Key features
pUO pop one candidate low task number
pEC split candidates evenly workload balancing
pFL split all candidates more tasks
pWA estimate workload balanced workload
pSW star structure minimal merge rounds
pTW edge or twig reduces intermediate results
pCJ twig or triangle reduces intermediate results
pST path tree reduces redundancy

workload imbalance. We organize the design space into three dimen-
sions because they collectively govern how the system navigates
these constraints, as illustrated in Figure 3.

Task splitting decomposes the overall problem into smaller
subtasks to facilitate parallel execution. There are two strategies
for task splitting: data graph splitting and query graph splitting.
Data graph splitting splits the vertex of data graph, while the latter
divides the query graph into several sub-query graphs. These two
different splitting strategies also result in different task scheduling
strategies and match enumeration methods.

Task scheduling governs workload distribution by dynamically
determining when and how to split tasks, ensuring balanced com-
putation across workers. For data graph splitting, task scheduling
strategy considers when to split the search tree of backtracking
enumeration, whereas for query graph splitting, the task scheduling
goal evenly distributes the workloads of merging partial matches.

Match enumeration enumerate complete subgraph matches,
with prior research reducing redundant computation. Notably, data
graph splitting methods directly output final results, whereas query
graph splitting methods generate partial matches for sub-queries
and later merge them into final results.

3 TASKSPLITTING

We summarize the characteristics of these task splitting methods
as shown in Table 2, and provide a detailed explanation as follows.

3.1 Data Graph Splitting Techniques

Data graph splitting (abbreviated as GSplit) partitions the vertices
of the data graph (i.e., the candidate sets) into multiple groups.
In subgraph matching, it decomposes the search tree by isolating
subtrees as independent subtasks, each responsible for enumerating
all possible embeddings of the remaining unmatched vertices. These
subtrees originate from distinct matching states, distributed into a
task pool for parallel execution across multiple threads.

Definition 3.1 (Matching State). Let M. be a partial matching
prefix and u;; represent the next query vertex to be extended. A
matching state, denoted by st, is defined as st = (Mpye, LC (uspir)),
where LC(uspy;) is local candidates of up;;;, i.e., the data vertices
could be mapped to u;;; under the partial match M.

For data graph splitting techniques, the search space is divided
by splitting the local candidate set (i.e., a subset of data vertices) of
the next vertex to be mapped. For example, let u denote the query
vertex next to match, with its local candidate set LC(u) partitioned
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Figure 4: Example of data graph splitting.

into two disjoint subsets, LC; and LC,, such that LC = LC; U LG,
and LC; N LC, = 0. This results in two smaller child search spaces.

Example 3.2. Given Q and G in Figure 1, the splitting process is
shown in Figure 4. At depth one, LC(u1) = {va1, 042} is divided into
LCi(u1) = {va1} and LCy(u1) = {va2}, generating tasks task; and
task,. When task; adds mapping (u1,v4;) and reaches depth two,
it splits LC(uy) = {vp1,...,0B100} into LCs(uz) = {vp1,...,0Bs0}
and LCy(uz) = {vBs1, - - -, UB100}- Task tasks is uniquely identified
by matching state st = ({ug : 041}, LCy). [ |

Building on the general definition of splitting techniques, we
now delve into the existing specific approaches.
Upper-one Split [12, 39]. A worker thread selects the closest
unexplored candidate vertex to the root and splits it into a new
independent task. Because higher-level splits encompass larger
sub-search spaces, the resulting tasks typically involve heavier
computational workloads and thus require longer execution times.
Equal-count Split [70, 71]. The Equal-count Split strategy par-
titions the unexplored candidates into two equal-sized subsets at
the midpoint, creating a new task. It prioritizes splitting candidates
nearest to the root of the search subtree. If no candidates remain at
the current level, the algorithm recursively checks the next lower
level for viable splits. This ensures that higher-level splits produce
two tasks with well-balanced workloads.

Example 3.3. As shown in Figure 4, consider the search task
rooted at v4;. When performing a split, the algorithm divides the
unexplored candidates nearest to the root {vgs, ..., vB100} into two
equal parts: {vps, . .., upso} and {Bs1, - - ., UB100 }- [ |

Full Split [82]. Full Split decomposes the candidate set by creating
independent tasks, each corresponding to a unique partial matching
state derived from expanding individual candidates. Given a partial
matching state Mpey, let ULC(upext) denote the unexplored local
candidate set for the next query vertex unext. It extends Mprey by
mapping unex: to each candidate v € ULC(upeyxt), thereby generating
|ULC (tnext)| distinct tasks for these extended partial matches.

Workload-aware Split [6, 34]. The workload-aware mechanism
dynamically decomposes tasks via recursive splitting until their
estimated workloads fall below a specified threshold. This process
consists of two key phases: (1) Workload estimation: A bottom-up
dynamic programming approach calculates the expected work-
load for each candidate. (2) Recursive decomposition: Beginning
with the root vertex’s candidate set in the query graph, the mech-
anism applies Full Split iterations until all resulting tasks meet
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the threshold. For v € LC(u), the workload estimation is formu-
lated as: W? = [T,y chid Zv'ey{g’(v) W;," where «7{5’(0) ={v' €
LC(v') | (v,0") € Eg} denotes u’s candidates that are adjacent to v
(v € C(u)).

