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ABSTRACT

Graph Edit Distance (GED) is a keymetric for measuring the similar-
ity between two Knowledge Graphs (KGs), de�ned as the minimum
number of atomic operations required to transform one KG into
another. It has broad applications in �elds such as pattern recogni-
tion, biological analysis, and graph databases. The state-of-the-art
approaches adopt Graph Neural Networks (GNNs) to predict GED,
but they are limited to simple graphs and cannot be directly applied
to the KGs, as they fail to capture the rich semantics and complex
relationships present in KGs. To design a KG-native solution, in this
paper, we propose a semantics-aware GNN model, SEABED, to cap-
ture local semantic dependencies and global semantic consistency
between two KGs. Extensive experiments on four real-world KGs
demonstrate that our proposed algorithm outperforms the state-
of-the-art methods on all datasets. In particular, the mean absolute
error is reduced by up to 66.7%, while the accuracy is improved by
up to 70.5%, without increasing the computation time.
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1 INTRODUCTION

Knowledge Graph (KG) stands out as one of the famous graph
data types [28], via semi-structured data models like the Resource
Description Framework (RDF) [14]. In KGs, labeled nodes typi-
cally correspond to entities, and directed, labeled edges between
nodes denote the relationships between the entities. Figure 1 gives
a toy example. Nowadays, KGs are fueling diverse applications
like question-answering, recommendation systems, and semantic
databases [53].
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Figure 1: An example pair of KGs with GED=4.

Graph Edit Distance (GED) is a fundamental de�nition in graph
analysis, which has been extensively studied in the literature [4, 5,
10, 17, 21, 29, 36, 41, 54, 56, 57, 75, 86]. Similar to the edit distance
on strings, the GED on a pair of graphs is de�ned as the minimum
number of atomic operations that can convert one graph to the
other. These atomic operations, which consist of node and edge
insertions, deletions, or relabelings, form a sequence known as the
graph edit path. The length of this path is the GED. In this paper, we
focus on accurately estimating GED between a pair of KGs. Figure 1
depicts two KGs, G1 and G2. We can transform G1 into G2 with four
edit operations—speci�cally, by changing four entities in the sub-
KG related to “Albert Einstein” to those corresponding to “Stephen
Hawking”. Therefore, the GED between G1 and G2 is 4. Due to the
prevalence of KGs, the GED, as a commonly used metric to estimate
the “similarities” between two KGs, has found various applications
in a wide range of �elds, including pattern recognition [9, 18],
biological analysis [19, 20, 44, 54], and graph databases [41, 62].
For example, in the drug design process, GED helps in comparing
molecular structures represented as KGs to evaluate their similarity.
Speci�cally, GED can thus be employed to perform virtual screening
of molecules, leading to the identi�cation of structurally similar
compounds that may exhibit similar pharmacological properties [19,
20]. Moreover, in modern graph database systems, graph search
queries [4, 5, 16, 41] often rely on GED computations over KGs.

• Prior works.While computing the GED over KGs is highly
valuable, we found that all existing works are designed for general
graphs rather than speci�cally for KGs. It is well known that com-
puting the GED is an NP-hard problem [10] in graph theory, making
exact algorithms typically intractable when the graph size exceeds
16 nodes [49]. Hence, recent studies have paid more attention to
approximate GED computation. The representative approximation
algorithmsmainly rely onmachine learning techniques [4, 5, 54, 83].
Speci�cally, Bai et al. [5] �rst propose an end-to-end GNN-based
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Figure 2: An example illustrating the challenge of computing GED between a pair of KGs.

method SimGNN, which �rst employs GNN to capture the graph-
level information of each graph, combines them into a single vector
to measure the di�erence between inputs, and then feeds it into
a Multi-Layer Perceptron (MLP) model to estimate the GED of
two graphs. To improve the accuracy, GEDGNN [54] integrates mini-
mum weight matching [29] into its training pipeline and applies
a post-processing re�nement step. GEDIOT [12], the current state-
of-the-art, extends GEDGNN by employing optimal transport-based
alignment, leading to more accurate estimation.

• Key challenges of designing KG-native method.While ex-
isting methods have achieved promising results on general graphs,
directly applying them to KGs may degrade performance, due to
the rich semantics and complex relationships present in KGs. To
design a KG-native method, two key challenges need to be solved:
Challenge 1: Semantic entanglement of local subgraphs. In
general graphs, if two graphs di�er by a single node label, their GED
is one. However, this simple correspondence breaks down in KGs,
where maintaining semantic consistency and preserving the logical
relationships among facts introduce additional constraints. For ex-
ample, as shown in Figure 2, replacing Tesla with X in a KG about
“Elon Musk” disrupts semantic coherence and introduces factual er-
rors. Speci�cally, the Tesla-related facts become inconsistent: triples
such as ⟨�;>="DB:, founder, - ⟩ and ⟨-, belong to, �DC><>C8E4⟩ are
factually incorrect and do not re�ect reality. In other words, a
single edit in the KG may invalidate several related facts, making
GED estimation in KGs far more challenging than in general graphs.
Challenge 2: Global semantic inconsistency.KGs possess global
structural semantics, such as type hierarchies (e.g., “Car Company”
as a subtype of “Company”) and role constraints (e.g., “isOwnerOf”
should link a “Person” to a “Company”), which existing methods
cannot align high-level semantic distributions between KGs.

• Our technical contributions. To address the above chal-
lenges, we propose SEABED, a novel semantics-aware GNN-based
GED estimation method. Speci�cally, to tackle Challenge 1, we
begin by partitioning each KG into overlapping subgraphs (sub-
KGs) using a semantics-driven partitioning algorithm, ensuring
that semantically entangled triples are grouped within the same
subgraph. Each sub-KG is �rst encoded by a GNN to produce a
high-level representation. By treating each sub-KG as a semantic to-
ken, we then apply self-attention across all sub-KGs from both KGs,
enabling the model to capture complex semantic interactions and
learn adaptive alignments between sub-KG pairs. This mechanism

emphasizes the most semantically relevant subgraph correspon-
dences while down-weighting irrelevant or noisymatches. By doing
so, our model captures subgraph semantics and dynamically models
inter-dependencies among sub-KGs for GED estimation.

To address Challenge 2, SEABED �rst generates atom-level em-
beddings for entities and predicates using RDF2Vec [14]. These em-
beddings are then processed by a GNN with a KG-native message-
passing strategy that captures both entity correlations and edge
directionality. The GNN produces comprehensive graph-level rep-
resentations for each KG. To assess global similarity between KGs,
we compute the Earth Mover’s Distance (EMD) [60] between their
semantic embeddings. EMD provides a principled approach to align
and compare overall semantic distributions, ensuring that global
semantic consistency is preserved in GED computation. Such a
two-stage design allows our model to �rst extract �ne-grained
semantic and structural signals at both the local (sub-KG) and
global (KG) levels, and then holistically capture their complex
inter-dependencies for robust GED estimation. A notable feature of
SEABED is its semantics-awareness: it captures both local and global
semantic information, as well as structural di�erences, making it
truly KG-native.

Extensive experimental evaluations on four real-world KGs show
that SEABED achieves higher estimation accuracy than the state-of-
the-art algorithm on all datasets. Particularly, the Mean Absolute
Error is reduced by as much as 66.7%, while accuracy is improved by
up to 70.5% without increasing the computation time. In summary,
our main contributions are as follows.

• To the best of our knowledge, we are the �rst to propose a
KG-native learning-based model to estimate the GED over
a pair of KGs.

• We design a semantics-aware GNN model to capture local
semantic dependencies and global semantic consistency
between two KGs.

• We conduct experiments on four real-world KGs to demon-
strate the e�ectiveness of our model.

Outline. We introduce the preliminaries in Section 2. Section
3 analyzes the limitations of SOTA algorithms. We introduce our
SEABED model in Section 4. The experimental results are reported
in Section 5. We review the related work in Section 6 and conclude
in Section 7.
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2 PRELIMINARIES

2.1 Problem de�nition

A knowledge graph (KG) is de�ned as a directed graph, where nodes
and edges are associated with labels [26]. Several data models are
used to represent KGs. In this paper, we follow the classical and
widely-used de�nition of the Resource Description Framework
(RDF) [14], where every statement is modeled as a triple.

