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Subgraph matching, a fundamental operation in graph analytics, delivers all occurrences of a query pattern
within a large data graph. Graph systems often require processing large batches of such queries simultaneously.
The existing multi-query approaches typically aim to optimize this process by exploiting the maximum common
subgraph (MCS) among query graphs. However, identifying MCS is computationally prohibitive and does not
necessarily maximize computational reuse, leading to substantial redundancy and limited scalability. In this
paper, we propose MASC, a novel framework for subgraph matching with Multi-query Acceleration via Shared
Computation. We introduce signature-based joint filtering that enables shared computation in the filtering
phase, significantly improving filtering efficiency across queries. Building on this, we propose the visit-only-
once paradigm that leverages shared candidates rather than just shared structure size, ensuring each shared
candidate in the data graph is processed only once and further maximizing computation sharing. To further
enhance sharing, we develop the shared block reuse that exploits multiple overlapping substructures among
queries. Compared to existing methods that leverage only a single overlap, shared computation are further
substantially increased. We conducted extensive experiments on real-world datasets across various domains.
The results demonstrate that MASC achieves significant improvements, achieving substantial speedup over
state-of-the-art methods, with up to two orders of magnitude improvement.
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1 Introduction

Given their inherent flexibility and expressive power, graphs have become indispensable for rep-
resenting the rich, interconnected structures, ranging from social networks [50] and knowledge
graphs [51] to biological systems [3] and financial transaction systems [31]. A fundamental task
in graph analytics is subgraph matching, which aims to find all isomorphic instances of a given
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Fig. 1. Running example for subgraph matching.

query pattern within a large data graph. For example, given the query graph Q, and the data
graph G in Figure 1, the subgraph highlighted in light blue is isomorphic to the query graph Q.
Subgraph matching serves as the backbone for a wide range of applications, such as fraud detection
in financial networks, community discovery in social platforms, and molecular structure search in
bio-informatics. However, subgraph matching is computationally challenging because subgraph
isomorphism is NP-complete [9], making efficient solutions especially important for large graphs.

In practical graph-based applications, a system usually needs to simultaneously monitor and
evaluate a large set of query patterns. For example, financial institutions may track numerous
fraud patterns in transaction networks, and bio-informatics tools frequently search for various
molecular structures or interaction pathways. When subgraph matching queries overlap, naively
evaluating each query independently could result in significant computational redundancy and
resource overhead, which severely degrade system throughput. To address this, multi-query
optimization becomes essential for efficiently processing multiple queries and improving the
scalability of graph analytics.

1.1 Limitations of Existing Methods

Extensive research has been conducted to accelerate single-query subgraph matching [4-6, 12, 16, 18,
19, 22, 33, 34, 39, 40]. Most existing methods adopt a filtering-and-enumeration framework [38, 49],
in which a filtering phase first computes candidate sets for query vertices to prune the search
space, followed by an enumeration phase that performs a backtracking search to enumerate all
matches. To address batch processing needs, recent years have seen increasing interest in multi-
query subgraph matching, which aims to exploit overlap among queries to reduce redundant
computation [27, 28, 32, 47]. A straightforward approach merges similar queries into a single
composite SPARQL query using the OPTIONAL keyword and evaluates it with the underlying
database engine [27]. However, this limits optimization opportunities at the algorithmic level. In
contrast, MQO [32] identifies the maximum common subgraph (MCS) as the shared component.
It first explores the MCS and then incrementally matches the remaining parts for each query. In
dynamic graph scenarios, methods such as TRIC+ [47], IncMQO [41], and MQMatch [28] address
multi-query processing as the data graph evolves. Nevertheless, finding the optimal shared structure
remains challenging, and these methods may still incur significant overhead when handling complex
or diverse query workloads. In particular, the existing algorithms still suffer from several limitations,
leaving ample room for further multi-query optimization.

Limitation 1: Failing to leverage shared computation in the filtering phase. The filtering
phase is conducted before the enumeration and constructs a candidate set C(u) for each query
vertex u based on specific filtering rules. Only data vertices in C(u) are considered possible matches
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for u during enumeration, which reduces the search space. Classic filters such as the neighbor label
frequency (NLF) filter [12, 33] check whether the frequency of each label in the neighborhood of a
query vertex is satisfied by the data vertex, which typically incurs a time complexity of O(|Eg|X|Eg]),
where |Eg| and |Eg| denote the number of edges in query graph Q and data graph G, respectively.
This polynomial cost can become a significant overhead on large-scale data graphs. Furthermore,
recent filtering techniques [11, 22] introduce more sophisticated and dynamic filtering rules to
improve pruning power, but often at the expense of even higher computational overhead per
query. Therefore, efficiently sharing filtering computations across multiple queries would also be
crucial for scalable multi-query processing. However, current multi-query optimization techniques
mainly focus on sharing computation in the enumeration phase, while opportunities for shared
computation during filtering are largely overlooked.

Limitation 2: Shared structure but not shared candidates. Most existing approaches focus on
identifying common subgraphs among queries to enable computation sharing. However, discovering
maximum common subgraphs is NP-hard and often too restrictive, missing other opportunities
for shared computation. More importantly, shared computation occurs only when queries have
shared candidate sets in the data graph. Even if two queries share a large common structure, in the
extreme case where their candidate filters select disjoint sets of data vertices, there would be no
actual overlap in computation. This mismatch reduces the effectiveness of structure-based sharing
in practice, underscoring the need for more flexible and data-aware approaches.

Limitation 3: Limited use of multiple shared substructures. A major limitation of existing multi-
query subgraph processing approaches is their insufficient exploitation of common subgraphs
shared among multiple query graphs. In practice, groups of queries frequently exhibit several
overlapping sections, a common occurrence when they are derived from recurring, domain-specific
patterns. However, existing approaches typically identify and leverage only a single common
substructure. Once this initial shared component is processed, the remaining segments of each
query are executed as independent, isolated tasks. As a result, these methods fail to exploit further
opportunities for computational reuse, leaving potential performance gains unrealized.

1.2 Our Approach and Contributions

To address the above limitations, in this paper, we propose a novel multi-query subgraph processing
framework called MASC, which handles subgraph matching with Multi-query Acceleration via
Shared Computation. MASC enables shared computation in both the filtering and enumeration
phases, supports data-aware sharing beyond structural overlap, and exploits multiple shared
substructures across queries.

Signature-based joint filter. To enable shared computation in the filtering phase, we introduce
the Signature-based Joint Filter. The key idea is to identify identical filtering predicates across query
vertices and evaluate them jointly. Each query vertex is associated with a signature that encodes its
filtering conditions, which allows vertices with the same signature to share filtering results. For
advanced propagation-based filtering methods like DPiso [11], the filtering conditions depend on
the dynamically evolving candidate sets, making them difficult to explicitly express. To handle this
challenge, we design a hierarchy signature that captures the context of these dynamic predicates,
thereby enabling identical filtering checks to be detected and merged during propagation.

Visit-only-once paradigm for shared candidates. Structural overlap alone does not guarantee
effective computation sharing, as reuse is possible only when queries also share candidate sets in
the data graph. In practice, structurally similar queries may induce disjoint candidate sets due to
query-specific label constraints or structural filters, preventing computation reuse. Motivated by
this observation, we propose a visit-only-once paradigm that enables computation sharing at the
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candidate level. Our approach explicitly tracks shared candidate sets across queries and ensures
that each shared candidate in the data graph is visited only once.

Shared block reuse for multiple shared overlaps. Queries often share multiple overlapping
substructures, yet existing methods typically exploit only one such overlap. We introduce Shared
Block Reuse, which systematically exploits multiple shared substructures across queries. The key
idea is to identify subgraphs (blocks) within each query whose matching results depend only on
their connections to the rest of the query (boundaries). Once the matching of a block’s boundary
is determined, the matching of the block itself is uniquely determined (see Lemma 5.3) and can
be reused across queries. Consequently, when different queries encounter the same block with an
identical boundary mapping during backtracking, the block’s matching results are reused directly,
which enables computation reuse across multiple shared overlaps.

