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Abstract. Entity alignment is the task of identifying equivalent instances across
different knowledge graphs (KGs). This idea is extended by KG alignment, which
additionally involves discovering correspondences not only between entities, but
also between relations and classes across the KGs. Existing approaches to entity
and KG alignment often fail to fully exploit schema information: embedding-
based methods tend to obscure it during representation learning, while others
ignore it entirely and rely primarily on lexical similarities. In this paper, we pro-
pose SECEA, an unsupervised framework for entity and KG alignment. SECEA
integrates multiple categories of matchers based on explainable matching rules
and employs a dynamic selection mechanism that prioritizes the most coherent
matchers with respect to the current alignment state. We evaluate our approach
on widely used real-world benchmark datasets from the alignment literature. The
results show that SECEA outperforms current state-of-the-art methods in class
and property alignment within the KG alignment setting, as well as in instance
alignment for the entity alignment task.

Keywords: Knowledge Graphs · Data Integration · Entity Alignment · Knowl-
edge Graph Alignment

1 Introduction

Knowledge Graphs [18] (KGs) represent structured knowledge in the form of triples
⟨subject, relation, object⟩, enabling efficient access for both humans and machines.
Within a single KG, entities are identified by Internationalized Resource Identifiers
(IRIs). However, the same real-world entity is often assigned different IRIs across dif-
ferent KGs [24], since IRIs begin normally with a namespace defined by the KG’s
creator, which inherently differs across KGs. This becomes a problem due knowledge
becoming scattered between KGs such as DBPEDIA [26], WIKIDATA [48], YAGO [39],
and enterprise KGs [13]. As a result, it becomes difficult to consolidate and fully ex-
ploit all available information about a given entity. Hence, entity alignment is a crucial
task for integrating data and improving the accuracy of downstream tasks like link pre-
diction [35], Retrieval-Augmented Generation (RAG) for question answering [29], and
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fact verification [25]. The same holds for the task of KG alignment [15], which extends
entity alignment to also require a mapping between the schemas of KGs (i.e., classes
and relations as defined in OWL [17]).

Recently, the Tiered Iterative Matching (TIM) architecture [2,4] has been proposed
for KG alignment consisting of individual matchers, which create matches based on
previous defined rules, and are separated into iterative matchers that run several times
and bootstrap matchers that only run once. However, even though the architecture shows
promising results, we identify multiple insufficiencies within this architecture: 1) The
order of matchers has to be explicitly specified by the user; 2) Bootstrap matchers are
only run one time even if their output can change depending on the time they are run; 3)
Several matchers rely on a predefined set of relations indicating the name of elements
(e.g., rdfs:label), which is not generally applicable for all KGs.

Consequently, we develop an approach to mitigate these problems by proposing a
framework that 1) is capable of selecting the order of matchers dynamically without
any user input; 2) only consists of repeatably running matchers so no division between
bootstrap matchers and iterative matchers is needed; 3) dynamically identifies relations
that specify the name/title of elements for any KG without requiring any user interven-
tion. 4) Retains the explainability, scalability, unsupervised nature, and low resource
requirements from TIM.

The main contributions of this paper are the following:

– We propose an unsupervised iterative matching framework that dynamically con-
figures the ordering of matchers instead of relying on a predefined order as it is
utilized by current state-of-the-art architectures.

– We present multiple matcher selection strategies and analyze their strengths and
weaknesses within our framework.

– We run extensive experiments on multiple real-world datasets that show the supe-
riority of our approach compared to other SOTA approaches while not relying on
expensive hardware nor training data.

2 Related Work

Entity Alignment. Supervised entity alignment systems often rely on translational or
GNN-based entity for each input KG [43] that get integrated using parameter swap-
ping [42,27,59,57], parameter sharing [58,40,46], calibration [51,50,6,54,28,56,55], or
transformations [8,7,33] between vector spaces. Other supervised neural approaches
treat entity alignment as a multi-class classification problem where the model is opti-
mized to produce a 1-to-1 mapping [53,12].

Unsupervised entity alignment systems often rely on literal attributes to align enti-
ties using lexical similarity measures [5,1,3], pretrained BERT models [34,52,45,44], or
LLMs [19,22,9] to use high similarity pairs as seed matches for self-supervised learn-
ing, move pairs with high literal similarity close to each other in the embedding space,
or directly align entities based on the computed similarity. Traditional non-neural en-
tity alignment frameworks [30,47,20,38] strongly rely on string similarity measures or
predefined rules that can be found by unsupervised heuristics, training data, or active
learning techniques [32,37,31].
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While most recent methods for entity alignment rely on embeddings or transformers
in some form and therefore lose explainability, SECEA is explainable throughout the
whole alignment process. Each match (or non-match) can be explained as the individual
matchers employed by our framework are inherently explainable through their rule-
based nature and the selection of matchers is determined directly based on the proposed
matches from each matcher and the current alignment.

Knowledge Graph Alignment. The task of KG alignment extends the entity align-
ment task by also requiring matches between classes and properties. Similar to the ap-
proaches for entity alignment, traditional KG alignment approaches [20,36,11] heavily
rely on string similarity measures to find correspondences between the input KGs. Re-
cently, fully LLM-based methods have been proposed [23,16] that use LLMs to decide
whether a pair of classes, properties, or instances has a high similarity and if a match
should be created. Furthermore, phrase encoders and fuzzy logic have been applied to
KG matching [34]. The most similar work to our approach is TIM [4], which com-
bines iterative matchers and bootstrap matchers based on the KG structure to iteratively
expand the mapping. However, as stated previously, this design comes with a few weak-
nesses, which we avoid in our proposed framework.

