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Subgraph matching is a fundamental problem in graph analysis with a wide range of real-world applications.
As subgraph matching techniques evolve, the existing mainstream filter—order—enumeration framework falls
short in two aspects: (i) this filter—order—enumeration perspective overlooks an emerging line of compiler-based
approaches with caching and validation-based orderings. (ii) The recent rise of complex pruning techniques
has shifted the focus of core optimizations beyond filtering and enumeration. This paper advocates the need for
a comprehensive survey that not only thoroughly discusses the compiler-based approaches (i.e., cache-based
methods and their ordering techniques), but also reframes algorithm-level optimizations such that the role of
pruning is adequately addressed.

This survey revisits 17 representative exploration-based subgraph matching methods—including both
algorithm-level techniques and compiler-based ones—and establishes two optimization pillars, i.e., redundancy
reduction and order generation, that can inherently summarize all these efforts. This newly established
perspective permits us to systematically organize various optimization techniques and analyze how they
interact with each other in the same implementation framework. Our contributions are: (i) Cache-, filter-, and
prune-based strategies can remove both overlapping and different redundancies, sending our performance up
to 1.81x faster than existing state-of-the-art (SOTA) settings, and (ii) heuristic and validation-based orderings,
though grounded in fundamentally different design principles, often converge to similar behavior, leading to
comparable performance in practice. Finally, (iii) we provide empirical guidance on when and how different
strategies are most effective across diverse graph scenarios.
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1 Introduction

Subgraph matching is a profound problem gaining long-standing attention in graph analysis [6, 7,
15, 26, 29,41, 43,52, 61, 64, 69, 73, 74,91, 97, 98, 105]. It aims to find all subgraphs in a data graph that
exactly match a given query graph. Two well-known application scenarios highlight its irreplaceable
role. (i) In anti-money laundering (AML), a Europol report [28] revealed that nearly 70% of criminal

“Work done while the author was at Rutgers, The State University of New Jersey.

Authors’ Contact Information: Haolin Jiang, Department of Electrical and Computer Engineering, Rutgers, The State Univer-
sity of New Jersey, USA, haolin.jiang@rutgers.edu; Santosh Pandey, Bellini College of Artificial Intelligence, Cybersecurity
and Computing, University of South Florida, USA, spandeyl@usf.edu; Hang Liu, Department of Electrical and Computer
Engineering, Rutgers, The State University of New Jersey, USA, hl1097@scarletmail.rutgers.edu.

This work is licensed under a Creative Commons Attribution 4.0 International License.
© 2025 Copyright held by the owner/author(s).

ACM 2836-6573/2025/12-ART380

https://doi.org/10.1145/3771791

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 380. Publication date: December 2025.


https://doi.org/10.1145/3771791
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3771791

380:2 Haolin Jiang, Santosh Pandey, and Hang Liu

networks engaged in laundering, yet only about 1.1% of illicit proceeds are recovered annually in the
EU. A key challenge in AML is identifying specific structural patterns [2, 11, 12]—such as circular
fund flows or layered transaction chains—in large-scale transaction graphs. Subgraph matching
enables precise detection of known laundering typologies, making it a critical tool for uncovering
covert financial crime in the real world. (ii) In neuroscience, a recent Nature study [59] applied
subgraph matching to the complete brain network of adult Drosophila (~130,000 neurons, millions
of synapses), revealing that simple chain-like patterns were underrepresented, whereas structures
with mutual or recurrent links were enriched. The observed motif distribution deviates significantly
from randomness, reflecting underlying interaction patterns and highlighting subgraph matching
as a key tool for interpreting large-scale brain networks. Besides, subgraph matching also plays
an indispensable role in security events tracking [6, 7, 48], drug discovery [58, 101, 108], chemical
compound search [53, 85], and functional module identification [15, 73].

These impactful use cases have motivated a proliferation of research on subgraph matching.
One of the pioneers and most influential approaches, proposed by Ullmann in 1976 [95], laid the
foundation for subgraph matching by incrementally extending partial matches until all valid results
are found. Since then, our database community has significantly expanded on this foundation, giving
rise to two major paradigms of subgraph matching algorithms [57, 87, 88, 90, 113]: join-based and
exploration-based. Join-based methods [1, 3, 51, 55, 56, 68, 72, 74, 78, 90, 92, 96, 104, 106, 109, 110, 112]
decompose the query into smaller substructures (e.g., edges or paths) and incrementally combine
their matches through join operations. In contrast, exploration-based methods [8, 9, 13, 16, 22, 31-
33, 37, 38, 40, 44, 45, 47, 49, 50, 54, 60, 63, 77, 79, 80, 87, 88, 90, 98, 111, 113, 114] perform recursive
search by extending partial matches one vertex at a time and backtracking to enumerate all
results. Over the past decade, exploration-based methods have become dominant in subgraph
matching [88, 113], driven by key optimization trends such as candidate filtering [8, 9, 36-38, 49, 107],
dynamic pruning [4, 22, 36, 49, 63], and exploration order generation [14, 16, 36, 38, 47, 49, 80, 89, 99].

Two recent in-depth surveys [88, 113] have provided insightful comparisons of all major filter- and
prune-based methods, categorizing their design choices under a proposed filter-order—-enumeration
perspective—a framework that has also been adopted by many open-source libraries [23, 71, 76].

However, this filter—order—enumeration perspective experiences two serious limitations: (i) This
perspective overlooks a separate line of recent work, which builds on the same exploration-based
paradigm but shifts the focus from algorithm-level optimizations (i.e., filter-based and prune-
based methods) to compiler-level optimizations (i.e., cache-based methods) [17, 20, 27, 30, 39, 65—
67, 82, 83, 94, 100, 102, 103]. Initiated by AutoMine [67] in 2019, this line of work sided with
compiler-based optimizations, which generate different subgraph matching source code according
to the query graph structures and patterns. This avenue of effort has also gained ground in the
popular system optimization field, e.g., GPUs [34, 35, 42, 103], FPGAs/ASICs [19, 21, 25, 46, 75, 86, 93],
and distributed computings [10, 18, 81, 102]. Notably, such strategies do not remove unpromising
candidates before enumeration—the core idea of filtering—but instead rely on caching to avoid
intersection recomputation. As a result, this cache-based optimization does not align with any
steps in the filter—order—enumeration perspective. (ii) In addition, as highlighted by the most recent
survey [113], subgraph matching algorithms have advanced from simple candidate prefiltering
and enumeration to more sophisticated forms of search pruning aimed at minimizing unnecessary
exploration. However, pruning is still regarded merely as part of the enumeration phase, without
explicitly recognizing it as a distinct step within the filter—-order—enumeration. As a result, the role
of pruning is obscured, hindering a nuanced understanding of this important optimization strategy.

To address the aforementioned limitations, we establish twin pillars of optimization directions
that can inherently summarize all the exploration-based methods, i.e., redundancy reduction and
order generation. The former encompasses three main strategies—cache-, filter-, and prune-based

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 380. Publication date: December 2025.



A Comprehensive Survey of Subgraph Matching: [Experiments & Analysis] 380:3

Cache-based (§ 3.1): GraphPi [83], GraphZero [66], De-
| coMine [17], AutoMine [67], GraphSet [82], Khuzdul [18],
STMatch [103], BENU [102], Circinus [45]

Redundancy Filter-based (§ 3.2): RM [90], GraphQL [38], CFL [9],
Reduction (§ 3) l»| QuickSI [80], VEQ [49], DAF [36], CECI [8], BICE [22],
GuP [4], TurboISO [37], Pilos [84], GNN-PE [107]

Prune-based (§ 3.3): BICE [22], GuP [4], VEQ [49], DAF [36],
] BoostISO [77], BSX [63], TurboISO [37]

Heuristic (§ 4.1): VF2++ [47], VF3 [16], GraphQL [38],
RI [14], QuickSI [80], CFL [9], CECI [8], BICE [22],
+[ Ordering (§ 4) VEQ [49], GuP [4], DAF [36]

{ Subgraph Matching }

Validation-based (§ 4.2): GraphPi [83], GraphZero [66], Au-
tomine [67], Dryadic [65], GraphMini [30], DecoMine [17]

Fig. 1. Outline of major subgraph matching efforts under our proposed twin optimization pillars.

methods—each targeting redundancy in distinct ways. The latter involves two types of ordering:
heuristic methods, which rely on structural heuristics, and validation-based methods, which select
orders based on cost models.

Figure 1 exhibits our newly proposed survey structure for various representative subgraph
matching efforts. This new structure not only thoroughly discusses the compiler-based approaches
(i.e., cache-based methods and their ordering techniques), but also reframes algorithm-level opti-
mizations such that the role of pruning is adequately addressed. In this survey, we comprehensively
study a total of 17 recent exploration-based subgraph matching methods. These include repre-
sentative algorithmic techniques, e.g. GraphQL [38], RI [14], VF3 [16], VF2++ [47], QuickSI [80],
CFL [9], CECI [8], DAF [36], VEQ [49], Pilos [84], BICE [22], and GuP [4]—as well as compiler-based
methods, such as GraphPi [83], GraphZero [66], AutoMine [67], GraphSet [82], and Decomine [17].

