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Abstract

Multi-modal imbalanced cross-source entity alignment aims
to identify equivalent entity pairs across multi-modal knowl-
edge graphs (MMKGs) that encompass diverse data sources
with imbalanced modality, which poses significant challenges
due to the non-uniform distribution of information across dif-
ferent modalities. Existing methods encounter major limita-
tions in aligning entities across MMKGs, where missing data
and modality-specific inconsistencies thus create information
gaps. These gaps, stemming from disparities in neighborhood
structure and attribute availability, result in reduced align-
ment performance. To address these challenges, we propose
a novel multi-modal fact knowledge generation framework to
advance imbalanced cross-source entity alignment. Utilizing
large language models (LLMs) for comprehensive knowledge
completion, our framework enriches MMKGs by synthesiz-
ing missing neighboring entities and relational attributes, en-
abling precise one-to-one similarity comparisons across all
relations and attributes. Specifically, neighbor entity comple-
tion generates probable neighboring entities to fill structural
gaps, while attribute completion synthesizes missing rela-
tional attributes to improve alignment. The facts evaluation
module assesses generated triples, ensuring that only high-
quality information supports the alignment. Extensive exper-
iments on benchmark datasets demonstrate that our frame-
work significantly outperforms strong competitors, achieving
superior entity alignment performance.

1 Introduction
Multi-modal knowledge graphs (MMKGs) are widely used
for organizing and representing structured multi-modal in-
formation (Yuan et al. 2025). Due to the complexities of real-
world data (Fang et al. 2023; Fang, Fang, and Wang 2025),
MMKGs often suffer from missing information, making it
difficult to align entities across multiple MMKGs. Multi-
modal entity alignment (Liu et al. 2019; Li et al. 2023c; Liu
et al. 2021a; Lin et al. 2022a; Chen et al. 2023a; Li et al.
2024; Yuan et al. 2023), which identifies equivalent entity
pairs across multiple knowledge graphs that feature differ-
ent modalities of attributes, such as text and images, plays a
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Figure 1: Example of the MICEA task, where the entity pair
in KG1 and KG2 is the entity seed.

crucial role in integrating and consolidating knowledge from
diverse sources. To accomplish this task, sophisticated mod-
els are required to effectively leverage information from dif-
ferent modalities and accurately align entities. This task is
essential for various applications, such as cross-lingual in-
formation retrieval, question answering (Antol et al. 2015;
Shih, Singh, and Hoiem 2016), and recommendation sys-
tems (Sun et al. 2020; Xu et al. 2021). However, existing
works often suffer from information gaps in the multi-modal
imbalanced cross-source entity alignment (MICEA), which
are caused by the non-uniform distribution of information
across different modalities, where the same entity in differ-
ent KGs may be described by different relationship neigh-
bors, leading to increased difficulty in entity alignment.

We argue that the information gap specifically refers to
notable disparities between different modalities for MICEA.
In other words, the challenge arises from the non-uniform
distribution of information across different modalities. This
issue can be elucidated through a straightforward ex-
ample in Figure 1. Specifically, within KG1, the entity
Henry Kissinger possesses only a singular textual at-
tribute, rendering the determination of this entity chal-
lenging based solely on this attribute. In contrast, Henry
A. Kissinger in KG2 incorporates richer attributes,
such as EducationOf and FieldOfWork, facilitating
a more comprehensive identification of the entity Henry
A. Kissinger. Traditional aggregation-based methods,
however, face the drawback of diluting the inherently sim-
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ilar attribute information of two entities (between US and
United States of America), thereby diminishing
alignment performance. Furthermore, the presence of image
information describing Henry A. Kissinger in KG2
but absent in KG1 complicates alignment efforts. Conven-
tional approaches fail to leverage image information effec-
tively to enhance the visual modality similarity between two
entities, consequently impacting alignment efficacy. We cat-
egorize the challenge of inconsistent information as follows.
(a) Incongruity in the quantity of attribute information. It
makes alignment arduous when an entity in one KG has sig-
nificantly more attributes. (b) Lack of modal attributes. It
emphasizes the need for completeness in all modalities.

Previous methods (Liu et al. 2019; Chen et al. 2020; Guo
et al. 2021) for entity alignment in MMKGs have not ef-
fectively addressed the challenge of information gaps be-
tween imbalanced cross-source KGs. Some approaches fo-
cus on using handcrafted rules or heuristics, which may not
capture the complex relationships and attributes present in
MMKGs. Other methods leverage embeddings or graph neu-
ral networks, but they struggle to capture the semantic mean-
ing and context of entities and relationships in MMKGs.
However, due to the presence of information gaps within
MMKGs, this task becomes challenging. In particular, when
the same entity is represented in different knowledge graphs,
it may be associated with different relationship neighbors,
which hampers the entity alignment process. Existing meth-
ods struggle to address this issue effectively.

