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Abstract
Subgraph matching is a fundamental problem in graph data analysis with signif-
icant research importance. To address the issue of extensive redundant search in
subgraph matching solution algorithms, we propose a symbolic subgraph match-
ing algorithm based on graph neural networks. This algorithm leverages graph
neural network technology to aggregate neighborhood information of nodes, ob-
taining feature vectors that incorporate local graph properties and structures,
which are then used as filtering conditions to derive the node candidate set C for
the query graph. Additionally, by optimizing the matching order and utilizing
symbolic ADD operations to construct the respective candidate regions of C
within the data graph, redundant search during the subgraph enumeration and
verification process is reduced. Experimental results demonstrate that, com-
pared with the VF3 algorithm, this algorithm effectively improves the solution
efficiency of subgraph matching.

Full Text
Abstract
Subgraph matching is a fundamental problem in graph data analysis with signif-
icant research importance. To address the issue of extensive redundant search in
existing subgraph matching algorithms, this paper proposes a subgraph match-
ing symbolic algorithm based on graph neural networks (SSMGNN). The al-
gorithm utilizes graph neural network technology to aggregate neighborhood
information of nodes, obtaining feature vectors that incorporate local attributes
and structures of the graph. These vectors serve as filtering conditions to gen-
erate node candidate sets 𝐶 for the query graph, thereby reducing redundant
searches during the subgraph enumeration and verification process. By con-
structing various candidate regions for 𝐶 in the data graph and optimizing the
matching order using symbolic operations, the algorithm significantly improves
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the efficiency of subgraph matching. Experimental results demonstrate the ef-
fectiveness of the proposed approach.

Introduction
Graphs serve as an effective data structure for modeling relationships between
entities, enabling the representation of numerous complex real-world problems.
Subgraph matching, which aims to find all subgraphs in a data graph 𝑔 that
are isomorphic to a query graph 𝑞, constitutes one of the most fundamental
problems in graph analysis with widespread applications in chemical formula
retrieval, image retrieval, social network analysis, and other domains.

As the size of data grows rapidly, the computational complexity of subgraph
matching increases exponentially, prompting researchers to focus on expanding
the solvable scale and improving the efficiency of subgraph matching algorithms.
Over the past decades, numerous algorithms have been proposed. The Ullmann
algorithm, based on backtracking tree search, enumerates all matches of query
graph 𝑞 in data graph 𝑔 but employs only simple pruning strategies that can-
not efficiently reduce the search space. The VF2 algorithm enhances pruning
effectiveness by incorporating neighbor information as constraints, thereby ef-
fectively reducing the search space. GraphQL generates a depth-first search tree
for the query graph to filter nodes in the data graph, performing hierarchical
traversal while using node information at each level as constraints. Spath uti-
lizes complex structural and semantic information to filter nodes in the data
graph.

While these algorithms improve search efficiency through various pruning tech-
niques, they struggle to solve subgraph matching on large-scale data graphs
within reasonable time. To expand the solvable scale, the VF3 algorithm com-
putes matching orders based on the occurrence probability of query graph nodes
in the data graph and introduces classification concepts to categorize nodes by
degree and label, further reducing the search space. CFL-Match proposes de-
composing the query graph to delay Cartesian products, effectively reducing
redundant intermediate results. CECI stores partial edges from candidate sets
and partitions the data graph into multiple embedding clusters for parallel pro-
cessing, employing auxiliary data structures and pruning techniques to repeat-
edly trim embedding clusters. Although constructing auxiliary data structures
improves performance on large-scale data graphs, it consumes substantial mem-
ory space and preprocessing time.