In summary, our main contributions are listed as follows.

e We propose a signature-based joint filtering technique that unifies identical filter conditions
and enables shared computation across queries, substantially reducing redundant filtering work.

e We introduce a visit-only-once paradigm at the candidate level, which ensures that each shared
candidate in the data graph is visited and processed only once across queries, achieving fine-
grained computation sharing.

e We present shared block reuse, a mechanism that leverages the structural independence of
overlapping query subgraphs (blocks) to enable more computation reuse across multiple queries,
thereby eliminating redundant exploration.

e We conduct extensive experiments on real-world datasets, showing that our approach delivers
significant performance improvements over state-of-the-art methods.

2 Preliminary

In this work, we consider undirected graphs where each vertex carries a label. Our methods, however,
can be adapted to directed or edge-labeled graphs. We represent a query graph as Q = (Vp, Eg, Lo, %)
and a data graph as G = (Vg, Eg, Lg, X). Here, V and V;; are the sets of vertices, Eg and Eg are sets
of edges, X denotes the set of vertex labels, and Ly : Vo — X (Lg : Vg — X) assigns labels to the
vertices in Q (G). For convenience, we may abbreviate Q = (Vp, Eg) and G = (Vg, Eg) when label
functions are clear from context. Table 1 lists the frequently used notations in this paper.

Definition 2.1 (Subgraph Isomorphism). Let O = (Vp,Ep,Lp,%) be a query graph and G =
(VG,Eg, Lg, %) a data graph. The query graph Q is subgraph isomorphic to G if there exists an
injective function f : Vo — V; such that:

(1) Lo(u) = Lg(f(u)) for each u € Vp;
(2) For any edge e(uo, u1) € Eg, edge e(f(uo), f(u1)) € Eg.

Such a mapping f is called an embedding of Q into G. An embedding can be described as a set
of pairs {(u, f(u))}. If f is defined on a subset I ¢ Vp, we call it a partial embedding, denoted as f;.
Extending a partial embedding is to a mapping for some u ¢ Itov € Vg, forming fiyquy = fiU{(u,v)}.

Definition 2.2 (Subgraph Matching). Given a query Q and a data graph G, the subgraph matching
problem seeks to enumerate every possible embedding of Q in G.

Filtering-Ordering-Enumeration Framework. As surveyed in [38, 49], most subgraph matching
algorithms adopt a filtering—ordering—enumeration framework. In the filtering stage, a candidate
set C(u) is computed for each query vertex u by discarding data vertices that cannot be matched to
u under specific filtering rules. Filtering serves as an early pruning step and restricts the search
space considered in subsequent stages. Based on the candidate sets, a matching order is determined
to specify the order in which query vertices are processed during enumeration. Given the candidate
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Table 1. Notations

Symbol Description

Q ={01,...,0m} Setof query graphs

G Data graph

Vo, Eo Vertex set and edge set of query Q

Ve, Eg Vertex set and edge set of data graph G
ueVp,0eVs Query vertex in Q, Data vertex in G
(vi,0)) € Eg Edge between v; and v; in G

C(u) Candidate data vertices of u in G
No(u) Neighbors of u in query Q

Ns(v) Neighbors of v in data graph G

cf,’j (v) hierarchical signature function at level k
B, 0B A block B and the boundary of B

sets and the matching order, an enumeration procedure recursively constructs embeddings by
incrementally extending partial matches (one query vertex at a time) and checking consistency
with already matched vertices.

In practical scenarios, it is common to process a batch of queries on the same data graph. When
queries share similar structures, independent evaluation could lead to duplicate computations.

Definition 2.3 (Multi-Query Optimization of Subgraph Matching). Let Q = {Qo,Q1,...,Qm} be a
set of query graphs and G be the data graph. The multi-query subgraph matching problem requires
finding all embeddings for each Q; € Q in G.

Example 2.4. Consider the set of query graphs Q = {Q,, Q1} and the data graph G shown in Fig-
ure 1. For Qy, one embedding in G is {(uo, vy), (u1, v4), (Uz, v5), (U3, v10), (U4, v3), (us, vs)}. Similarly, for
Q1, an embedding is {(us, vo), (u7, v4), (us, vs), (9, v10), (10, v3), (U11, v6)}. This example demonstrates
that Qg and Q; share structural patterns and vertex labels, leading to overlapping embeddings in G.
Exploiting such overlaps is crucial for multi-query subgraph matching. [ ]

In this paper, we focus on a read-only workload with no transactional writes or updates; conse-
quently, all queries are executed over the same snapshot of the underlying data.

3 Filter with Shared Signature

Filtering is a crucial stage in subgraph matching, as it significantly reduces the search space by
eliminating impossible candidates before verification. During the filtering phase, for each query
vertex u, a candidate set C(u) is constructed by eliminating data vertices that do not satisfy the
required label and structural constraints. For example, under LDF filtering [40], a data vertex must
share the same label as u and have a degree no smaller than that of u.

However, filtering can also account for a large portion of the overall processing time, particularly
when dealing with massive graphs or a large number of queries. Since most existing filtering
techniques are designed for single-query scenarios, current approaches for multi-query subgraph
matching typically apply the filtering phase independently to each query. Such independent
processing may lead to redundant filtering computation. In this section, we introduce the notion
of signatures to capture and share common computations during filtering, thereby improving
efficiency in the multi-query setting.

3.1 Signature

Filtering algorithms generally utilize graph invariants, such as labels, degrees, and neighborhood
structures, to determine whether a data vertex v can be a candidate for a query vertex u. To
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Fig. 2. lllustration of equivalent signature for LDF filter.
systematically capture these filtering conditions, we introduce the concept of signature for each

query vertex, which encodes the specific criteria that a data vertex must satisfy to remain a
candidate. By formalizing these conditions as signature functions, we identify and group query
vertices from different queries that require identical filtering, enabling the sharing and reuse of
filtering computation across multiple queries. The signature function is defined as follows:

Definition 3.1 (Signature). Given the query graph Q and data graph G, a signature function
oy : Vg — {0, 1} is an indicator of whether a data vertex v € V;; is a feasible candidate for a query
vertex u € Vg based on a given filtering rule. If 0,,(v) = 0, then v can be safely excluded from the
candidate set of u.

A natural idea arising for multi-query optimization is that, when multiple queries share identical
signature functions for their respective vertices, there exists opportunities for shared computation
during filtering phase.

Definition 3.2 (Shared Signature). Given two query vertices u; and uy (possibly from different
queries), we say their signature functions have a shared signature if, for every possible data graph
G and for every v € Vg, it holds that oy, (v) = 0,,,(v). We denote this as o, = o0y,.

Query vertices with equivalent signatures are grouped into the same cell, and for query vertex u;,
we denote its cell as 7(u;). We further define a mapping £ that assigns the same identifier to all
query vertices with equivalent signatures; i.e., L(u;) gives the signature cell id for query vertex u;.

Example 3.3. In the popular label and degree filter (LDF [40]), the signature is defined as o,(v) =
I(L(v) = L(u)) A1(d(v) = d(u)), where I(-) is the indicator function. If multiple query vertices from
different queries share the same label and degree, their signature functions are shared signature.