To tackle these challenges, we propose a novel frame-
work named LLMEA. Our framework can fill in the miss-
ing information gaps found in imbalanced cross-source KGs
by completing missing neighbor entities and relationship at-
tributes. We design prompts to generate descriptions of en-
tities, including missing neighbors and attributes, ensuring
that the structure of entity pairs in different graphs is com-
pletely aligned. We utilize LLM models to complete missing
neighbor entities and relationship attributes in MMKGs. By
leveraging the knowledge emergence capabilities of LLM
models, we address the information gaps between knowl-
edge graphs and enable comprehensive similarity compar-
isons of all relationships and attributes for each entity pair
during the entity alignment process. To evaluate the gen-
erated information, we incorporate semantic consistency,
structural consistency, confidence, and causal constraints to
select triples that generalize well to unseen facts. To evaluate
the effectiveness of our proposed approach, we design train-
ing objectives for both entity and context evaluation. Our
contributions are summarized as follows:

• We propose a novel LLM-based framework for multi-
modal, imbalanced cross-source entity alignment, lever-
aging LLMs’ powerful knowledge-emergence capabilities
to complete missing neighbor entities and attributes.

• We design an LLM-based knowledge completion and fact
evaluation mechanism to fill in missing information gaps
in MMKGs and evaluate the generated information.

• Extensive experiments on benchmark datasets demon-
strate that our proposed framework outperforms strong
competitors in MICEA performance.

2 Related Work
2.1 Multi-Modal Entity Alignment
Multi-modal entity alignment has garnered considerable at-
tention due to the inherently multi-modal nature of KGs.
Numerous approaches (Zhu et al. 2022; Wang, Li, and Gu
2021; Jiang, Li, and Gu 2021; Fang et al. 2022) have been
proposed to advance multi-modal entity alignment, includ-
ing embedding-based methods that represent entities and
their associated modalities. However, this approach may not
fully capture interactions between heterogeneous modali-
ties, thereby limiting alignment accuracy. To address this
limitation, researchers have proposed MMKG embedding
techniques, such as the GNN-based model by Guo et al.
(Guo et al. 2021), which aggregates information across
modalities for entity alignment. EVA (Liu et al. 2021a) and
UMAEA (Chen et al. 2023c) incorporate uncertainty and
multi-scale modality hybridization to tackle challenges like
overfitting and visual noise. MEAformer (Chen et al. 2023b)
uses a hierarchical self-attention block and entity-type prefix
injection to preserve semantics and integrate type informa-
tion. DESAlign (Wang et al. 2024) applies Dirichlet energy
to ensure semantic consistency and address over-smoothing.
These models, along with ACK-MMEA (Li et al. 2023a),
focus on bridging information gaps and improving align-
ment. Nevertheless, information gaps remain a significant
challenge, impeding effective alignment.

2.2 Knowledge Graph Transformer
Transformer architecture, initially designed for NLP tasks,
has been successfully applied to various KG tasks (Liu et al.
2022; Wang et al. 2023; Fang et al. 2024). KGAT (Wang
et al. 2019) combines graph attention mechanisms with the
Transformer to capture complex relationships between en-
tities, facilitating tasks such as link prediction and entity
recommendation. K-BERT (Liu et al. 2020a) extends this
approach by pre-training a Transformer on a large corpus
of textual data, followed by fine-tuning on a KG, thereby
enhancing entity and relation extraction. ECEformer (Fang
et al. 2024) leverages the Transformer architecture to ad-
dress the challenge of inferring the evolution of temporal
facts in temporal KGs. Transformers excel in modeling long-
range dependencies, which is particularly beneficial when
entities and their associated modalities are dispersed across
the KG. The attention mechanisms inherent in Transform-
ers help prioritize relevant information, making them highly
effective for aligning entities across different modalities.

3 Preliminaries
Multi-modal Imbalanced Cross-source Entity Alignment
(MICEA) is to identify equivalent entity pairs across dif-
ferent MMKGs, which are characterized by imbalanced
modality distributions. Given two distinct MMKGs, G1 =
(E1,R1,A1, T1) and G2 = (E2,R2,A2, T2), the goal is to
determine whether two entities represent the same entity.
This involves assessing the similarity between entity pairs,
known as alignment seeds. The entities in each graph are
represented by sets E1 and E2, with sizes NE1

and NE2
, re-

spectively. R1 and R2 are the sets of relations, with sizes
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Figure 2: The framework of LLMEA. LLM-based knowledge completion addresses the problem of filling in missing informa-
tion gaps in imbalanced cross-source KGs using LLM and evaluates the generation of information. Neighbor entity completion
and attribute completion leverage the emergent capabilities of LLMs to fill information gaps, promoting a comprehensive
comparison of relationships and attributes. A fact evaluation mechanism is incorporated to assess the generated information,
ensuring the relevance, correctness, and consistency of the completed knowledge, enhancing the overall quality and reliability.

NR1
and NR2

. These include: R1E and R2E are entity re-
lations, R1T and R2T are text attribute relations, R1I and
R2I are image attribute relations. A1 = A1T ∪ A1I and
A2 = A2T ∪ A2I are the sets of multi-modal attributes:
A1T and A2T are text attributes, A1I and A2I are image
attributes. T1 and T2 are the sets of attribute triplets.

4 Framework
To address information gaps, we propose a novel framework
utilizing LLMs to complete missing neighbor entities and
relationships in imbalanced cross-source KGs, as shown in
Figure 2.

4.1 Multi-Modal Fact Knowledge Generation
Multi-modal fact knowledge generation is vital to our
MICEA framework, comprising neighbor entity completion
and attribute completion. Neighbor entity completion fills in
missing entities, while attribute completion adds missing re-
lational attributes. Firstly, we devise two distinct positional
encodings to preserve the structural integrity.