Building on this perspective, we make the following contributions in this paper:

e We present detailed case studies comparing representative cache-, filter-, and prune-based
methods, and comprehensively analyze their combinations, overlaps, and performance impli-
cations (Section 3).

e We compare two dominant ordering strategies—heuristic and validation-based—through
SOTA representatives, revealing their underlying similarities and sources of performance
divergence (Section 4).

e Through a unified reimplementation and novel experimental design, we first show that
(i) combining multiple redundancy reduction techniques yields up to a 1.81x speedup, (ii)
heuristic and validation-based orderings perform comparably, and (iii) different strategies
exhibit distinct strengths and overlaps across graph contexts, providing empirical guidance
for selection (Section 5).

This survey differs from prior surveys [88, 113] in two aspects: (i) We extend beyond previous
studies by incorporating the latest techniques (§3.1, §3.2, §4.2) and explicitly reframing prune-based
methods as a distinct optimization category (§3.3). This leads to a more intuitive and systematic
understanding under our proposed redundancy—order framework. We further uncover two novel
insights: how cache-, filter-, and prune-based methods can overlap or complement each other
(§3.4), and how validation-based ordering may perform similarly to heuristic ordering due to
practical cardinality estimation (§4.3). (ii) In the experiment, our proposed subgraph matching
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method outperforms the SOTA across a variety of datasets (see §5.2). And we are the first to
demonstrate that heuristic and validation-based orderings achieve similar performance (see §5.6).
We also introduce new profiling metrics (e.g., intersection counts and distributions) to examine
how graph characteristics (e.g., density and size) influence optimization performance (§5.3) and
how different reduction methods overlap with each other (§5.5). These empirical findings lead to
critical insights for the subgraph matching community (§5.7).

2 Background & Motivations
2.1 Preliminaries

This paper focuses on simple graphs g = (V, E), where V and E are the sets of vertices and edges.
Given a vertex u € V, we use N(u) = {v’ € V | (u,u’) € E} to denote the neighbors of u. The
degree of a vertex u is given by d(u) = |[N(u)|.

Problem definition. We define subgraph matching (or isomorphism) as follows: Given a query
graph g = (V, Eg) and a data graph g = (V,, E,), a subgraph isomorphism is an injective function
f: Vg = Vj such that for every edge (u,u’) € Eg, it holds that (f(u), f(u")) € E,. Given q and g,
subgraph matching aims to find all subgraphs in g that are isomorphic to g, i.e., all occurrences of g
within g. For clarity, we use u to denote a vertex in the query graph and v to denote a vertex in the
data graph. Of note, we use subgraph matching and isomorphism interchangeably.

Matching order

6 Vo Ve VoUVs
B - AN AN N

v Y4 VoUy vovﬁ 17017417\0/174 IZR41

Us Vy D

a) Query and data graph. b) Enumeration workflow.

Fig. 2. An example of a naive subgraph matching process.

Scope of our work. This paper focuses on: matching a query on a static data graph (i.e., one
that does not change over time) using a single-threaded, in-memory CPU implementation. This
setup allows us to clearly identify and evaluate core optimizations, forming a solid foundation for
tackling more specialized scenarios, such as streaming graph updates or parallel execution.

Subgraph matching workflow. Now we illustrate the subgraph matching process in its naive
form (i.e., without any optimizations). The process recursively enumerates query vertices based on
a given order. As shown in Figure 2, given the query and data graphs in Figure 2a and the search
order ¢ = {up, us, u1, uz, us, us}, Figure 2b demonstrates the step-by-step enumeration workflow.
For brevity, we use (u,v) to denote the mapping of u to v. We follow the branch highlighted in
the green area, which begins by matching uy to vs, i.e., (49, v3). The neighbors of vs, i.e., {v, v1, v,
04, U6}, generate five branches, among which only vy and v, branches are shown for clarity. After
mapping us to v1, the process continues with u;, which is then mapped to v,. When proceeding to
uy, since uy is adjacent to both uy and us in the query graph, we require u,’s candidate connecting
to the candidates of both uy and us, that is, v3 and v;. Thereby, u,’s candidate set is computed as
N (v3) N N(v1) = {vo,v4}. After mapping vy for u,, the enumeration proceeds to us and explores the
mapping (us, v4). Once us is matched, the process continues with uy. Similar to uz, u4 is also adjacent
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to both uy and us, resulting in the same candidate set: N (v3) N N(v1) = {vo, v4}. However, both v,
and v, have already been matched to other query vertices, rendering both potential mappings for
uy invalid.

Enumeration then backtracks to us and explores (us, vs) (blue area). The process proceeds to
u4 and considers both (u4,v9) and (u4, v4). The mapping (u4, vy) fails since vy has already been
assigned to u,, whereas (u4, v4) succeeds. This leads to the discovery of a valid match: {vs, v1, v2, vg,
06, 04}. The remaining enumeration proceeds in a similar manner until all candidates are explored.

2.2 Existing Work & Motivations

Recent surveys [88, 113] have analyzed extensive algorithmic optimizations [8, 9, 14, 16, 22, 36, 38,
47, 49, 77, 90] through the perspective of the filter-order-enumeration, which divides the process
into three stages: (1) filtering, where a coarse candidate set C(u) is generated using degree, label, or
structural constraints; (2) ordering, which defines the matching sequence of query vertices ¢; and
(3) enumeration, where each candidate v € C(u) is recursively explored to find all valid embeddings.
Recent works [4, 22, 36, 37, 49, 63] often optimize this last stage, i.e. enumeration, with pruning
techniques to avoid unpromising search branches.

However, the filter-order—enumeration perspective fails to fully capture the core motivations
behind recent advances: it neither effectively accommodates the entire avenue of compiler-based
methods [18, 30, 45, 65-67, 82, 83, 102, 103, 110], nor highlights the distinct role of pruning [4, 22,
36, 49, 63]. To address this issue, we propose a new angle to compare and analyze all the related
papers (see Figure 1). Particularly, we identify two optimization directions in the subgraph matching
community: redundancy reduction and order generation, which are discussed below:

Direction #1: Redundancy reduction. A central aspect of subgraph matching optimization is
the elimination of redundant computations. Yet, existing studies lack a complete analysis of all
related papers on this objective. First, the existing survey treats filtering and pruning as separate
phases—filtering as a preprocessing step and pruning as part of enumeration—despite their shared
goal of reducing unnecessary computation. Second, recent compiler-based systems adopt a fun-
damentally different strategy that goes beyond the filter-order-enumeration perspective: caching,
which reuses intermediate results to avoid repeated computations. Despite its proven effective-
ness across single-machine [30, 45, 65-67, 82, 83], GPU-based [103, 110], and distributed environ-
ments [18, 102], caching remains largely overlooked in existing surveys. Taken together, these
strategies—cache-based, filter-based, and prune-based—all aim to reduce redundancy, yet their
relationships, trade-offs, and combined effects remain underexplored. This leads to two central
research questions: RQ1: Are these strategies overlapping or complementary in practice, and can
their integration lead to better performance? RQ2: How do different graph characteristics affect
the applicability and effectiveness of these strategies?

Direction #2: Order generation. Another critical direction is order generation. Prior studies
have shown that different ordering strategies can lead to performance differences of up to two
orders of magnitude [83, 88, 113]. Among them [8, 9, 36-38, 47, 49, 80], RI [14]—a simple heuris-
tic strategy that prioritizes query vertices with the highest connectivity— has been consistently
recommended as the default choice in recent surveys, as it demonstrates the best overall perfor-
mance across diverse datasets [88, 113]. However, the reasons behind RI’s effectiveness remain
unclear. In parallel, compiler-based systems have explored fundamentally different approaches to
order generation. For example, validation-based ordering, i.e., the SOTA ordering strategy in the
compiler-based category—proposed by GraphPi [83] and widely adopted in recent compiler-based
systems [17, 30, 66, 67, 82]—exhaustively enumerates all candidate orders and selects the one with
the lowest estimated cost. Intuitively, such validation-based strategies should be more accurate
and are expected to outperform heuristic methods like RI. However, our experiments show that
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GraphPi often performs comparably to RI (see Section 5), contradicting this intuitive expectation.
This observation motivates the following question: RQ3: Is validation-based ordering inherently
superior to heuristic-based ordering? If so, what causes its performance to degrade in practice?
Conversely, can insights from GraphPi shed light on RI’s effectiveness and inspire the design of
better ordering strategies?

Overview. Figure 1 illustrates the landscape of optimization strategies in subgraph matching,
along with representative works. Guided by the three research questions introduced earlier, our
study focuses on two key directions: redundancy reduction (Section 3) and order generation
(Section 4). For redundancy reduction, we first review representative techniques from the three major
strategies—caching, filtering, and pruning—and then conduct a detailed analysis to address RQ1
and RQ2. For order generation, we examine representative strategies through selected examples,
followed by a systematic comparison to answer RQ3. Finally, in Section 5, we provide experimental
validation to support our insights.