3 Preliminaries

Definition 1 (Knowledge Graph). A Knowledge Graph is a set of triples G ⊆ GE ×
GR × (GE ∪ GL) with GE being the entities, GR being the relations, and GL being
the literals in G. OWL [17] further refines the structure of a KG into classes GC that
represent concepts, properties GP that are similar to relations, and instances GI that
are individuals and can be part of a class concept. In the rest of the paper, we refer
to any class, property, instance, or literal as an element of a KG when the distinction
between them is not relevant.

Definition 2 (Entity Alignment). Entity Alignment is the task of finding an alignment
A ⊆ SI×TI between the instances of two knowledge graphs S (source) and T (target).
The alignment should contain instance pairs that refer to the same real-world entity.

Definition 3 (Knowledge Graph Alignment). Knowledge Graph Alignment extends
entity alignment to the OWL domain. For this task, the alignment A should contain
class, property, and instance pairs; formally A ⊆ (SC ×TC)∪ (SP ×TP )∪ (SI ×TI).

Similar to most other works, we restrict the task to finding 1-to-1 alignments [43].

Definition 4 (Triple Equivalence). Two triples ⟨sh, sr, st⟩ ∈ S and ⟨th, tr, tt⟩ ∈ T
are equivalent (denoted ⟨sh, sr, st⟩ ∼= ⟨th, tr, tt⟩) iff the respective components of the
triple are mapped to each other, i.e., (sh, th) ∈ A∧ (sr, tr) ∈ A∧ (st, tt) ∈ A. We also
define partial triple equivalences based on only two of the components each to find out
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if two triples contain the same fact about different entities or relations. Formally,

⟨sh, sr, st⟩
HR∼= ⟨th, tr, tt⟩ ⇐⇒ (sh, th) ∈ A ∧ (sr, tr) ∈ A

⟨sh, sr, st⟩
HT∼= ⟨th, tr, tt⟩ ⇐⇒ (sh, th) ∈ A ∧ (st, tt) ∈ A

⟨sh, sr, st⟩
RT∼= ⟨th, tr, tt⟩ ⇐⇒ (sr, tr) ∈ A ∧ (st, tt) ∈ A

Unique triple equivalences ∼=∗ are equivalences that appear for exactly one pair:

⟨sh, sr, st⟩
HR∼=∗ ⟨th, tr, tt⟩ ⇐⇒ ⟨sh, sr, st⟩

HR∼= ⟨th, tr, tt⟩∧

∄s′ ̸=sh : ⟨s′, sr, st⟩
HR∼= ⟨th, tr, tt⟩ ∧ ∄t′ ̸=th : ⟨sh, sr, st⟩

HR∼= ⟨t′, tr, tt⟩
HT∼=∗ and

RT∼=∗ are defined analogously.

4 Approach

Match Proposal Phase:
Select the first matcher
from each category that
would result in at least
one additional match in
A

n = 1

n = 2

n = 3

n = 4

at least
n unique

equal labels

· · ·

n = 1

. . .

n = 18

n = 19

at least n
equivalent

triples

· · ·

f = 0.4

. . .

f = 0.9

f = 1.0

at least
ratio f of
common
instances
per class

Match Selection Phase: Select the
matcher with the highest overall co-
herency (i.e., lowest ratio of non 1-
to-1 matches and type mismatches)

Select the most coherent match-
ers’ valid matches or end, if no

matcher finds any valid matches.

S (source KG) A (current alignment) T (target KG)

Fig. 1. An overview of the our proposed framework. In the first phase, within each category we
compute the most restrictive matcher that proposes at least one match that could be added to the
current alignment A. In the second phase, the most coherent matcher is selected and it’s matcher
are applied to A. This repeats until no matcher finds any possible matches.

SECEA is built upon multiple categories of individual rule based matchers, e.g.,
matchers that create matches based on identical labels, triple equivalences, or unique
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triple equivalences. Within each matcher category, there is a logical order of matchers
by their restrictiveness, i.e., a matcher that requires two triple equivalences to consti-
tute a match is more restrictive than a matcher that requires only one triple equivalence
to constitute a match. Among the different categories, there is no defined order of re-
strictiveness as different categories create matches based on different features with no
natural ordering.

Initially, we add all pairs of entities that share an identical IRI to the alignment A,
thereby ensuring that common properties such as rdf:type are matched to them-
selves and that literals with identical lexical representations are aligned accordingly.
Then, the alignment process is conducted using an iterative procedure with two alternat-
ing stages: the match proposal phase and the match selection phase. During the match
proposal phase we query the matchers of each category ordered by restrictiveness for
matches they would create until at least one possible new match is found (i.e., there is at
least one pair that does not violate the current alignment and type coherency, and is not
ambiguous within the proposed matches by that matcher; the details will be explained in
Section 4.1). In the match selection phase SECEA decides which categories’ proposed
matches are the most coherent given the current alignment A. The selected matches get
added to A and all other matches are rejected for the moment. If no matcher proposes
any valid matches, the alignment process ends. A visualization is shown in Figure 1.

4.1 Key Components Of Our Approach

In this section, we provide details about how we discover relations that indicate the
name of entities, restrictions on valid matches, and how to track triple equivalences.