De�nition 2.1 (Knowledge Graph [26]). A Knowledge Graph (KG)
is a directed labeled graph G = (V, E), whereV is the set of nodes,
and E is the set of edges. KG is represented as a set of triples,
where each triple is of the form (ℎ, ?, C), with ℎ (the head) and C (the
tail) denoting entities, and ? representing the predicate (relation)
between them. The entities ℎ and C can carry labels to denote their
classes, e.g., human, organization, etc. The predicate ? can be treated
as the labeled edge. The elements of a triple are referred to as atoms.

Denote by = = |V| and< = |E | the number of nodes and edges

in G, respectively. For each node G8 ∈ V , let ℎ8 ∈ R
3 denote its

3-dimensional high-level embedding, and let # (G8 ,G) represent its
set of neighbors in G. For each directed edge 48, 9 ∈ E from node G8
to node G 9 , let ℎ8, 9 ∈ R

3 denote its 3-dimensional embedding.

De�nition 2.2 (Graph Edit Distance [10]). Given a pair of KGs
(G1,G2), Graph Edit Distance (GED) is the minimum number of
operations required to transform G1 into G2, denoted as 3 (G1,G2).
Speci�cally, there are three types of primitive operations: (1) adding
or removing an edge; (2) adding or removing an isolated node, and
(3) changing the label of an edge or a node.

KGs are typically very large [76], making the alignment of two
entire KGs infeasible and often lacking practical signi�cance. In-
stead, the focus is on aligning meaningful small KGs, such as family
relationships in a social network [48] or collaborations in a spe-
ci�c research domain [87]. In this paper, we primarily focus on
measuring the similarity between such small KGs.

Problem statement. In this work, we aim to train a machine
learning-based model to estimate the GED between two KGs,

G1 and G2, denoted as 3̂ (G1,G2).

Example 1. Figure 1 gives an example of two KGs, G1 and G2.

In this case, we can transform G1 into G2 by changing four entities,

hence the GED over G1 and G2 is 3 (G1,G2) = 4.

2.2 Knowledge graph embedding

Knowledge graph embeddings (KGE) are low-dimensional vectors
of the atoms (entities and predicates) in a KG. These vectors encode
latent semantic information about the atoms that are not explicitly
available in the KG, which are widely used in downstream tasks [59],
including link prediction, entity classi�cation, clustering, etc.

Due to di�erences in components and learning processes, various
KGE models can capture di�erent latent aspects of a KG, making
certain KGE models more suitable for speci�c tasks. For example,
some KGE models (e.g., translation-based models [59]) learn from
individual triples in the KG by embedding entities and relationships
into the same vector space, allowing the model to infer possible
links based on geometric relationships between vectors. Such mod-
els are well-suited for link prediction tasks. Other models (e.g.,

RDF2Vec [64] or Ridle [78] ) can learn from larger structures like
subgraphs, making them more appropriate for tasks involving the
interpretation of semantic relatedness and similarity of atoms.

In this paper, we employ the latter model, i.e., RDF2Vec to obtain
the KGE, since it is better to capture the semantic and structural cor-
relations in the KG. Speci�cally, RDF2Vec is a Skip-gram model [47]
based on random walks over atoms in the KG. By starting from any
node and traversing the KG along its edges, it generates random
walks on the KG. Given a random walk of atoms F1,F2, · · · ,F!
in a KG of length !, the objective of RDF2Vec is to maximize the
following log probability (i.e. minimize its negative), which can be
seen as the loss function in KGE:

1

!

!∑
C=1

∑
−2≤ 9≤2,9≠0

log ? (FC+9 |FC ), (1)

where 2 denotes the context window size, which controls howmany
neighboring nodes in the random walk sequence are considered.

Here, a notable feature of the embeddings generated by RDF2Vec
is that: it encodes the atom’s relatedness and correlates with the
joint probability of observing it. A single entity participates in many
walks, and rich contextual information from the neighboring nodes
and edges is encoded. Hence, RDF2Vec embeddings are suitable for
atom representation in estimating GED over KGs.

2.3 Graph neural network

Graph Neural Network (GNN) [35] is a special form of Neural Net-
work (NN) that is tailored to graph-structured data. The distinct
feature of GNNs is that they are invariant with respect to a permu-
tation of the nodes of the input graph. This means that the output of
the model is the same even if the atoms in the graph are reordered.
Permutation invariance makes GNN parameters and data e�cient.
The model is parameter e�cient as it needs fewer learnable param-
eters because it is not necessary to learn di�erent permutations
of the same graph structure. In the literature, GNNs are widely
used for graph-level predictions, where the input is a graph, and
the output is a prediction that applies to the entire graph, such as
determining whether a molecular graph is toxic or a social network
exhibits harmful behavior. That is, predicting the GED between a
pair of KGs can be treated as a graph-level prediction task.

GNNs work under the message-passing framework, where in
every layer : in the GNN the representations of the nodes are
updated based on messages from all connected neighbors. The
most generic message-passing function for a node is given by [35]:

ℎ
(: )
8 = W (: )

⎛⎜⎝
ℎ
(:−1)
8 ,

∑
G 9 ∈# (G8 ,G)

q (: )
(
ℎ
(:−1)
8 ∥ ℎ8, 9 ∥ ℎ (:−1)9

)⎞⎟⎠
, (2)

where W and q are di�erentiable functions, and for a node G8 , its pre-

vious representation denoted ℎ
(:−1)
8 gets non-linearly transformed

to a new representation ℎ
(: )
8 by combining ℎ

(:−1)
8 with neighboring

nodes’ representations as well as the edges between them (i.e., the
messages).

For graph-level tasks, it is necessary to combine the features of
all nodes into a �xed-length vector. To achieve this, max pooling,
average pooling, or sum pooling are commonly used functions
to aggregate node vectors into a single graph-level vector that
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Figure 3: A general work�ow of learning-based approaches.

represents the whole graph and can be used to predict the desired
graph-level quantities [80].

The initial representation ℎ08 of a node G8 , is typically based on
the one-hot or binary encoding to denote the id of the node or
more informative features. For example, if the node represents a
person in a social graph, one dimension could represent the height
of the person, another the age, etc. Here, more meaningful features
are superior as they provide some key information to the GNN to
solve the desired problem. Note that all existing learning-based
GED methods are based on the one-hot encoding to obtain the
initial node features. As KGE provides semantic information about
the given entity, in our following model design, we use RDF2Vec
embeddings as the initial features for each node and predicate.

3 ANALYSIS OF SOTA LEARNING-BASED

APPROACHES

In this section, we extensively review the state-of-the-art learning-
based GED calculation methods.

Recently, due to the powerful representational capacity of neu-
ral networks, machine learning-based methods for GED computa-
tion have garnered signi�cant attention and achieved considerable
success [4, 5, 54, 83]. We surprisingly found that all the existing
methods follow the same framework, as shown in Figure 3, which
works as follows: (1) an encoder to obtain high-level representations
(i.e., embeddings) for the two input KGs; (2) employ an interaction
module to capture the structural di�erence between two KGs, and
(3) predict the GED based on the output from the previous step.
In addition, some methods incorporate post-processing steps to
improve accuracy.

More particularly, Bai et al. [5] �rst proposed a GNN-basedmodel
SimGNN, which employs GNN as the encoder, and neural tensor net-
work (NTN) [63] as the interaction module. After training, SimGNN
can predict the GED of graph pairs in$ (=+<) time, where< is the
number of edges in the graph. Moreover, Yang et al. [83] proposed
using a Graph Isomorphism Network [81] as an encoder to train a
model that guides A∗-beam search. The method that directly pre-
dicts GED based on the trained model is referred to as GPN, whereas
the approach that utilizes A∗-beam search with model guidance is
named Noah. To improve the accuracy, instead of directly predicting
the GED, TaGSim [4] focuses on estimating the number of each type
of operation.

The GEDGNN [54] approach incorporates minimum weight match-
ing into the learning process and designs a post-processing al-
gorithm. Similar to other methods, GEDGNN employs GNN as its
encoder, but distinguishes itself during the interaction process by
using both NTN and cross-matrix calculations on the node em-
beddings of the two graphs. Besides, it contains a post-processing
stage to improve the prediction accuracy by extracting the best

matches. The state-of-the-art approach GEDIOT [12] shares a sim-
ilar overall framework with GEDGNN, employing both NTN and
cross-matrix operations for GED prediction. On the other hand,
GEDIOT employs the Sinkhorn algorithm [13] for optimal transport
in post-processing, further improving node alignment.