Modality Positional Encoding (MPE). To enable the
model to effectively distinguish between entities, textual at-
tributes, image attributes, and introduced entity types, we
incorporate a unique position code for each modality. These
position codes are then processed through the encoding lay-
ers of the model to enable it to differentiate between differ-
ent modalities more accurately and learn their respective fea-
tures more effectively. The multi-modal positional encoding
is defined as:

MPE = MLP([e;a;modi]), (1)
where [; ] denotes the concatenation operation, e is the en-
tity, a is the attribute, i is the modality index (1-4 for enti-
ties, textual attributes, image attributes and entity types), and
modi is the corresponding modality position code.

Structure Positional Encoding (SPE). To capture the po-
sitional information of neighbor nodes, we introduce a struc-
ture positional encoding that assigns a unique position code
to each neighbor. For first-order neighbors, we randomly ini-
tialize a reference order and use it to assign position codes
to each neighbor and its corresponding relation as 2n and
2n+1, respectively. Additionally, we assign the same struc-
ture positional encoding of attributes to their corresponding
entities.

SPE = MLP([e; r; strn]), (2)

where r is the relation, n is the neighbor index, and strn is
the structure position code. The initial entity, relation, and
attribute embeddings are defined as follows:

e = [e; PE], r = [r; SPE],a = [a;MPE], (3)

where PE = MLP([MPE; SPE]). To fully utilize the avail-
able information, we extract the relation triplets and the
multi-modal attribute triplets for each entity. The entity rep-
resentation is formed by combining the multi-modal se-
quences as follows:

Ie=[e;(e1, r1);. . . ;(en; rn);(a1;v1);. . . ;(am;vm);eT ], (4)

where (ei; ri) represents the i-th neighbor of entity e and its
relation. (aj ;vj) represents the j-th attribute of entity e and
its value vj , and it contains textual and visual attributes. n
and m are the numbers of neighbors and attributes. eT is the
type embedding.

Neighbor Entity Generation. To effectively complete
missing neighbor entities in MMKGs, we utilize LLM and
design a prompt that guides the model in generating the most
probable missing entities based on contextual understand-
ing. The neighbor entity completion can be expressed as:

êneighbor = N̂ (e) = LLM(e,N (e), Pentity), (5)
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where N (e) denote the set of neighbors for entity e, N̂ (e)
is the completed neighbor set, and Pentity is a prompt guiding
the model to generate context-aware descriptions for miss-
ing neighbors. To complete the missing neighbor entities for
entity ENT with existing neighbor entities NEB1 and NEB2,
the prompt Pentity concatenates the following components:

“For ENT, existing neighbors NEB1 and NEB2.
Please generate missing neighbor entities.”

This prompt provides the necessary context for the LLM to
understand the relationship between entity ENT and its exist-
ing neighbors and generate a completion that represents the
most relevant missing neighbor entity. To handle missing re-
lations explicitly and further improve the accuracy of entity
alignment, we design a prompt Pcheck that instructs LLM to
generate descriptions:

“Generate a description for “attribute X” between
ENT and NEB. If it does not exist, return None.”

In this prompt, we explicitly instruct the LLM to differenti-
ate between existing and non-existing relations while gener-
ating the completion. We pass it through an LLM and gener-
ate a completion that represents the most probable missing
neighbor entity for entity ENT.

êcheck = LLM(e,a, êneighbor, Pcheck), (6)

where êcheck represents the neighbors after validating the ex-
istence of relations, ensuring that the generated completion
is accurate and contextually appropriate.

However, a challenge arises when the generation-based
method produces relations/entities that do not exist in the
KG. To address this, we deploy the following two steps:

Candidate Pool Mechanism. To ensure the validity of
newly generated entities and relations, we predefine the en-
tity and relation candidate pool Epool = {e1, e2, . . . , en}
and Rpool = {r1, r2, . . . , rm}. These pools are constructed
based on the existing knowledge graphs. The generated en-
tity egen and relation rgen must match the entity candidate
pool egen ∈ Epool and relation candidate pool rgen ∈ Rpool.

Confidence-Based Filtering. To ensure the reliability of
the generated entities and relations, we evaluate a confidence
score for each generated entity and relation. We assign a
confidence score to each by OC(egen) = LLM(Pfilter, egen),
and only accept those that surpass a certain threshold. The
prompt Pfilter is:

“The confidence score is to give a number between
[0,1], such as it is 0.9 for triple (ENT, REL1, NEB1)
and it is 0.1 for the triple (ENT, REL2, NEB2). Now
give the following example a confidence score.”

The generated neighbor entities and relationships must
have a sufficiently high confidence level. A language model
is used to calculate the confidence scores of generated en-
tities and relationships, and only entities and relationships
whose confidence scores exceed a threshold are accepted.

C (egen , rgen ) ≥ τconfidence , (7)

where C represents the confidence scoring function,
τconfidence is the confidence threshold.

Attribute Generation. Similar to neighbor entity comple-
tion, we utilize the contextual understanding capabilities of
LLMs to complete missing relationship attributes in knowl-
edge graphs. Given an entity and its existing relationship at-
tributes, we design a prompt Pattribute that guides the LLM
model to generate the most probable missing relationship at-
tributes. Consider an entity (ENT) with an existing relation-
ship (ENT, ATT1, VAL1) in a knowledge graph, where
(ATT1) is the attribute and (VAL1) its value. To complete a
missing attribute (ATT2), we formulate the prompt as:

“For ENT, existing triples (ENT, ATT1, VAL1),
(ENT, ATT2, VAL2), complete missing triple.”

