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Abstract
Entity alignment (EA) aims to identify equivalent enti-

ties across heterogeneous knowledge graphs (KGs). While
existing embedding and graph based methods are scal-
able, their performance is often limited by data sparsity,
structural heterogeneity, and semantic ambiguity. Large
language models (LLMs) offer strong reasoning capabili-
ties over unstructured and semi-structured information and
have the potential to address these challenges; however,
their application to entity alignment remains largely un-
explored and is constrained by high computational cost,
making end-to-end alignment impractical. To address this,
we introduce RefineEA, a modular framework that employs
LLMs as semantic judges to refine and improve the predic-
tions of existing entity alignment models.

1 Introduction
Entity alignment refers to the task of identifying and

linking equivalent entities across different knowledge
graphs. Knowledge graph provides structured represen-
tations of real-world entities; however, differences in on-
tologies, naming conventions, attribute completeness, and
relational structure make EA a challenging problem. Ex-
isting EA methods typically rely on multi-aspect entity em-
beddings. While effective in certain scenarios, these meth-
ods often struggle in the presence of sparse information,
structural heterogeneity, and subtle semantic ambiguity.

Recent advances in large language models (LLMs) have
introduced new opportunities for entity alignment. Trained
on vast corpora of textual and factual knowledge, LLMs
possess strong semantic understanding and reasoning ca-
pabilities that can complement traditional alignment sig-
nals. Several studies have explored incorporating large lan-

guage models into EA pipelines, such as using LLMs for
iterative reasoning over entity descriptions or for validating
candidate alignments generated by embedding-based mod-
els [1]. These works demonstrate the promise of LLMs
in improving alignment quality, particularly in complex or
low-resource settings. However, directly applying LLMs to
end-to-end entity alignment remains computationally ex-
pensive and difficult to scale.

To address these challenges, we propose RefineEA, a
modular framework for LLM-guided refinement in entity
alignment. Rather than replacing existing EA systems, Re-
fineEA uses LLMs as semantic judges to refine and validate
predictions from a wide range of EA approaches, includ-
ing embedding-based, graph-based, and hybrid models—
thereby improving accuracy while maintaining scalability.

Given candidate alignments produced by an underly-
ing EA model, RefineEA constructs a compact contex-
tual profile for each entity using its name, attributes, rela-
tional context, and textual descriptions. For each candidate
alignment, the LLM reasons over the paired profiles to as-
sess semantic consistency and estimate alignment reliabil-
ity. A confidence-based decision strategy then integrates
the LLM’s assessment with the original model prediction:
candidates that the LLM confidently identifies as incor-
rect are rejected, while uncertain cases defer to the orig-
inal alignment. This design enhances robustness and bal-
ances precision and recall without over-reliance on LLM
outputs. This approach ensures that only the most reliable
alignments are selected, while maintaining the alignment
process’s accuracy. The key contributions are -

• We propose RefineEA, a modular framework that uses
LLMs to refine entity alignment predictions without
replacing existing models.

― 2216 ―

言語処理学会 第32回年次大会 発表論文集（2026年3月）

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



Figure 1 RefineEA Framework

• We introduce entity-level contextual profiles to sup-
port LLM-based semantic reasoning.

• We propose a confidence-based decision mechanism
to resolve conflicts between the LLMs the base
model’s prediction, effectively handling uncertain
cases.

• RefineEA is method-independent, making it applica-
ble across diverse EA approaches and improving over-
all robustness.

Overall, RefineEA provides an efficient and scalable way
to incorporate LLM reasoning into entity alignment, im-
proving accuracy in challenging and heterogeneous set-
tings.

2 Related Works
Entity alignment (EA) has been widely studied us-

ing embedding-based and graph-based approaches.
Embedding-based methods represent entities and relations
as low-dimensional vectors in a shared space, modeling
relations as translations between entity embeddings [4].
Models like MTransE [2], BootEA [13], JAPE [12],
KECG [8], TransEdge [14], JarKA [3], embed entities and
relations into a shared vector space to map entities across
different knowledge graphs.

GNN-based models like GCN-Align [18] and, RDGCN
[5] leverage GNNs to integrate structural similarity and
local graph neighborhoods, achieving comparable results.
Yang et al. [20, 22, 21] also explore GNN-based and unsu-
pervised approaches for entity alignment. BERT-INT [15]
, JSAE [10] and EASAE [11] employ pre-trained language

models to capture semantic richness from entity descrip-
tions, while MultiKE [23], TEA [24] and SDEA [25] uti-
lize multi-view information for alignment. Recent stud-
ies, such as Simple-HHEA [7] uses structured embeddings
with logical reasoning.