Motivations. Existing learning-based methods are designed
for simple graphs; directly applying them to KGs may de-
grade performance due to the rich semantics and complex
relationships present in KGs. In this paper, we aim to de-
sign a KG-native method to address the two key challenges
discussed in Section 1.

4 OUR APPROACH

In this section, we introduce our SEABED model by �rst providing
an overview of the framework, followed by a detailed discussion of
each stage in SEABED.

4.1 Overview

In this section, we propose a GNN-based method, SEABED, to esti-
mate the GED between two KGs e�ciently; the overall framework
is shown in Figure 4. Speci�cally, given two KGs G1 and G2, our
SEABED contains three stages: 182 initial embedding extraction, 183
local semantic alignment, and 184 global semantic estimator. The
182 initial embedding extraction stage, detailed in Section 4.2, in-
volves computing KG embeddings for each knowledge graph using
RDF2Vec and enhances these representations by incorporating the
local subgraph counts of each node, as capturing this feature is
crucial for accurate GED estimation (see Section 4.2).

In the 183 local semantic alignment phase, we �rst partition each
KG into :/2 sub-KGs by intuitively grouping nodes with higher
semantic similarity into the same cluster. Thus, we obtain : sub-
KGs in total. Afterwards, we treat each sub-KG S8 (1 ≤ 8 ≤ :) as
a “token” and employ a self-attention mechanism to adaptively
align semantically related substructures, facilitating more accu-
rate and context-aware GED estimation (see Section 4.3). The 184
global semantic estimation phase (detailed in Section 4.4) captures
high-level di�erences between two KGs. First, a GNN is used to
generate global representations for both input KGs. An NTN then
processes these representations to model complex interactions from
a global perspective. The resulting features are concatenated and
fed into a Multi-Layer Perceptron (MLP) to produce the estimated
GED. The learning objective is to minimize the discrepancy be-
tween the predicted and ground-truth GED. Additionally, to further
guide training, we employ the Earth Mover’s Distance (EMD) [60]
between the global semantic features of the two KGs as an aux-
iliary loss, encouraging the model to align their overall semantic
distributions better. Upon successful training, our SEABED model
is capable of predicting the GED for new KGs unseen during the
model training phase.

4.2 Initial embedding extraction

This stage contains two major steps, including initial embedding
extraction, and graph-level representation.
Node and edge embeddings. The �rst step is carried out o�ine

and consists of (1) obtaining KG pairs via sampling from a large
KG for model training, (2) computing embeddings for atoms that
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occur in the KG pairs, (3) building the featurization of each KG
using (1) and (2). Speci�cally, SEABED �rst obtains a training set of
KG pairs with their true GED from a given large KG, and SEABED

calculates embeddings for each atom G (node and predicate) using
RDF2Vec [64]. Since as explained in Section 2.2, RDF2Vec embed-
dings encode relatedness and joint probability, we choose it as
our embedding method. With RDF2Vec, nodes and predicates are
treated as elements in the random walks, therefore, RDF2Vec is
able to produce embeddings for all types of atoms in KG. These
embeddings are then used as the node and edge embeddings for the
KG pairs; that is, we obtain the initial embedding for each node and
edge in KGs. We note that our method is not sensitive to the choice
of initial embedding model. In our latter experiments, in addition
to RDF2Vec, we also evaluate three widely used KGE models to
demonstrate the robustness and generality of our approach.
Local motif count-based features. To further enhance these rep-
resentations, we incorporate local subgraph count features, which
capture the occurrence of characteristic structural patterns around
each node. Motivated by the structural properties underlying GED,
we leverage motif-based subgraph count information to enrich node
representations. Speci�cally, we connect GED estimation with the
concept of motif orbits. We �rst introduce the following de�nition:

De�nition 4.1 (Subgraph Isomorphism [58]). A graphG1=(V1, E1)
is isomorphic to another graph G2=(V2, E2) if there exists a bi-
jective mapping Π : V1 → V2 such that for all D ∈ V1, k (D) =

k (Π(D)), and for allD, E ∈ V1, (D, E) ∈ E1 if and only if (Π(D),Π(E)) ∈
E2 and q (D, E) = q (Π(D),Π(E)), where Π(D) denotes the vertex in
G2 corresponding to vertex D in G1 and k (D) and q (D, E) denote
the labels of vertex D and edge (D, E), respectively.

Building upon this, we introduce a de�nition of graph orbit:

De�nition 4.2 (Graph Orbit). Given two KGs, G1=(V1, E1) and
G2=(V2, E2), letD ∈ V1 and E ∈ V2. We say that verticesD and E be-
long to the same graph orbit if there exists a subgraph isomorphism
Π : V1 → V2 between G1 and G2 such that Π(D) = E .
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Figure 5: Illustrating the subgraph isomorphism.

Example 2. As shown in Figure 5, we consider two KGs, G1 =

(U, E1) and G2 = (V, E2), together with their schema specifying

edge types between entities. We observe that G1 is subgraph isomor-

phic to G2. Speci�cally, there exists a mapping Π : U → V such

that Π(D1) = E2, Π(D2) = E1, and Π(D3) = E5. Under this mapping,

both vertex and edge labels are preserved, i.e., k (D8 ) = k (Π(D8 ))
and q (D8 , D 9 ) = q (Π(D8 ),Π(D 9 )) for all (D8 , D 9 ) ∈ E1, where k (·)
and q (·, ·) denote vertex and edge labels, respectively. For example,

k (D1) =k (E2) = % , and the corresponding edge types are also consis-
tent. Therefore, nodes mapped by Π belong to the same orbit under

the subgraph isomorphism.

Given a motif M and a graph G, a subgraph G′ ⊆ G is called
a motif instance of M if and only if the motif M is subgraph
isomorphic to subgraph G′. Based on this notion, we establish the
following lemma, which connects local subgraph counts with GED
computation.

Lemma 4.3. Given two KGs G1=(V1, E1) and G2=(V2, E2), if GED
between the two KGs is 0, then for any motifM, ifD ∈ V1 and E ∈ V2

are in the same graph orbit, we have ΨM (D,G1) = ΨM (E,G2), where
ΨM (D,G) denotes the number of motif instances in G containing D.

The above lemma indicates that local motif count captures essen-
tial local structural information relevant to GED. While identical
local motif count vectors do not guarantee subgraph isomorphism,
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the converse does hold: if two KGs are isomorphic (i.e., GED = 0),
then every pair of corresponding nodes must share the same local
motif count vectors. Therefore, we leverage the local motif count
vector of each node as a local structural feature. Speci�cally, for
each node, we compute its frequency in �ve representative motif
structures [85, 87] (see our technical report [88]), disregarding label
information. This results in a �ve-dimensional count vector for
each node, where each entry re�ects the frequency of a particular
motif type. Finally, we concatenate the local motif count vector
with the initial node embedding (obtained via RDF2Vec) to form the
�nal node representation. This approach e�ectively integrates both
semantic and local structural features of KG, providing a richer
foundation for the GED computation.

4.3 Local semantic alignment

In this subsection, we describe how SEABED achieves local semantic
alignment. Speci�cally, it consists of two steps: (1) semantics-aware
KG partition, and (2) subgraph-based self-attention mechanism.
Semantics-aware KG partition.Given a KGG = (V, E), we �rst
construct a semantic similarity matrix A ∈ R

=×= , where each
entry of the matrix is de�ned as the cosine similarity between the
embeddings of two nodes:

A8 9 =

ℎ8 · ℎ⊤9
∥ℎ8 ∥∥ℎ 9 ∥

, (3)

where ℎ8 and ℎ 9 are the embeddings of nodes G8 and G 9 , respectively.
Intuitively, our goal is to assign nodes with high semantic similar-

ity to the same subgraph, so that each subgraph forms a coherent se-
mantic unit. That is, an ideal partitioning method should maximize
the sum of node similarities within each cluster, while minimizing
the total similarity of nodes that are cut between di�erent clusters.
This ensures that subgraphs exhibit strong internal semantic co-
herence and clear separation from each other. To achieve this, we
adapt the widely used METIS [32] algorithm for semantics-aware
partitioning. Speci�cally, we encode the pairwise semantic similari-
ties between nodes as edge weights in the input graph. METIS then
partitions the graph in a way that high-similarity nodes are more
likely to be grouped together, resulting in subgraphs that better
re�ect the underlying semantic structure of the KG.