Finding Label Relations. A key task of our approach is finding relations that function
as labels (we will denote them as label relations in the following) specifying the name
of elements, e.g., rdfs:label, skos:altLabel, and foaf:name. Keeping a
fixed list of relations that define a name for entities is possible to some extend for
popular relations, however, as KGs may also use custom relations for defining names,
this would limit the general applicability. Therefore, we compute a set of relations that
may be label relations based on the properties of relations within the KG.

Label relations must be datatype properties, i.e., relations that exist between two
entities are not label relations. Furthermore, label relations do not map several elements
to the same value and should therefore be close to injective. Consequently, we filter out
all relations whose triples do not have at least 95% unique tail values. Formally, we

exclude all relations rel with
|{t|∃h : ⟨h, rel, t⟩ ∈ G}|

|{⟨h, rel, t⟩|⟨h, rel, t⟩ ∈ G}|
< 0.95. In order to also ex-

clude relations that achieve this criterion only due to being very sparse, we additionally
require label relations to be present for at least 10% of entities. All other relations are
considered as label relations, denoted as GL

R ⊆ GR.

Triple Equivalence Counter. Throughout the alignment process, we keep track of all
triple equivalences as defined in Definition 4. Whenever a pair is added to the alignment,
we inspect all triples containing the source and target element from the newly matched
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pair to determine whether the new correspondence leads to a new triple equivalence.
We denote the number of equivalent triples for pair (s, t) as

∣∣ ∼=
(s,t)

∣∣. Formally,

∣∣ ∼=
(s,t)

∣∣ = ∑
⟨sh,sr,s⟩∈S
⟨th,tr,t⟩∈T

1

[
⟨sh, sr, s⟩

HR∼= ⟨th, tr, t⟩
]
+

∑
⟨sh,s,st⟩∈S
⟨th,t,tt⟩∈T

1

[
⟨sh, s, st⟩

HT∼= ⟨th, t, tt⟩
]
+

∑
⟨s,sr,st⟩∈S
⟨t,tr,tt⟩∈T

1

[
⟨s, sr, st⟩

RT∼= ⟨t, tr, tt⟩
]
,

where 1(x) is 1 if x is true and 0 of x is false. Unique equivalent triples for a pair (s, t)
are counted analogously and denoted

∣∣ ∼=
(s,t)

∗ ∣∣.
Restrictions on Match Creation. In alignment scenarios matches between elements
are often created in a 1-to-1 manner. We also follow this constraint and make sure it is
met by filtering the matches proposed by a matcher M ⊆ (SC × TC) ∪ (SP × TP ) ∪
(SI ×TI)∪ (SL×TL) using the following methodology. First, we filter out all matches
(s, t) ∈ M that are of a different element type (e.g., we do not match any instance
to a property). Additionally, all matches that violate existing matches present in the
current alignment A are excluded. Formally, we do not consider matches (s, t) ∈ M , if
(s, t′) ∈ A or (s′, t) ∈ A. After this filtering, we still cannot directly add the remaining
matches to the alignment due to the possibilities of duplicate source or target entries
within the proposed matches. For example, a matcher may consider the pair (s, t′) and
(s, t∗) with t′ ̸= t∗ a match, which would lead to a non 1-to-1 mapping if applied. In
this case, we do not create any match for s and ignore all pairs that would lead to an
ambiguous alignment. We specifically do it this way instead of randomly choosing one
match out of multiple possible because other matchers that are more decisive for s are
still able to create a valid match this way and therefore create a more precise alignment.

4.2 Matcher Categories

In this section, we describe the different matcher categories and what conditions need
to be met for them to propose a match. Note that the matchers explicitly only propose
matches when they are run but the decision which matches are approved and added to
the alignment is done using a matcher selection strategy, which we will explain in Sec-
tion 4.3. The intuition of rules used by the matchers is similar to the one used in [4],
however, we do not define any order and generalize the rules. First, we will state the in-
dividual rules with (hyper-)parameters n and f controlling how restrictive the matchers
are. The parameters we use for each matcher are defined at the end of this section.

1) Unique Identical Label Matchers. The first matcher category proposes pairs that
possess at least n unique identical labels. We check every combination of source and
target label relations computed in Section 4.1 to find pairs of elements that have an
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identical attribute from their respective label relation, which is also unique within the
domain space of this relation in their own KG. Formally, the n-th matcher proposes
to match two elements (s, t), iff n ≥

∣∣{(sl, tl) | sl, tl ∈ SL
R × TL

R : ⟨s, sl, st⟩ ∈
S ∧ ⟨t, tl, tt⟩ ∈ T ∧ st tt ∧ ∄s̸=s′⟨s′, sl, st⟩ ∈ S ∧ ∄t̸=t′⟨t′, tl, tt⟩ ∈ S}

∣∣, with st = tt
indicating that the literal values st and tt need to be identical after lower-casing them.
This specific category is divided into three sub-categories based on the element type,
i.e. this category exists for classes, properties, and instances separately.

2) Equivalent Triple Matchers. The second matcher category should match pairs that
have at least n equivalent facts known about them. Formally, this matcher proposes a
match for all pairs (s, t) with n ≥

∣∣ ∼=
(s,t)

∣∣.
3) Unique Equivalent Triple Matchers. The third matcher category is similar to the
second one but should only match pairs that share at least n equivalent facts unique to
that pair. Formally, this matcher proposes a match for all pairs (s, t) with n ≥

∣∣ ∼=
(s,t)

∗ ∣∣.
4) Unique Identical Label and Equivalent Triple Matchers. The fourth matcher cat-
egory combines the first two categories. Here, n identical unique labels and n equivalent
triples are needed for a match proposal. Formally, the n-th matcher proposes to match
two elements (s, t), iff n ≥

∣∣{(sl, tl) | sl, tl ∈ SL
R × TL

R : ⟨s, sl, st⟩ ∈ S ∧ ⟨t, tl, tt⟩ ∈
T ∧ st = tt ∧ ∄s̸=s′⟨s′, sl, st⟩ ∈ S ∧ ∄t̸=t′⟨t′, tl, tt⟩ ∈ S}

∣∣ ∧ n ≥
∣∣ ∼=

(s,t)

∣∣, with st = tt

indicating that the literals st and tt need to be identical after lower-casing them.