3 Redundancy Reduction
3.1 Cache-based Reduction

We begin by presenting the important cache-based methods—an entire class of techniques not cov-
ered in previous surveys. In a nutshell, cache-based methods reuse intersection results, significantly
lowering computation overhead.

Figure 3 illustrates cache-based optimizations for the toy graphs in Figure 2. Given a predefined
search order, this approach first performs (i) loop generation (Figure 3a). Subsequently, it applies
(ii) control-flow optimizations like Common Subexpression Elimination (CSE) and Loop-Invariant
Code Motion (LICM) to efficiently reuse intermediate results (Figure 3b). Once the optimized code
is generated and executed, it naturally carries out the (iii) enumeration workflow (see Figure 3c).

ug: forv; €V us: A )
uz: forv; € N(vy) itmp = N(v) N N(v,)!
uqy:  forve € N(wy) up: Torvg € N(v) — A

upt forvm EN(w) ON(y)h cop U2! forvy, €tmp!-
us:  forv €N(uY g forp € N(y) -V
uy:  forv, §N(w) NN(vj)i_cse ua:  for v, Eltmp!
verifier(y, v, Vi, Vim, V1, V)3 ~verifier(vy, ), Vie, Vi, V1, V)
a) Loop generation. b) Control-flow optimizations.

Us Uy Vg Vo Vg tmp Vo Ve tmp,
"""""""""" A A e |1
Uy Voly Vovj VoVy v9v4 V1V

¢) Enumeration workflow.
Fig. 3. Cache-based computation reduction.

(i) Loop generation constructs a nested for-loop based on the search order ¢ = {uo, us, u1, Uz, us, us }
and query graph. The generated code is shown in Figure 3a, where N (v) represents the neighbors
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of a data vertex v. At each level of the nested loop, the enumeration process iterates over candidate
data vertices derived from the neighbors of previously matched vertices, in accordance with the
query graph’s connectivity constraints. When a query vertex is adjacent to multiple previously
matched vertices, its candidate set is refined by intersecting their neighbor sets. For example, in
Figure 3a, since uy and u3 are connected to u; (in the query graph), and v; and v; are then assigned
to up and us, respectively, the candidate of uy, i.e., v, must be derived by N(v;) N N(v;).

(ii) Control-flow optimizations enhance enumeration efficiency by reusing previously computed
intersections (CSE) and shifting invariant computations from deeper to shallower levels (LICM).
Automine [67] and GraphZero [66] apply only CSE to eliminate redundant intersections, while
Dryadic [65], GraphPi [83], GraphMini [62], GraphSet [82], and Decomine [17] incorporate both
CSE and LICM. As shown in Figure 3b, CSE detects that the intersection N(v;) N N(v;) is used for
both u, and u4. To enable reuse instead of recomputation, it caches the result as tmp during iteration
over u;. LICM further optimizes this by recognizing that tmp remains unchanged regardless of vy,
allowing its computation to be hoisted outside the loop iterating over u;.

(iii) Enumeration workflow is shown in Figure 3c. Assuming u, maps to v3, the two neighbors of
v3, i.e., v1 and vy, generate two branches (shadow areas). After mapping us to vy, the cache-based
method first computes tmp; = N(v3) N N(v1) = {vg,v4}, as LICM moves intersection from u;’s
level to us’s level (see Figure 3b). It then iterates over u;. Once u; is mapped to v;, the enumeration
proceeds to u,. Originally, this step triggered the computation N(v;) N N(v;) (see Figure 3a) for
uy’s candidates. However, under the LICM optimization, this intersection is precomputed by tmp;,
thereby directly reusing the result. After mapping u, to vy and us to v4, we are supposed to compute
N(v;) N N(v;) for us’s candidates. However, since this computation has already been optimized by
CSE (Figure 3b), the result of tmp; is directly reused here. This saves four redundant computations at
us’s level. Upon backtracking to u; and extending (uy, v4), the computation for u; is also omitted by
tmp1. Simply put, tmp; is reused five times at u; and u4 levels under (u3, v;) (green area). Similarly,
in the branch where u3 maps to v4, tmp, is computed at us level and reused twice at us level.

This optimization also applies to labeled graphs with minor adjustments to the CSE process,
while LICM remains unchanged. For instance, if u; and u4 in Figure 3 are constrained to labels
A and B, respectively, then during control-flow optimizations (Figure 3b), CSE can process the
shared candidate set tmp = N(v;) N N(v;) in a label-aware manner: tmp® = N (v;) N N (v;) and
tmp® = NB(v;) N NB(v;), where NX(v.) denotes the neighbors of v, with label X. In other words,
the intersection tmp is precomputed separately for each label constraint.

3.2 Filter-based Reduction

As most filter-based techniques have already been covered by previous surveys, we use GraphQL [38]
as a representative to illustrate their core ideas, followed by recent advances in this category (which
are not covered by existing surveys [88, 113]).

Figure 4 illustrates filter-based optimization for the toy graphs in Figure 2. First, (i) candidate fil-
tering is performed sequentially for each query vertex to generate candidates (Figure 4a). Next, a (ii)
candidate structure is constructed to preserve connectivity, serving as an auxiliary representation
of the data graph (Figure 4b). Finally, the (iii) enumeration workflow performs directly on this
structure, bypassing the original data graph (Figure 4c).

(i) Candidate filtering [8, 9, 22, 36, 38, 49] generally consists of two stages. First, candidates C(u)
are filtered by degree and label. In Figure 4a, v; is a candidate of 1, because v;’s degree is no less
than uy. Second, GraphQL’s connectivity rule is applied: if v is u’s candidate, there must exist k
different v’ € N(v) such that each v’ can be mapped with each u’ € N(u), where k = |[N(u)|. For
example, v4 in Figure 4a is not a candidate for us because we cannot find three different data vertices

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 380. Publication date: December 2025.



380:8 Haolin Jiang, Santosh Pandey, and Hang Liu

Uy VoVs vovj VoVUs 179174,

¢) Enumeration workflow.

Fig. 4. Filter-based computation reduction.

from v,’s neighborhood, i.e., N(v4) = {01, v3, 05} that can be matched with N (u3) = {uo, up, us}, as
vs cannot be matched with either u, or u4. Moreover, recent advances such as Pilos [84] further
enhance filtering by incorporating higher-order neighborhood information. Intuitively, if a query
vertex u can be mapped to a data vertex v, the 2-hop neighborhood of u should also be a subgraph of
that of v. Rather than explicitly comparing the two neighborhoods, Pilos uses the graph Laplacian
spectrum and the interlacing theorem to turn this structural check into an eigenvalue comparison,
efficiently removing unpromising candidates. Similarly, GNN-PE [107] shares the same motivation
but achieves it through Graph Neural Networks (GNNs).

(ii) Candidate structure is constructed to store the results from the candidate filter step. For
clarity, assuming we have the candidate v; for u;, and are expanding to u;’s neighbor u;, we let
NL',‘]’ (v;) denote v;’s neighbors that can match u;, that is, N:f]‘ (v;) = N(vj) N C(u;),u; € N(uj).
For example, in Figure 4b, we have N,,! (v3) = N(vs) N C(u1) = {vo, 01,02, 04,06}, i.€., red lines in
Figure 4b. In general, the filter-based methods focus on both tree and non-tree edges in the query
graph. The maintenance of non-tree edges enables the set intersection for candidate computations,
a key technique for efficient enumeration [88]. Of note, certain efforts only maintain the candidates
for tree edges [9].

(iii) Enumeration workflow is illustrated in Figure 4c, following the order (u, us, u1, u, us, uy).
Assuming uy, maps to v3, the enumeration proceeds to us. The neighbors of v; that are valid
candidates for us, i.e. N, (v3) = {01}, lead to the branch (us, v1) (green area), and the branch (us, v4)
(blue area) is filtered out according to step (i). After mapping us to v; and u; to vz, Nj,? (v3) N2 (01) =
{v0,v4} is computed for uy’s candidates. As the enumeration goes deeper, after mapping (uz, vo)
and (us, v4), we determine u,’s candidates by N (v3) N N, (v1) = {0, v4}. In backtracking, when
the candidates of us and u, change, filter-based methods will repeatedly perform N, (v3) N N (v1)
whenever it reach the last level, i.e., uy. Further backtracking to u; and extending (uy,v4), the
N, (v3) N N2 (v1) is recomputed for u,’s candidates. The remaining enumeration follows the same
process. In summary, the filter-based method avoids the computation for unpromising mappings
(u3, vs) but experiences some redundancies, ie., N;;2(v3) N N;2(01) and N, (03) N N, (01) are
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recomputed multiple times, highlighting the potential for further improvement through cache-
based optimizations.

3.3 Prune-based Reduction

(i) Failing Fy= {ug, uz}. ii) Automorphism
C(u 7 (ug, v))=(uy, vy).
Ug | V3 pt
A
\,
Uy
Uy Vo NS v,
T e T -

Us VoV Uy Uy Vg Vo V1 Uy Uy Vg V2
rrrrrrrrrrrrrrrrr - S - G R s -~ "

s 000 ©

U Uz Us Uy Uy Uy i
ST iii) Conflict u,’s candidate
vy v vy V3 Uy conflicts with either u; or u,

Bipartite graph By (u3, v;)
a) Candidate structure b) Enumeration workflow.