Using this method, we partition each KG into :/2 sub-KGs, re-
sulting in a set of subgraphs {S1,S2, · · · ,S: }, each with high in-
ternal semantic similarity. To mitigate the potential loss of edge
information and semantic discontinuity caused by non-overlapping
partitions, we enforce a one-hop overlap between any two adja-
cent sub-KGs, ensuring smoother semantic transitions and better
connectivity across subgraphs.
Subgraph-based self-attention. After obtaining : sub-KGs, we

apply a GNN to aggregate features within each expanded subgraph.
Speci�cally, for each sub-KG S8 , this yields an embedding�S8 ∈ R

B

that captures both semantic and structural information. The main
challenge is to e�ectively identify, align, and compare semantically
entangled subgraphs between two KGs. Not all sub-KGs are equally
informative for GED estimation; some encapsulate critical semantic
or structural patterns that re�ect meaningful di�erences between
graphs, while others may be redundant or irrelevant. Therefore, we
require an adaptive alignment mechanism that can (i) emphasize
semantically relevant subgraph correspondences, (ii) suppress noisy

𝑣1 𝑣2
𝑣3 𝑣4

𝑣5
𝑣6 𝑣7

𝑣8

𝑣9 𝑣10

① ②

③ ④

Figure 6: Illustrating the local semantic alignment.

or spurious matches, and (iii) �exibly handle variations in sub-KG
size and semantics across graphs.

Although the above task seems to be very di�cult, we borrow the
successful experience of applying the self-attention mechanism [71]
to ful�ll such goals. The self-attention mechanism allows models
to learn to concentrate on relevant aspects of input data while
disregarding the irrelevant, thereby mimicking human cognitive
attention processes.

In particular, let - =

[
G1, G2, · · · , G=

]
∈ R

3 be input data
with = columns, where each column G8 represents an input to-
ken (e.g., a word embedding) with the same dimension 3 . The
self-attention mechanism transforms this input matrix into three
matrices: Key ( ), Query (&), and Value (+ ) through learned weight

matrices:& = -W& , =-W , and+ = -W+ , whereW& ∈ R
3×3@ ,

W ∈ R
3×3: and W+ ∈ R

3×3E are learnable matrices for queries,
keys, and values, respectively, and 3@=3: usually. Denote @8 , :8 , and
E8 as the 8-th row of the matrices & ,  , and + , respectively. The
attention coe�cients U8, 9 , which re�ect the importance from G 9 to
G8 , are computed as:

U8, 9 =

exp

(
@8 ·:⊤9√
3:

)
∑=
;=1 exp

(
@8 ·:⊤;√
3:

) , (4)

where @8 · :⊤9 denotes the correlation coe�cient between query 8

and key 9 and
√
3: is a normalization factor. Based on these scores,

we can obtain a number of output tokens ~1, ~2, · · · , ~= , where
~8=

∑
9 U8, 9E 9 .

Let matrix . =

[
~1, ~2, · · · , ~=

]⊤ ∈ R
=×3E . The whole

self-attention process can be formulated as follows:

. = softmax

(
& ⊤
√
3:

)
+ . (5)

The self-attention mechanism has two advantages: First, it could
condense the information of all input vectors to the outputs. In the
NLP domain, this is applied to compress the semantics of contextual
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words, phrases, and sentences. For our GED estimation problem, it
could be applied to compress the : sub-KGs into a more concise,
high-level representation. Second, for di�erent input embedding
vectors, the attention coe�cients U8, 9 are di�erent. This allows the
outputs to adaptively focus on di�erent parts of the sub-KGs. In the
NLP task, this is useful to resolve the semantics of demonstrative
pronouns. For our GED estimation problem, this mechanism enables
us to: (1) process the highly and weakly correlated sub-KGs in
di�erent ways. (2) align the sub-KGs with di�erent weights for
di�erent semantic and structural characters in KGs. This way, the
learned model could be applicable to di�erent settings.

Thus, the self-attention module fully satis�es the requirement of
capturing local semantic information, allowing SEABED to identify
semantic di�erences between subgraphs e�ectively. To this end, we
incorporate self-attention as a core component of our model. Specif-
ically, we treat each sub-KG as a token—similar to word tokens in
NLP [71] or image patches in computer vision [15]. However, two
key challenges arise: Challenge 1: How to e�ectively encode the
position of each sub-KG (token)? Challenge 2: How to aggregate
information across tokens to capture their semantic relationships?

For Challenge 1, we introduce a novel subgraph position em-
bedding strategy. Unlike sequences, general graphs lack a �xed
ordering between subgraphs; instead, their relationships are de-
�ned by the strength of topological connections. To capture the
relative positions between sub-KGs, we de�ne a position matrix

% ∈ R
:×: , where each entry %8, 9 represents the positional relation-

ship between sub-KG S8 and sub-KG S9 :
%8, 9 = cut(S8 ,S9 ), (6)

where cut(S8 ,S9 ) =
∑
G8 ∈S8

∑
G 9 ∈S9

1[48, 9 ∈ E] quanti�es the

number of connecting edges between sub-KG S8 and sub-KG S9
For each sub-KG, we use %8 ∈ R

:×1, the 8-th column of the position
matrix, to capture its relative position to all other sub-KGs. The
positional encoding is then integrated into the subgraph features
via:

�S8 = �S8 +,% · %8 , (7)

where,% ∈ R
3×: is a learnable parameter.

To address Challenge 2, we randomly initialize a special em-

bedding vector I ∈ I
3 as input. I would be fed into the subsequent

modules with the other embedding vectors together. It serves to
amalgamate the information of other embedding vectors together,
akin to the CLS token in NLP tasks [71] or the virtual node in
GNN [23]. To this end, we can employ the self-attention module to
capture semantic dependencies and interactions among sub-KGs.
In particular, let NS = [�S1 , �S2 , . . . , �S: ,I]. Speci�cally, in our
method, the features of the : subgraphs �( , are used as queries (&),
keys ( ), and values (+ ) for the self-attention computation,

N
′
( = softmax

( (N(W& ) (N(W )⊤√
3:

)
· (N(W+ ), (8)

where W& ,W , andW+ are learnable weight matrices.
During the computation, the semantic information of the sub-

KGs is fused via the self-attention mechanism, enabling the model
to automatically adjust weights based on the semantic relationships
between subgraphs and focus on the most critical parts for GED
estimation. Finally, we extract the output vector in N

′
( correspond-

ing to IG as the �nal representation. This vector can be regarded

as a high-order summarization of both the outputs and the input
features. As a result, we only retain this condensed representation
for use in the next stage.

To better illustrate how our partitioning strategy captures seman-
tic entanglement, we provide an example in Figure 6. Speci�cally,
Figure 6(a) presents a KG with 10 entities describing relationships
surrounding the Nobel Prize. Figure 6(b) shows the semantic simi-
larity matrix of all entity pairs, where darker colors indicate higher
similarity. Based on this matrix, the KG is partitioned into four
sub-KGs (the index of each sub-KG is shown in the upper-right
corner). We observe that entities with strong semantic relevance
are naturally grouped together, and each sub-KG forms a coher-
ent semantic unit. Figure 6(c) further shows the similarity matrix
between the KG in Figure 6(a) and another KG when computing
the GED between them, where both KGs are partitioned into four
sub-KGs (eight sub-KGs in total). This matrix captures the pair-
wise similarities among all sub-KG pairs and serves as the basis for
SEABED to estimate the GED. Consequently, SEABED assigns larger
attention weights to these coherent regions, enabling more accurate
alignment of the local semantic units across the two KGs.

4.4 Global semantic estimator

In this section, we introduce the implementation of the Global
Semantic Estimator and discuss how it integrates both global and
local information to predict the GED.
Graph-level representation. Figure 4 shows the SEABED archi-

tecture that consists of a GNN that implements Message Passing
Layers, and an NTN to capture the interaction of two KGs. To design
a KG-native graph representation method, we require a Message
Passing strategy that models both edge labels and their directions.
This is because, unlike graphs that only contain node labels and
are undirected, KGs not only carry rich semantic information in
their edges (i.e., predicates) but also are directed. Hence, instead of
using a standard Message-Passing function, we design a KG-native
message-passing (KMP) function, speci�cally designed to handle
the semantic information embedded in both the nodes and edges
of the KG. The KMP is extended by the Message Passing function
from GINEConv [27]:

ℎ
(: )
8 =MLP(: )

(
(1 + [) · ℎ (:−1)8 +∑

G 9 ∈# − (G8 ,G)
�
(
W

−
6

(
ℎ
(:−1)
8 ∥ ℎ8, 9 ∥ ℎ (:−1)9

))
+

∑
G 9 ∈#+ (G8 ,G)

�
(
W

+
6

(
ℎ
(:−1)
9 ∥ ℎ 9,8 ∥ ℎ (:−1)8

)) )
.