5) Literal TF-IDF Based Matchers. The fifth matcher category matches pairs (s, t)
based on the TF-IDF similarity [10] of literal attributes. In particular, we concat all
literal attributes of an element to function as the document for that element. Hence, the
number of documents is given by the number of elements that posses at least one literal
attribute. We filter out all words that appear in more than 1% of documents as they most
likely do not carry as much information. We then compute the pairs (s, t) that are within
the top f ·min(|source documents|, |target documents|) pairs with the highest TF-IDF
similarity, which can be done efficiently using a heap, and propose them as matches.

6) Instance Based Class Matchers. The sixth matcher category matches class pairs
(sc, tc) based on already matched instances similar to [4] when the ratio of matched
instance pairs belonging to sc and tc compared to the total number of instances belong-
ing to sc and tc is greater than f . Formally, this matcher category proposes matches
between two classes (sc, tc), iff

f ≥ 2 · |{(si, ti) ∈ I(sc)× I(tc)|(si, ti) ∈ A}|
|{si ∈ I(sc)|∃ti ∈ TI ∧ (si, ti) ∈ A}|+ |{ti ∈ I(tc)|∃si ∈ SI ∧ (si, ti) ∈ A}|

,

with I(x) being the instances of class x.
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7) Unique Identical Labels and Equivalent Class Based Instance Matcher. The
seventh matcher category works very similar to the third matcher type but comes with
the additional requirement that the classes of an instance pair also have to match. For-
mally, the n-th matcher proposes to match two elements (s, t), iff n ≥

∣∣{(sl, tl) |
(sl, tl) ∈ SL

R × TL
R : ⟨s, sl, st⟩ ∈ S ∧ ⟨t, tl, tt⟩ ∈ T ∧ st = tt ∧ ∄s̸=s′⟨s′, sl, st⟩ ∈

S ∧ ∄t̸=t′⟨t′, tl, tt⟩ ∈ S}
∣∣ ∧ (class(s),class(t) ∈ A), with class(x) being the

class of x defined by a (x,rdf:type,class(x)) triple.

Hyperparameters Used Within category 1, 4, and 7, we employ matchers with {n ∈
N | n ≤ |SL

R| · |TL
R |}. This results in one matcher for each possible number of unique

identical labels. Within category 2 and 3, we employ matchers with {n ∈ N | n < 20}.
Having 20 equivalent facts required to match an element pair would not noticeably
reduce the risk of false positives compared to only requiring 19 equivalent facts but
the more matchers exists, the higher the runtime gets. For the TF-IDF based category
5 we use f ∈ {0.2x | x ∈ N ∧ x < 50}. Increasing the 50 further would lead to
more matches, however, at the cost of an increasing runtime, which is not worth the
performance gain after a certain point. For the class matchers from category 6, we use
f ∈ {1.0, 0.9, . . . , 0.4}, with 0.4 as a minimum value as lowering this further would
result in false positive matches.

4.3 Matcher Selection

A crucial step for our framework to be accurate is to select the highest quality proposed
matches, for which we will present multiple strategies in this section and analyze their
strengths and weaknesses. Let Mc be the set of matches proposed by each category c.

One straightforward approach for this selection problem would be to compute per-
formance measures similar to precision, recall, and F-measure of all proposed match
sets Mc with respect to the current alignment (with proposed matches already in the
alignment being true positives, proposed matches violating the current alignment as
false positives, and other matches ignored). However, this has the strong drawback that
since within a single category the matches of a certain matcher are also proposed by all
less restrictive matchers. Consequently, after the first iteration of SECEA, this strategy
would be biased towards the matcher category selected in the first iteration.

Another approach could be to select all matches that appear in multiple sets of
proposed matches instead of selecting the matches of a specific matcher only. This ap-
proach also has a bias problem towards certain matcher categories as some categories’
rules overlap with other categories’ rules. For example, there are multiple matcher cat-
egories based on equivalent triples, which naturally tend to have a higher overlap with
similarly based categories than with literal based matchers.

Consequently, we need to find a way to select the best set Mc looking at each
proposed match set individually. For this, we propose to compute the ratio of pairs
(s, t) ∈ Mc that violate no assumptions about a high quality alignment regarding A as
well as Mc itself, and choose the set Mc with the highest ratio of non-violating pairs.
The possible violations are similar to the ones defined in Section 4.1. Specifically, a pair
(s, t) ∈ Mc is treated as a violation in three cases:
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Table 1. Statistics of the entity align-
ment datasets from OpenEA [43].

Name |SE | |TE | |SR| |TR|

15KEN_FR 15000 15000 267 210
15KEN_DE 15000 15000 215 131
15KD_W 15000 15000 248 169

100KEN_FR 100000 100000 400 300
100KEN_DE 100000 100000 381 196
100KD_W 100000 100000 413 261

Table 2. Statistics of the OAEI KG track
datasets [15].