When considering workload, the equal-count split strategy nat-
urally adapts by dividing the candidate set into two sets while
balancing their total workloads. The algorithm proceeds as fol-
lows: (1) Initialize two empty candidate sets with zero accumulated
workload; (2) Iteratively allocate the remaining candidate with the
largest workload to the set currently having the smaller workload.

Example 3.4. Figure 5(a) illustrates the BFS tree constructed from
the query graph in Figure 1. Figure 5(b) demonstrates the bottom-up
workload estimation : leaf nodes like {us, vg; } have W ({us,vg1}) = 1,
and intermediate nodes aggregate workloads, e.g., W ({us, vp1}) =

112(1) W (vg;) = 100. For the candidate ({u1,v41}), the workload is
computed by multiplying child node workloads: W ({u,v41}) =
(238 W ({uz, 05 1)) x (Z3; W ({us, v0ci})) = 40000. n

A more accurate workload estimate would require a fine-grained

analysis of the query task, such as modeling dependencies among
query vertices and their candidates, including connectivity con-
straints and candidate conflicts [4, 55, 69]. Most existing subgraph
matching algorithms rely on heuristic workload estimators, and we
follow this practice.
Time and Space Complexity. Let Cpay be the maximum can-
didate set size, and dp, dg the maximum degrees of Q and G.
Each task maintains a partial mapping with states of size |A| =
o(|lV(Q) |dédg), dominated by candidate and adjacency structures.
Creating one task costs O(|A|) time and space. Upper-one Split and
Equal-count Split generate one subtask per split, incurring O(|A|)
overhead. Full Split spawns one subtask per candidate in LC(u),
yielding O(|LC(u)]|) tasks and O(Cpax|A|) total cost. Workload-
Aware Split precomputes workloads in O(Cpax dg |V (Q)|) time and
O(Cmax|V(Q)]) space. During splitting, it greedily assigns candi-
dates in LC(u), incurring O(|A|) per subtask.

3.2 Query Graph Splitting Techniques

We investigate the performance of QSplit technology (originally
proposed for distributed environments) in multi-core settings. It
decomposes the query graph into subqueries and offers two key
advantages: (1) Partial embeddings of each task unit can be retrieved
independently. (2) The subsequent integration of these units with
the partial query graph can be performed in parallel.
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Figure 6: Example of query graph splitting.
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Figure 7: Subqueries of different QSplit techniques.

Definition 3.5 (Subquery Task Unit). Given a query graph Q, a
query graph splitting is represented as a set of subqueries D =
(90,91, - - »q¢), where each gq; is a subquery task unit (that is, a
connected subgraph of Q) and the join of all subqueries forms Q.

Query graph splitting adopts a divide-and-conquer strategy com-
prising three main modules. First, it decomposes the query into
independent sub-tasks D = (po, . . ., p;) and generates a merge tree
J to minimize processing overhead. Next, the system retrieves par-
tial embeddings R(p;) for each task unit in parallel. These disjoint
results are then integrated via a structured bottom-up join sequence
defined by J to reconstruct the complete subgraph matches.

Example 3.6. As shown in Figure 6(a), query graph Q is decom-
posed into multiple subquery task units. Taking D; as an example,
its merging process T is depicted in Figure 6(b). Embeddings of
each subquery task unit are retrieved via one-hop neighbor access
(yellow tables). The intermediate matches are in the blue table. The
merging follows a ¢t-round (t = 2) bottom-up binary join process,
finally retrieving embeddings in the green table. [ ]

Stwig [76]. Stwig targets distributed memory settings by decom-
posing queries into a sequence of edge-disjoint stars. To reduce
communication, it minimizes the star count and prioritizes high-
selectivity edges. Furthermore, it optimizes the selection of a “head
Stwig” to manage data locality, determining which partial results
are maintained locally versus those aggregated across machines.

TwinTwig [40]. TwinTwig utilizes the MapReduce framework.
Firstly, the query graph is divided into a sequence of ¢ +1 subgraphs,
each being an edge or two adjacent edges. These subgraphs overlap
at certain vertices, but do not contain duplicate edges like the
4 units in Figure 7. In the first round, the matching results for
R(P;) = R(po) > R(p;) are obtained. In each subsequent round i,
R(p;) is calculated and joined with R(P;_;) to produce R(P;). A cost

1663

idle worker

front
@)idle value
back
busy worker [
[ 1 .
T v,
Va1 Vaz Vv 1 busy2idle
| PP ! 1
2, VB30,VB31 |! : .-
: ! Upes -+ Vp1oot timeout
1
...... trigger timeout mechanism

Figure 8: Example of task scheduling techniques.