Fig. 5. Running example.

Unlike previous surveys [88, 113] that simply treat pruning as part of enumeration, we reframe
it as a separate optimization technique. Further, we demystify pruning through a simple running
example and systematically organize all existing techniques under BICE [22], providing an intuitive
and systematic understanding.

Figure 5 illustrates prune-based reduction for the same toy graph, following the order ¢ =
{uo, u1, up, us, us, us }. Unlike filter- and cache-based optimizations, which identify improvements
before enumeration, prune-based optimization operates dynamically during the enumeration
process. Pruning techniques are categorized as (i) failing pruning, which eliminates unpromising
exploration based on past failures; (ii) automorphism pruning, which detects symmetries among
candidates to merge similar searches; and (iii) conflict detection, which identifies structural conflicts
to terminate exploration early. BICE [22] combines all three strategies for greater effectiveness.
Therefore, we first analyze the pruning techniques adopted by BICE and then briefly introduce
their variants [4, 36, 49]. While described in the unlabeled setting for clarity, these techniques can
naturally extend to labeled graphs.

(i) Failing pruning. As shown in Figure 5b, after mapping us to v, under the enumeration branch
of (u1,v9) and (uy, v1), the enumeration proceeds to u; and computes its candidates as 0, leading to
a failure at us. Since us is adjacent to uy and u, (Figure 5a), the @ of us is attributed to the candidates
of ug and uy, resulting in Fir = {uo, u2}. When the enumeration backtracks to us, since us has no
impact on the candidates of u3, remapping us to any other vertex cannot resolve the failure at us.
Consequently, all remaining candidates of us (green area vy and vg) are pruned, avoiding redundant
explorations. This is achieved by checking us ¢ Fa.

BICE adopts the failing set [36], represented by an array Fy, to record query vertices contributing
to failures. Fy; is initially empty and dynamically updated during enumeration. To further enhance
failure tracking, GuP introduces a more fine-grained variant of the failing set, called the nogood
guard. Due to space constraints, we refer readers to the original work [4] for details.

(ii) Automorphism pruning. The intuition behind automorphism pruning is that data vertices
with the same neighborhoods generate similar matches, leading to redundant searches. For example,
as shown in Figure 5a (red lines), v; and v, in C(u2) form an equivalence class 7 (uz, v1) = 7 (uz, v2),
which indicates v; and v, are the same when they are the candidates for uy, as both v; and v, connect
to the same candidates v; in C(ug) and C(us3). These equivalence classes 7 (u, v) are precomputed
for all candidate pairs (u, v) before enumeration. As shown in Figure 5b, after exploring all branches
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under (uy,v1), the process attempts to explore (u;,vz). Since v; and v, are equivalent under uy,
exploring v; would yield identical results. Therefore, further exploration under mapping (uz, v2)
can be pruned (highlighted in green). BICE explores cell-wide verification for this pruning, while
VEQ [49] uses a dynamically maintained equivalence during enumeration to enable this pruning.

(iil) Conflict detection is essentially based on the pigeonhole principle: each data vertex can only
be mapped to one query vertex, and all query vertices should have their mapped data vertices. As
shown at the bottom right in Figure 5b, when extending the mapping (us,v;) under the (u,, v4)
branch, BICE first constructs a bipartite graph Bys(us, v1) between query and data vertices (see
BICE [22]). It then checks for a maximum perfect matching to ensure a one-to-one mapping (bottom
left of Figure 5b). Since no such matching exists, as us conflicts with either u; or u,, the bottom
right branch in Figure 5b is pruned.

3.4 Insight #1: Cache-, filter-, and prune-based methods remove both overlapping and
different redundancies.

Considering cache-, filter-, and prune-based methods are optimizations targeting different redun-
dancies, this section combines them to check for more effective reductions. We are the first to
bring these optimizations together, offering insights beyond prior surveys.

Beneficial Overlap

—ow) T M2 0 AT R %
Us VoV Vy, Vs Vg VoViVp Vs Vg V2
o —— LT GaN - ZAS R Ak g F R S [
Filter: T3V Uy VoVsVoVs VoVs  VoVaVoVs g
clu )T{v v} T R =N Ao Aomees e NI
3L Uy V1V vy Vi V1 V1 vl

Vo, vy € C(u3)

i - i

\ / /
e v, . - .
Failing Prune Automorphism Prune Conflict Detection

Fig. 6. Impacts of cache-, filter-, and prune-based methods.

Figure 6 illustrates the enumeration workflow of cache-based methods under search order ¢
with the integrations of filter-based and prune-based methods. Before the enumeration begins,
this combined optimization first applies filtering to determine the valid candidates C(u), shown in
Figure 4b. The failing set Fj; and the bipartite graph By, are initialized as empty and dynamically
maintained during the enumeration, as detailed in Figure 5b.

After initialization, the enumeration starts by mapping u, to vs and u; to vy (Figure 6). The four
neighbors of v3—uy, v1, v2, and vs—create four branches for u;.

Cache-based optimization is applied after the enumeration branch of mapping u, to v;. We first
precompute the candidates for us as tmp; = N(vs3) N N(v1) = {0y, v4}. After mapping us to v,, the
enumeration advances to us. tmp; = {vg, v4} is reused for all the us under this branch.

Filter-based optimization is triggered next. Still using us; as an example, after caching-based
optimization, maps us to candidates in tmp;. Filter-based optimization permits u4’s candidates as
C(us) = {v1,0vs}. Since there is no intersection between tmp; and C(us), a failure occurs at us’s
level, resulting in the skip of its further explorations, i.e., the green area under (us, vs).

Failing pruning. The aforementioned failure is caused by u, and u,, we update the failing set
to Fyr = {ug, uz}. The enumeration then backtracks to us. Since us is irrelevant to us’s failure
(us & Far = {uo, uz}), The failing pruning eliminates the remaining exploration of us, i.e., green area
at (us, v4) and (us, v6). Backtracking continues to uy, where the remaining candidates, v, and vy,
are explored.
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Automorphism pruning finds that v; is equivalent to vy, i.e., (uz, v2) = 7(uy, v1), when exploring
(u2,v7). Since (ug, v1) has been explored and (uz, v;) would yield similar results (detailed in Sec-
tion 3.3), the exploration under (uz, v;) is pruned, i.e., green area under (u,, v2). The enumeration
then proceeds to (uz, v4).

Conflict detection identifies that no maximum perfect matching exists for the bipartite graph
when extending (u3, v1) under the (uy,v4) branch (as detailed in Section 3.3). This indicates that u4
inevitably conflicts with either u; or u,. Consequently, further exploration under (us, v;) is pruned,
i.e., green area under (us, v1).

In summary, cache-, filter-, and prune-based methods can reduce different redundancies. To
implement this workflow, we integrate proactive filter and prune checks at each level of the cache-
based methods, as shown in Figure 7a. For the prune check, each mapping pair (u,v) is examined
and pruned if it satisfies any pruning condition, as shown in Figure 7b. Of note, such a combination
also applies to labeled graphs.

Init: Fy; = @, By, = @, Calculate C(u) and 7(u, v)
ug: forv; € C(ug) .
ifplfune(un. v;): continue; defPrune(u’ v):
Up: f_orvjEI}’(v,v)) ) ifuékFy:
if v; € C(uyJ or prune(uy, v)): continue; return true; // Failing pruning
uy: forvy € Nevi
ifvg & C(u, (»1'1{;Etm)e(uz, Vg): continue; Build bipartite By (u, v)
tmp = N(v;) N N(vg . Vo
us:  forvy, € Nfu) if Bp(u, v) has conflict :

if vy, ¢ C(uss or prune(us, v,,): continue; retumn true; // Contflict detection
Us: forv, € tmp ifany v’ € m(u, v) has been explored:
ifv; € C(ug) or prune(us, v;): continue; Y ( ) plored:
Uy for v, € N(v;) N N(vp) return true; // Automorphism pruning
verifier(vy, v}, Vi, U, V1, V)3 return false;
a) Pseudo-code for combined optimizations. b) Implementation of prune(u, v).

Fig. 7. Pseudo-code for combined optimization.

However, directly combining these techniques does not always improve turnaround time due to
(i) checking overhead, (ii) effectiveness overlapping, and (iii) structural sensitivity.

(i) Checking overhead of filter and prune can be considerable due to nested-loop structures. The
prune() function itself can be computationally expensive due to complex pruning strategies. When
combined with a nested-loop structure, the overhead of if-condition checks is further amplified
across multiple levels (Figure 6a). As the query size increases, deeper loops exacerbate this effect,
causing the cumulative overhead to grow exponentially.