Name |GI | |GP | |GC |

Star Wars (sw) 145033 700 269
The Old Republic (swtor) 4180 368 101
Star Wars Galaxies (swg) 9634 148 67

Marvel Database (mv) 210996 139 186
Marvel Cinematic Universe (mcu) 17187 147 55

Memory Alpha (mma) 45828 325 181
Star Trek Expanded Universe (stx) 13426 202 283
Memory Beta (mmb) 51323 423 240

– Either s or t is already part of another pair in the alignment. Formally, ∃t̸=t′(s, t
′) ∈

A ∨ ∃s̸=s′(s
′, t) ∈ A.

– Either s or t is also part of another pair in Mc. Formally, ∃t̸=t′(s, t
′) ∈ Mc ∨

∃s̸=s′(s
′, t) ∈ Mc.

– The element type (class, property, instance, literal) of s and t is different. Formally,
(s ∈ SC ∧s /∈ TC)∧ (s ∈ SP ∧s /∈ TP )∧ (s ∈ SI ∧s /∈ TI)∧ (s ∈ SL∧s /∈ TL).

The overall best set Mc is accepted and its matches are added to the alignment as long as
they do not violate any restrictions (see Section 4.1); all other sets of proposed matches
get discarded.

5 Experiments

Herein, we evaluate SECEA on real-world datasets for KG alignment and entity align-
ment in Section 5.2 and Section 5.3, respectively. Furthermore, we conduct an ablation
study on the impact of different matcher selection strategies in Section 5.4.

5.1 Experiment Setup

Datasets and Evaluation Metrics. As our approach supports both entity alignment
and KG alignment, we the most popular benchmark datasets for each task.

For the entity alignment evaluation, we conduct our experiments on the OpenEA
datasets [43] extracted from the English, German, and French DBpedia as well as Wiki-
data with 15, 000 and 100, 000 entities per KG. The dataset statistics are shown in Ta-
ble 1. We only use the V1-version of the datasets as they resemble real-world conditions
more closely than the V2-version. We do not use the D-Y datasets as they can be solved
using only the entity name. The data for supervised approaches is divided into 20% for
training, 10% for validation, and 70% for testing [43]. As our approach is unsupervised,
we use the full dataset for testing with no need for training or validation data. The eval-
uation of accuracy on the OpenEA datasets is commonly done using Hits@k and MRR.
However, our approach (and TIM [4]) only computes 1-to-1 matches and does not keep
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any ranking of pairs. Consequently, for these approaches we use Hits@k = Hits@1
∀k∈ N and we excluded not-found matches from the MRR computation (which also
implies MRR = Hits@1).

For the KG alignment evaluation, we use the KG track of the Ontology Alignment
Evaluation Initiative (OAEI) [15] that are created using data extracted from real-world
wikis [14]. The dataset statistics are shown in Table 2. Each year, several unsupervised
KG alignment systems get evaluated by OAEI using precision, recall, and F-measure
on the following KG pairs: sw-swtor, sw-swg, mcu-mv, mma-mmb, mma-stx. For
the instance level evaluation, there are some issues with the reference alignment [2,23]
due to them being automatically generated from cross wiki links. However, the class
and property alignments were developed by ontology experts and are considered to
be of high quality. Due to the lack of higher-quality KG alignment datasets, we still
chose to use this dataset, even though the aforementioned issue may affect the instance-
level results. Nonetheless, since we also evaluate entity alignment performance on the
OpenEA datasets, we still obtain a rigorous evaluation of all aspects of SECEA.

Hardware, Software, and Implementation Details. We run the experiments on a
Red Hat Enterprise Linux 8.10 virtual machine with a AMD Turin 9655 CPU with 48
cores, 192GB of main memory, PyTorch 2.11.0 and Python 3.10.4. As our algorithm is
deterministic and no randomness is involved, we only report the results of a single run.

While KG alignment algorithms often rely on the IRI of entities, most entity align-
ment algorithms ignore them. Hence, to align with other works, we ignore IRIs on the
OpenEA datasets. For the OAEI datasets, we add an additional relation iri that we add
to all elements with the last part of their IRI (after the last "/" or "#") as the attribute.

To prevent the unnecessary explosion of pairs with equivalent triples, we exclude
triples with the relations rdf:type and objects owl:Class from the triple equiva-
lence counter as they are already processed separately to divide elements into instances,
relations, and classes. Furthermore, for the KG alignment task, we also ignore the added
iri relation and the dbkwik:wikiPageWikiLink relation for the equivalent triple
counters. Additionally, as properties and classes are not always named in the singular
form but sometimes in the plural form depending on the KG, the label based matchers
ignore the last character of the labels in case it is an s if no exact match can be found.

Competing Approaches. We compare our approach to several popular state-of-the-art
approaches. For the entity alignment task, we choose approaches based on: 1) transla-
tional embeddings: MTRANSE [8], IPTRANSE [58], BOOTEA [42], SEA [33], SHAF
[49], 2) GNNs: RDGCN [51], RANM [6], GAEA [54], RHGN [28], GIA [56],
MIKG [12], 3) transformers: IMEA [55], ROADEA [41], MIXTEA [53], and 4) struc-
tural rules: TIM [4]. For the KG alignment task, we choose all approaches compet-
ing in the most recent OAEI campaign [21] and further relevant systems based on: 1)
string similarities: LOGMAP [20], LSMATCH [36], MATCHA [11], 2) language models
OLALA [16], DOGMA [23], FLORA [34], and 3) structural rules: TIM [4].
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Table 3. Class F-measure results.