The relationship attribute completion is:

Â(e1, e2) = LLM(e1, e2,A(e1, e2), Pattribute), (8)

where Â(e1, e2) is the completed relationship attribute
set, A(e1, e2) is the existing relationship attribute set
of e1 and e2 Furthermore, to evaluate the generated at-
tributes, we input their neighbor information and utilize
the LLM to check the generated attributes Âchecka =

LLM(e1, Â(e1, e2),N (e1), Pchecka), where Pchecka guides
the model to differentiate between existing and non-existent
relations. The prompt Pchecka as follows:

“ENT contains (NEB1, NEB2) and select attributes
for ENT. If it does not exist, return None.”

Leveraging the completed knowledge graphs, we compare
the relationships and attributes of entities and use these sim-
ilarity metrics to measure the relatedness between entity
pairs. To align entities across diverse knowledge graphs, we
compute the Jaccard similarity coefficient (Ji et al. 2013) be-
tween entities based on their attributes and relationships:

Jac(ei, ej)=
|At(ei)∩At(ej)|+|Re(ei)∩Re(ej)|
|At(ei)∪At(ej)|+|Re(ei)∪Re(ej)|

, (9)

where At(e) and Re(e) are the sets of attributes and re-
lationships for entities. Specifically, |At(ei) ∩ At(ej)| and
|Re(ei)∩ Rel(ej)| denote the number of common attributes
and relationships. While |At(ei) ∪ At(ej)| and |Re(ei) ∪
Re(ej)| denote the unique attributes/relationships. The de-
nominator represents the union of the attributes and rela-
tionships, capturing the total distinct elements involved. By
calculating the Jaccard coefficient, we can quantify the sim-
ilarity between entities from different knowledge graphs.

4.2 Facts Evaluation
The generated neighbor entities and relationships should
supplement the existing KG to ensure its integrity:

Gnew = G ∪ {(egen, rgen, eexisting) | egen ∈ Epool,

rgen ∈ Rpool, C(egen, rgen) ≥ τconfidence},
(10)

where Gnew represents the updated knowledge graph, G
represents the original knowledge graph, and C denotes
the confidence function with a threshold τconfidence. Fur-
thermore, we proposed fact evaluation to assess the gener-
ated information’s relevance, correctness, and consistency
through TransE evaluation, causal evaluation, and model
editing evaluation, enhancing the quality and precision of
the knowledge graph.
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TransE Evaluation. To incorporate relevant and trustwor-
thy information while discarding less reliable triples, we use
the TransE (Bordes et al. 2013) to assign scores and only
consider triples with scores higher than a threshold a for in-
clusion in T , By employing the TransE scoring function to
filter out non-factual triples, we can ensure that only reliable
and plausible triples are added to the MMKG.

Causal Evaluation. To select the most informative and
relevant predicted triples to enhance the performance of our
framework, we consider the effect of incorporating differ-
ent predicted triples into the large language model. We then
measure the performance of the large language model in
terms of entity alignment using these predicted triples. To
measure the impact of each predicted triple, we calculate
the Jaccard score between the entities involved in the triple,
which is the ratio of the intersection of the entities in the
predicted triple and in existing triples to their union.

Sc(Tgen, Texi) =
|Tgen ∩ Texi|
|Tgen ∪ Texi|

≥ τc, (11)

where Sc(Tgen, Texi) is the Jaccard score between the pre-
dicted triples and existing triples, and τc is the threshold.
A higher similarity score indicates a stronger alignment be-
tween the predicted triples and the existing triples. By an-
alyzing how well the model performs when incorporating
various predicted triples, researchers can determine which
predicted triples contribute most effectively to improving the
alignment of entities within the KG.

Model Editing Evaluation. The generated neighbor en-
tities and relationships must be structurally consistent with
the existing knowledge graph, ensuring they conform to ex-
isting relationship patterns. All generated relationships must
be in the predefined relationship candidate pool:

∀ (egen, rgen, eexisting) , rgen ∈ Rpool. (12)

Model editing evaluation helps filter out irrelevant or incor-
rect triples and retain those most likely to generalize well
to unseen facts. To evaluate the generated neighbor triples,
we propose a scoring mechanism. Specifically, we calculate
the similarity score between each triple in G and the existing
triples in T using a similarity function.

Sm(t, T ) =
∑
t′∈T

sim(t, t′) ≥ τm, (13)

where sim(t, t′) measures the similarity between triples t
and t′. After calculating the scores, we select the top-k
triples with the highest scores.

4.3 Training Objective
We propose a training objective function that incorporates
both aligned entity and context evaluation.

Aligned Entity Evaluation. In order to align entities from
two knowledge graphs, an entity similarity constraint is
commonly employed:

LEA
i = sim(ei, e

′
i)− sim(ei, e

′
i)− sim(ei, e

′
i). (14)

The given objective describes the final representations of
aligned seeds (ei, e

′
i) from two knowledge graphs. These

scores are obtained by negative samples, denoted by ei, e′i.
The entity alignment loss LEA measures the dissimilarity
between the embeddings of the aligned entities in different
knowledge graphs.