(9)

This function makes a case distinction between incoming and
outgoing edges, di�erentiated by # + and # − , respectively. In-
stead of aggregating the node features ℎ8 , ℎ 9 and edge features
ℎ8, 9 through summation, the function concatenates them (∥) and
linearly projects them to the same dimensionality as ℎ8 using the
matricesW+

6 , andW
−
6 . Here, � is a ReLU activation function, and we

utilize two di�erent matrices W+
6 and W

−
6 to capture the direction

of edges. Besides, for two KGs, we also do not need two matrices
W61 and W62 , since parameter sharing is a commonly used way in
the machine learning area [4, 5, 54, 61] to reduce the model size
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and improve the training e�ciency. Lastly, the MLP(: ) receives as
input sums of triple pattern representations.

In a preliminary study, we found that using more layers does not
improve the model’s performance. Possible explanations for this are
that (1) the GED calculation typically focuses on small KGs, so two
steps of message-passing are su�cient, and (2) fewer layers avoid
the over-smoothing problem [11], where node representations be-
come increasingly similar, which deteriorates model performance.
Hence, we use the 2-layer GNN in SEABED.

After the KG nodes have been transformed by the two Message
Passing Layers, they need to be aggregated into a �xed-length
vector. For that, SEABED applies a Global Sum Aggregation to them.
That is, the representations of the nodes are summed up dimension-
wise, resulting in a single vector �G with the same dimensionality
as the node embeddings:

�G =

=∑
8

ℎ
(:=2)
8 , (10)

where �G ∈ R
3 is a 3-dimensional embedding to represent the

high-level information of G.
NTN interaction module. Given two KGs, G1 and G2, the GNN
model of SEABED generates two KG embeddings, �G1 and �G2 ,
respectively. Recall that GED measures the similarity between two
KGs. Here, to capture the intricate relationships between these
embeddings, we employ an NTN [63], similar to existing methods,
which operates as follows:

Γ = �
(
�⊤

G1
W

[1· · ·36 ]
C �G2 +W2 (�G1 ∥ �G2 ) + b

)
, (11)

where WC ∈ R
3×3×36 , W2 ∈ R

36×23 and b ∈ R
36 are learnable

matrices, ∥ denotes the concatenation of two vectors, and � is a
ReLU activation function. The hyperparameter 36 is used to control
the dimensionality of the embeddings after interaction. The NTN
allows the SEABED to capture the structural di�erences between
two KGs from a global perspective. In addition, the matrix W2 acts
as a channel attention mechanism, assigning di�erent weights to
each dimension of the embeddings �G1 and �G2 . This allows the
model to selectively focus on the most important features of both
KGs, enhancing its ability to capture critical structural information.
Multi-scale semantic fusion. In SEABED, we improve the predic-
tion accuracy of the GED by integrating both local and global
information. Speci�cally, we concatenate the local semantic vector
IG and the global semantic vector Γ, forming a comprehensive
feature vector U = [Γ ∥ IG]. This concatenation preserves the
independence of local and global information while enabling the
model to capture their inter-dependencies, thereby more accurately
characterizing the di�erences between the graphs. Next, we use a
Multi-Layer Perceptron (MLP) to process the concatenated feature

vector and predict the graph edit distance 3̂ (G1,G2) =MLP(U).

4.5 Model training

In SEABED, we not only employ supervised learning to train the
model – minimizing the mean squared error (MSE) between the

predicted GED 3̂ (G1,G2) and the true GED 3 (G1,G2) – but also
introduce the Earth Mover’s Distance (EMD) as an auxiliary loss
term. EMD serves as a key regularization for global semantic align-
ment, encouraging the learned representations of the two KGs to

capture their overall semantic similarity. Speci�cally, the MSE loss
for GED prediction is de�ned as:

LMSE =
1

|� |
∑

(8, 9 ) ∈�

(
3̂ (G8 ,G9 ) − 3 (G8 ,G9 )

)2
, (12)

where � is the set of KG pairs in the training dataset, 3̂ (G8 ,G9 ) is
the predicted GED, and 3 (G8 ,G9 ) is the true GED.

On the other hand, EMD measures the di�erence between two
KGs in the global feature space, enhancing the model’s ability to
capture global information. The EMD is computed as:

LEMD =

∫ +∞

−∞

����̂�G1
(G) − �̂�G2

(G)
��� 3G, (13)

where �̂�G1
and �̂�G2

are the empirical cumulative distribution

functions (CDFs) of the graph-level representations �G1 and �G2 ,
respectively. Intuitively, this loss measures the overall discrepancy
between the two feature distributions. For the common case where
both empirical distributions assign equal weights to all dimensions,
the EMD admits a simple closed-form:

LEMD =
1

3

3∑
8=1

���b�G1
(8) − b�G2

(8)
��� , (14)

where b�G1
and b�G2

are the feature values of �G1 and �G2 sorted

in ascending order, and 3 denotes the dimensionality of the graph-
level representations. The total loss function combines the MSE
loss and the EMD loss term:

LTotal = LMSE + _ · LEMD, (15)

where _ is used to control the weight of the EMD loss term.

5 EXPERIMENTS

We now present the experimental results. Section 5.1 discusses the
setup. We discuss the results in Sections 5.2 and 5.3.

5.1 Setup

Table 1: Meta KG characteristics.

Name Triples Entities Predicates Classes

SWDF 242,256 76,711 170 118

LUBM 2,688,849 664,048 18 15

YAGO 58M 13M 92 189K

WIKIDATA 21M 5M 872 19K

Table 2: Statistics of KG sets.

Name # KGs |+ | |� | |+ |max |� |max # pairs

SWDF 1000 7 8 10 20 50000

LUBM 1000 7 6 10 20 50000

YAGO 1000 19 21 25 40 30000

WIKIDATA 1000 25 27 30 78 50000
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5.1.1 Datasets. We use four real-world knowledge graphs (KGs) as
meta KG – SWDF [48], LUBM [22], YAGO [65], andWIKIDATA [76]
– to construct our training and test sets. The statistics of these KGs
are reported in Table 1. The detailed descriptions of each dataset are
provided in our technical report [88]. We use the aforementioned
KGs as meta KGs and create KG pairs by generating smaller KGs
from them. To do this, we employ the random walk, which is a
commonly used method for extracting small, representative sub-
graphs from large graphs [7, 66, 87]. Table 2 presents the statistics
of the KGs generated from meta KGs. Speci�cally, # KGs denotes

the number of KGs; |+ | and |� | represent the average number of
vertices and edges; |+ |max and |� |max are the maximum number of
vertices and edges, respectively; and # pairs indicates the number
of KGs pairs used for training our SEABED to estimate the GEDs.

5.1.2 Ground-truth GED Generation. Since all KGs in SWDF and
LUBM have no more than 10 nodes, we simply use the exact algo-
rithm to generate the ground-truth data on these KGs. However, due
to the NP-hardness of GED computation, the ground-truth data of
YAGO andWIKIDATA is usually generated in a sub-optimal manner
instead. Hence, we follow the existingworks [4, 54] that use a simple
way to synthesize KG pairs in a given data set. Speci�cally, for each
KG G, we can randomly apply Δ graph edit operations on it and get
a synthetic KG G′. Notably, when constructing a new KG, we per-
form fact validation to ensure that all encoded facts are correct and
semantically consistent. Note that we have GED(G,G′) ≤ Δ. If the
size of G is large enough w.r.t. Δ and these operations edit distinct
nodes/edges, the probability that GED(G,G′) < Δ is quite low. In
this case, Δ can be approximately regarded as the ground-truth GED
of this synthetic graph pair (G,G′). For the four datasets SWDF,
LUBM, YAGO, and WIKIDATA, their GED values are randomly
distributed in [1, 20], [1, 17], [5, 16], and [5, 16], respectively. We
acknowledge the limitation that this dataset is generated through
simulation rather than using true KG evolution data, which may
a�ect the performance of our model in real-world scenarios.