System mcu-mv mma-mmb mma-stx sw-swg sw-swtor Average

LOGMAP [20] 1.00 0.64 0.64 0.89 0.85 0.80
LSMATCH [36] 1.00 0.44 0.70 0.75 0.83 0.74
MATCHA [11] 0.00 0.80 0.82 0.89 0.86 0.67

OLALA [16] 0.67 0.53 0.70 0.75 0.77 0.68
DOGMA [23] 1.00 0.53 0.73 1.00 0.97 0.84
FLORA [34] 1.00 0.73 0.92 0.57 1.00 0.84

TIM [4] 1.00 0.96 0.96 0.89 0.93 0.95
SECEA (ours) 1.00 0.96 0.96 1.00 0.97 0.98

Table 4. Property F-measure results.

System mcu-mv mma-mmb mma-stx sw-swg sw-swtor Average

LOGMAP [20] 0.00 0.00 0.00 0.00 0.00 0.00
LSMATCH [36] 0.82 0.60 0.62 0.68 0.83 0.71
MATCHA [11] 0.00 0.00 0.00 0.00 0.00 0.00

OLALA [16] 0.76 0.90 0.90 0.82 0.77 0.79
DOGMA [23] 0.95 0.93 0.98 1.00 0.96 0.96
FLORA [34] 0.95 0.96 0.98 1.00 0.98 0.97

TIM [4] 0.95 0.97 0.98 1.00 0.95 0.97
SECEA (ours) 0.95 1.00 0.98 1.00 1.00 0.99

5.2 Comparison to Other Knowledge Graph Alignment Approaches

First, we compare SECEA to other KG alignment approaches on the OAEI KG track
datasets with respect to the performance of class, property, and instance alignment.

Class Matching Performance. The class matching results are shown in Table 3. SE-
CEA achieves the best overall class matching performance, attaining an average class
F-measure of 0.98. This represents an improvement of 0.03 over the result achieved
by TIM (the runner-up) and a substantial margin over all remaining approaches, which
achieve an average F-measure of at most 0.84. SECEA reaches the best result on four
of five datasets and reaches the second best result for the fifth dataset. These results
clearly show that the dynamic matching strategy of SECEA surpasses the static order
of TIM due to being able to adapt the order matchers based on the existing alignment.

Property Matching Performance. The results for the property matching performance
are shown in Table 4. Similar to the class matching evaluation, SECEA outperforms all
approaches on average with an F-measure of 0.99 while competing approaches achieve
at most 0.97. SECEA reaches a perfect F-measure of 1.00 for two of the datasets and
never achieves a score below 0.95. Additionally, SECEA is not outperformed on any
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Table 5. Instance F-measure results.

System mcu-mv mma-mmb mma-stx sw-swg sw-swtor Average

LOGMAP [20] 0.60 0.82 0.82 0.80 0.86 0.77
LSMATCH [36] 0.50 0.66 0.63 0.36 0.82 0.60
MATCHA [11] 0.00 0.71 0.79 0.76 0.82 0.61

OLALA [16] 0.00 0.00 0.00 0.00 0.00 0.00
DOGMA [23] 0.80 0.93 0.95 0.89 0.93 0.90
FLORA [34] 0.89 0.97 0.95 0.94 0.97 0.94

TIM [4] 0.82 0.92 0.95 0.81 0.91 0.88
SECEA (ours) 0.81 0.92 0.95 0.83 0.92 0.89

dataset by any system. Even LLM- or BERT-based methods like OLALA, DOGMA,
and FLORA cannot produce an equally effective alignment as our approach. Meanwhile
LOGMAP and MATCHA do not output any meaningful property alignment, which could
be caused by properties in the input KGs being typed as rdf:Property without a
distinction into object- or datatype-properties [21]. Consequently, SECEA is the best
choice when high quality property matches are crucial.

Instance Matching Performance. The results for the instance matching performance
are shown in Table 5. This is the only category where SECEA gets outperformed by
other approaches. FLORA is the best ranking system with an average F-measure of 0.94,
followed by DOGMA with a score of 0.90, while SECEA only reaches the third place
with an average F-measure of 0.89. However, our approach is able to outperform TIM,
which only reaches a score of 0.88 on average.

After analyzing the results, we discovered that most of SECEA’s deviations to the
reference mapping are not actually false classifications but stem from inaccuracies in
the gold standard, leading to underestimation of both precision and recall as also found
out by other competitors [23,2]. For example, some KGs contain the same real-world
entity twice but only one of them is linked to the other KG and disambiguation pages are
linked to non-disambiguation pages in the reference mapping. Hence, we also compare
the sole instance alignment performance on the OpenEA dataset to get a result that is
not impacted by inaccurate reference mappings.

5.3 Comparison to Other Entity Alignment Approaches

In this section, we compare the performance of SECEA to other entity alignment ap-
proaches on the OpenEA [43] datasets using Hits@1, Hits@5, and MRR metrics. As
explained in Section 5.1, the Hits@K evaluation that is common for entity alignment
does not perfectly suit our approach and therefore underestimates its true performance.
This limitation arises because our approach exclusively produces 1-to-1 alignments and
thus does not benefit from multiple opportunities to rank the correct entity highly. In
addition, our method allows entities to remain unmatched when no suitable counter-
part exists in the other KG, whereas embedding-based approaches compute a complete
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Table 6. Performance comparison on OpenEA-15K datasets.