Table 3: Summary of task scheduling

Method Trigger Condition Applicable Scenario
cST init time light A
cBNS work-stealing default choice
cBDS add depth limit moderate workloads
cTO timeout embedding-intensive

model with A* search is used to find the decomposition sequence
minimizing communication overhead.

CliqueJoin [41]. For undirected and unlabeled graphs, the method
optimizes the join unit by constructing Crystals from TwinTwigs:
if the root has the smallest ID and an edge exists between leaves
(e.g., (uz, u3) in Figure 7), this edge is included to reduce interme-
diate results. Furthermore, instead of left-deep joins, it employs
a bushy join strategy optimized via dynamic programming. This
algorithm iteratively computes the minimal execution cost and
optimal splitting strategy for all connected subgraphs.

Sketch Tree [94]. Implemented on a vertex-centric Pregel+ system,
this technique decomposes the query graph Q into path sketches
(induced subgraphs corresponding to root-to-leaf paths). The sketch
tree is defined as a collection of path sketches, where no edges exist
between any two path sketches except for the shared edges. For
instance, the query in Figure 7 is decomposed into two such sketches
sharing a common prefix. Execution uses an exploration-based
algorithm with left-deep joins for local matching, while applying
result compression during global assembly.

Time and Space Complexity. For query graph splitting, Stwig
runs in O(n?), TwinTwig/CliqueJoin in O(mdmna2™), and Sketch
Tree in O(m), where n [V(Q)|, m |E(Q)|, and dpax is the
maximum degree. Their costs of space are O(|V(Q)|). However,
the matching stage can still generate exponentially many partial
embeddings; hence the matching time and space are exponential.

4 TASK SCHEDULING

Task scheduling is critical for parallel efficiency. For partial match
merging, we employ standard fork-join parallelism [18, 52] to dis-
tribute tasks evenly across threads. We summarize the characteris-
tics of these algorithms in Table 3. For tree search scheduling, we
categorize existing strategies into four groups:



Static-Assigning [6, 34, 82]. Static-Assigning predefines a split-
ting mechanism to split tasks upfront, ensuring simplicity but lim-
iting flexibility [6, 34, 82]. It employs Full Split approach to con-
tinuously expand current partial matches that do not satisfy the
condition. MPMatch [34] and CECI [6] adopt this strategy in combi-
nation with the Workload-aware Split method, iteratively extending
partial matches until they fall below a preset workload threshold.
BENU [82] utilizes this strategy while specifying a predefined depth.
Busy2Idle-NoneStop [39, 70]. PRI [39] and LIGHT [70] adopt the
Busy2Idle-NoneStop strategy, which dynamically splits tasks at any
depth to fulfill requests from idle workers. Upon receiving a request,
a busy thread partitions the unexplored candidate set ULC (tpext)
of the next vertex, offloading new subtasks to idle threads while
continuing its own search. While this maximizes utilization, the un-
conditional splitting upon every idle request introduces significant
synchronization overheads.

Example 4.1. As shown in the blue pipeline in Figure 8, a busy
worker finds that there is an idle worker and splits half of its un-
explored candidates ULC (Ucyrrent) to the idle worker. During the
task-splitting period, both workers are idle. [ ]

Busy2Idle-DepthStop [71]. PRS [71] employs a busy2idle and
depthstop strategy, utilizing a depth threshold « and a candidate
size threshold f3 to regulate task decomposition. Specifically, parallel
splitting halts at depth « unless the candidate set size exceeds f.
However, optimal parameter tuning is challenging due to complex
structural dependencies, and quantifying the scenario-specific cost-
benefit trade-off of splitting remains difficult.

Timeout-Assigning [92]. T-DFS [92] proposes a timeout mecha-
nism to automatically detect expensive tasks. If a task is processed
by a worker for longer than a user-specified time threshold 7, it
is decomposed into smaller tasks and added to a task queue. The
red pipeline in Figure 8 illustrates the process of the timeout mech-
anism. Specifically, a busy worker’s backtracking starts from the
top depth = 1 with va; at time #,. Before reaching the next depth,
the worker retrieves the current time (using now()) to calculate the
elapsed time of the task, defined as now() — t,. If it exceeds the pre-
defined time threshold 7, the task is partitioned into subtasks, and
the newly generated subtasks are enqueued for further processing.

Example 4.2. As shown in Figure 8, the subtree of (va1,0p,),
-+, (va1,B29) has been fully traversed within 7. However, while
extending to vps, the elapsed time reaches . The busy worker then
divides ULC(uz) into two subtasks: LCy (u2) = {vps1, - - , Upes } and
LCy(uz) = {vBes, - - * »UB100}, Which are added to the task queue. m

Time and Space Complexity. Scheduling strategies have the same
split cost, while the total cost depends on #tasks. Static-Assigning
creates tasks at initialization with time/space O(#tasks|A|) (with
static depth k, typically #tasks = |LC(u)|). cBNS/cBDS and ¢TO
trigger splits dynamically, so #tasks is not determined in advance
and the task queue can be O(#tasks|A|) in the worst case.