(ii) Effectiveness overlapping exists among different reduction optimizations. As shown in the blue
area in Figure 6, at u,’s level, all candidates of uy—vg, v1, v2, v4—are already valid members of C(u;) =
{vo, v1, V2, U3, 4}, s0 no invalid candidates are eliminated, making filter checks redundant with cache-
based optmizations. Similarly, in the blue area at us’s level, the prune-based methods eliminate
branches (us, v4) and (us, vg), rendering cache-based methods ineffective as those precomputed
candidates tmp; are never explored. Thus, cache-, filter-, and prune-based methods may duplicate
efforts, reducing their individual benefits.

(iii) Structural sensitivity influences the effectiveness of different techniques. Redundancy varies
across graph structures. Intuitively, filter-based methods tend to be more effective in sparse graphs
by significantly reducing the candidate space, while cache-based methods are more beneficial
in dense graphs by minimizing repeated computations. Misapplying these techniques—such as
using filter-based strategies on dense graphs or relying on cache-based optimizations in sparse
graphs—often results in minimal gains, or even added overhead without performance improvement.

Consequently, without careful consideration, this combination can inadvertently degrade perfor-
mance. We illustrate this tradeoff further in Section 5.
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4 Order Generation
4.1 Heuristic Methods

max(d) max|@ N N(u;)| max|e NN (u;)|

(u)
@ @ @ @ @ L. QUG UZ U3 UL U U

- l, Break the tie
P:uy @:Ug Uy @ilUo Up U
Iteration 1 Iteration 2 Iteration 3 Final Order
a) Query. b) Heuristic Methods.

Fig. 8. Heuristic methods.

Heuristic methods [8, 9, 14, 36, 38, 47, 49, 80] follow an iterative approach, selecting vertices
or edges based on predefined criteria while ensuring connectivity. As most heuristic methods
have been thoroughly studied by previous surveys, we only use RI, a SOTA heuristic ordering
technique [88, 113], to illustrate their ideas.

Figure 8 illustrates how RI determines the order ¢ using the same query graph from Figure 2. As
shown in Figure 8b, RI first selects the query vertex with the highest degree, max d(u), choosing u
in iteration 1. It then iteratively selects the vertex most connected to the already chosen part of the
query graph, i.e., arg maxy, [N (u;) N ¢|. Since all unselected query vertices satisfy this condition,
RI resolves the tie by selecting u; in iteration 2. This process continues until all query vertices are
selected, resulting in the final order ¢ = {uy, uz, us, us, uz, us }.

Methods such as VF2++[47], RI[14], QSI [80], CFL [9], GQL [38], and CECI [8] determine the order
before enumeration, while more recent approaches like DAF [36] and VEQ [49] employ dynamic
ordering, adapting vertex selection during enumeration. Among these, RI has been confirmed as
the most SOTA method, and as other techniques have already been extensively analyzed in prior
studies [88, 113], we focus solely on RI while omitting discussions on alternative heuristic methods.

4.2 Validation-based Methods

This section discusses the validation-based ordering, which was not discussed by prior surveys [88,
113]. Specifically, validation-based methods [17, 62, 66, 67, 82, 83] explore the entire order space by
generating all possible query vertex permutations and selecting the one with the lowest estimated
cost. Figure 9a illustrates this process using the same query and data graph as in Figure 2. Since
cost(¢p2) is the smallest, we choose ¢, as the order. There are various cost models; below, we explain
the SOTA method from GraphPi [83].

Theoretical cost modeling, i.e., cost(¢). GraphPi derives cost(¢) by recursively estimating
per-layer costs. As shown in Figure 9b, we start from layer 5 (the deepest layer), whose cost is
costs (o) = cs +I5, where cs accounts for computing N (v;) N N (vg), estimated as [N (v;)| + [N (vg)|,
and I5 denotes the number of iterations for enumerating all candidates o; € N(v;) N N(vg),
estimated as |[N(v;) N N(vg)|. At layer 4, the total cost costy(¢o) includes two parts: (1) computing
us’s candidates N(v;) N N(v;) with cost ¢4 = [N(v;)| + |[N(v;)[; (2) recursively exploring layer
5 for each o4, with per-iteration cost cost;(¢o) and iteration count Iy = |N(v;) N N(v;)|. Thus,
costy(po) = cq4 + Iy X costs(¢p).

Without loss of generality, we let ¢; denote the intersection cost at layer i and [; as the iteration
count at layer i. We arrive at:

ci + 1y xcostiy1 (@) if0<i<ng—1,

1)

¢ +1; ifi:nq—l,

costi(p) = {
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Search orders
Po: UgUp Us Ug Uz Up
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b) Estimation of ¢q: us ug us uq uz Us.
Fig. 9. Validation-based methods.

where n, is the number of query vertices, the total cost is given by the first layer cost, i.e.
cost(@) = costo(¢o)-

Practical cost estimation (c;, [;). Since deriving the precise cost(¢p) requires knowing the # of
matching elements, which is impractical, GraphPi estimates the cost as follows:

We let n and e be the numbers of vertices and edges in the data graph (e.g., n = 7, e = 9). Thereby,
estimating ¢5 and 5 reduces to estimating [N (v;)| + |[N(24)| and [N (v;) N N(vg)|, respectively.
The cardinality of |[N(v;)| and |[N(vg)| can be estimated as the average degree, i.e., . Therefore,
¢s = |N(v;)| +|N(vg)| = Zf =5.04. For [N (v;) N N(vg)l, since (v},04,07) form a triangle (as v; and v
share a common neighbour v; and are connected), this value can be estimated by the # of triangles
containing edge (vj,v4), i.e. %, where A is the # of triangles in the data graph (e.g. A = 2 in Figure 9a).
Therefore, Is = [N(v;) N N(vg)| = % = 0.10. Based on this, we compute costs(¢g) = ¢s5 + Is = 5.14,
shown in Figure 9b. Other layers are calculated recursively in the same way, as detailed earlier. The
overall process is shown in Figure 9b. To extend this approach to more general patterns beyond
triangles, see [83].

4.3 Insight #2: Validation-based methods are analogous to heuristics-based designs.

From a theoretical perspective, GraphPi and RI are fundamentally different. Particularly, RI relies
solely on the query graph and fixed rules to derive the matching order. In contrast, GraphPi
incorporates both the query and data graphs and exhaustively evaluates all candidate orders to
select the one with the lowest estimated cost.

However, the practical estimation of GraphPi renders the validation-based method identical to
RI. Of note, this manuscript is the first to observe this important phenomenon. Although RI’s
order ({ug, uz, us, us, U1, us}) and GraphPi’s order (uo, us, us, Uz, us, u}) yield costs as 176 (RI) and
168 (GraphPi) if we adopt the cost model in Equation 1, GraphPi’s cost estimation would render
them to the same cost as 124.37 (red text in Figure 9a).

The reason behind this is GraphPi’s estimation design. Specifically, for an intersection involving
k sets at layer i, i.e., ﬂ N(Um) the cost ¢; is estimated as ¢; = Zlfn:1 IN(vm)| = k¥, which
depends solely on k. Of note,  is the average degree of the data graph. Further, /; also depends only
on k [83]. In short, GraphPi determines the per-layer cost solely based on the # of sets, ignoring
cardinality differences, which leads to its convergence to RL

We further illustrate this degeneration with an empirical profiling of our toy example shown in
Figure 10, where the query vertices are mapped sequentially following the loop structure. After
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Loop Structure
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Fig. 10. Empirical profiling of GraphPi’s cost estimation.

completing the exploration of layers 0 to 4, with u; mapped to v; via N(v4) N N(v3), we focus
on layer 5 to determine the candidates for u, by computing the intersection N(v3) N N(v;). As
highlighted in Figure 10b (layers 4 and 5), the empirical costs ¢4 and ¢s for N(vs) N N(v3) and
N(v3) N N(vy) differ — ¢4 = |[N(v4)| + [N(v3)| =8 and ¢5 = [N(v3)| + [N(v1)| = 10. However, both
are assigned the same estimated cost (4.89), as they are uniformly treated as two-set intersections
of the form N(v3) N N(v.), ignoring the difference between N(v4) and N(v;). A similar issue is
observed for l; and Is, whose empirical values are 1 and 2, yet both are estimated as 0.09.

As a result of overlooking neighborhood-specific differences, GraphPi simply favors orders with
more intersections at shallower layers, resembling RI’s “most connected vertex” strategy. Therefore,
despite theoretical differences, GraphPi and RI converge to similar orderings and exhibit comparable
performance. Of note, such near-equivalence also persists in labeled settings, as their orderings are
label-agnostic. We further validate this observation through experiments in Section 5. This insight
also suggests that refining GraphPi’s per-layer cost estimation to capture fine-grained differences
between intersections could further improve its performance.

5 Evaluations

This section addresses the following questions that are not covered by previous surveys [88, 113]:

e RQ1: Are these optimizations overlapping or complementary? Can their integration lead to
better performance?

e RQ2: How do different graph characteristics affect the effectiveness of cache-, filter-, and
prune-based methods?

e RQ3: Is validation-based ordering inherently superior to heuristic-based ones? If so, what
factors cause its performance to degrade in practice? Conversely, can insights from GraphPi
help explain RI’s effectiveness and guide the design of better ordering strategies?