Models
OpenEA-15KEN_FR OpenEA-15KEN_DE OpenEA-15KD_W

H@1 H@5 MRR H@1 H@5 MRR H@1 H@5 MRR

MTRANSE [8] 0.247 0.467 0.351 0.307 0.518 0.407 0.259 0.461 0.354
IPTRANSE [58] 0.169 0.320 0.243 0.350 0.515 0.430 0.406 0.627 0.303
BOOTEA [42] 0.507 0.718 0.603 0.675 0.820 0.740 0.572 0.744 0.649
SEA [33] 0.280 0.530 0.397 0.530 0.718 0.617 0.360 0.572 0.458
SHAF [49] 0.524 0.771 0.634 0.716 0.891 0.793 0.598 0.804 0.690

RDGCN [51] 0.755 0.854 0.800 0.830 0.895 0.859 0.515 0.669 0.584
RANM [6] 0.925 0.960 0.941 0.950 0.977 0.962 - - -
GAEA [54] 0.486 0.746 0.602 0.684 0.854 0.760 0.562 0.768 0.654
RHGN [28] 0.500 0.739 0.603 0.704 0.859 0.771 0.560 0.753 0.644
GIA [56] 0.507 0.758 0.619 0.684 0.859 0.760 0.572 0.774 0.662
MIKG [12] 0.845 0.880 0.862 0.903 0.928 0.915 0.724 0.834 0.774

IMEA [55] 0.458 0.720 0.574 0.639 0.827 0.724 0.527 0.753 0.626
ROADEA [41] 0.810 0.854 0.831 0.868 0.905 0.886 0.653 0.789 0.714
MIXTEA [53] 0.528 0.807 0.680 0.724 0.877 0.797 0.647 0.832 0.731

TIM [4] 0.853 0.853 0.853 0.922 0.922 0.922 0.502 0.502 0.502
SECEA (ours) 0.929 0.929 0.929 0.957 0.957 0.957 0.699 0.699 0.699

ranking over all possible entity pairs. Even though we also report Hits@5 and MRR
for the other approaches for completeness, we consider Hits@1 to be the most relevant
measure of quality. In the context of creating owl:sameAs links between two knowl-
edge graphs, linking a single entity to multiple candidates in the other KG is generally
not meaningful. Therefore, our evaluation primarily focuses on Hits@1 performance.
Moreover, Hits@K with K > 1 provides increasingly permissive evaluations, since
any correct match counted in Hits@1 is necessarily also counted in Hits@K, making
higher-K metrics less informative for assessing precise alignment quality.

Performance on the OpenEA-15K Datasets First, we anaylze the results on the
datasets with 15000 entities each. The results are shown in Table 6. SECEA outper-
forms the Hits@1 performance of all approaches for the EN-FR and EN-DE dataset
with Hits@1 results of 0.929 and 0.957, respectively. Furthermore, our approach also
outperforms all but one approaches on Hits@5 and MRR even though we only count
Hits@1 for our approach. For the D-W dataset, our approach only achieves the second
best result with Hits@1 of 0.699, slightly lower than the result of MIKG with a Hits@1
value of 0.724. Note that our approach achieves these high quality results without any
training data, which is required by the two other best performing systems RANM and
MIKG. The direct comparison to TIM shows that dynamically selecting the best fitting
matcher based on the current alignment is superior to a predefined order of matchers.

Performance on the OpenEA-100K Datasets The results for the OpenEA datasets
with 100, 000 entities are shown in Table 7. Overall, all systems achieve lower per-
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Table 7. Performance comparison on OpenEA-100K datasets.

Models
OpenEA-100KEN_FR OpenEA-100KEN_DE OpenEA-100KD_W

H@1 H@5 MRR H@1 H@5 MRR H@1 H@5 MRR

MTRANSE [8] 0.138 0.261 0.219 0.140 0.264 0.204 0.210 0.358 0.282
IPTRANSE [58] 0.158 0.277 0.219 0.226 0.357 0.292 0.221 0.352 0.285
BOOTEA [42] 0.389 0.561 0.474 0.518 0.673 0.592 0.516 0.685 0.594
SEA [33] 0.225 0.399 0.314 0.341 0.502 0.421 0.291 0.470 0.378

RDGCN [51] 0.640 0.732 0.683 0.722 0.794 0.756 0.362 0.485 0.420
MIKG [12] 0.797 0.844 0.819 0.851 0.891 0.870 0.629 0.742 0.681

IMEA [55] 0.329 0.526 0.424 0.467 0.641 0.549 0.419 0.614 0.508
ROADEA [41] 0.743 0.799 0.769 0.831 0.868 0.847 0.572 0.694 0.629

TIM [4] 0.818 0.818 0.818 0.878 0.878 0.878 0.307 0.307 0.307
SECEA (ours) 0.867 0.867 0.867 0.906 0.906 0.906 0.600 0.600 0.600

Table 8. Evaluation of Matcher Selection Strategies. For the KG alignment datasets we report the
average F-measure for classes, properties, and instances and for the entity alignment datasets, we
report the average Hits@1 for the 15K and 100K datasets, respectively.