5 MATCH ENUMERATION

For QSplit paradigm, the corresponding match generation merges
partial matches of different subquery graphs with join [41]. Next,
we review recent sequential enumeration algorithms as shown in
Table 4 and discuss how to effectively parallelize these methods.
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Table 4: Summary of match enumeration

Method Pruning Techniques  Applicable Scenario
eGQL rule-driven pruning light workload
eLFT] / eCFL / eCECI neighborhood medium embedding
eDPiso failing set large search space
eCIR freeze candidates embedding-intensive

5.1 Sequential Backtracking Enumeration
Sequential methods consist of candidate generation, matching or-
dering, and backtracking [95]. We review representative algorithms
including GQL, CFL, CECI, DPiso, LFTJ, and Circinus. For notation,
let q; denote a BFS spanning tree of the query graph, where u.p
and u.c represent the parent and child of u in g,.

GraphQL [32]. The filter process checks the vertex count with
each label and performs a pseudo-match within k-hop subgraph of
Q and G. The matching order is determined by |C(u)|, from smallest
to largest. LC(u) is generated by checking edges connecting the
v € GC(u) with the upper neighbors’ mapped vertices.

CFL [7]. It first generates an initial candidate set by label and de-
gree constraints and then generates GC(u) by Uyege(u.p) N(v) and
refines by check the existence of e(v,0") where v € GC(u) and 0’ €
C(uw')(w’ € N?(u)). It chooses a root of arg min,, %
and build a BES tree, and iteratively selects the path with the fewest
expected embeddings to add the vertices of the path to the order. It
generates LC by: LCpr(u) « mu'eNi”(u) AL, (M[u']) (aset of edges
that can be obtained in O(1) time via auxiliary data structures).
CECI [6]. Its filtering method is similar to CFL, but performs a
bottom-up filtering to check the edge existence between GC(u) and
GC(u') where u’ € N (u). It selects the root of arg min,, |S((Z))|
builds a BFS tree, determining the matching order based on the BFS
tree. Like CFL, CECI gets the local candidate set by intersecting the
edges corresponding to the mapped vertices of N¥ (u). If there are
no preceding neighbors, then LC(u) = GC(u).

DPiso [27]. DPiso performs LDF and refines three times alternately
between bottom-up and top-down. Each filtering checks edge exis-
tence between v € GC(N? (1)) (or GC(NY (u))) and GC(u). It pro-
poses a dynamic matching order using dynamic programming to
choose the branch that tends to have minimum embeddings. DPiso
gets local candidates by intersecting edges corresponding to the
mapped o of all N¥ (). If no upper neighbors exist, LC(u) = GC(u).
DPiso uses failing set pruning: when backtracking to u finds no
embedding and the failure is unrelated to u’s candidate extension,
LC(u) is skipped and backtracking continues to a higher level.
LFT]J [73, 78]. LFT]J is a backtracking strategy that uses set inter-
section to compute local candidate sets. We utilize the filtering
and ordering strategies of CFL to complete this approach. LFT]
employs the same local candidate generation technique as DPiso
and recursively maps data graph vertices to query graph vertices.
Circinus [33]. Circinus constructs a vertex cover Vy ¢ and identifies
afreezing set Vr (where VeNVy ¢ = 0). During backtracking, vertices
are processed based on their membership: (1) For a non-frozen
vertex u € Vyc, the algorithm iteratively maps u to v € LC(u) and
refines candidate sets of its backward neighbors N¥ (u); (2) For a
frozen vertex u € Vg, it defers instantiation, treating the LC(u) as a

and




Table 5: Datasets.

Dataset Abbreviation V]| |E| davg
Maayan-Figeys mf 2,239 6,432 5.7
YeastS ys 2,361 7,182 6.1
Citeseer ct 3,279 4,552 2.8
Human hm 4,674 86,282 36.9
HPRD hp 9,303 34,998 7.5
WordNet wn 146,005 656,999 9.0
DBLP db 317,080 1,049,866 6.6
Twitch tw 168,114 6,797,557 80.9
Youtube yt 1,134,890 2,987,624 5.3
Orkut ok 3,072,441 117,185,083 76.3

monolithic unit. At the leaf level, final embeddings are generated
by efficiently enumerating the maintained frozen sets frozen(u).

Time and Space Complexity. Since exact-match enumeration is
exponential, we compare the per-step cost of constructing LC(u).
LFTJ forms LC(u) via multi-way neighbor intersections. GraphQL
checks, for each v € GC(u), adjacency to already mapped vertices
in BN (u), costing O(dpdg logdg) per query vertex u. CECI/CFL
costs O(dpCrax), while DPiso adds failing-set updates of O(|V(Q)|).
Circinus performs frozen-candidate generation and refinement in

O(dgCiax) and adds space O(|V(Q)|doCrmax)-

5.2 Parallelizing Sequential Methods

Sequential methods rely on backtracking, making them naturally
suited for data graph splitting, with each task represented as st =
{M, tnex: } (initially M = 0, upex; = ¢[0]). Standard backtracking
supports parallelism via independent subtree exploration. However,
advanced optimizations (e.g., failure sharing) rely on cross subtree
information, introducing state dependencies that complicate paral-
lelization. Consequently, adapting DPiso and Circinus thus presents
dual challenges: (1) splitting must sever cross-subtree dependen-
cies for correctness, and (2) each task requires replicated auxiliary
structures, increasing memory consumption.