For the queries Q, and Q; in Figure 1, the signatures under the LDF filter are shown in Figure 2.
Query vertices with equivalent signatures are grouped into the same cell and assigned the same cell
id. For example, uy and ug both have label A and degree 2, and are thus clustered into the same cell:
(ug) = m(ue) = {uo, us}, and L(ug) = L(us) = lp. In such cases, instead of evaluating the filtering
predicate separately for each query vertex, we can only perform the computation once and reuse
the result. In this example, instead of checking 12 times for the 12 query vertices, we only need to
perform the check 7 times, once per cell of equivalent signature. [ ]

3.2 Hierarchical Signature

As discussed in a recent survey [49], filtering techniques in subgraph matching can be broadly
categorized into one-round filtering and propagation filtering. One-round filtering (e.g., LDF)
utilizes only local features of vertices, while propagation filtering iteratively refines candidate sets
by propagating pruning decisions among neighboring vertices. Specifically, when a candidate is
eliminated, this change is immediately propagated to update the candidate sets of its neighbors,
leading to more effective pruning,.

Despite its effectiveness, propagation filtering presents unique challenges in the multi-query
setting. Unlike one-round filters, whose conditions are static and easy to share across queries, the
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Fig. 3. lllustration of hierarchical signature for DPiso filter.
filtering conditions in propagation filtering are inherently dynamic: whether a data vertex remains
a candidate for a query vertex depends not only on local invariants, but also on the evolving
candidate sets of its neighbors, which may vary across different queries.

To illustrate, consider the filter of DPiso [11], a representative propagation filtering algorithm.
DPiso initializes candidate sets C(u) for each query vertex u using LDF. It then iteratively refines
these sets by propagating pruning decisions along a BES traversal order of the query. DPiso alternates
backward and forward refinement phases for a fixed number of rounds. In each refinement round,
C(u) is updated based on the candidate sets of its neighbors using the following rule:

FILTER RULE 3.1. Givenv € C(u), if there existsu’ € N(u) such that C(u’) N N(v) = 0, then v can
be safely removed from C(u).

To apply multi-query optimization on the filter of DPiso, there are two main challenges. First,
due to the propagation of pruning decisions, it is difficult to define an explicit signature function,
making it challenging to capture shared computation across queries. Second, the filtering rule of
DPiso is quite strict such that it is rare for two query vertices to have identical signature functions
and identical candidate sets, i.e., C(u;) = C(uz) seldom occurs.

To address these challenges, we propose hierarchical signature that enables fine-grained shared
computation across queries.

Definition 3.4 (Hierarchical Signature). Given the query graph Q and data graph G, let 09 : V5 —
{0, 1} be a base signature function for each vertex u € V. For any integer k > 1, the signature
function cr,’f : Vo — {0, 1} at the k-th level is recursively defined as

ok () = 11(05-1(0) - 1and 7F"1(0) = 1),
where 7571(v) is a neighborhood constraint function that evaluates to 1 if and only if the (k — 1)-th
level signatures of v’s neighbors satisfy a specific condition:

T,]f_l(v) =g ({Ggi(vi) | u; € No(u),0; € Ng(v),0 <n<k- l})
for some application-specific function ¢(-), where N(v) denotes the set of neighbors of v.

At each level k, the neighborhood constraint 75~1(0) is evaluated by a concrete filtering rule
instantiated by g(-). Dependencies may occur among signatures at the same level; however, they
are acyclic and adhere to a fixed evaluation order. Therefore, no circular dependency arises. In
particular, if ¥~ (0y) depends on 75~ 1(v;), the reverse dependency does not occur. The hierarchical
refinement terminates when the filtering results converge, i.e., when X(0) = 7¥71(0) for all data
vertices v. In practice, we use a small fixed number of refinement levels to control the filtering cost.

Similarly, at the k-th level, £¥ denotes the mapping from each query vertex to its signature cell

identifier, and 7% (u;) denotes the signature cell containing u; at the k-th level.
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Algorithm 1: FiLTER_SIGNATURE_DP1s0(Q, G)

Input: set of query graphs Q, data graph G
Output: Candidate sets {C(u;)}

1 {gp} <« BUiLDDAG(Q) ;

2 for k < 0to3 do

3 foreach Q € Q do

4 foreach u € Vp (reverse if k is even) do

5 if k = 0 then

6 ‘ a2(v) = I(L(v) = L(w)) A I(d(v) > d(u))

7 else

8 L O',Ij(v) = 11(0'5_1(0) = 1) AL (Yu' € N*(u), 30’ € N(v), 0'{;,_1(0’) =1)
9 ClusterCells «— CLUSTERSIGNATURES(Q) ;
10 UrDATECANDIDATESETS(ClusterCells, G) ;

Specifically, for DPiso, the base signature is defined as 6°(v) = 7,,(v). The neighborhood constraint
function is given by

1'5(0) =1 (Vu' € N*(u), 30’ € N(v), 0'5,(0') = 1),

where N*(u) denotes either the forward neighbors N*(u) or the backward neighbors N~ (u) of u,
depending on whether forward or backward refinement is applied. The number of refinement levels
is set to 3 for DPiso, as suggested in the original work [11].

3.3 Filter with Signature

With hierarchical signatures, we organize the filtering process such that, for each refinement round
k, we compute the k-level signature function o¥ for every query vertex u from different queries.
When a group of vertices share the same signature at round k, we can merge their computations
and perform the filtering only once for this shared signature. The results are then shared by all
these vertices in subsequent rounds, which avoids redundant computation during filtering stage.

Algorithm 1 presents the DPiso filter enhanced with equivalent signature-based filtering. First,
it constructs a DAG for each query (LINE 1). The algorithm initializes base signatures using LDF
(LINE 5), then iteratively refines these signatures over three additional rounds by incorporating
neighborhood information (LINE 8). Vertex order is reversed in even rounds, following the original
DPiso strategy (LINE 4). After each round, query vertices with equivalent signatures are clustered
(LI1NE 9), and the filter is evaluated once per cell to update candidate sets (LINE 10). This process
efficiently eliminates redundant filtering across multiple queries.

Example 3.5. For the queries Q, and Q; in Figure 1, their DAGs are depicted in Figures 3(a)
and 3(b), respectively. The base signatures derived from LDF, along with the corresponding cells
and cell identifiers, are shown in Figure 2. The signatures and cell groupings after round 1 are
illustrated in Figure 3(c).

The clustering process follows the vertex order. We represent each vertex’s signature along
with its neighbors and their respective cell identifiers. For example, uy and us have no backward
neighbors, so L(up) = L (ug) = L%(uo) = L°(us) = ly. For uq and u;, whose backward neighbors are
up and ug, respectively, since L£%(u;) = L£%(uz) and L (ug) = L (ug), we assign L1 (uy) = L (uy) = 1.
Consequently, for u; and ug, the backward neighbors of u; are uy and u;, while the backward
neighbors of ug are ug and u;. Since we have £%(uy) = £L%(ug), as well as L (ug) = L (ug) = Iy and
LYuy) = LYuy) = Iy, it follows that £L(uy) = £ (ug) = Is. By applying this process iteratively, we
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(c) Data Graph G’
Fig. 4. Example of no shared candidate.
obtain all equivalent signatures for round 1 as shown in Figure 3(c). As a result, the need for filter
checking is significantly reduced, since redundant checks are eliminated. [ ]

With hierarchical signatures, we address the challenge of defining explicit signature functions

by decomposing the filtering process into incremental layers, making the computation more man-
ageable. At each layer, shared intermediate results are exposed, enabling the reuse of overlapping
computations that would otherwise be recomputed for different query vertices. Although the final
signature functions and candidate sets may still differ between queries, this hierarchical structure
ensures that redundant checks are efficiently merged and reused throughout the filtering process,
enhancing the filtering efficiency of multi-query processing.
Complexity Analysis. In each refinement round, generating hierarchical signatures for all query
vertices requires aggregating their neighbors, costing O(|Eq|) time, where |Eq|= X peq|Eo| is the
total number of edges across all queries. Identifying the identical signatures takes O(|Vg|log|Vq|)
time, where |Vg|= Ypeq|Vopl is the total number of query vertices.

For the filtering step, let |S| denote the number of distinct signatures, and |C| the average
number of candidate data vertices per signature. The filtering cost is O(|S |-E - dg), where dg is
the average degree in the data graph. Overall, the total time complexity per refinement round is:
O(|Eql|+|Vallog|Va|+IS|-|C| - do).