5.1.3 Data Partition. We divide the KG pairs for the four datasets
into training, validation, and test sets using a 6:2:2 ratio, following
this classical setting [5, 54, 83].

5.1.4 Competitors. Existing methods for GED computing can be
divided into two categories: learning-based and traditional. For the
former type, we mainly compare our method with �ve approaches:
SimGNN [5], TaGSim [4], GPN [83], GEDGNN [54], and GEDIOT [12].
Besides, we also compare our method with the two representa-
tive traditional methods: Greedy [36], and Noah [83]. The detailed
descriptions of each method are shown in our technical report [88].

5.1.5 Detailed Setup. Experimental setup. We implement all
the algorithms in Python with PyTorch, and run experiments on a
machine having an Intel(R) Xeon(R) Platinum 8358 CPU@ 2.60GHz
and NVIDIA GeForce RTX 3090 GPU, with Ubuntu installed. If an
algorithm cannot �nish in 48 hours, we mark its running time as
“—” in the table. We provide the detailed hyperparameter settings
of all experiments in our technical report [88].

Evaluation metrics. To demonstrate the superiority of SEABED,
we evaluate the performance of our model using the following
metrics that are commonly used in the previous works [4, 5, 54, 83]:

• GED prediction accuracy: We use two widely used met-
rics Mean Absolute Error (MAE) and accuracy to measure
the performance of our model. Speci�cally, given the true

GED value3 and the predicted GED value 3̂ for each test KG

pair, the MAE is de�ned as |3 − 3̂ |, and accuracy is de�ned

as the proportion of test KG pairs for which ⌈3̂⌉ = 3 .
• Ranking metrics: For each test KG G, we have 30 KGs
that form the testing set. These KGs can be ranked based on
their true GED values relative to the test KG G. Therefore,
we use Spearman’s rank correlation coe�cient W , Kendall’s
rank correlation coe�cient g , and precision at ranks 5, 10,
15, and 20 (denoted as ?@5, ?@10, ?@15 and ?@20) as
evaluation metrics.

5.2 Comparison with the existing methods

In this section, we present the metric values calculated by compar-
ing the ground-truth GEDs with those obtained from di�erent GED
estimation methods.

1. GED precision accuracy. As shown in Table 3, we compare
the MAE and Accuracy values for all GED estimation methods.
Speci�cally, each method is run �ve times independently, and we
report the average performance across all runs for each evaluation
metric. In Table 3, each result is presented in the form of ` ± f ,
where ` denotes the mean value over �ve independent runs and
f represents the corresponding standard deviation, computed as:

f =

√
1
#

∑#
8=1 (G8 − `)2, where # is the total number of runs and G8

denotes the result of the 8-th run. Based on the results, we can make
the following observations and analysis: (1) For the best results
(i.e., ` + f), SEABED signi�cantly outperforms all existing methods
in terms of MAE and Accuracy. For example, the MAE is reduced
by up to 66.7%, while accuracy improves by up to 70.5%, demon-
strating the e�ectiveness of SEABED in estimating GED. Even when
considering the average performance (i.e., `), SEABED still achieves
up to a 73.8% reduction in MAE and a 103% improvement in accu-
racy, demonstrating both the e�ectiveness and robustness of our
approach. This is because SEABED is a KG-native model that not
only employs a novel local semantic alignment strategy to capture
regional structural and semantic di�erences, but also introduces
EMD to align global semantic distributions between knowledge
graphs. (2) For larger KGs, such as YAGO and WIKIDATA, SEABED
shows more signi�cant improvements compared to smaller KGs.
For instance, when compared to the second-best algorithm, the
MAE decreases from 0.391 to 0.212 on WIKIDATA, while accuracy
increases from 57.6% to 98.2% on YAGO. This is because larger KGs
typically contain a vast number of di�erent types of entities and
predicates, which makes existing learning-based methods struggle
to capture the key structural and semantic di�erences between the
two KGs. Besides, we also compute the ?-values [79] (a well-known
statistical signi�cance measure) between GEDIOT and SEABED to
quantify the performance advantage of our method. For both MAE
and Accuracy, the ?-values are below 0.05 across all datasets, indi-
cating that the improvements achieved by SEABED are statistically
signi�cant. Moreover, for Accuracy, the ?-values are below 0.01,
suggesting a highly signi�cant improvement. Due to the space
limitation, the details are presented in our technical report [88].
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Table 3: Performance of all GED computation methods, where shaded areas indicate the best results and orange marks the

second-best results.

SWDF
GED Ranking

MAE Accuracy(%) W g ?@5(%) ?@10(%) ?@15(%) ?@20(%)

SimGNN 0.799±0.015 41.39±0.80 0.823±0.002 0.692±0.003 41.74±1.00 61.83±0.20 72.94±0.37 79.36±0.14
TaGSim 1.334±0.023 28.68±2.80 0.770±0.023 0.642±0.021 43.96±3.08 63.23±11.17 67.20±1.78 75.29±1.53
GEDGNN 0.873±0.035 34.72±1.29 0.865±0.003 0.741±0.002 44.25±1.46 62.38±0.54 72.91±0.48 79.76±0.24
GPN 1.011±0.152 31.21±1.95 0.844±0.035 0.719±0.036 45.00±1.51 60.92±1.37 71.92±2.31 78.68±1.69

GEDIOT 0.771±0.068 40.57±2.29 0.906±0.014 0.792±0.019 53.19±1.35 68.04±1.58 78.08±1.65 83.58±1.16
Greedy 4.034±0.000 8.90±0.00 0.262±0.000 0.321±0.000 24.20±0.00 36.30±0.00 47.50±0.00 56.70±0.00
Noah — — — — — — — —
SEABED 0.675±0.007 47.40±0.38 0.886±0.002 0.769±0.003 52.81±0.89 67.32±0.49 77.27±0.50 82.52±0.40

LUBM
GED Ranking

MAE Accuracy(%) W g ?@5(%) ?@10(%) ?@15(%) ?@20(%)

SimGNN 1.113±0.269 28.76±4.96 0.750±0.049 0.614±0.045 36.04±8.06 54.42±7.44 66.05±5.20 74.23±3.13
TaGSim 1.182±0.018 49.73±0.74 0.818±0.005 0.699±0.005 47.34±1.98 62.56±0.79 70.26±0.84 76.14±0.78
GEDGNN 0.701±0.026 43.84±2.60 0.887±0.002 0.762±0.014 48.72±1.15 63.35±0.85 73.84±0.79 81.04±0.27
GPN 0.877±0.125 35.50±5.18 0.816±0.052 0.686±0.061 42.58±3.95 59.98±2.28 70.81±2.68 77.71±2.39

GEDIOT 0.702±0.017 44.35±1.77 0.882±0.003 0.762±0.003 46.18±1.86 63.17±0.89 73.80±0.48 80.62±0.19
Greedy 1.988±0.000 11.80±0.00 0.475±0.000 0.405±0.000 33.70±0.00 49.20±0.00 61.50±0.00 68.40±0.00
Noah — — — — — — — —
SEABED 0.590±0.011 52.29±1.05 0.925±0.002 0.824±0.003 66.73±1.14 74.48±0.57 80.72±0.47 85.23±0.23

YAGO
GED Ranking

MAE Accuracy(%) W g ?@5(%) ?@10(%) ?@15(%) ?@20(%)

SimGNN 0.831±0.021 31.93±0.99 0.922±0.000 0.799±0.000 70.81±0.62 85.67±0.18 89.78±0.14 92.37±0.06
TaGSim 2.285±0.935 13.04±3.38 0.889±0.045 0.768±0.052 70.89±5.04 83.82±3.65 88.59±2.88 87.68±7.39
GEDGNN 0.820±0.099 36.42±4.15 0.964±0.005 0.882±0.011 80.13±2.10 87.82±3.87 93.33±0.52 95.04±0.55
GPN 0.898±0.115 34.76±4.30 0.958±0.015 0.871±0.034 80.27±3.66 89.30±1.78 92.62±1.57 94.26±1.13