DPiso computes matchable vertices and LC(u) dynamically; fork-
ing a task on LC(uz) means backtracking to u; invalidates uy’s
context, requiring expensive recomputation. Its failing set prun-
ing relies on bottom-up result aggregation, but splitting fragments
this view: failing sets become unusable above the splitting depth,
remaining valid only below it where the thread retains full control.

Circinus freezes certain vertices, deferring their instantiation
and refining LC(u) once children are matched. This requires an
additional frozen LC data structure, whose size is d times that of
the LC structure, i.e. comparable to A. To retain the benefits of the
freezing mechanism, we treat frozen candidate sets as atomic units
during splitting, prohibiting splits on them.

6 EXPERIMENTAL EVALUATION

6.1 Experimental Setup

Datasets. We use 10 widely adopted real-world graphs from differ-
ent domains as datasets, as shown in Table 5. Following previous
work [6, 28, 36, 72, 95], the label sizes are set to 15, 30, 45, and 60
through a random allocation strategy.
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Query graphs. Following the method [3, 27, 72, 95], we extract
induced subgraphs as query graphs by using a random walk strat-
egy [30]. The sizes of the query graphs are set to 10, 20, 30, 40, and
50, with each query set consisting of 100 query graphs.
Evaluated techniques. Table 1 presents alternative techniques
for each component. We perform a comprehensive analysis of the
interactions between these components, resulting in 100 feasible
algorithm combinations after excluding incompatible pairings.
Metrics. We adopt EPS (Embeddings Per Second) [95] as our primary
metric to quantify throughput, defined as the total number of output
embeddings generated per second. To ensure timely evaluation, we
enforce a 30-second timeout for each query. In addition, we calculate
the idle time ratio as the thread idle time divided by the total time
to measure thread utilization.

Experimental environment. All experiments were conducted
on a dual-socket server equipped with two Intel Xeon E5-2696 v4
CPUs (44 physical cores total) and 128GB of memory. We implement
all techniques on a lightweight shared-memory runtime to avoid
framework-induced bias in the component comparison. We use
OpenMP only for the match enumeration join process in the query
split method. Evaluations spanned thread counts from 1 to 64.

6.2 Impact of Task Splitting Strategies

6.2.1 Data Graph Splitting Strategies. We evaluate the parallel
speedup of each splitting strategy (relative to single-threaded exe-
cution) when combined with its optimal task scheduling and back-
tracking configurations across different thread counts. Figure 9
presents the experimental results.

EPS speedup with increasing thread count. Our experiments reveal
divergent speedup patterns governed by dataset scale and task
granularity. For small graphs (ct and ys), performance peaks at
single-threaded execution since enumeration completes within
0.1ms and thread management overheads dominate. For medium-
scale graphs (hp, mf, and wn), speedup follows an inverted-U pat-
tern. pEC emerges as optimal due to low-overhead bisection and
effective coarse-grained balancing, while pWA’s costly workload
estimation yields no advantage. Fine-grained strategies (pFL and
pUO) degrade significantly with >8 threads, as excessive decom-
position forces frequent backtracking restarts and task requests
that negate parallelism gains. For large graphs (db, hm, tw, yt and
ok), all data graph splitting strategies show sustained improvement,
yet scaling diverges. db and hm achieve only sublinear speedups
(3x—6x at 64 threads) due to task granularity limitations, while
dense-output datasets tw and yt demonstrate superior scalability
(e.g., tw achieves a 66x linear speedup). On ok, speedup is nearly
linear up to 32 threads but plateaus at 64 threads due to cross-socket
communication overheads in multi-socket architectures.

Analysis of idle time ratio. Figure 10 illustrates thread idle time ra-

tios. On ct, all methods exhibit excessive idle ratios (>95%) because
sub-millisecond task completion times (<0.1ms) are outweighed
by thread creation and scheduling overheads. For hp, performance
degrades beyond 8 threads, with idle time surging to 70% at 64
threads as scheduling costs dominate. In contrast, the large tw
graph maintains minimal idle time across all thread counts; its
heavy per-task workloads significantly reduce the frequency of
task requests, enabling near-linear scalability.
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Figure 11: Effect of query graph splitting strategies.