In the worst case, when all signatures are distinct, the filtering cost is equivalent to evaluating
each query independently, with an additional overhead for signature construction. In practice,
however, many query vertices share the same signature, enabling shared filtering. Moreover, since
IClis typically much larger than Vy, the overhead of signature construction is negligible compared
to filtering. Overall, signature-based filtering brings substantial efficiency gains in multi-query
scenarios.

4 Visit-Only-Once Backtracking
4.1 Visit-Only-Once for Shared Candidates

While most existing approaches focus on identifying common substructures among queries for
computation sharing, shared structure alone is not sufficient. In practice, substantial computational
savings are possible only when the candidate sets of these shared substructures also overlap on
the data graph. Motivated by this observation, we propose a visit-only-once strategy that enables
computation sharing at the candidate level, ensuring that each shared candidate is processed only
once across multiple queries.

Definition 4.1 (Shared Candidates). Given a set of query graphs Q = {Qy, Q1, ..., Om} and a data
graph G, let C(u) denote the candidate set of a query vertex u, i.e., v € C(u) means data vertex v is a
candidate for u. For a set of query vertices U = {uo, uy, ..., um} with u; € Qj, for some Q;, € Q, a
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data vertex v is called a shared candidate for U if v € N; C(u;), i.e., v is a candidate for each u; in
their respective queries.

Example 4.2. Consider another example in Figure 4 with two queries, Q; and Q1, and a data graph
G’. Both Qg and Q] contain a shared triangle substructure: the subgraph induced by (u1, us, u3)
in Q and the subgraph induced by (us, us, u7) in Q] are isomorphic. However, the vertices in the
shared substructure are required to be adjacent to vertices with label B in Q; and label C in Q7,
resulting in different filter requirements for each query. As a result, after applying the filters, there
are no shared candidates for the triangle substructure in G’. Thus, despite the structural overlap,
no computation would be reused between the two queries. [ ]

Advantages of shared candidates. When a data vertex serves as a candidate for multiple
queries (i.e., a shared candidate), redundant checks can be eliminated by evaluating its validity for
all relevant queries in a single visit. To this end, the visit-only-once paradigm is proposed, which
guarantees that each shared candidate is checked only once at each backtracking step.

Visit-Only-Once Paradigm. Given a batch of queries Q over a data graph G, let M denote a
partial mapping that currently covers a subset of queries Qy € Q with corresponding data vertices
{00, v1, . . ., v }. During backtracking, when extending M, the set of candidate data vertices V* that
are candidates for multiple queries in Qy are identified. The visit-only-once paradigm ensures that
each v € V" is visited and checked only once for all relevant queries at the current backtracking
node. Specifically, the following cases are considered for each v € V*:

o If v satisfies the constraints of all queries in Qy, M is extended with v, and the search proceeds.

o If v satisfies only a subset of queries Qs in Qy, M is split accordingly, and the search continues
for the satisfied queries in Qs, and Qy is updated as the satisfied queries.

o If v satisfies none of the queries, backtracking is performed.

This paradigm eliminates redundant computation by ensuring that each shared candidate is
evaluated only once at each backtracking step. In cases where no shared candidate exists, the
procedure falls back to selecting candidates for individual queries, following standard single-query
backtracking.

To enable efficient multi-query processing, we introduce the Shared Candidate Set (SCS), which
merges candidate data vertices that are valid for multiple queries into unified structures. In the SCS,
each candidate vertex v is annotated with a tag, Tag(v), representing the set of queries for which
v is a valid candidate. This organization enables direct retrieval of candidates for any query or
query subset, eliminating redundant checks. Specifically, for a query vertex u, a data vertex v, and
a query subset Qy, we define Nscs(u, v, Qy) as the set of candidate neighbors of v (for u) whose
tag matches Qy. These interfaces provide efficient access to shared candidates and their neighbors,
supporting scalable multi-query processing.

Example 4.3. Consider Q = {Qy, Q1} and the data graph G in Figure 1, the candidates after
filtering and the shared candidate set are shown in Figure 5. For vertices with shared candidates
(e.g., up and ug), the SCS consolidates their candidates into unified entries. For instance, the entry
for uy and u4 includes v; with Tag(v;) = {Qy, Q1}, indicating v; is a candidate for both queries, while
ve with Tag(vg) = {Q1} is only a candidate for Q;. When performing multi-query matching, the
algorithm first selects candidates like v; that satisfy multiple queries simultaneously. Suppose v; is
chosen to match uy and ug, and the current valid queries are {Qy, Q1 }. The SCS can then be used to
directly retrieve the candidate neighbors of v; with Tag = {Qy, Q1 }, which are v4 and v;. [ |

The pseudo-code in Algorithm 2 implements the visit-only-once paradigm. At each backtracking
step, the algorithm first checks if all queries are matched (LINE 1); if so, it outputs the current
mapping and terminates this branch (LINE 2). Otherwise, the algorithm selects the next subset of

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 145. Publication date: June 2026.



Beyond Maximum Common Subgraph: A Framework Maximizing Shared Computation
for Multi-Query Subgraph Matching 145:11

Fig. 5. Illustration of shared candidate set.

Algorithm 2: ViSIT-ONLY-ONCE BACKTRACK(Q, M)

Input: Current valid queries @, Current partial mapping M
Output: All valid mappings of Q extended from M
1 if all queries are matched in M then
2 L output M; return
Select next subset of queries Qy to match, prioritizing largest shared candidate sets from
SCS;
foreach candidate v in SCS for Qy do
Qs « subset of queries in Qy for which v satisfies all constraints in M;
if Qs # 0 then
\ Extend M with v for queries in Qg; VISIT-ONLY-ONCE BACKTRACK(Qs, M);

w

else
L continue;

©o ® 9 a B

queries Qy C Q(LINE 3) and extracts the shared candidate set directly from SCS for Qy. For each v,
the algorithm determines the subset of queries for which v satisfies all current matching constraints
(LINE 5); if Qs # 0, the mapping is extended for these queries and the search continues recursively
(LINE 7- LINE 7); otherwise, v is skipped (LINE 9). This approach guarantees that each candidate is
checked only once per backtracking node, eliminating redundant computation as described in the
visit-only-once paradigm.

Example 4.4. Consider the backtracking search on the candidate sets in Figure 5, where the
current partial matching consists of the blue-highlighted vertices vy, vy, and v7, and the set of valid
queries is Qy = {Qo, Q1 }. According to the visit-only-once paradigm, we first consider candidates
with Tag = {Qo, O1}, that is, those that are valid for both queries. For vy and v7, we retrieve their
candidate neighbors for {Qo, Q1 } and compute their intersection, resulting in vq;. Since v;; satisfies
the constraints of all queries in Qy, the mapping M can be extended with vy;, and the search
proceeds with both Qg and Q;. In the other branch, we consider candidates with Tag(-) = {Q;}
only. This yields v14 as a candidate neighbor, which now corresponds only to Q. In this case, the
set of valid queries is reduced to {Q;}, and the search continues as in the single-query scenario.
This ensures that the shared candidate is visited only once, improving efficiency in multi-query
subgraph matching. [ ]
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4.2 Order Optimization with Shared Candidates

As previously discussed, computation sharing in multi-query evaluation depends not just on
structural overlap among queries, but more critically on the overlap of their candidate data vertices.
Maximizing structural overlap alone is not always optimal (see Example 4.2), as it does not guarantee
the largest set of shared candidates. In fact, a smaller structural overlap may sometimes yield more
shared candidates and thus lead to greater computational reuse.

To address this, we propose a novel ordering strategy that explicitly considers the size of shared
candidate sets at each matching step. Our method is guided by two main principles: (1) maximizing
the overlap of candidate sets across all queries to fully exploit the visit-only-once paradigm, and (2)
aggressively reducing the search space early by prioritizing query vertices with fewer candidates,
i.e., those with high selection rates.