To balance the time and space complexity of subgraph matching algorithms
while optimizing matching order and reducing redundant searches, this paper
proposes the SSMGNN algorithm. Unlike existing approaches, SSMGNN in-
troduces graph neural networks to extract node features that serve as filtering
conditions to reduce candidate set sizes. The algorithm also incorporates al-
gebraic decision diagrams (ADD) as an implicit storage structure for parallel
processing of candidate regions.
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Algorithm Framework
The SSMGNN algorithm consists of three main components: candidate set gen-
eration, matching order optimization, and subgraph isomorphism solving. The
basic framework is illustrated in [Figure 1: see original paper]. From the per-
spective of improving filtering efficiency, the algorithm introduces graph neural
networks to extract node features and uses these vectors as filtering conditions
to generate candidates for the query graph. Matching order optimization consid-
ers candidate set sizes, node degrees, and the hierarchical structure of the query
graph to determine an optimal matching sequence. Symbolic operations con-
struct candidate regions in the data graph within the radius of the query graph,
enabling parallel processing and reducing redundant searches. Due to the im-
plicit storage characteristic of symbolic structures, the algorithm can operate
on large-scale graphs within limited memory space.

Candidate Set Generation

Existing subgraph matching algorithms primarily generate candidate sets based
on node labels and degree information while neglecting local neighborhood struc-
ture and attribute information. SSMGNN employs graph neural networks to
aggregate neighborhood information, enabling nodes to incorporate more local
information into their feature vectors and thereby enhancing filtering efficiency.

The algorithm first utilizes graph attention networks to learn node features for
both the data graph and pattern graph, obtaining their representation vectors.
We design a function 𝑝(⋅) that compares each dimension of the representation
vectors to determine whether the neighborhood structures of two nodes may
have an inclusion relationship. Based on this subgraph prediction function, we
examine whether nodes 𝑢 and 𝑣 have consistent labels and degrees. If consistent
and the neighborhood information suggests an inclusion relationship, node 𝑣 is
added to the candidate set of node 𝑢.

Matching Order Optimization

The matching order significantly impacts search efficiency. Given a query graph
𝑞 and data graph 𝑔, if the matching order is 𝑃 = {(𝑢1, 𝐶(𝑢1)), (𝑢2, 𝐶(𝑢2)), …},
the search process may need to traverse the entire search space. An appropriate
matching order can effectively reduce search iterations and improve efficiency.

SSMGNN optimizes the matching order by comprehensively considering three
aspects: candidate set sizes, node degrees, and the query graph structure. Prior-
ity is given to nodes with small candidate sets and large degrees, which reduces
intermediate results. Since the search process checks whether structural rela-
tionships between candidate nodes and already-matched nodes are consistent
with the query graph, prioritizing nodes with many connections to matched
nodes also improves efficiency.

The matching order optimization function incorporates candidate set size, node
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degree, and the number of matched neighbors. The root node is selected first
based on the ratio of degree to candidate set size. For subsequent nodes, the
algorithm selects the node with the maximum value of:

order(𝑢) = max (deg(𝑢)
|𝐶(𝑢)| + |𝑁(𝑢) ∩ 𝑀|)

where 𝐶(𝑢) is the candidate set of node 𝑢, 𝑁(𝑢) is the neighbor set of 𝑢, deg(𝑢)
is the degree of 𝑢, and 𝑀 is the set of matched nodes (initially empty). When
multiple nodes have the same ratio, priority is given to nodes with more con-
nections to 𝑀 .

Candidate Region Construction Using ADD

Research indicates that performing subgraph matching within candidate regions
can effectively reduce search space, and candidate sets can be further filtered
during region construction. To obtain all isomorphic subgraphs in the data
graph, SSMGNN uses each node in the root node’s candidate set as a center to
mine subgraphs of size equal to the query graph’s radius as candidate regions.
This approach introduces symbolic operations to compress storage and enable
parallel construction of all candidate regions, improving efficiency.

An Algebraic Decision Diagram (ADD) is a highly compact data structure that
enables compressed storage and parallel operations. For graph 𝐺, node encoding
uses binary strings of length 𝑚 to represent nodes and edges. The edge set 𝐸𝑔 is
transformed into a representation 𝐸𝑔(𝑥𝑚, 𝑦1, 𝑦2, … , 𝑦𝑚), where 𝑋 represents the
start node and 𝑌 represents the end node of an edge. To distinguish different
candidate regions, a variable 𝑍 is added as a region marker, resulting in the
representation 𝐸𝑔(𝑥𝑚, 𝑦1, 𝑦2, … , 𝑦𝑚, 𝑧).
The candidate region construction process uses breadth-first search from each
root candidate node to build regions of radius 𝑟. During construction, nodes at
each layer are intersected with the candidate sets of corresponding query graph
nodes to retain only valid candidates. The pseudocode for region construction
is shown in Algorithm 1.