Aligned Attribute Evaluation. In order to maintain con-
sistency in the similarity of attributes within adjacent entities
of the same type, we have introduced an attribute similar-
ity constraint loss, which is a crucial component in our pro-
posed approach. Specifically, for each entity ei in the input
graph, the attribute similarity constraint loss (AL) is defined
as follows:

Lattr
i =

∑
A∈{T,I}

sim(ei,A, e
′
i,A), (15)

where A represents the textual T or visual I attributes, ei,T ,
ei,I are the textual/visual attribute embeddings, and e′i,T ,
e′i,I are their corresponding adjacent entities’ attribute em-
beddings. The final joint objective is:

L = λ1LEA + λ2Lattr. (16)

5 Experiment
Dataset. (1) Monolingual MMEA: FB15K-DB15K and
FB15K-YAGO15K (Liu et al. 2019). FB15K-DB15K
dataset comprises a total of 12,846 alignment seeds be-
tween the FB15K and DB15K MMKGs. FB15K-YAGO15K
dataset includes 11,199 alignment seeds between the
FB15K and YAGO15K MMKGs. (2) Bilingual MMEA:
DBP15KZH-EN, DBP15KJA-EN, and DBP15KFR-EN from
DBP15K dataset (Liu et al. 2021b), which consists of three
datasets built from the multilingual versions of DBpedia.

Comparison Methods. (1) Monolingual MMEA: EA
(TransE (Bordes et al. 2013), GCN-align (Wang et al. 2018),
and AttrGNN (Liu et al. 2020b)), Transformer entity align-
ment (TransEA) (BERT (Devlin et al. 2019), ViT (Doso-
vitskiy et al. 2021), and CLIP (Radford et al. 2021)), and
MMEA (PoE (Liu et al. 2019), Chen et al. (Chen et al.
2020), HEA (Guo et al. 2021), EVA (Liu et al. 2021a),
MSNEA (Chen et al. 2022), ACK-MMEA (Li et al. 2023a),
MoAlign (Li et al. 2023b), MEAformer (Chen et al. 2023b),
and DESAlign (Wang et al. 2024)). (2) Bilingual MMEA:
SBootEA, NAEA (Zhu et al. 2019), MCLEA (Lin et al.
2022b), MMEA-cat (Lin et al. 2022b), UMAEA (Lin et al.
2022b), PMF (Huang et al. 2024).

Implementation Details. We conducted all the experi-
ments on a server equipped with one Tesla V100 GPU to
ensure a fair and consistent comparison, and our proposed
model was implemented using PyTorch. We employed the
bert-large-uncased encoder from the HuggingFace library,
comprising 24 layers with an embedding size of 1024, while
the image attributes were initialized using the VGG16. We
performed a thorough hyper-parameter tuning process via
grid search, with five trials on the validation set. The train-
ing epoch was set to 200, with an L2 regularization of 0.0001
and a margin gamma of 1.0.
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Methods FB-DB (20%) FB-DB (50%) FB-DB (80%) FB-YAGO (20%) FB-YAGO (50%) FB-YAGO (80%)
MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10

TransE 13.4 7.8 24.0 30.6 23.0 44.6 50.7 42.6 65.9 11.2 6.4 20.3 26.2 19.7 38.2 46.3 39.2 59.5
GCN-align 8.7 5.3 17.4 29.3 22.6 43.5 47.2 41.4 63.5 15.3 8.1 23.5 29.4 23.5 42.4 47.7 40.6 64.3
AttrGNN 34.3 25.2 53.5 54.7 47.3 72.1 70.3 67.1 83.9 31.8 22.4 39.5 46.2 38.0 63.9 67.1 59.9 78.7

BERT 32.6 24.3 48.0 49.6 45.2 67.9 65.3 64.5 80.1 30.5 23.6 39.0 48.7 43.1 62.4 67.3 60.8 81.2
ViT 33.5 25.1 53.9 50.5 45.5 69.0 71.5 66.8 85.7 32.4 26.8 44.9 52.0 45.7 67.5 71.3 63.1 82.0
CLIP 35.4 27.0 55.3 54.1 48.7 71.4 73.9 68.3 86.0 34.8 29.3 47.1 56.8 49.0 70.2 72.1 65.2 85.2

PoE 17.0 12.6 25.1 53.3 46.4 65.8 72.1 66.6 82.0 15.4 11.3 22.9 41.4 34.7 53.6 63.5 57.3 74.6
Chen et al. 35.7 26.5 54.1 51.2 41.7 70.3 68.5 59.0 86.9 31.7 23.4 48.0 48.6 40.3 64.5 68.2 59.8 83.9
HEA - 12.7 36.9 - 26.2 58.1 - 41.7 78.6 - 10.5 31.3 - 26.5 58.1 - 43.3 80.1
EVA 35.2 28.9 54.5 53.8 45.3 72.9 71.6 63.5 85.1 33.5 25.0 46.2 56.1 47.8 68.3 72.5 64.0 84.5
MSNEA 23.2 14.9 39.2 45.9 35.8 65.6 65.1 56.5 81.0 21.0 13.8 34.6 47.2 37.6 64.6 66.8 59.3 80.6
ACK-MMEA 38.7 30.4 54.9 62.4 56.0 73.6 75.2 68.2 87.4 36.0 28.9 49.6 59.3 53.5 69.9 74.4 67.6 86.4
MoAlign 40.9 31.8 56.4 63.4 57.6 74.9 77.3 69.9 88.2 37.8 29.6 52.5 61.7 55.0 71.3 76.9 68.9 88.4
MEAformer 53.4 43.4 72.8 70.4 62.5 84.7 82.5 77.3 91.8 41.6 32.5 59.8 64.0 56.0 78.0 76.8 70.5 87.4
DESAlign 66.5 58.0 81.5 62.4 56.0 73.6 75.2 68.2 87.4 36.0 28.9 49.6 59.3 53.5 69.9 74.4 67.6 86.4
LLMEA 69.2 61.3 82.7 72.5 64.1 87.3 85.1 79.2 92.5 42.6 34.7 60.4 66.0 58.1 78.7 77.5 71.2 89.6

Table 1: Main experiments on FB15K-DB15K (left) and FB15K-YAGO15K (right) with different proportions of MMEA seeds.