In this multi-query setting, we generate a matching order for each query individually. At each
step of order construction, the selection of the next query vertex is guided by candidate overlap
statistics aggregated across the entire batch of queries. By combining local query structure with
global candidate sharing information, our greedy strategy aims to enhance computation reuse and
improve the efficiency of multi-query evaluation.

Initial Vertex Selection. For each query, we select the initial matching vertex by computing
|C(u)|/deg(u) for each query vertex u, where |C(u)| is the candidate set size in the data graph
and deg(u) is its degree in the query graph. The vertex with the smallest value is chosen as the
root, favoring vertices that are both selective and highly connected, which helps prune the search
space early. After selecting the root, we group all query vertices with the same label to facilitate
subsequent candidate sharing.

Subsequent Vertex Selection. At each step, we consider unchosen query vertices adjacent to
those already selected. For each candidate group of query vertices with the same label (denoted as
V1), we compute the shared candidate ratio ratio(Vy), defined as the size of the intersection of their
candidate sets divided by the size of their union, and the coverage coverage(Vy), defined as |V |.
Let rpmax be the maximum shared candidate ratio among all groups. For a threshold 8, we select all
groups with ratio(V1) > rpyax — 8, and then choose the group with the largest coverage(Vy). This
relaxed selection balances candidate sharing efficiency and coverage.

5 Shared Block Reuse

The previous section presented the Visit-only-once strategy, which adopts the shared candidates
for reducing overlap computation at each backtracking step. In this process, the set of valid queries
Q keeps shrinking as queries are removed once their shared substructure is processed. However,
there may be more than one overlapping substructure among the queries. Focusing on only one at
each step may overlook additional overlaps, thus limiting opportunities for further computational
sharing.

Example 5.1. Consider Q;)' and Q'I' in Figure 6, which share two pairs of corresponding sub-
structures: {ug, uy, Uz} in Qg with {u7, ug, ug} in Q’l/, and {uy, us, g} in Qg with {uy1, w12, ui3} in Q1
Under the visit-only-once strategy, selecting any one shared substructure (either the first or the
second) leads to single-query evaluation for Q;)' and Q'll once their query-specific parts are reached.
As a result, other overlapping substructures are not leveraged, limiting further opportunities for
computational sharing. [

Definition 5.2 (Block and Boundary). Given a query graph Q, a block B is a subgraph of Q. The
boundary of B, denoted as 9B, is the set of vertices in B that are adjacent to at least one vertex in

Q\B.
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(c) Data Graph G"

Fig. 6. Example of multiple overlap substructure.

Intuitively, if no vertex in B shares a label with any vertex outside B, then once the mapping of
the boundary 0B is fixed, the matching of B is fully determined and unaffected by the rest of the

query.
LEMMA 5.3. Let B be a block in a query graph Q with boundary dB. If no vertex in B shares a

label with any vertex in Q \ B, then the matching of B is uniquely determined by the mapping of 9B,
independent of the mapping of vertices outside B.

Proor. Since the boundary 9B contains all vertices in B adjacent to Q \ B, and label sets are
disjoint, no vertex in B can be mapped to the same data vertex as any vertex in Q \ B. Once the
mapping of 9B is fixed, the remaining vertices in B can only be matched based on internal structure
and their connections to dB. Thus, the matching of B is independent of the mapping outside B. O

Example 5.4. Consider the queries Q(')' and Q'I’ in Figure 6. The block B, induced by uy, uy, uz in
Qg has boundary 9B, = {u,}, as u, is the only vertex in the block adjacent to vertices outside the
block. Similarly, the block B; induced by uy, us, ug in Q'I' has boundary 9B = {ug}. [ ]

Definition 5.5 (Shared Block). Given two query graphs Qo and Qy, let By € Qp and B; € Q; be
blocks. By and B; form a shared block if there exists a bijection f : V(By) — V(B;) such that:
(1) By is isomorphic to By; that is, for any (u, v) € E(Bo), (f(u), f(v)) € E(B), and for any u € V(By),
L(u) = L(f (w));
(2) f(B,) = 9B,. Here, f(9Bo) = {f(u) | u € 9By}

LEMMA 5.6. Let Q be a set of query graphs, and let 8 = {Bg € Q : Q € Q} be a set of blocks that
form a shared block. If the mapping of boundary is fixed, the set of valid matchings for each By is
identical across all Q € Q.

Proor. By the definition of shared block, all By are isomorphic to each other, and their boundaries
correspond under bijections f. Although each Bg is a subgraph of a different query graph Q,
potentially with distinct structures outside By, Lemma 5.3 guarantees that the set of valid matchings
for By is fully determined by its boundary mapping. Therefore, any differences in the remaining
parts of the query graphs have no impact on the matchings within Bg. Consequently, for any
fixed boundary mapping, all blocks in B admit the same set of valid matchings, regardless of the
surrounding query context. This property enables the reusable computation of matchings for shared
blocks across multiple queries. O

Building upon the visit-only-once paradigm, which focuses on leveraging a single overlap at a
time, the notion of shared blocks provides the opportunity to systematically identify and exploit
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Fig. 7. Example of shared block reuse.

multiple overlaps among queries. Even as the set of currently valid queries Q becomes smaller, for
example, when only a single query remains valid and backtracking needs to explore query-specific
regions, shared blocks remain effective. In particular, as long as the matchings at the boundaries of
the shared block are identical, the computation within the block can be reused across occurrences,
regardless of query-specific explorations outside the block.

Example 5.7. As shown in Figure 6, blocks By and B; are shared blocks, where there exists
mapping f : f(uo) = uz, f(u1) = us, and f(uz) = uy satisfying Definition 5.5. Even if the matching
order first processes us or u9, which are vertices specific to individual queries due to their distinct
labels, the computation within the shared block remains reusable because it depends solely on the
boundary matching and is independent of the other vertices. [ ]

To facilitate the reuse of matching results among shared blocks, we introduce the following
Block Memorization Table. This data structure records the internal matching results of a block
under different boundary mappings. When a shared block is encountered again with an identical
boundary mapping, the previously computed results can be directly reused, effectively avoiding
redundant computation and improving efficiency.

Definition 5.8 (Block Memorization Table). A Block Memorization Table is a data structure that
maps each shared block B and a boundary mapping m to the set of partial matches of the interior
vertices of B under m: Memo : (B, m) — R(B, m), where B is a shared block, m is a mapping of the
boundary vertices 9B, and R(B, m) is the set of partial matches of V(B) \ 9B given m.

Algorithm 3 extends the visit-only-once backtrack procedure by introducing block-level Memo-
rization with shared block reuse. At certain steps (LINEs 4-6), the algorithm identifies the boundary
mapping of a block B and checks whether the results for this subproblem have already been stored
in the Memo table (LINE 7). If so, it directly reuses the memorized partial solutions across all relevant
queries (LINES 8-12), thus avoiding redundant computation through shared block reuse. Otherwise,
it enumerates matches and stores the partial mapping of B for future use (LINE 20). This technique
of shared block reuse enables efficient pruning of multiple overlaps in multi-query scenarios, and
further enhances the visit-only-once backtracking paradigm.

Example 5.9. Consider queries Q = {Q,, Q} } and the data graph G” in Figure 6. Figure 7 illustrates
a part of the corresponding backtracking tree. Following the visit-only-once paradigm, the algorithm
first explores the shared candidate vertices v1, vy, and v, (highlighted in purple), where both queries
are simultaneously valid. Upon reaching vertices with distinct labels, the search branches: v, is
matched for Qy and v5 for Qy, resulting in two separate subtrees. At this step, the valid query set for
each branch reduces to a single query, and the process continues as single-query matching (with
Qo shown in red and Q; in blue).