Overall Algorithm

The complete SSMGNN algorithm proceeds as follows:

1. Node Embedding: Generate node embeddings for each vertex in the
data graph and query graph using graph neural networks.

2. Candidate Computation: Compute candidate sets 𝐶 for query graph
nodes based on feature vectors and neighborhood inclusion relationships.

3. Order Optimization: Determine the matching order and root node us-
ing candidate sets, degrees, and query graph structure.

4. ADD Construction: Convert candidate sets and root nodes into ADD
representation.
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5. Region Partition: Build multiple candidate regions 𝑅 in parallel using
symbolic operations.

6. Subgraph Matching: For each candidate region, perform backtracking
search to find feasible solutions and add them to the solution set.

The algorithm returns all subgraph isomorphic solutions.

Experiments
Experimental Setup

The experimental environment uses protein-protein interaction datasets. The
hardware configuration includes an Intel Core i5-1038NG7 CPU and 16GB
RAM, running Windows operating system. Implementation uses Python and
C/C++.

Two public datasets are employed: human and yeast. The human dataset is
an undirected graph with multiple labels, while the yeast dataset contains a
different set of labels. For each dataset, query sets 𝑄𝑖 are generated, where 𝑄𝑖
represents a set of connected query graphs containing 𝑖 nodes. Each query set
contains the same number of connected graphs with identical node counts.

The VF3 algorithm is selected for comparison as it is a highly efficient single-
machine algorithm that outperforms many existing methods.

Results and Analysis

Experimental results are evaluated using average runtime, calculated as the total
time to find all isomorphic solutions for a query group divided by the number of
queries. This metric better reflects the time efficiency of subgraph isomorphism
algorithms.

Figure 2 shows the average runtime on the yeast dataset, while Figure 3 presents
results on the human dataset. When the query set is 𝑄4, SSMGNN demon-
strates relatively low average solving time. Through comparative experiments,
SSMGNN outperforms VF3 on both datasets, with the performance advantage
becoming more pronounced as query graph size increases.

Although SSMGNN requires additional time for graph neural network-based
neighborhood information aggregation, this preprocessing step consumes mini-
mal time (as shown in Table 1). The neighborhood aggregation time for query
sets of different scales remains below 0.1 seconds, even for 20-node queries. Ex-
perimental observations reveal that aggregating more neighborhood information
does not necessarily improve filtering effectiveness. When the 𝑘-value (represent-
ing 𝑘-hop neighbors) becomes too large, all nodes’neighborhood information
tends to converge, reducing filtering effectiveness. The optimal 𝑘-value is typ-
ically within the query graph’s radius range, which rarely exceeds 3 in these
datasets.
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The yeast dataset is denser with fewer labels, requiring more search time. How-
ever, SSMGNN’s optimization of matching order and incorporation of neigh-
borhood information as filtering conditions significantly reduces search space.
Consequently, SSMGNN solves the yeast dataset more efficiently than VF3,
despite both algorithms’time complexity increasing with query graph size. SS-
MGNN’s time increase is smaller than VF3’s, demonstrating its advantage for
larger query graphs.

Conclusion
This paper proposes SSMGNN, a subgraph isomorphism algorithm that com-
bines graph neural networks with symbolic algebraic decision diagrams. The
algorithm leverages graph neural networks to aggregate neighbor information,
improving the efficiency of candidate node filtering. Based on candidate set char-
acteristics and subgraph structure, SSMGNN introduces an optimized match-
ing order and constructs candidate regions using symbolic ADD operations, en-
abling parallel partitioning and backtracking search on a single machine. Exper-
imental results demonstrate that the algorithm effectively improves the solving
efficiency of subgraph isomorphism problems.

Future work will investigate advanced symbolic techniques to further enhance
single-machine solving efficiency for subgraph isomorphism problems.
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