Methods DBP15KZH-EN DBP15KJA-EN DBP15KFR-EN
H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR

SBootEA 62.9 84.7 70.3 62.2 85.4 70.1 65.3 87.4 73.1
NAEA 65.0 86.7 72.0 64.1 87.3 71.8 67.3 89.4 75.2
EVA* 74.6 91.0 80.7 74.1 91.8 80.5 76.7 93.9 83.1

MSNEA* 64.3 86.5 71.9 57.2 83.2 66.0 58.4 84.1 67.1
MCLEA* 81.1 95.4 86.5 80.6 95.3 86.1 81.1 95.4 86.5
MMEA-cat 62.4 84.5 70.2 64.1 86.9 72.3 72.5 91.4 79.3
UMAEA 75.8 95.1 82.9 77.5 96.3 84.5 79.2 97.0 85.9
MoAlign 84.7 97.0 89.2 84.2 97.4 89.2 84.5 97.6 89.4
PMF 83.5 - 88.4 83.5 - 88.5 85.0 - 89.8
LLMEA 85.2 97.6 89.8 85.1 97.9 89.7 85.2 98.3 90.0

Table 2: Main experiments on the bilingual MMEA datasets.

Variants FB15K-DB15K FB15K-YOGA15K DBP15KZH-EN
MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10

LLMEA 85.1 79.2 92.5 77.5 71.2 89.6 89.8 85.2 97.6

w/o LKC 82.3 77.0 89.4 75.5 68.2 87.6 87.3 84.6 96.1
w/o NEC 83.4 78.2 90.5 75.1 69.2 88.7 86.4 84.0 96.8
w/o RAC 83.0 78.2 90.5 76.3 69.6 88.2 87.6 84.1 96.3
w/o AL 83.1 78.4 91.5 76.2 70.0 88.4 86.4 84.6 96.2

w/o TA 82.5 77.2 89.1 74.3 68.5 86.6 85.7 84.5 96.4
w/o IA 82.4 78.9 89.2 75.5 69.7 87.3 85.6 84.2 97.0

Table 3: Variant Experiments. “w/o” means removing the
corresponding module from the complete model.

5.1 Main Results
To verify the effectiveness of our model, we report the over-
all results in Table 1 and 2. We can observe that: 1) On
FB15K-DB15K and FB15K-YAGO15K datasets, LLMEA
performs best with varying seed splits. It demonstrates
LLMEA’s robustness and strong performance in few-shot
learning scenarios. 2) LLMEA shows a significant improve-
ment in MRR over EA baselines on both datasets, highlight-
ing the benefit of multi-modal context in enhancing align-
ment performance. 3) Compared to multi-modal transform-
ers, LLMEA consistently delivers superior results, suggest-
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Figure 3: Results (MRR) of deleting attributes.

ing that transformer architectures capture multi-modal infor-
mation effectively. 4) Against multi-modal entity alignment
baselines, LLMEA achieves better performance in MRR,
Hits@1, and Hits@10, respectively, owing to its LLM-based
knowledge completion mechanism, which enhances perfor-
mance over transformer-based entity alignment. All obser-
vations confirm the effectiveness of LLMEA.

5.2 Ablation Study
From Table 3, we can observe that: 1) The impact of LLM-
based knowledge completion (LKC) tends to be more signif-
icant. The reason is that the consistent introduction of multi-
modal attributes and neighbors captures more clues. 2) By
removing the neighbor entity or relationship attribute com-
pletion (NEC or RAC), the performance decreased signif-
icantly. It demonstrates that the completion captures more
effective multi-modal information. 3) When all image at-
tributes (IA) are removed, LLMEA decreases 1.7% on av-
erage. This underscores that image attributes contribute to
improving the performance, and LLMEA effectively lever-
ages them to capture more alignment knowledge.

5.3 Impacts of Multi-Modal Attributes
Figure 3 provides several insightful observations: 1) The
variants that lack text or image exhibit a significant decline.
The result highlights the importance and efficacy of multi-
modal attributes in MMEA. 2) Our model is less affected
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Figure 4: Results (MRR) of differences in attribute number.
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Figure 5: Interference with attributes or neighbors (MRR).
“Int.” means interference with some proportion of them.

by the removal of all multi-modal attributes, likely due to
the utilization of LLM-based Knowledge Completion and
the Attribute loss, which contribute to obtaining superior en-
tity representations. 3) LLEMA achieves superior results, re-
gardless of whether all or some of the multi-modal attributes
are abandoned when compared to others. It indicates that
LLMEA is capable of fully utilizing multi-modal attributes.