However, a key observation is that the two subtrees rooted at vg in both branches are identical.
This occurs because Qy and Q; have shared more than one overlaps. In Figure 6, the regions B; =
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Algorithm 3: MEMO BACKTRACK(Q, M, Memo)

Input: Current valid queries @, current partial mapping M, Block Memorization Table Memo
Output: All valid mappings of Q extended from M

1 if all queries are matched in M then

2 L output M; return

3 Select next subset of queries Qy to match, prioritizing largest shared candidate sets from
SCS;

if Block Memorization is applied at this step then

5 B « the current block to check;

6 m « the boundary mapping for 9B induced by M;

'

if (B, m) in Memo then
// retrieve memorized results

N
et

8 foreach partial mapping mp in Memo(B, m) do
9 Qy «— QN queries of mpg;
10 M’ «— M extended by mp;
11 MEMO BACKTRACK(Qy, M’, Memo);
12 return

// Otherwise, enumerate matches and memorize them

13 R « 0;

14 foreach candidate v in SCS for Qy do

15 Qs < subset of queries in Qy for which v satisfies all constraints in M;
16 if Qs # 0 then

17 M’ — M extended by assigning v to Qs;

18 Add the partial mapping of B into R;

19 MEMO BACKTRACK(Qs, M’, Memo);

20 Memo(B, m) « R;

{ug, us, ug} and B3 = {uy1, uy2, u13} form shared blocks. When Qg first encounters the subtree rooted
at vg, the algorithm computes and stores the result in the memorization table as Memo(By, {vs }).
Subsequently, when the backtracking search on Q;' encounters the block Bs, which is the shared
block of B, and the match of boundary 9Bs is {vs}, it finds the precomputed entry in Memo and
directly reuses the result, avoiding redundant computation. ]

The cost of shared block reuse consists of both time and space overheads associated with
managing boundary mappings. For each access to a reusable block B, we must check whether
the current boundary mapping matches a stored key. This requires storing all possible boundary
mappings, which grow exponentially with the size of the boundary: specifically, the number of
keys could be large as O(VG‘aBl) where V; is the number of vertices in the data graph. While the
values (i.e., the sets of valid matchings) can be stored on disk to save memory, the keys themselves
must remain in memory to support efficient lookup and collision checking.

In principle, there is a tradeoff between supporting larger boundaries for greater reuse potential
and keeping overhead manageable. We address this by only selecting blocks with |9B|= 1, that is,
blocks separated by a single cut-point. This approach ensures efficient in-memory storage and fast
lookup, while still capturing a significant portion of reusable computation in practice.
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Table 2. Real-world data graphs with vertex labels.

Dataset V] |E| dc |2 Type

Citeseer 3,279 4,552 2.8 6 Citation
YeastS 2,361 7,182 6.1 66  Protein
HPRD 9,303 34,998 7.5 307 Protein
Human 4,674 86,282 36.9 44  Protein
Figeys 2,239 6,432 5.7 100  Protein
DBLP 317,080 1,049,866 6.6 100 Collab.

WordNet 146,005 656,999 9.0 100 Lexical
Stanford 281,903 1,992,636 14.1 100 Web
Youtube 1,134,890 2,987,624 53 100 Social

To identify shared blocks among different query graphs, we employ a two-step process. First,
we decompose each query graph into a collection of blocks by partitioning the graph according
to boundary size constraints. This results in a set of candidate blocks for each query. Second, we
compare blocks from different queries to identify isomorphic pairs. For each pair of isomorphic
blocks, we further verify whether their boundary nodes correspond under the isomorphism. Only
blocks that are isomorphic and have matching boundaries are considered as shared blocks across
queries. This process enables efficient detection of reusable substructures.

6 Experimental Evaluation
6.1 Experimental Setting

Comparison Methods. We compare our approach with three representative subgraph matching
methods: MQO [32], TRIC+ [47], MQMatch [28], IncMQO [41], GuP [2], and Pilos [37] . Among
them, MQO is specifically designed for multi-query subgraph matching in the static setting, which is
the focus of our paper, where both the query set and the data graph remain unchanged throughout
processing. In contrast, TRIC+, IncMQO, and MQMatch are developed for dynamic data graphs,
allowing continuous updates to the data graph while maintaining a fixed set of queries. To ensure
a fair comparison, we adapt these methods to the static multi-query scenario by evaluating only
their batch query processing capabilities, with no updates applied. Moreover, we include GuP and
Pilos, two state-of-the-art single-query subgraph matching methods, as representative baselines to
provide a broader performance comparison.

Data Graphs. We conduct experiments on both real and synthetic graph datasets to comprehen-
sively evaluate our methods. Our real-world collection includes 9 graphs, covering a broad spectrum
of graphs, such as collaboration, social, biological, and lexical graphs. The details and statistics
for these datasets are listed in Table 2. For datasets with native vertex labels, we use the original
label sets without modification. For datasets without labels, vertex labels are assigned uniformly at
random using 100 distinct labels by default, following established experimental protocols [2, 38, 49].
For synthetic datasets, we use EvoGraph [29] to synthesize large graphs by scaling smaller inputs
while maintaining their essential structural properties. The labeling of synthetic vertices follows the
same method as that of real graphs, ensuring consistent comparisons throughout all experiments.
Query Graphs. We generate query graphs as connected induced subgraphs of the data graph using
a random walk approach [15]. The query generation process is parameterized by three factors: the
number of vertices in each query graph (k), the batch size (b), and the overlap rate among queries
(B). Specifically, for each batch, we first extract a common core subgraph of size kcore = k X f3,
which is shared by all b queries in the batch. The family size is set to 5, i.e., we generate 5 queries
sharing the same core. Each individual query is then constructed by extending this shared core
to k vertices via additional random walks. This strategy allows us to systematically control the
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Fig. 8. Total elapsed time across different datasets.
overlap and diversity among query graphs, following the methodology in prior works [38, 49]. In
addition, we generate small queries following common patterns observed in practice, including
path- and star-shaped structures, to complement the randomly generated queries.
Metrics. To assess the efficiency and effectiveness of all methods, we employ the following metrics.
o Total Elapsed time. The total elapsed time measures the duration required to complete the entire
query workload, i.e., subgraph matching for all queries in the batch. This metric reflects the
end-to-end performance of each approach. Given the NP-hardness of subgraph matching, some
cases may not finish within a reasonable time. We set a timeout of 3600s; if an experiment exceeds
this limit, we record the elapsed time as 3600s. We use total elapsed time as the primary metric
for evaluating algorithm performance.
e Peak Memory. Peak memory is the maximum memory consumed during query processing,
reflecting the memory efficiency and scalability of each algorithm.
o Completion Ratio. Completion ratio measures the proportion of queries for which the algorithm
successfully finds all valid matches within the time limit.
e Filtering Time. Filtering time measures the duration spent in the candidate filtering stage before
enumeration.
Experiment Environment. All experiments were performed on a server with Ubuntu 22.04,
featuring an Intel(R) E5-2596v4 CPU at 2.2 GHz and 128 GB RAM.

6.2 Overall Performance

We use the following experimental setup by default for the overall performance evaluation. Each
query graph is generated with 15 vertices. In the main experiment, we set the overlap ratio to 0,
meaning there is no predefined overlap between queries. Each batch contains 30 queries, and in
total, 300 queries are evaluated in this experiment. For all runs, we set a time limit of 3600 seconds.

6.2.1 Total Elapsed Time. The total elapsed time results are presented in Figure 8. Overall, MASC
significantly outperforms existing multi-query methods across most datasets, often achieving
improvements of up to one to two orders of magnitude on both large and small graphs. Even
without predefined overlap, MASC demonstrates a strong capability to effectively capture incidental
overlap between randomly selected graphs. On small graphs, this advantage mainly comes from
the filtering stage, which often dominates the total runtime while enumeration remains relatively
simple. In such cases, our sharing joint filtering technique effectively reduces filtering overhead
by consolidating identical checking conditions across queries. On large graphs such as Youtube,
enumeration becomes more complex and often dominates the overall runtime. Here, the visit-only-
once on shared candidates and shared block reuse techniques help improve efficiency by increasing
computation sharing during enumeration. On Human and Stanford, MASC shows only marginal
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Fig. 9. Peak memory across different datasets.