GEDIOT 0.678±0.227 47.01±11.12 0.973±0.020 0.909±0.048 82.56±4.93 91.29±2.46 94.14±2.05 95.62±1.64
Greedy 14.936±0.000 0.00±0.00 0.833±0.000 0.698±0.000 60.69±0.00 79.40±0.00 85.93±0.00 90.32±0.00
Noah — — — — — — — —
SEABED 0.177±0.032 95.78±2.38 0.991±0.000 0.951±0.000 87.84±0.43 93.68±0.12 95.70±0.08 97.06±0.07

WIKIDATA
GED Ranking

MAE Accuracy(%) W g ?@5(%) ?@10(%) ?@15(%) ?@20(%)

SimGNN 0.868±0.018 31.08±1.21 0.921±0.001 0.793±0.002 54.35±1.29 76.82±0.17 83.71±0.23 88.02±0.18
TaGSim 3.127±1.133 9.97±3.86 0.832±0.084 0.683±0.093 50.90±6.74 71.55±3.86 76.52±6.35 81.69±5.48
GEDGNN 0.866±0.121 36.10±6.13 0.962±0.016 0.892±0.015 67.87±2.01 86.29±1.32 89.36±0.71 92.85±0.49
GPN 1.219±0.226 24.85±4.57 0.959±0.021 0.872±0.045 66.03±4.79 84.20±4.39 87.93±3.14 91.71±2.24

GEDIOT 0.697±0.272 45.59±15.15 0.979±0.013 0.916±0.033 69.73±4.04 87.88±2.88 90.71±2.20 94.05±1.64
Greedy 21.742±0.000 0.00±0.00 0.831±0.000 0.695±0.000 49.20±0.00 65.19±0.00 75.99±0.00 82.45±0.00
Noah — — — — — — — —
SEABED 0.242±0.030 89.48±1.95 0.992±0.000 0.948±0.000 73.89±0.71 90.90±1.10 92.60±0.04 95.48±0.16

2. Ranking metrics. As for the ranking metrics, SEABED almost
achieves the best performance, especially on the rank correlation co-
e�cient W . For example, on the LUBM dataset, our SEABED achieves
a W score at 0.928, surpassing GEDIOT (0.893) by 3.91% and SimGNN

(0.881) by 5.33%, respectively. For the two larger KGs, we can see
that SEABED always performs better than the competitors, in terms
of precision and coe�cient values. The above results demonstrate
that SEABED can be used to e�ectively identify similar KGs for a
given KG. Besides, traditional algorithms usually underperform
compared to learning-based algorithms due to their lower accuracy
in GED prediction. In general, more accurate GED predictions lead
to better performance in the above downstream applications.

5.3 Detailed analysis of SEABED

In this subsection, we �rst conduct several ablation studies and
then present the detailed analysis for SEABED.

1.Ablation studies. To evaluate the e�ectiveness of our pro-
posed key component in SEABED, we design four variants of the
SEABED: (1) w/o Local: Remove the local semantic alignment mod-
ule from SEABED. (2) w/o Motif-Count: Exclude the local motif
count feature from each node’s initial embedding. (3) w/o EMD: Omit
the Earth Mover’s Distance (EMD) as an auxiliary loss function
in the training stage, and (4) w/o Pos.-Emb.: Remove positional
encoding from the self-attention SEABED. We then compare these
variants with SEABED and present the results in Table 4. Based on the
results, we can make the following observation: (1) The attention-
based local semantic alignment module e�ectively detects subgraph
di�erences between KGs, resulting in an average MAE reduction of
21.72% and an accuracy improvement of 7.27%. (2) The local count
information helps the model learn the KG structure, thereby retain-
ing the most valuable features for GED estimation, leading to an
average MAE reduction of 13.54% and an accuracy improvement of
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Table 4: Comparative results of SEABED and its variants.

SWDF
GED Ranking

MAE Accuracy(%) W g ?@5(%) ?@10(%) ?@15(%) ?@20(%)
w/o Local 0.707±0.007 44.16±2.31 0.879±0.003 0.759±0.004 50.96±1.67 66.93±0.54 76.79±0.50 81.96±0.42

w/o Motif-Count 0.709±0.005 45.71±0.22 0.878±0.003 0.756±0.003 50.33±0.48 66.43±1.43 76.95±0.29 82.06±0.21
w/o EMD 0.689±0.013 46.74±1.17 0.883±0.005 0.766±0.007 51.61±0.95 67.28±0.52 77.25±0.45 82.32±0.39

w/o Pos.-Emb. 0.681±0.007 47.17±0.71 0.883±0.003 0.765±0.004 51.89±0.43 67.53±0.47 76.91±0.29 82.40±0.38
SEABED 0.675±0.007 47.40±0.38 0.885±0.002 0.769±0.003 52.88±0.38 67.32±0.49 77.27±0.50 82.52±0.40

LUBM
GED Ranking

MAE Accuracy(%) W g ?@5(%) ?@10(%) ?@15(%) ?@20(%)
w/o Local 0.615±0.013 51.17±0.90 0.917±0.003 0.812±0.004 65.29±0.97 73.69±0.48 79.94±0.66 84.65±0.26

w/o Motif-Count 0.623±0.040 50.51±2.40 0.917±0.005 0.813±0.008 65.47±1.35 73.77±0.71 80.18±0.92 84.82±0.57
w/o EMD 0.603±0.015 51.89±1.25 0.919±0.005 0.816±0.007 66.75±1.28 73.80±0.98 80.13±0.79 84.73±0.39

w/o Pos.-Emb. 0.608±0.007 50.85±0.69 0.918±0.003 0.814±0.004 66.32±0.35 73.73±0.85 80.25±0.36 84.61±0.34
SEABED 0.590±0.011 52.29±1.05 0.924±0.002 0.824±0.003 66.73±1.14 74.48±0.57 80.72±0.47 85.23±0.23

YAGO
GED Ranking

MAE Accuracy(%) W g ?@5(%) ?@10(%) ?@15(%) ?@20(%)
w/o Local 0.218±0.067 91.76±7.64 0.991±0.001 0.951±0.001 87.88±0.33 93.43±0.25 95.78±0.21 97.03±0.07

w/o Motif-Count 0.222±0.016 91.37±2.76 0.991±0.000 0.951±0.000 87.52±0.26 93.46±0.25 95.72±0.20 97.03±0.12
w/o EMD 0.215±0.062 92.88±7.86 0.991±0.000 0.952±0.000 86.98±0.42 93.37±0.14 95.81±0.18 97.12±0.08

w/o Pos.-Emb. 0.217±0.027 92.43±2.32 0.991±0.000 0.951±0.000 87.50±0.58 93.49±0.21 95.92±0.16 97.02±0.06
SEABED 0.177±0.032 95.78±2.38 0.991±0.000 0.951±0.000 87.88±0.33 93.68±0.12 95.70±0.08 97.06±0.07

WIKIDATA
GED Ranking

MAE Accuracy(%) W g ?@5(%) ?@10(%) ?@15(%) ?@20(%)
w/o Local 0.284±0.037 84.87±4.67 0.991±0.000 0.948±0.001 73.31±0.45 90.69±0.32 92.80±0.27 95.45±0.15

w/o Motif-Count 0.268±0.024 86.48±2.61 0.992±0.000 0.949±0.001 72.99±0.55 90.42±0.26 92.54±0.31 95.55±0.09
w/o EMD 0.288±0.088 83.86±11.52 0.992±0.000 0.948±0.002 73.91±0.76 90.51±0.28 92.64±0.32 95.60±0.16

w/o Pos.-Emb. 0.274±0.027 86.04±3.21 0.992±0.000 0.948±0.001 73.25±0.61 90.49±0.32 92.82±0.21 95.41±0.21
SEABED 0.242±0.030 89.48±1.95 0.992±0.000 0.949±0.001 73.91±0.76 90.90±1.10 92.60±0.04 95.48±0.16

4.52%. (3) EMD, as an auxiliary loss function, increases the model’s
focus on global alignment, but the improvement is limited, with an
average MAE reduction of 5.70% and an accuracy improvement of
1.1%. (4) The positional encoding e�ectively captures the spatial
dependencies among sub-KGs and their contextual roles within the
entire KG. Removing it leads to a performance drop, for example,
on the YAGO dataset, removing positional encoding increases the
average MAE from 0.177 to 0.217.