6.2.2 Query Graph Splitting Strategies. We evaluate query graph
splitting strategies under their optimal backtracking enumeration
across varying thread counts (Figure 11). SketchTree (pST) consis-
tently achieves the best performance by leveraging sketch paths to
construct embeddings, effectively reducing merge iterations and
intermediate results. TwinTwig (pTW) and CliqueJoin (pCJ) show
comparable efficiency, while Stwig (pSW) outperforms them on ct
and ys, as its larger join units enable completion in fewer iterations
and the limited embeddings on these datasets mitigate pSW’s in-
termediate result explosion [40]. But on larger graphs (hp and mf),
the increased intermediate results favor pTW and pC]J over pSW.
Efficiency on ct and ys declines with increasing thread counts, as
their small embedding counts make thread initialization and result
merging outweigh join parallelization benefits. For hp and mf, EPS
shows good speedup with 1-4 threads but declines significantly
beyond 8 threads. Quantitative analysis reveals that even on hp
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tracking techniques. cBNS (Busy2Idle-NoneStop) performs best on
hp, mf, and wn, with ¢cBDS (Busy2Idle-DepthStop) closely approach-
ing it. Notably, cTO (Timeout-Assigning) exhibits lower speedup
ratios on hp, mf, and wn, whereas cST (Static-Assigning) consis-
tently underperforms ¢cBNS and ¢BDS on tw and wn.

EPS speedup with increasing thread count. Scaling patterns diverge
across scheduling strategy and dataset characteristics. For small
datasets (ct and ys), performance degrades monotonically as par-
allelization overhead outweighs sub-millisecond execution times.
Medium-scale datasets (hp, mf, and wn) exhibit an inverted-U pat-
tern, with efficiency declining beyond optimal thread counts due
to oversaturation. Among scheduling strategies, cBNS consistently
achieves the highest speedup, outperforming cBDS—indicating that
early stopping is unnecessary, as deeper splitting incurs negligi-
ble overhead. cST often lags due to workload imbalance in static
partitioning, while cTO scales poorly on lightweight workloads
(e.g., hp), where its fixed timeout fails to generate enough tasks.
On large datasets (db, wn, yt, tw, and ok), abundant solutions and
heavy per-task workloads mitigate scheduling idleness, enabling
monotonic EPS growth with thread count.

Analysis of idle time ratio. Figure 13(a) shows idle time ratios on
ct, hp, db, and tw. On the small dataset ct, all methods exhibit
> 95% idle time as synchronization overheads outweigh the sub-
millisecond workloads. On hp, ¢TO and cST suffer high idle ratios,
with c¢TO exceeding 50% at 8 threads due to its rigid task generation.
Conversely, db generally maintains low idleness, cTO degrades at
high concurrency. On tw, cST exhibits notable underutilization
compared to cBNS and ¢BDS, which sustain minimal idle time.

6.4 Impact of Backtracking Enumeration

Figure 14 reports the average EPS of various backtracking strategies
when paired with its optimal task splitting and task scheduling.
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Figure 13: Idle time ratio of task scheduling and backtracking techniques.
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Figure 14: EPS of different backtracking enumeration techniques vs. the number of threads

EPS speedup with increasing thread count. As shown in Figure 14,

on small datasets (ct and ys), EPS consistently decreases with thread
count, with eCIR performing particularly poorly due to the over-
head of its “freezing” technique. On medium datasets (hp), per-
formance inflection points vary; notably, algorithms with higher
sequential efficiency (such as eCFL) tend to peak at lower thread
counts. On large datasets (db, hm, yt, and tw), eCIR demonstrates a
substantial baseline advantage, achieving EPS orders of magnitude
higher (10%). However, its scalability is inconsistent: while it suffers
from poor speedup on db and hm (3x—5x) compared to others (40x),
it achieves superior speedup (66x) on dense dataset tw.

Analysis of idle time ratio. Figure 13(b) illustrates idle time trends.

On small datasets (ct), all methods exhibit excessive idle ratios (= 1)

at 64 threads. On medium datasets (hp), scaling stalls at 16 threads
as idle ratios climb to 50%. For large datasets, behaviors diverge. On
db, eCIR suffers from a notably higher idle ratio than competitors,
restricting its speedup to 6x (vs. ~30x for others) despite superior
single-threaded performance. Conversely, on tw, idle ratios remain
universally low (< 10%), enabling strong scalability.

6.5 Performance of All Feasible Combinations

We evaluate EPS scalability for all 100 feasible combinations on
hp (Figures 15(a)—(c)), with color-coded trend lines categorizing
methods by splitting, scheduling, and backtracking enumeration,
respectively. Different algorithm combinations show marked per-
formance variations across graph characteristics and thread counts.
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Figure 15(a) shows that GSplit strategies consistently outperform
QSplit counterparts, suggesting GSplit’s paradigm is more efficient
for shared-memory architectures. In Figure 15(b) (excluding 16 com-
binations unrelated to scheduling), cTO consistently underperforms
while cBDS and c¢BNS exhibit comparable effectiveness. Figure 15(c)
reveals that backtracking enumeration exerts the most substantial
impact on parallel efficiency: techniques with significant 1-thread
performance gaps (e.g., eCFL vs. eGQL) maintain their ranking
regardless of splitting or scheduling choices.