5.4 Impact of the Number of Attributes
We examine the effects of varying degrees of information
gap between EA seeds. We select alignment seeds with the
same number of image attributes and vary the gaps of text
number within the range of [0, 24]. From Figure 4, it is
noticed that: 1) The decline in performance becomes more
pronounced for all methods as the gaps between alignment
seeds widen. This difficulty arises from the increased chal-
lenge of matching entities when there are larger gaps be-
tween alignment seeds. 2) Our model showcases a more
gradual decline in performance, illustrating the superiority
of our approach in mitigating the information gap.

5.5 Impact of Interference Data
To examine the influence of interference data, we con-
duct experiments where we randomly substitute part of the
neighbor entities and attribute information, as illustrated
in Figure 5. The experimental results highlight that our
method displays superior tolerance to interference. This in-
dicates that our approach, integrating completed informa-
tion through LLM-based knowledge completion, effectively
manages interference data and enhances the overall robust-
ness of the model. Specifically, as the percentage of inter-
ference increases, our method shows a smaller degradation
in performance. This robustness is attributed to the effective
completion of missing entities and attributes, ensuring that

(a) ACK-MMEA. (b) MoAlign. (c) LLMEA.

(d) ACK-MMEA. (e) MoAlign. (f) LLMEA.

FB15K Entities DB15K Entities

entities visual attributes textual attributes

Figure 6: Visualization of embeddings and attributes.

the model maintains a comprehensive understanding of en-
tity relationships even in the presence of noisy data.

5.6 Visualization of Embeddings
To intuitively demonstrate LLMEA’s effectiveness, we se-
lected aligned entity pairs from FB15K-DB15K and visu-
alized their embeddings using t-SNE (Van der Maaten and
Hinton 2008), as shown in Figure 6. Blue and green nodes
represent the same entities on different KGs, with black lines
connecting aligned pairs. Our model exhibits shorter lines
than other models, indicating closer proximity of aligned
pairs in the embedding space. Additionally, the increased
distance between non-aligned pairs suggests enhanced dif-
ferentiation of unrelated entities. The compact clustering of
aligned pairs and the distinct separation of non-aligned enti-
ties further highlight the strength of our embeddings in cap-
turing structural relationships.

5.7 Visualization of Multi-modal Attributes
To further illustrate the effectiveness of LLEMA, we se-
lected entities on FB15K-DB15K and visualized their multi-
modal attribute embeddings, as shown in Figure 6. The
blue nodes represent entities, red nodes represent visual at-
tributes, and green nodes represent textual attributes. The
black lines connect the entities and their attributes. From
Figure 6, it is evident that the embeddings generated by
the LLMEA model are better compared to ACK-MMEA
and MoAlign. In the visualization of our LLMEA embed-
dings, the entities, visual attributes, and textual attributes are
closely clustered together, indicating a high level of integra-
tion and coherence in the multi-modal embeddings.

6 Conclusion
In this paper, we present a novel framework to address
the information gap challenges in MICEA. By focusing on
the completion of missing neighbor entities and attributes
within MMKGs, our framework facilitates a more compre-
hensive and accurate comparison of similarity between enti-
ties across diverse relationships and attributes. Through the
effective use of LLMs, LLMEA bridges these gaps, enhanc-
ing the quality and precision of the alignment process. Ex-
perimental results demonstrate the effectiveness of ours.

19248



Acknowledgments
We thank the anonymous reviewers for their insightful
comments and suggestions. The corresponding author is
Cheng Ji. The authors of this paper were supported by
the NSFC through grants No.62402054, No.62425203, and
No.62032003, the China Postdoctoral Science Foundation
through grant 2024M760279, and the Postdoctoral Fellow-
ship Program and China Postdoctoral Science Foundation
under grant BX20250390.

References
Antol, S.; Agrawal, A.; Lu, J.; Mitchell, M.; Batra, D.; Zit-
nick, C. L.; and Parikh, D. 2015. Vqa: Visual question an-
swering. In ICCV, 2425–2433.
Bordes, A.; Usunier, N.; Garcı́a-Durán, A.; Weston, J.; and
Yakhnenko, O. 2013. Translating Embeddings for Modeling
Multi-relational Data. In NeurIPS, 2787–2795.
Chen, L.; Li, Z.; Wang, Y.; Xu, T.; Wang, Z.; and Chen, E.
2020. MMEA: Entity Alignment for Multi-modal Knowl-
edge Graph. In KSEM, volume 12274, 134–147. Springer.
Chen, L.; Li, Z.; Xu, T.; Wu, H.; Wang, Z.; Yuan, N. J.; and
Chen, E. 2022. Multi-modal Siamese Network for Entity
Alignment. In ACM SIGKDD, 118–126.
Chen, Z.; Chen, J.; Zhang, W.; Guo, L.; Fang, Y.; Huang,
Y.; Zhang, Y.; Geng, Y.; Pan, J. Z.; Song, W.; and Chen, H.
2023a. MEAformer: Multi-modal Entity Alignment Trans-
former for Meta Modality Hybrid. 3317–3327.
Chen, Z.; Chen, J.; Zhang, W.; Guo, L.; Fang, Y.; Huang,
Y.; Zhang, Y.; Geng, Y.; Pan, J. Z.; Song, W.; and Chen, H.
2023b. MEAformer: Multi-modal Entity Alignment Trans-
former for Meta Modality Hybrid. In MM, 3317–3327.
ACM.
Chen, Z.; Guo, L.; Fang, Y.; Zhang, Y.; Chen, J.; Pan, J. Z.;
Li, Y.; Chen, H.; and Zhang, W. 2023c. Rethinking Un-
certainly Missing and Ambiguous Visual Modality in Multi-
Modal Entity Alignment. In ISWC, volume 14265, 121–139.
Devlin, J.; Chang, M.-W.; Lee, K.; and Toutanova, K. 2019.
BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding. In ACL, 4171–4186. Minneapo-
lis, Minnesota.
Dosovitskiy, A.; Beyer, L.; Kolesnikov, A.; Weissenborn,
D.; Zhai, X.; Unterthiner, T.; Dehghani, M.; Minderer, M.;
Heigold, G.; Gelly, S.; Uszkoreit, J.; and Houlsby, N. 2021.
An Image is Worth 16x16 Words: Transformers for Image
Recognition at Scale. In ICLR.
Fang, X.; Fang, W.; and Wang, C. 2025. Hierarchical
Semantic-Augmented Navigation: Optimal Transport and
Graph-Driven Reasoning for Vision-Language Navigation.
In Advances in Neural Information Processing Systems.
Fang, X.; Liu, D.; Zhou, P.; and Hu, Y. 2022. Multi-
modal cross-domain alignment network for video moment
retrieval. IEEE Transactions on Multimedia.
Fang, X.; Liu, D.; Zhou, P.; and Nan, G. 2023. You can
ground earlier than see: An effective and efficient pipeline
for temporal sentence grounding in compressed videos. In
Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, 2448–2460.