2.Sensitivity to embedding models. In this experiment, we
include and test four embedding methods for obtaining the initial
KG embeddings. Speci�cally, we include four representative ap-
proaches: (1) a GNN-based method, CompGCN [70], (2) a semantic
matching-based method, DistMult [82], (3) a translation distance-
based method, TransR [42], and (4) the RDF2Vec [64]. For the SWDF
and LUBM datasets, we replaced the original embedding method
RDF2Vec in SEABED with each of the three embedding models dis-
cussed above. Accordingly, SEABED (CompGCN), SEABED (DistMult),
SEABED (TransR), and SEABED (RDF2Vec) denote the variants
that use CompGCN, DistMult, TransR, and RDF2Vec as their initial
embedding models, respectively. The corresponding results are
reported in Table 5. As shown in the results, the performance of
SEABED remains consistently strong across di�erent embedding
choices, demonstrating that its improvements do not rely on a
speci�c embedding model. Besides, under all embedding settings
SEABED still outperforms the strongest baseline GEDIOT, further
con�rming that the e�ectiveness of our method stems from its
semantics-aware design rather than the initial embeddings.

3. Memory requirements. The design of SEABED incurs slightly
higher GPU usage compared to existing methods. We note that
SEABED requires about 2× the GPUmemory of baseline models. The
detailed result is shown in our technical report [88]. However, this
overhead is very modest in practice; the total memory consumption
remains under 3GB, which is easily supported by mainstream GPUs
(e.g., RTX 3090/4090) as well as common personal GPUs (e.g., RTX
4060 Ti 8GB). Given the signi�cant performance gains achieved by
SEABED, we believe this small GPU overhead is unlikely to pose a
practical limitation in real-world applications.

4. Scalability study. Based on the SWDF dataset, we constructed
four expanded versions by progressively increasing the sizes of the
KG pairs in each dataset. Here, SWDF-1 corresponds to the original
dataset, while higher indices indicate proportionally larger KGs
(with SWDF-5 being the largest). The statistics of the �ve datasets
are shown in our technical report [88]. Next, we evaluate SEABED
and compare it with the strongest baseline GEDIOT across all �ve
datasets. As shown in Table 6, SEABED consistently outperforms
GEDIOT in both MAE and Accuracy across all scales, demonstrating
the strong scalability of our method.

5. Failure cases analysis. When two KGs exhibit strong global
similarity, the global signal may dominate the �nal prediction, pre-
venting the local semantic di�erences from fully in�uencing the
estimated GED and causing SEABED to underestimate the true dis-
tance. We present the detailed analysis in our technical report [88].
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Table 5: Comparative performance results of SEABED and its variants under di�erent embedding models.

SWDF
GED Ranking

MAE Accuracy(%) W g ?@5(%) ?@10(%) ?@15(%) ?@20(%)
SEABED (TransR) 0.640±0.024 48.95±3.14 0.894±0.003 0.782±0.004 54.97±0.53 69.51±0.59 78.30±0.35 83.41±0.34
SEABED (CompGCN) 0.645±0.008 49.06±0.99 0.895±0.003 0.782±0.004 55.67±1.17 69.33±1.01 78.35±0.62 83.04±0.35
SEABED (DistMult) 0.679±0.010 47.00±0.76 0.883±0.002 0.765±0.003 52.37±1.03 67.15±1.12 76.67±0.27 82.06±0.31
SEABED (RDF2Vec) 0.675±0.007 47.40±0.38 0.885±0.002 0.769±0.003 52.88±0.38 67.32±0.49 77.27±0.50 82.52±0.40

LUBM
GED Ranking

MAE Accuracy(%) W g ?@5(%) ?@10(%) ?@15(%) ?@20(%)
SEABED (TransR) 0.573±0.021 53.66±1.83 0.926±0.005 0.826±0.007 67.11±1.23 75.30±0.99 80.96±0.95 85.44±0.69
SEABED (CompGCN) 0.592±0.010 52.06±1.31 0.924±0.002 0.824±0.003 66.95±0.73 74.93±0.56 81.29±0.35 85.31±0.41
SEABED (DistMult) 0.597±0.010 52.22±0.68 0.922±0.002 0.820±0.003 66.41±1.02 74.05±0.65 80.58±0.13 87.03±4.11
SEABED (RDF2Vec) 0.590±0.011 52.29±1.05 0.924±0.002 0.824±0.003 66.73±1.14 74.48±0.57 80.72±0.47 85.23±0.23

Table 6: Comparative results of SEABED and GEDIOT on di�er-

ent scale datasets.

SWDF-1 MAE Accuracy(%)
GEDIOT 0.771±0.068 40.57±2.29
SEABED 0.675±0.007 47.40±0.38
SWDF-2 MAE Accuracy(%)
GEDIOT 0.973±0.139 30.51±3.71
SEABED 0.569±0.031 50.51±2.83
SWDF-3 MAE Accuracy(%)
GEDIOT 2.289±0.068 12.91±0.34
SEABED 0.579±0.009 49.01±0.18
SWDF-4 MAE Accuracy(%)
GEDIOT 2.444±0.172 11.65±0.31
SEABED 1.780±0.741 21.19±11.25
SWDF-5 MAE Accuracy(%)
GEDIOT 2.863±0.224 10.06±0.57
SEABED 2.078±0.676 17.46±9.55

6 RELATED WORKS

This section reviews the existing works of graph similarity problem
and subgraph matching problem.

• Graph similarity problem. Computing similarity between
two graphs is a fundamental problem in the graph analysis area,
where graph edit distance (GED) [4, 5, 17, 29, 36, 54, 56, 57, 83]
and maximum common subgraph (MCS) [6, 43, 45, 58, 74] are the
widely used metrics. GED denotes the smallest operations needed
to transfer one graph into another, which is widely used in the
graph database and graph queries. The GED can be computed via
minimum weight matching [17, 29, 36, 56, 57] and A∗ [49] searches.
In general, those traditional solutions are suitable for small graphs,
but their performance declines for larger graphs. The minimum
weight matching-based methods are based on the key fact that two
graphs can be transformed into a bipartite graph. Hence, the GED
over these two graphs is exactly the minimum weight matching of
this bipartite partial graph. Consequently, researchers have turned
to machine learning-based algorithms [4, 5, 12, 54, 83] to enhance
e�ciency and accuracy. The representative methods are extensively
reviewed in Section 3. MCS is the largest subgraph that is commonly
present in both input graphs [43, 45, 58, 74]. MCS detection is a
well-known NP-hard problem [58] with existing methods based on
constraint programming [45, 74], branch and bound [43, 46], integer
programming [3], conversion to maximum clique detection [40, 45]
and machine-learning based methods [6, 43].

• Subgraph matching problem. Due to the importance of
subgraph matching, various algorithms [8, 24, 30, 33, 67, 69, 73, 85]
have been proposed. The solutions of subgraph matching can be
divided into three categories, namely join-based, exploration-based,
and hybrid methods. To enable parallel computing, join-based meth-
ods have been widely adopted in parallel [34, 59] or distributed
manner [31, 37, 38, 55, 77]. For join-based methods, Lai et al. [39]
classify join strategies into binary join [37, 38, 55, 68] andworst-case
optimal join (WCOJ) [1, 2, 31, 50–52, 72]. Most in-memory single-
threaded approaches [8, 24, 25, 30, 33, 73] adopt exploration-based
methods. Wang et al. [77] develop an exploration-based approach in
distributed systems while researchers [84] explore hybrid method-
ologies. Subgraph matching can be used in the subgraph search
problem [6], which aims to �nd all the graphs in the database that
contain the query graph.

7 CONCLUSIONS

In this paper, we investigate the problem of graph edit distance
(GED) computation over a pair of KGs. Traditional GEDmethods are
time-consuming and often yield suboptimal results. GNN-based ap-
proaches, while e�ective for simple graphs, typically ignore the rich
semantics and complex relationships inherent in KGs, making them
unsuitable for direct application to KGs. To improve estimation
accuracy, we propose SEABED, which captures both structural and
semantic di�erences between two KGs from local and global per-
spectives. This is achieved through a novel local semantic alignment
module and a new global semantic alignment strategy. Extensive
experiments on four real-world KGs demonstrate that our proposed
algorithm outperforms the state-of-the-art methods on all datasets.
In particular, the mean absolute error is reduced by up to 66.7%,
while the accuracy is improved by up to 70.5%. In future work, we
plan to leverage authentic KG version histories (e.g., version iden-
ti�ers, temporal snapshots, or change logs) to construct datasets
whose ground-truth GEDs more accurately re�ect real-world KG
updates, and test the performance of our method on such datasets.
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