6.6 Effect of Query and Data Graphs

We investigate the effect of query graph and data graphs on two
datasets (hp and db) by measuring EPS under 16 threads to evaluate
performance across varying query graph sizes (V(Q)), label sizes (
|2] ) and density of query graph. For each configuration, we report
six technique combinations ranked 1st, 11th, ..., 51st in performance.
Varying the label size. In Figure 16, the top-performing combina-
tions exhibit an initial EPS increase followed by a decline as label
size grows, while lower-ranked combinations demonstrate contin-
uous EPS degradation. This aligns with the observation that larger
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label sizes reduce embedding counts, decreasing EPS. Notably, the
performance gap between the two best-performing combinations
and the others widened progressively with increasing label size.
Varying the query size. Figure 17 reveals that with query graph
size expansion, the optimal combinations with the eCIR backtrack-
ing strategy similarly experience an initial EPS growth followed
by decline, whereas other methods show overall decreasing trends.
The EPS initially increases and decreases with query size growth.
We observe dynamic performance ranking shifts between config-
urations with fixed V(Q) (varying |X|) versus fixed |2| (varying
V(Q)), as different settings yield different optimal combinations.
Varying the density of query graphs. We generate query graphs
with varying densities using random walks [95], spanning degree
ranges of [1,2), [2,3), ..., [5,6), with 100 graphs per range (Figure 18).
On hp, EPS of all methods decreases as query density grows. eCIR
leads at degree [1,2), but eCFL surpasses it once the degree reaches
2 or higher. As queries densify, additional constraints make em-
beddings sparser, and eCIR shows the largest EPS decline. On db,
increasing density also reduces EPS, but eCIR maintains a signifi-
cant advantage, indicating substantial pruning potential.

Varying the size of data graph. To assess scalability, we generated
synthetic graphs from HPRD and Human using EvoGraph [54] with
scaling factors 5 to 100, each paired with 100 queries. We tested
combinations uniformly sampled from the performance ranking
1st, 11th, ..., 41st at 16 threads (Figure 19). While eCFL dominates
on the smaller hp, its efficiency drops on the larger hm graph. In
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Figure 21: Comparison with GPU and GNN methods.

contrast, eCIR-based combinations (notably pEC_cBNS_eCIR and
pFL_cST_eCIR) exhibit superior scalability, as eCIR’s equivalence
class becomes increasingly effective with growing graph size: larger
graphs exacerbate search redundancy, allowing eCIR to aggressively
compress the search space and outperform eCFL.

6.7 Real Query Workload

We further evaluate the system using real-world SPARQL workloads
from LC QuAD [77], as shown in Figure 20. For match enumer-
ation, eCFL consistently performs best. Since these queries yield
sparse embeddings with limited search depths, CIR’s equivalence-
class computation incurs unnecessary overhead compared to eCFL’s
lightweight intersection. Regarding task splitting, no significant
difference exists among methods. However, for task scheduling,
static scheduling (cST) demonstrates a clear advantage over dy-
namic work-stealing (cBNS), particularly under pWA and eCFL
settings. The total workload is relatively light, so frequent stealing
in ¢cBNS introduces overhead that outweighs its load-balancing
gains, making upfront execution (cST) more efficient.

6.8 Comparing with GPU and GNN Approaches

We compare the state-of-the-art (SOTA) GPU method EGSM [75]
and the SOTA learning-based method GNNPE [88] with three stable
CPU PSM combinations (Figure 21). EGSM achieves optimal or near-
optimal EPS on db and hm, but degrades significantly on ok and
tw due to larger query sizes and severe timeouts. GNNPE performs
best on ok but experiences significant degradation on hm and tw;
moreover, its offline learning time is excluded from the reported
total. Overall, both methods achieve strong EPS in specific cases
but lack stability on large graphs, where CPU-based combinations
perform better.

6.9 Existing PSM Algorithms

The overall trend of EPS variation with the number of threads
for the existing PSM algorithms is shown in Figure 22. On ct, all
methods show decreasing EPS as thread overhead far outweighs
parallelization benefits. On hp, all methods experience an initial EPS
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Figure 23: The peak memory cost across datasets.

increase followed by a decline. On wn and yt, which have abundant
solutions, EPS growth gradually slows. CIR performs best on graphs
with dense results, such as yt, where it exceeds other methods by
four orders of magnitude. The PRI method, due to its less advanced
local candidate generation technique, performs suboptimally on
these graphs. On wn, which has a moderate number of solutions,
MPMatch show relatively good efficiency.

6.10 Peak Memory Cost

Figure 23 and Table 6 contrast the peak memory of different strate-
gies. For dynamic combinations (Figure 23), peak memory grows
near-monotonically with thread count, as private search states (e.g.,
partial embeddings, stacks, candidate buffers, and task metadata)
need to be replicated for each worker. Static-assigning (Table 6),
however, incurs higher but thread-count-independent peak mem-
ory, because upfront task materialization dominates the footprint
(e.g., ~102 GB on orkut). Overall, these results highlight a criti-
cal trade-off: while static-assigning method simplifies scheduling
but substantially amplifies memory consumption, requiring careful
tuning within the machine’s memory budget.