Strategy OAEI OpenEA

FClass FProperty FInstance H@115K H@1100K

1) Highest ratio of possible matches 0.94 0.98 0.88 0.860 0.757
2) Lowest ratio of alignment violations 0.98 0.99 0.89 0.864 0.789
3) Lowest ratio of type violations 0.98 0.99 0.88 0.864 0.792
4) Lowest ratio of 1-to-1 violations 0.98 0.99 0.89 0.858 0.756
5) Lowest ratio of any violation (default) 0.98 0.99 0.89 0.862 0.791
6) Highest number of matches 0.97 0.89 0.87 0.852 0.717
7) Lowest number of matches 0.98 0.98 0.87 0.867 0.792

formance compared to the smaller datasets. This degradation can be attributed to the
larger search space, where a higher number of entities increases the likelihood of incor-
rect candidates being identified as potential matches. SECEA places first for the EN-FR
and EN-DE datasets and second for D-W with respect to Hits@1 values (0.867, 0.906,
0.600, respectively). However for the D-W dataset, SECEA only matches 60.8% of en-
tities, i.e., 98.8%, of our matches are correct. If our approach would assign each entity
a match (e.g., by similarity of their labels), the Hits@1 result would likely be higher.

5.4 Evaluation of Matcher Selection Strategies

In the last experiment, we evaluate multiple strategies for selecting the matcher whose
matches should be applied to the alignment in each iteration of our approach. Specif-
ically, test the following strategies: 1) Choosing the matcher with the highest ratio of
matches that will be added to the alignment after filtering out invalid matches as de-
scribed in Section 4.1; 2) choosing the matcher with the lowest ratio of matches that
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violate the existing alignment; 3) choosing the matcher with the lowest ratio of matches
that are incoherent regarding their type (i.e. the source element is a literal and the target
element is a class); 4) choosing the matcher with the lowest ratio of matches that are
not 1-to-1 matches within the proposed match set; 5) a combination of 2, 3, and 4 (this
is the default option we use and is described and formalized in Section 4.3); 6) choos-
ing the matcher with the highest number of proposed matches; 7) choosing the matcher
with the lowest number of proposed matches. The results are shown in Table 8.

Our chosen strategy (5) performs best in all categories for the OAEI datasets. For the
OpenEA datasets, it only achieves on average 0.005 and 0.001 H@1 less than the best
performing strategy for the 15K and 100K OpenEA datasets, respectively. The worst
strategy is choosing the matcher with the highest number of matches, which leads to a
0.084 H@1 drop for the 100K OpenEA datasets on average.

In general, all strategies perform similarly well due to all of them relying on the
same matcher categories. Consequently, we arrive at the conclusion that the exact choice
of strategy does not have a large impact on the result as long as the selection criterion
reflects the quality of the proposed match set, no matter if it is external coherency (strat-
egy 2), type coherency (strategy 3), internal coherency (strategy 4), or a combination
of them (strategy 5). We refrain from doing an ablation study on the individual matcher
categories as we use similar matching rules as TIM [4], which already has extensive ab-
lation study about matcher categories showing that a diverse set of matchers is important
and overlap between categories does not harm performance but improves reliability.

6 Discussion

Explainability. SECEA is entirely explainable. The matchers itself are rule based and
therefore inherently explainable. The matcher selection process also relies on criteria
that can be locally explained at each matcher selection step based on the coherence of
the proposed matches. Additionally, no randomness is involved in SECEA and when
there are conflicting matches within a selected matchers’ matches, we discard all con-
flicting matches in order to not prefer one pair over another without a reason.

Scalability. Being scalable is essential for algorithms in today’s world, where web-
scale datasets need to be linked. Our approach runs fully on the CPU and does not re-
quire a GPU for embeddings, machine learning, or word embeddings. As far as runtime
goes, to compute all alignments SECEA needs less than 15 minutes for the OAEI ex-
periments and less than 8 minutes for the OpenEA experiments, making it not only very
effective due to its high-quality alignment but also very efficient. This high efficiency
indicates that SECEA is usable even for larger datasets with hundreds of thousands
or even millions of entities. Furthermore, while other approaches require training data,
which is a huge scalability barrier, our approach does not need any training data.

Possibilities for Improvement and Limitations. There are still several possibilities
for improvement that can be integrated into our framework. Any other knowledge graph
or entity alignment approach can be integrated as a new matcher category similarly to
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our TF-IDF matcher category to match the highest confidence pairs first and less con-
fident pairs later. Furthermore, LLMs could be introduced as matchers to compute the
semantic equivalence of different classes, properties, and entities between the two input
KGs. Another option for improvement could be to remove pairs from the alignment A
when conflicting pairs appear more likely to be correct than the a pair already in the
alignment. However, this would be difficult to implement as several hurdles exist like
circles of matches depending on other matches or prohibited by them, leading to endless
loops of adding and subsequently removing matches. Nonetheless, this self correction
mechanism is a promising direction of research to improve performance further.

Further improvement possibilities lie in the current limitations to equivalence re-
lations, i.e., we do not compute any subclass or subproperty relations; and instance
matches are required for some of the class and property matchers, which could reduce
performance when no instances are available.

7 Conclusion and Future Work

In this paper, we propose SECEA, an iterative unsupervised entity and knowledge
graph alignment frameworks that is based on multiple categories of matchers each
proposing matches between elements, with a matcher selecting strategy based on the
matches coherence dynamically deciding which matches should be applied in the cur-
rent iteration. We evaluate our approach on both entity and knowledge graph alignment
with the result that SECEA achieves state-of-the-art performance, achieving the best
performance for class and property matching in the KG alignment task and the best or
second best Hits@1 for the entity alignment task.

In future work we aim to introduce LLM-based matchers to identify semantically
similar elements across KGs. Furthermore, we plan to investigate the possibilities of
replacing matches that are later found to be low-confidence pairs with conflicting high-
confidence pairs to improve the alignment accuracy.
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approach for reproducing the results are available in our GitHub1.
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