To answer RQ1, we first compare our proposed combination against 13 existing SOTA methods,
demonstrating its superior performance with up to a 1.81X speedup over the best-performing
baseline (Section 5.2). Then, we report the combined effectiveness and profile the overlap between
cache-based, filter-based, and prune-based methods, and assess their combined effectiveness and
interaction overhead (Section 5.5). For RQ2, we study each type of redundancy reduction method
individually (Section 5.3) and evaluate the impact of different graph characteristics on their effec-
tiveness. For RQ3, we conduct a comprehensive comparison of ten ordering strategies (Section 5.6),
providing experimental evidence that supports and extends our earlier analysis.
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5.1 Experimental Setup

Studied work. We compare redundancy reduction and order generation strategies across 14 repre-
sentative algorithms, including Pilos [84], RI [14], VF3 [16], VF2++ [47], QuickSI [80], GraphQL [38],
CFL [9], CECI [8], DAF [36], VEQ [49], BICE [22], GuP [4], GraphPi [83], and GraphZero [66].
Previous surveys [88, 113] provide a unified evaluation framework covering the first nine algo-
rithms, and we adopt their implementations for our comparison. Based on their implementation,
we additionally include Pilos, BICE, GuP (reimplemented in C++ from its Rust version), GraphPi,
and GraphZero, using source code obtained from the original authors for fair evaluations. Of note,
Pilos is evaluated with its default parameters [84].

Environment. All algorithms are compared in C++ and compiled with -O3 optimization. All experi-
ments are evaluated on a Linux server with NVIDIA Grace CPU Superchip and 237 GB of memory.
The source code will be available at https://github.com/Orrinn/SubgraphMatching.

Datasets. Table 1 describes the 10 graph datasets we used for evaluation, which span six domains,
aligning with prior studies [9, 38, 47, 66, 67, 83, 87, 88, 113]. Following established methodologies [5,
24, 70], we assess dataset degree distributions using Maximum Likelihood Estimation (MLE) and
the Kolmogorov-Smirnov (K-S) test to estimate the power-law exponent (y) and its statistical
significance (p). The final classification of each dataset is in the “Distribution” column of Table 1.

Table 1. Graph datasets specifications.

Dataset Abbr. \Y4 [E| dc  Distribution
Figeys fg 2,239 6,432 5.7  Exponential
HPRD hp 9,460 34,998 7.4

WordNet wd 109,108 134,076 2.5
Twitch tw 168,144 6,797,557  80.9
Power-law

Youtube yt 1,134,890 2,987,624 5.3
US Patient up 3,774,768 16,518,947 8.8
LiveJournal Ij 4,846,609 42,851,237 17.7

Citeseer cs 3,279 4,552 2.8
Wikivote wk 7,117 100,763 28.3 Uniform
DBLP db 317,080 1,049,866 6.6

Query graphs. Following prior work [8, 22, 36, 49, 87, 88, 113], we generate connected query graphs
through random walks. Specifically, we start from a randomly selected node in the base graph and
perform a random walk until a specified number of unique vertices have been visited. The induced
subgraph over these vertices is then extracted as the query graph. We vary the query size from 8 to
256, represented by Qs, Q12, Q16 Q32, Qs4, Q128 and Qose. For each size, we sample 200 query graphs.
To avoid sampling structurally identical queries, we apply canonical labeling during generation. In
addition, we include a set of real-world workload queries, as shown in Figure 11. This workload is
built by (i) extracting non-tree-structured queries (excluding chains and stars, which can be solved
in polynomial time) from the LSQB and LC-QuAD SPARQL datasets, and (ii) complementing them
with representative queries commonly used in practical graph mining systems [17, 65, 67, 83, 103]
and join-centric frameworks [1, 68, 90]. Notably, to ensure fair comparison across different data
graphs, we use the same set of query graphs for all data graphs. Unless otherwise specified, we
default to Q1.

Evaluation metrics. We use two primary metrics in our evaluation. Overall runtime serves as the
main indicator of enumeration performance, while intersection count is used as a profiling metric
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Fig. 11. Real-world query workload.

to reveal the internal computational cost. Rather than relying solely on average values, we report
the average, median, minimum, and maximum values to highlight overall trends under different
scenarios. To ensure timely completion of experiments, we follow [9, 22, 36, 49, 88], which either
terminate each query after retrieving 10° embeddings or abort those that exceed 5 minutes. As [113]
notes that the relative performance of different methods may vary under different termination
thresholds, we further verify their turnaround time up to 10'° embeddings.

5.2 Overall Performance

Figure 12 compares the overall performance of 14 original methods (RI, DAF, VF3, GuP, BICE, GQL,
VF2++, GraphPi, GraphZero, CECI, CFL, QSI, VEQ, Pilos) and our newly proposed combinations
(using DAF’s failing set, GQL’s filter, and cache-based optimization together) on the Q; query for
output threshold 10°. As suggested in [88, 113], we adopt RI ordering for DAF. Results for VEQ and
Pilos are omitted on the twitch, youtube, livejournal, and uspatent because both run out of memory,
with Pilos failing specifically as it relies on VEQ’s pruning method as a core component [84].

B Ours Il RI Bl GuP 3 GQL 3 GraphPi 3 CECI 3 GraphZero B Pilos
[ DAF I VF3 W BICE [ VF2PP [ VEQ 3 CFL 3 Qst

Runtime (ms)

Fig. 12. Overall performance.

Figure 12 shows that our proposed combination method delivers the best overall performance on
8 out of 10 data graphs. Notably, on the wordnet dataset, it achieves an average runtime of 824.3ms,
representing a 1.81X speedup over the fastest existing method (DAF, 1496.9ms). We also observe
a few exceptions. On the youtube dataset, BICE outperforms our method because its bipartite
matching prunes more effectively than DAF’s strategy within our combination; and on the twitch
dataset, the purely cache-based GraphPi achieves the best performance, likely because caching is
already highly effective on dense graph structures, leaving little room for pruning to improve while
still incurring additional overhead.

B Ours [ RI E= GuP 23 GQL 3 GraphPi [ CECI [ GraphZero [ Pilos
[ DAF I VF3 Il BICE [l VF2PP [ VEQ [ CFL [ QsI

2103
2 102
E 10
£ 100
é 10
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Fig. 13. Overall performance for real-world query workload.

Figure 13 shows a similar trend on real-world workloads, with our method achieving SOTA
performance on Py—Ps. For more complex patterns (i.e., P4 and Ps), GraphPi tends to dominate, in
part, because it achieves more benefits in caching intermediate intersection results in complex
query graphs. Pilos exhibits performance similar to VEQ because it adopts VEQ’s pruning method.

5.3 Cache- vs Filter- vs Prune-based Reduction

In this section, we evaluate representative techniques for the three key redundancy reduction
strategies adopted across the 14 algorithms, aiming to derive strategy-level insights that have
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not been explored in prior studies. To ensure a fair comparison, we adopt RI ordering throughout
this section and report overall performance using a fixed output threshold of 10°. For cache-based
methods, we apply both LICM and CSE optimizations, denoted as Cache. For filter-based methods,
we compare five filters: fPilos, fGQL, fCFL, fCECI, and fDAF. For prune-based methods, we include
two failing pruning methods (FP:DAF, FP:GuP), one conflict detection method (CD:BICE), and two
automorphism pruning methods (AP:BICE, AP:VEQ). All methods are compared against a non-
optimized baseline. We run Qs on all datasets (Figures 14 and 15), and Qg to Q,s¢ on dblp to
assess the impact of query size (Figures 16 and 17). AP:VEQ runs out of memory on youtube, twitch,
uspatent, and livejournal, so we omit their results in these cases.

Bl Baseline WM Cache [ fPilos [ fGQL [ fCFL [J fCECI [ fDAF [ FP:DAF [ FP:GuP [ CD:BICE BN AP:BICE EEE AP:VEQ
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Fig. 14. OveraII performance of dlfferent reductlon optlmlzatlons on Qse.
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Fig. 15. Proﬂllng of dlfferent reductlon optlmlzatlons on Q16.

Strategy-Level Comparison. We begin by comparing the representative technique from each
category (Cache, fGQL, fPilos, and FP:GuP) to derive high-level insights into cache-, filter-, and
prune-based strategies. We then zoom into each strategy in detail to extract the intra-strategy
insights. Among prune-based methods, FP:GuP is selected because it delivers the strongest perfor-
mance on Q1 across all datasets. For filter-based methods, we report both fPilos and fGQL: fPilos
can yield better performance on sparse graphs, but typically incurs higher preprocessing overhead,
whereas fGQL achieves comparable effectiveness on the other datasets with lower overhead. We
include both for a clear view of this trade-off.

Table 2. Strategy ranking across graph density levels on Q1.

Strategy Sparse (dg <3) Medium Dense (dg > 20)

Cache-based 3rd 2nd 1st
Filter-based 2nd 3rd 3rd
Prune-based 1st 1st 2nd

(i) Impact of data graph density. Table 2 shows that for Qy6, prune-based performs best on sparse
and medium graphs, while cache-based dominates on dense graphs.