7 RECOMMENDATION AND DISCUSSION

Recommendation. Based on the experimental results, we recom-
mend the following high-performance strategies, as summarized
in Figure 24: (1) Among the task splitting strategies, pEC demon-
strates superior efficiency and serves as the default choice. For
dense datasets with substantial candidate sets, pFL can be effective.
pWA is more suitable for scenarios with many small, fragmented
tasks, as it helps reduce the generation of redundant tasks. (2) cBNS



Table 6: Peak memory under 1-threaded Static-Assigning.

Graph CECI (MB) CFL (MB) CIR (MB)
youtube 350.09 358.06 361.95
clueweb 2970.14 3382.44 3403.27
orkut 3458.83 3891.76 3908.54
socweibo 20270.73 20183.40 21954.04

is recommended as the default scheduling strategy. When process-
ing dense datasets containing large candidate sets, cTO achieves
comparable acceleration performance and is an alternative. (3) eCFL
performs well for queries with a moderate number of embeddings,
while eCIR is the preferred choice for queries with very dense em-
beddings. On the tw graph, eCIR achieves two orders of magnitude
higher EPS than other enumeration methods. Notably, several pre-
viously unexplored combinations outperform the original methods.
For example, pWA-cBDS achieves an 11% speedup over the original
LIGHT configuration (pEC-cBNS), indicating that the combined
strategies across components exhibit greater potential than existing
designs, depending on the specific nature of the query.
Discussion. Analyzing various technical combinations, we find
that multiple dimensions of strategies collectively determine paral-
lelization efficiency. (1) Experiments show that thread idle time is
low (about 10%). Therefore, explicitly optimizing for workload bal-
ance during task splitting yields limited gains, as dynamic splitting
inherently achieves effective workload distribution. (2) In shared-
memory single-machine environments, data graph splitting out-
performs query graph splitting due to its more efficient match-
generation module, making it the recommended default choice. (3)
The backtracking enumeration method plays a critical role in over-
all performance, as its computational efficiency becomes the key
bottleneck in parallelized implementations.

8 RELATED WORK
8.1 Existing Surveys on Subgraph Matching

Prior work studies subgraph matching from complementary angles:
iGraph [29] evaluates the I/O efficiency of various indexing tech-
niques; Lee et al. [43], Sun et al. [72], and Zhang et al. [95] system-
atically compare in-memory filtering, ordering, and backtracking-
reduction strategies; Wang et al. [81] categorize incremental main-
tenance for dynamic matching. Distributed surveys [9, 42] address
graph partitioning and communication optimization. However, all
these efforts target serial or distributed execution; the interplay
between task splitting, scheduling, and enumeration under shared-
memory parallelism remains largely unexplored.

8.2 Subgraph Matching & Variants

Sequential CPU-based subgraph matching. Sequential sub-
graph matching generally follows “filtering-ordering—enumerating”
framework [43, 72, 95]. With filtering strategies maturing [6, 7, 27,
28, 37, 67], attention has shifted toward optimizing enumeration
to mitigate redundancy. Recent advancements focus on pruning
fruitless branches [3, 15, 27], merging equivalent search states [37,
49, 50], and leveraging structural reuse [10, 96].
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Continuous Subgraph Matching. Continuous subgraph match-
ing is a pivotal variant of subgraph matching under dynamic graph
processing. Early index-free methods [23, 35] expand matches di-
rectly from changed edges. To improve scalability, subsequent re-
search has evolved toward partial match materialization [16] and
candidate maintenance [38, 53, 93]. Recent works further mitigate
combinatorial explosion by optimizing search orders [74] and back-
tracking search execution [47, 86], culminating in a unified delta
query compilation framework [44].

Learning-based Subgraph Matching. Learning-based solutions
generally diverge into two streams. Exact methods adopt a “learning-
assisted” paradigm, utilizing reinforcement learning for query or-
dering optimization [80] or learned embeddings to accelerate fil-
tering and cost estimation [20, 85, 88]. Conversely, approximate
methods [1, 5, 19, 46, 48, 63, 64, 90] reformulate the task as rep-
resentation learning, utilizing probabilistic similarity scores for
candidate retrieval [89] rather than strict structural verification.
System-Aware Subgraph Matching. Disk-based approaches prune
the search space via signatures [66], structural features [14, 83, 84,
97], hierarchical indices [31], and spectral properties [98] to reduce
I/O cost. Distributed systems partition graphs across clusters [2, 21,
56,59, 68,76, 82,87, 94], adopting a join-based [40, 41] or exploration-
based [62, 65] paradigm. Advanced designs like TriAD [26] and G-
Miner [13] introduce asynchronous communication and dynamic
scheduling to mitigate network bottlenecks.

9 CONCLUSION

This paper presents a comprehensive empirical investigation into
parallel subgraph matching methods, systematically analyzing their
performance across multiple critical dimensions. We identify three
key factors that significantly influence parallel subgraph match-
ing efficiency and examine their interaction effect by evaluating
all feasible combinations of techniques. We assess scalability by
measuring speedup across varying thread counts and analyze per-
formance variability under different query and data graph settings.
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