Fang, Z.; Lei, S.; Zhu, X.; Yang, C.; Zhang, S.; Yin, X.;
and Qin, J. 2024. Transformer-based Reasoning for Learn-
ing Evolutionary Chain of Events on Temporal Knowledge
Graph. In SIGIR, 70–79. ACM.
Guo, H.; Tang, J.; Zeng, W.; Zhao, X.; and Liu, L. 2021.
Multi-modal entity alignment in hyperbolic space. Neuro-
computing, 461: 598–607.
Huang, Y.; Zhang, X.; Zhang, R.; Chen, J.; and Kim, J.
2024. Progressively Modality Freezing for Multi-Modal En-
tity Alignment. In ACL, 3477–3489.
Ji, J.; Li, J.; Yan, S.; Tian, Q.; and Zhang, B. 2013. Min-Max
Hash for Jaccard Similarity. In ICDM, 301–309.
Jiang, J.; Li, M.; and Gu, Z. 2021. A Survey on Translating
Embedding based Entity Alignment in Knowledge Graphs.
In DSC, 187–194.
Li, Q.; Guo, S.; Luo, Y.; Ji, C.; Wang, L.; Sheng, J.; and Li,
J. 2023a. Attribute-Consistent Knowledge Graph Represen-
tation Learning for Multi-Modal Entity Alignment. In ACM
Web Conference, 2499–2508.
Li, Q.; Ji, C.; Guo, S.; Liang, Z.; Wang, L.; and Li, J. 2023b.
Multi-Modal Knowledge Graph Transformer Framework for
Multi-Modal Entity Alignment. In EMNLP, 987–999.
Li, Q.; Li, J.; Wu, J.; Peng, X.; Ji, C.; Peng, H.; Wang, L.;
and Yu, P. S. 2024. Triplet-aware graph neural networks for
factorized multi-modal knowledge graph entity alignment.
Neural Networks, 179: 106479.
Li, Y.; Chen, J.; Li, Y.; Xiang, Y.; Chen, X.; and Zheng,
H. 2023c. Vision, Deduction and Alignment: An Empirical
Study on Multi-modal Knowledge Graph Alignment. CoRR,
abs/2302.08774.
Lin, Z.; Zhang, Z.; Wang, M.; Shi, Y.; Wu, X.; and Zheng,
Y. 2022a. Multi-modal Contrastive Representation Learning
for Entity Alignment. In COLING, 2572–2584.
Lin, Z.; Zhang, Z.; Wang, M.; Shi, Y.; Wu, X.; and Zheng,
Y. 2022b. Multi-modal Contrastive Representation Learning
for Entity Alignment. In CCL, 2572–2584.
Liu, F.; Chen, M.; Roth, D.; and Collier, N. 2021a. Visual
Pivoting for (Unsupervised) Entity Alignment. In AAAI,
4257–4266.
Liu, F.; Chen, M.; Roth, D.; and Collier, N. 2021b. Visual
pivoting for (unsupervised) entity alignment. In AAAI, vol-
ume 35, 4257–4266.
Liu, W.; Zhou, P.; Zhao, Z.; Wang, Z.; Ju, Q.; Deng, H.; and
Wang, P. 2020a. K-BERT: Enabling Language Representa-
tion with Knowledge Graph. In AAAI, 2901–2908.
Liu, X.; Zhao, S.; Su, K.; Cen, Y.; Qiu, J.; Zhang, M.; Wu,
W.; Dong, Y.; and Tang, J. 2022. Mask and Reason: Pre-
Training Knowledge Graph Transformers for Complex Log-
ical Queries. In ACM SIGKDD, 1120–1130.
Liu, Y.; Li, H.; Garcı́a-Durán, A.; Niepert, M.; Oñoro-Rubio,
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