As shown in Figure 14, on dense datasets such as twitch (avg. degree ~80.9) and wikivote (~28.3),
Cache consistently outperforms the other two strategies, reducing median runtime by 2.54X and
2.12X respectively. In contrast, fGQL, and FP: GuP yield only marginal improvements (~1.1X) over
the baseline. As graph density decreases—e.g., on dblp (avg. degree ~6.6), hprd (~7.4), uspatent
(~8.8) and livejournal (~17.7) —cache-based methods become less effective, while the prune-based
method gains ground. On these datasets, FP: GuP achieves slightly better speedups than Cache:
1.51X vs. 1.22% on dblp, 1.81% vs. 1.42X on hprd, 1.28% vs. 1.23X on uspatent, and 2.56X vs. 1.42X
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on livejournal. Filter-based method, in contrast, retains limited benefits on both datasets, with
speedups around 1.05X. This trend flips over on extremely sparse graphs such as wordnet (~2.5),
where filtering and pruning become highly effective and caching nearly loses impact. fGQL and
FP:GuP achieve substantial speedups of 2.91X and 5.33%, respectively, while Cache offers limited
benefit (1.03%), with its runtime distribution falling back close to the baseline. fPilos follows a
similar trend, showing the largest speedup on the extremely sparse dataset wordnet (3.32X over
baseline) and performance comparable to fGQL on the other datasets.

Table 3. Strategy ranking across query sizes on dblp.

Strategy Small (|Vg| < 12) Large (|Vg| > 12)

Cache-based 1st 2nd
Filter-based 2nd 3rd
Prune-based 3rd 1st

Our intersection profiling results (Figure 15) shed light on the underlying cause of this trend.
Cache reduces intersections by 12.64x and 7.41X on twitch and wikivote respectively, but drops to
1.28%, 1.96X%, 1.19%, and 1.48% on dblp, hprd, uspatent, and livejournal; and becomes negligible on
wordnet with over 99% intersections remaining. Meanwhile, FP: GuP becomes increasingly effective,
reducing intersections by 1.01x and 1.33X on twitch and wikivote; 1.98%, 1.71X, 2.21X, and 4.18%
on dblp, hprd, uspatent, and livejournal; and 11.78X on wordnet. fGQL, by contrast, remains mostly
ineffective on non-sparse datasets, with reductions near 1.05X, but becomes highly effective on
wordnet, achieving a 3.06X reduction. Compared with fGQL, fPilos shows clear improvements on
wordnet (1.16x over fGQL, 3.55X over Baseline), while achieving comparable intersection counts on
the other datasets.

(ii) Impact of query graph size. Table 3 shows that on dblp, caching is most effective for small
queries, while pruning gain impact as query size increases.
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E
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Flg. 17, Proflllng of dlfferent query sizes dblp.
Figures 16 and 17 show that for small queries (Qs and Q;3), Cache provides the largest boost,
achieving up to 1.4X speedups and 2.1x intersection reductions for Qs. In contrast, fGQL yields only

marginal improvements (1.01x), and FP:GuP even degrades performance on Qg by 1.1x due to its
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overhead, despite a 1.3X reduction in intersections. On larger queries (e.g., Q16 and Qs;), however,
FP:GuP delivers a substantial 1.51x speedup for Qy5, as unpromising search begins to dominate the
sources of redundancy. By contrast, both fGQL and Cache provide lower speedups—around 1.05%
and 1.3%, respectively. For extremely large queries (Qsa—Q256), We observe the same trend already
evident at Q14 but with more pronounced differences: FP: GuP achieves substantial speedups (up to
18.4X on Q»s6) and dominates, while Cache provides only moderate benefits (1.9% for Q,s) and
lags behind. For completeness, we also report fPilos’s results. Across Qs—Qzse, its runtime and
total intersection counts are broadly comparable to those of fGQL.

Impact of different filter-based methods. As shown in Figure 14, fPilos, fGQL, fCFL, fCECI,
and fDAF exhibit similar performance on non-sparse datasets such as twitch, youtube, uspatent,
and livejournal. On sparse graphs like wordnet, however, fPilos and fGQL achieve significantly
greater intersection reductions (from 1.23M to 0.35M and 0.41M, whereas the other filters reduce
intersections to around 0.55M (Figure 15)).
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Fig. 18. Average candidates ratio (%) on Qis.
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Fig. 19. Filtering overhead on Q6.

To unveil the performance gap among filters, we follow [49, 88, 113] and profile their filtering

effectiveness using the average number of candidates per query vertex, calculated as Avg. Candidates
Duevy ICW)] . . .
= Vﬁ,—l For each dataset, we compute the mean of this value across all queries and normalize
q

it by the size of the data graph. We also report the average filtering overhead to better illustrate the
trade-off between filtering effectiveness and time budget. As shown in Figure 18, fCFL, fCECI, and
fDAF produce similarly sized candidate sets across all datasets, which explains their comparable
filtering effectiveness (Figure 14 and 15). In contrast, fGQL significantly outperforms the other
methods on extremely sparse datasets such as wordnet (avg. degree ~2.5) and citeseer (~2.8),
achieving much lower average candidate ratios—11% on wordnet and 21% on citeseer, compared
to ~25% and ~32% for the other filters. fPilos yields better candidate reductions on wordnet
(7%), citeseer (15%), and dblp (53%), while on the other datasets its performance is comparable to
fGQL. These gains stem from fPilos’s rigorous filtering—multiple rules applied iteratively until no
further candidates remain [84]—in contrast to fGQL’s single one-pass rule [88]. This exhaustive
refinement increases preprocessing time. As shown in Figure 19, on uspatent and livejournal the
average per-query time is 4599s (~1.3 hours) and 2592s (~43 minutes) for fPilos, versus 103s
and 182s for fGQL (about 14X higher). Overall, this reflects a trade-off: on sparse graphs—when
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overhead is acceptable (e.g., small queries and data graphs)—fPilos can provide stronger filtering;
otherwise, fPilos and fGQL are broadly comparable.

In addition, the profiling further substantiates the observed dependence of filtering effectiveness
on graph sparsity. This trend is evident on dense graphs such as twitch (~80.9), where even the
best-performing filter, fGQL, retains 95% of the vertices. Separately, on youtube, although fGQL
achieves a relatively low candidate ratio (~10%), the sheer size of the graph (~1.13M) still results in
a large candidate set and consequently a long runtime.

Impact of different prune-based methods. Unlike cache- and filter-based optimizations, prune-
based techniques can sometimes hurt performance. As shown in Figure 14, on dblp, FP:DAF and
FP:GuP reduce runtime by 1.21X and 1.51X, respectively. In contrast, CD:BICE, AP:BICE, and AP : VEQ
significantly increase it—up to 15.06X. However, these prune-based methods still achieve strong
pruning effectiveness in terms of intersection count. As shown in Figure 15, FP:DAF, FP: GuP, and
CD:BICE reduce intersections by 1.29%, 1.98%, and 3.31X, respectively.

In contrast, automorphism-based methods such as AP:BICE and AP:VEQ yield negligible reduc-
tions (~3%). Thus, while CD: BICE achieves the largest pruning effect, it fails to improve performance
— highlighting a key trade-off of prune-based reductions: intersection reduction alone does not
guarantee overall speedup.

wordnet [ twitch

n n
0 25 50 75 100 125 150 175
a) Q16 Query. b) Size of equivalent vertex classes.

Fig. 20. Automorphism pruning profiling.

Now we unveil the overhead of prune-based methods: For CD:BICE, the cost of maintaining
and matching bipartite graphs dominates runtime. Especially on datasets like uspatent, livejournal,
youtube, and dblp (shown in Figure 15), where dramatic intersection count differences (10% - 10°) do
not lead to a similar degree of variations in runtime (e.g., ~3.1s on uspatent and ~4.2s on livejournal),
indicating that intersection count is no longer the performance indicator.

Even worse, AP:BICE and AP:VEQ incur high overhead from index maintenance but offer little
benefit. To explain this ineffectiveness, we profile a Q¢ query (Figure 20a) and analyze the distribu-
tion of symmetric vertices on the wordnet and twitch datasets. As shown in Figure 20, over 99%
of vertices belong to singleton automorphism classes (i.e., no symmetric counterparts), leaving
limited redundancy to remove, unveiling the limited benefit of automorphism pruning in AP:BICE
and AP: VEQ.

5.4 Evaluations on Labeled Graphs

Following prior surveys [88, 113], we generate labeled versions of wordnet, twitch, citeseer, and
dblp, as well as query graphs, by randomly assigning one of five labels (|L| = 5) to each vertex.
Specifically, we evaluate three representative methods—Cache, fGQL, and FP: GuP—by running Qs
across different data graphs, as well as varying query sizes on the dblp dataset.