Table 3. Completion rates (%) of different methods.

Dataset TRIC MQO INCMQO MQMATCH MASC GuP Pilos
WordNet 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Citeseer 0.00 0.00 68.33 60.00 100.00 90.33  85.33
Human 0.00 0.00 0.00 0.00 90.00 91.66  83.00
Stanford 0.00 50.00 56.66 20.00 100.00 89.66  84.33
Youtube 0.00 70.00 0.00 0.00 100.00 84.33  77.66

improvement over the best state-of-the-art methods. This behavior is expected given the NP-
hardness of subgraph matching: a single particularly hard query in a batch can dominate the total
execution time and limit the benefit of shared computation.

6.2.2 Peak Memory. Memory usage is also a critical aspect of multi-query processing. Figure 9
presents the peak memory usage of different multi-query methods across various datasets. Among
these methods, our approach MASC generally achieves lower peak memory consumption. Compared
to single-query methods, MASC exhibits comparable peak memory consumption and does not
introduce noticeable additional memory overhead. On small datasets such as Citeseer and Yeast, the
memory usage of MASC is comparable to MQMatch and only slightly higher than TRIC. However,
on large datasets like Youtube, where TRIC’s memory consumption increases significantly, our
approach achieves the lowest peak memory overall. This efficiency may result from our shared
candidate structure, which avoids redundant storage by maintaining only a single copy of each
shared candidate. Furthermore, unlike MQO and TRIC, our method does not explicitly materialize
intermediate results in memory, but instead enables reuse through lightweight references. These
design choices likely contribute to the reduced memory footprint observed in our experiments.

6.2.3 Completion Rate. We report completion rates under a 3600s time limit (120s per query for
single-query methods), and Table 3 summarizes the completion rates (%) on the more challenging
datasets. For brevity, datasets on which all methods achieve a 100% completion rate are omitted.
As shown, MASC achieves a 100% completion rate on all datasets except Human. On the Human
dataset, multi-query baseline methods frequently fail to complete: the presence of even a single
hard query within a batch can cause the entire batch to exceed the time limit, leading to widespread
timeouts. These results demonstrate the superior efficiency and reliability of MASC for multi-query
subgraph matching across diverse scenarios.

6.2.4  Evaluation on Simple Query Patterns. In practice, many real-world graph queries are small
and structurally simple, taking path- or star-shaped forms. We sample path- and star-shaped query
graphs with 5 vertices from the data graph. Figure 10 reports the total elapsed time for path- and
star-shaped queries. The results show that our approach MASC outperforms competing methods on
most evaluated datasets for both query patterns. The observed performance gains can be attributed
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Fig. 11. Average time per query under different batch sizes.
to the fact that simpler query structures make it more likely for similar computations to arise across
queries, which enables effective sharing through joint filtering and shared enumeration.

6.3 Evaluation of Parameter Sensitivity

6.3.1 Impact of Batch Size. We study the effect of batch size on multi-query optimization by
varying the number of queries grouped and processed together. For each experiment, we use the
same set of queries but adjust the batch size to observe its impact on performance. We divide the
same set of 300 queries into batches of size 10, 20, 30, 40, and 50, ensuring that each batch contains
a mix of similar and dissimilar queries. Figure 11 presents the average query time for different batch
sizes for datasets Figeys, DBLP, and Wordnet. Notably, the average completion time remains largely
stable, with a slight increase as the batch size grows, indicating the robustness of our approach.
This indicates that our method can effectively separate similar and dissimilar queries, maintaining
consistent performance regardless of batch size. Overall, our approach consistently outperforms
the baselines across all batch sizes.

6.3.2 Impact of Overlap Ratio. To study the effect of query overlap in multi-query optimization, we
vary the overlap ratio among queries in each batch. The overlap ratio measures the proportion of
shared substructures, which directly affects the potential for computation sharing. We fix all other
factors and evaluate performance across overlap sizes 0, 3, 6, 9, and 12 for queries of size 15, and
the results are shown in Figure 12. Specifically, an overlap size of 0 corresponds to the case where
queries in a batch are selected entirely at random, without any enforced shared substructures. In
this setting, our method remains comparable to the best single-query state-of-the-art methods on
Figeys, and further achieves clear advantages on DBLP and WordNet, indicating its ability to capture
overlaps that are not predefined. As the overlap size increases, the average query time decreases
only slightly, rather than significantly as one might expect. For baseline methods such as MQO
that always select the maximum common subgraph, i.e., the largest overlap, the runtime does not
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Fig. 12. The elapsed time under different overlap ratios.
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Fig. 13. The elapsed time under different query graph sizes.
decrease significantly either. This observation confirms a key insight of our paper that maximizing
overlap does not necessarily improve performance, as shared substructures do not always lead to
shared computation. Across all overlap settings, our method consistently outperforms the baselines
and maintains the lowest average query time. This demonstrates that our approach is able to
capture shared computation when varying query overlaps.

6.4 Evaluation of Scalability

6.4.1 Impact of Query Graph Size. We evaluate the impact of query graph size on algorithmic
performance over a wide range of query sizes. Specifically, we consider query graphs with 10-30
vertices and larger query graphs with 32-256 vertices.

For queries with 10-30 vertices, we generate query graphs with 10, 15, 20, 25, and 30 vertices.
Each algorithm is evaluated to examine how increasing query size impacts computational efficiency
and matching quality. Figure 13 reports the total elapsed time as the query graph size varies on
datasets Figeys, DBLP, and Wordnet. As expected, the enumeration time increases as the query
size grows, reflecting the greater computational complexity involved. Nevertheless, our approach
consistently maintains a clear advantage over competing methods in this setting.

For larger queries, we further extend the evaluation to query graphs with 32, 64, 128, and 256
vertices. Figure 14 reports the total elapsed time on Figeys, DBLP, and WordNet. As query size
increases, the execution cost of all methods grows substantially. Overall, MASC remains competitive
compared to other baseline approaches, while exhibiting different performance characteristics
across datasets. On DBLP, MASC shows performance comparable to GuP for smaller queries and
achieves clear advantages for larger queries with 128-256 vertices. In contrast, on WordNet, MASC
performs favorably for queries 32-128 vertices, while its advantage diminishes at 256 vertices. These
observations reflect the inherent complexity of multi-query processing on large graphs. For very
large queries, identifying and exploiting overlaps becomes challenging, as processing large common
substructures incurs substantial overhead even with polynomial-time relabeling. The deeper search
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Fig. 14. The elapsed time under larger query graph sizes.
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Fig. 15. The elapsed time under different query density.
required may further cause multi-query matching to partially degenerate toward single-query
processing when effective overlap is limited. Nevertheless, when large overlap exists, MASC still
achieves noticeable performance benefits, leading to the observed performance variability.

6.4.2 Impact of Query Graph Density. To evaluate the impact of query graph density on algorithm
performance, we generate query graphs with different average degrees. We use the average degree
as a measure of density and create query graphs via random walks with an accept-reject strategy.
Specifically, we consider five average degree ranges: [1,2), [2,3), [3.4), [4,5), and [5,6), and generate
300 query graphs for each range. The corresponding results on HPRD, Figeys and Human are
summarized in Figure 15. Figure 15 shows that on HPRD and Figeys, all methods exhibit relatively
stable runtimes as query density increases, while on Human, runtimes first decrease and then
increase with higher degree. This is because query density has two opposing effects: higher degrees
would lead to more complex query structures and increased runtime, but also impose stricter
constraints that reduce the candidate space after filtering. Across all settings, our method MASC
consistently achieves the best and most stable performance, demonstrating strong robustness to
varying query densities.

6.4.3 Impact of Data Graph Size. To examine scalability with respect to data graph size, we con-
struct synthetic graphs by enlarging datasets Yeasts, HPRD, and Figeys using EvoGraph [29], as their
relatively small base sizes ensure that the experiments on the scaled graphs remain computationally
feasible. We apply the scaling factors of 5, 10, 20, 50, and 100. This experimental design enables a
systematic evaluation of how the performance of our method and baseline algorithms changes as
the data graph size increases. The results are shown in Figure 16. As expected, total elapsed time
generally increases with larger data graphs, likely due to the expanded search space associated with
larger graph sizes. The rate of increase is similar across all methods, and our approach consistently
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Fig. 17. The elapsed time under different label sizes.
maintains a comparable advantage over the baselines at each scale. These results suggest that our
method scales well and preserves its efficiency as the size of data graph grows substantially.

6.4.4 Impact of Label Size. To assess the impact of label size, i.e., the diversity of labels in the
dataset, on algorithm performance, we assign data graphs with varying numbers of distinct labels:
10, 50, 100, and 200. By systematically increasing the label size, we can investigate how greater label
heterogeneity affects the efficiency of different algorithms. Figure 17 presents the performance
results under these varying label size settings on the Figeys, DBLP, and WordNet datasets. As
observed, query time decreases as the label size increases. This trend occurs because a larger label
set reduces the number of data vertices sharing the same label with any given query node, leading to
fewer candidates, a smaller search space, and thus lower overall computational cost. This reduction
is initially rapid but gradually slows down, as enlarging the label set yields diminishing returns in
shrinking the search space. Across the three figures, especially on WordNet, we observe a trend
that the performance advantage of MASC first increases and then decreases as the label size grows.
When the label size is small, many query vertices share the same labels, resulting in large candidate
sets and substantial overlap among candidates. As the label size increases to 200, filtering becomes
highly selective and the search space is already significantly reduced. Consequently, the overhead of
maintaining and exploiting overlap information in MASC begins to dominate, reducing its relative
advantage. Overall, the results show that our approach consistently achieves superior performance
across different label diversities.

6.5 Ablation Study

We conduct an ablation study to evaluate the contribution of each major component in our frame-

work. Specifically, we consider the following variants:

(i) Base. Queries are processed independently without any shared computation.

(ii) Base+F. The Signature-based Joint Filter is enabled to jointly evaluate identical filtering predi-
cates across queries, while enumeration remains query-specific.
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Fig. 18. Ablation Study.
(iii) Base+F+E. In addition to joint filtering, the visit-only-once paradigm is enabled to share
enumeration over common candidate sets across queries.
(iv) Full. All components are enabled, including shared block reuse for exploiting multiple overlap-
ping substructures across queries.

The study is conducted on DBLP, WordNet, and YouTube using queries with 15 vertices. Figure 18
presents stacked bar charts that decompose the total execution time into overall overhead, filtering
time, and enumeration time. On DBLP and WordNet, where the overall query processing cost is
lower, both the joint filtering and the visit-only-once paradigm provide clear benefits. In particular,
on DBLP, comparing Base and Base+F shows that although capturing equivalent signature intro-
duces additional overhead, the signature-based joint filter significantly reduces the total filtering
time. In contrast, on YouTube, where query processing is dominated by long enumeration time,
the preprocessing overhead and filtering cost become negligible, and the shared block reuse yields
substantial performance improvements.

7 Related work
7.1 Subgraph Matching

Subgraph matching is a fundamental problem with broad applications, and has been extensively
studied under various settings, including edge-labeled, vertex-labeled, and unlabeled graphs [2, 4-
6, 11, 16, 17, 19, 22-26, 46]. To address the scalability challenges posed by large-scale graphs,
researchers developed a range of parallel and distributed algorithms [1, 8, 20, 30, 36, 42, 43, 45, 48].

Most subgraph matching algorithms under the single-threaded setting adopt a filtering-ordering-
enumeration framework [38, 49]. The filtering phase aims to efficiently prune the search space by
establishing candidate sets for each query vertex. Techniques such as neighbor label frequency
(NLF) [52], dynamic programming on DAGs (DPiso [11]), and BFS-based filtering (CFL [5]) are
widely used, while recent work further improves candidate refinement by propagating local and
structural constraints [22, 39, 44]. The ordering phase focuses on minimizing intermediate re-
sults and maximizing pruning. Representative strategies include selecting the least frequent label
(VF2++ [2]), using candidate set sizes or selectivity-based heuristics (QuickSI [33] and GraphQL [16]),
and decomposing queries via core-forest-leaf models based on cost estimation (CFL [5]). For enu-
meration, numerous optimizations have been proposed to further enhance performance. These
include pruning based on repeated failures (KSS [11], GuP [2], and BICE [7]), leveraging repeated
successes (VEQ [22]), and postponed extension strategies (Circinus [18], CaLiG [44], and CFL [5]).
Collectively, these developments have significantly advanced the efficiency of subgraph matching
techniques for many real-world applications.
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7.2 Multi-Subgraph Query Optimization

With the growing demand for efficient processing of large-scale graph queries, multi-query opti-
mization in subgraph matching has become a crucial research area. The main objective is to leverage
shared computation and common substructures among multiple queries to reduce redundant work
and improve overall efficiency.

In relational databases, shared execution has evolved from caching common sub-expressions [35]
and synchronizing table scans [10, 14] to fine-grained Tagged Execution [21]. Targeting disjunctive
queries (e.g., A UNION B), Tagged Execution [21] annotates tuples with membership tags to identify
which logical branches they satisfy, thereby eliminating redundant predicate evaluations. However,
in contrast to predicate-level reuse in SQL, multi-query optimization on graphs prioritizes structural
reuse across multiple subgraph queries.

Representative approaches include MQO [32], which identifies query pairs with large common
subgraphs via tri-let (tri-vertex label sequence) grouping, then computes maximum common
subgraphs and constructs a Pattern Containment Map to cache and share intermediate results
among overlapping queries. vMSQ [13] tackles vertex-constrained multi-subgraph matching by
introducing a parallel scheduling algorithm that balances computational load and maximizes
computation sharing.

In parallel, continuous multi-query subgraph matching focuses on monitoring multiple queries
over dynamic graphs, where the underlying data evolves over time. In this setting, the set of queries
is fixed and known in advance. This allows for offline identification of shared substructures, which
avoids repeatedly solving the NP-hard maximum common subgraph problem online. In addition,
specialized index structures can be constructed to support efficient incremental maintenance as the
graph updates. For example, TRIC+ [47] proposes a trie-based clustering method that decomposes
queries into shared directed paths and indexes them with tries, minimizing redundant computations.
IncMQO [41] merges multiple queries into an annotated query graph and introduces a compact
auxiliary data structure to store partial solutions, supporting efficient update processing. MQ-
Match [28] further enhances computation sharing by devising a compact CCG index for effective
pruning and a matching-tree-based incremental algorithm, ensuring that common substructures
among queries are matched only once. Although developed for dynamic graphs, continuous multi-
query techniques, especially the computation sharing, also offer valuable insights for advancing
traditional multi-query optimization.

8 Conclusion

To enable efficient multi-query subgraph matching, we propose MASC, a novel framework that
maximizes shared computation across overlapping queries. Through signature-based joint filtering,
our approach significantly reduces redundant checks during the filtering stage. Based on shared
candidates instead of just shared structure, the visit-only-once paradigm ensures that each shared
candidate in the data graph is processed only once for all relevant queries during backtracking
search. Furthermore, shared block reuse exploits multiple overlapping substructures to further
amplify shared computation beyond existing methods. Our extensive experiments on real-world
datasets show that MASC consistently outperforms state-of-the-art solutions.
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