As shown in Figure 21, the relative performance of different techniques is broadly consistent
with the unlabeled settings (Table 2), though some minor shifts are observed. In dense graphs such
as twitch, Cache remains the most effective (1.6X speedup), whereas fGQL continues to perform
best on sparse graphs such as wordnet (8.2x). A similar pattern holds for most query sizes: FP: GuP
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Fig. 21. Performance on labeled settings.

dominates medium-to-large queries (Q14—Qs4) but introduces overhead on small queries (Qz—Q12),
where Cache is more effective. However, as query sizes grow larger, fGQL becomes stronger (e.g., Qg4,
3.1x speedup) as label constraints help eliminate invalid candidates more effectively. Conversely,
Cache shows slightly reduced gain (1.4X), likely due to the added complexity of CSE mechanisms
under label-aware execution (see Section 3.1).

5.5 Filter-based and Prune-based Methods Over Cache-based Methods

This section uniquely evaluates the overlap and combined effectiveness of cache-, filter-, and prune-
based methods. We show that these techniques exhibit varying degrees of overlap: cache-based
methods overlap more with filter-based ones than with prune-based ones. Furthermore, combining
all three generally improves performance. However, in certain cases, such as extremely dense graphs,
due to extraordinarily high overlapped redundancy reduction and nontrivial extra overheads, the
combined effort could experience performance degradation compared to an individual optimization.

Adding filter-based methods atop cache-based methods. To quantify the overlap between cache-
based and filter-based methods, we analyze how many iterations—executed under cache-based
optimization—could have already been eliminated by the GQL filter for the same Q4 query in
Figure 20a on the wordnet dataset. The search order, generated by RI, is {ug, us, us, u4, us1, us, 413,
Uy, Ura, Uz, U, Usz, Us, Uz, Uss, Uro}, and is visualized in Figure 22a using directed edges on the query
graph, with the starting vertex highlighted in yellow. The profiling results are shown in Figure 22b.
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0123456 7 8 9101112131415
a) Q¢ Query. b) Filter-Cache overlap across depths.

Fig. 22. Overlap between cache-based and filter-based methods.

The filter-based methods can further help remove redundancy in cache-based methods for two
cases: (i) when the query vertex appears at a shallow depth in the search order, or (ii) when a vertex
connects to only a single previously matched vertex. Otherwise, its additional refinement over
cache-based methods is limited.

As shown in Figure 22a, the query vertices at depths 0-4 (i.e., uo, us, us, ug, and uy;) satisfy
the conditions (i) and the vertex at depth 9 (i.e., u7) follows conditions (ii). As a result, fGQL
eliminates 18%-87% of additional invalid iterations over the cache-based methods at those depths.
In contrast, at depths 5 and 12, where ug (adjacent to both us and uy;) is highly connected and us
appears deep (depth 12) in the search order, filter-based methods remove only 3%-4% of additional
invalid iterations. Moreover, at depths 14 and 15, where iteration counts reach 202M and 1.678B,
respectively, fGQL provides no additional benefit (0%), suggesting that caching alone is sufficient.
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These profiling results collectively suggest that adding filter-based methods on top of cache-based
optimization does not always lead to performance gains, as the benefits vary across cases and the
added overhead can be nontrivial.

Adding prune-based methods atop cache-based methods. To illustrate the additional benefits and
overlap brought by prune-based methods beyond cache-based ones, we break down the executed
iterations at each depth under cache-based optimization, using the same query graph and order as
in Figure 22a. Figure 23a shows the percentage of iterations that can be precomputed (Cached),
can be pruned by FP:DAF (Pruned), and their overlap. FP:DAF is most effective at the middle
depths (5-13), eliminating 14%-52% of intersections. In this example, the cache-based method only
precomputes the intersection at depth 6, 14% of which turn out to be unnecessary due to subsequent
pruning. Nevertheless, caching and pruning tend to target different forms of redundancy, resulting
in relatively limited overlap between them (Figure 23a).
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a) Pruning effectiveness across depths. b) Pruning effectiveness.

Fig. 23. Overlap between prune- and cache-based methods.

We further evaluate such overlap by measuring the number of intersections pruned by FP: DAF
with and without cache-based optimization across multiple datasets (Figure 23b) for all Q;¢ queries.
As shown, the overlap between prune-based and cache-based methods is generally limited on
non-dense datasets. For instance, on wordnet (avg. degree ~ 2.5), caching reduces the number of
intersections pruned by only 4%. However, the overlap increases with graph density. A notable
example is wikivote (~ 28.3), where the median number of intersections pruned by FP:DAF drops
by 91% when caching is applied. This is likely because denser graphs lead to more precomputation
(as discussed in Section 5.3), increasing the chance of overlap with pruning. We further evaluate
different combinations of the three redundancy-reduction methods in terms of intersection counts,
complementing the runtime results reported in Section 5.2.

5.6 Ordering

In this section, we evaluate ordering strategies by first presenting an overall comparison of 10
methods under representative redundancy optimization settings (Cache, fGQL, and FP:DAF), high-
lighting consistent performance trends across configurations. We then focus on two representative
methods, RI and GraphPi, to examine their runtime distributions and behaviors under varying
output thresholds—an aspect not explored in previous studies. We confirm that (i) state-of-the-art
heuristics, i.e., RI and VF3, and validation-based ordering strategies, i.e., GraphPi, generally deliver
comparable performance in practice despite their fundamentally different designs. (ii) GraphPi
can suffer from poor worst-case performance, as its tie-breaking rule may be misled by inaccurate
early-stage heuristics.

General trends of convergent performance. Figure 24 shows that RI, VF3, and GraphPi consistently
rank among the top ordering strategies across datasets and optimization settings. For instance,
on the figeys dataset, the median runtimes of RI, VF3, and GraphPi are comparable across all
three optimizations: 7.93ms, 8.57ms, and 7.75ms under cache-based (Figure 24a); 10.11ms, 10.51ms,
and 10.31ms under filter-based (Figure 24b); and 7.33ms, 9.39ms, and 7.36ms under prune-based
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Fig. 24. Comparision of ordering.

optimization (Figure 24c). In addition to our prior claim, RI and GraphPi perform similarly as the
best options, VF3 joins the best-performing group because VF3 adopts RI’s max-connectivity-first
ordering with a minor difference in tie-breaking heuristics. This pattern generally holds across
datasets, except on livejournal and twitch under cache-based methods, where GraphPi shows greater
variation.

To further examine RI and GraphPi, we visualize their runtime distributions across 200 queries
(Figure 25), which perform similarly on most datasets (e.g., uspatent, hprd), reinforcing their
empirical similarity. This alignment also holds under varying output thresholds (Figure 26), with
runtime trends remaining closely matched as the answer size grows from 10* to 10'°—with the
exception of wordnet, and of figeys and livejournal when the output exceeds 10°.
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Fig. 26. Varying the output limits.

Divergent cases in specific scenarios. While GraphPi performs comparably to RI in most cases, it
occasionally suffers from much worse worst-case runtimes. For example, on the wordnet dataset
(Figure 26), its runtime increases sharply after answer size exceeds 10°. Similar long-tail behavior
appears in the runtime distributions across datasets (Figure 25), especially under cache-based
optimization on dblp (299,195.4ms vs. 2,262.9ms) and livejournal (242,747.8ms vs. 96,870.1ms), with
consistent patterns observed under other optimizations on dblp and wordnet.

Such poor worst-case performance stems from GraphPi’s core-first tie-breaking strategy, which—similar
to CFL [9]—prioritizes matching the query’s core region first. As noted in [36], such strategies can
be misleading by overlooking the benefits of matching non-core vertices early. This weakness is
also reflected in CFL’s consistently high worst-case runtimes (Figure 24), highlighting the inherent
instability of core-first designs and the importance of careful tie-breaking in order generation.

5.7 Emperical Suggestions

Based on our experimental results, we present the empirical recommendations summarized in
Figure 27: (i) Redundancy reduction: We recommend combining cache-, filter-, and prune-based
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Fig. 27. Empirical suggestions for subgraph matching.

methods by default to ensure robust performance across diverse scenarios. If the characteristics
of the data and/or query graphs are known, one can pursue the following options: Filter-based
methods are the essential building block for eliminating invalid candidates and should generally be
applied first. On top of this, cache-based methods are most effective for dense data graphs, while
prune-based methods are preferable in default cases. For query graphs, cache-based methods work
best on small queries, whereas prune-based methods are more suitable for large ones. (ii) Order
generation: We recommend using RI by default. Although GraphPi may appear more promising,
our theoretical and empirical analyses show that the two are comparable in effectiveness. Given
GraphPi’s higher overhead, RI remains the more practical choice.

6 Conclusion

This paper presents a comprehensive study of recent exploration-based subgraph matching methods,
encompassing both algorithms and emerging compiler-based systems. We identify two fundamental
optimization dimensions—redundancy reduction and order generation—and conduct in-depth case
analyses to compare representative techniques. Our unified implementation enables fair evaluation
across methods, revealing new insights into their effectiveness, overlap, and composability. Notably,
we show that combining multiple redundancy reduction techniques can yield up to 1.81x speedup,
and that heuristic- and validation-based ordering strategies, despite their differences, often achieve
comparable performance. Our findings provide empirical guidance on design choices across diverse
graph scenarios, enabling more informed and effective subgraph matching system development.
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