ChatEA [26] integrates LLMs for iterative reasoning
to filter candidates, leveraging names, descriptions, and
structures and LLMEA [19] integrates multiple similarity
features with LLM-based refinement. In contrast, our pro-
posed RefineEA improves alignment accuracy, robustness,
and interpretability by serving as a modular post-alignment
refinement layer. It leverages LLM-guided reasoning over
contextual entity profiles to handle data sparsity, semantic
ambiguity, and heterogeneity, while remaining applicable
across diverse EA models without changing their architec-
tures.

3 Method
RefineEA is a modular framework designed to refine

candidate entity alignments produced by existing EA mod-
els using large language model (LLM) reasoning. Instead
of performing end-to-end alignment, RefineEA operates as
a post-alignment refinement layer that that takes candidate
alignments produced by an existing EA model and vali-
dates, corrects, or defers alignment decisions based on se-
mantic evidence and confidence estimates. Figure 1 illus-
trates the overall architecture. RefineEA consists of three
components: (1) contextual profile construction, (2) LLM-
enhanced alignment verification, and (3) confidence-based
decision integration.
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3.1 Contextual Profile Construction

Knowledge graphs often exhibit heterogeneous repre-
sentations, incomplete or inconsistent attributes, ambigu-
ous descriptions, and even cross-lingual differences, which
make entity alignment difficult—especially when semantic
evidence is sparse. To support semantic comparison un-
der these conditions, RefineEA converts each entity into a
compact, text-based contextual profile that integrates key
KG evidence into a unified, human-readable form. The
profile includes the entity name (and aliases when avail-
able), important attributes, nearby relations, and any avail-
able descriptions. By turning scattered KG signals into a
single, consistent representation, RefineEA enables more
reliable semantic comparison even when the two KGs dif-
fer in schema or completeness.

3.2 LLM-enhanced Alignment Verifica-
tion

Given a candidate entity pair (41, 42) produced by a base
entity alignment model, RefineEA uses an LLM to verify
whether the two entities refer to the same real-world entity.
Concretely, RefineEA feeds the paired entity profiles into
the LLM through a structured verification prompt, asking
for a binary decision based on semantic consistency be-
tween the profiles and the LLM’s background knowledge.
Prompt 1 : Alignment Verification

Given two entity profiles from different knowledge
graphs, determine whether the two entities refer to the
same real-world entity using background knowledge
and contextual reasoning.
Respond with either:

• [YES] – if the profiles represent the same real-
world entity.

• [NO] – if the profiles represent different entities.

3.3 Confidence-based Decision Integra-
tion

If the LLM responds with [YES] in Prompt 1, Refi-
neEA accepts the candidate pair as aligned. If the re-
sponse is [NO], RefineEA performs an additional confi-
dence check to distinguish clear mismatches from uncer-
tain cases. Specifically, RefineEA asks the LLM to provide
a misalignment confidence score B ∈ [0, 1], where a higher
score indicates stronger evidence that the two entities are
different. RefineEA then applies a confidence threshold

Table 1 Dataset Statistics.
Dataset #Entities #Relations #Anchor

ICEWS-WIKI
ICEWS 11,047 272

5,058
WIKI 15,896 226

ICEWS-YAGO
ICEWS 26,863 272

18,824
YAGO 22,734 41

�) (selected on a validation set) to integrate the LLM out-
put with the base model prediction: when B ≥ �) , the can-
didate alignment is rejected; otherwise, the LLM is treated
as uncertain and RefineEA defers to the base model’s orig-
inal prediction.

Prompt 2: Misalignment Confidence (Only if response
is [NO])

If you responded with [NO] in Prompt 1, provide
a confidence score between 0 and 1 indicating how
strongly the two entities are not aligned.
Scoring guide:

• A score close to 1 indicates strong evidence that
the entities are different.

• A score close to 0 indicates uncertainty or partial
overlap.

Output format: [SCORE]={0..1}

4 Experiment
In this section, we describe the datasets, model configu-

rations, evaluation metrics, and experimental results.

4.1 Dataset and Implementation

We conducted experiments on two challenging entity
alignment datasets [26], summarized in Table 1. ICEWS-
WIKI and ICEWS-YAGO exhibit substantial heterogene-
ity between the paired KGs, including mismatched en-
tity counts and differing graph structures, making align-
ment significantly more difficult than on more homoge-
neous benchmarks. In contrast, datasets such as DBP15K
or DB-WIKI are often considered relatively “easy” due
to stronger overlap in entities and schema, and have been
extensively studied; as a result, improvements on them
can be less indicative of robustness under severe distribu-
tion shifts. By evaluating on ICEWS-WIKI and ICEWS-
YAGO, we aim to demonstrate that our method remains
effective when textual descriptions and structural cues are
sparse, inconsistent, or misaligned, which is the setting
most relevant to real-world EA. In our experimental setup,
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Model ICEWS-WIKI ICEWS-YAGO
TEA-GNN 0.126 0.064

+ RefineEA 0.176 0.089
BERT 0.596 0.784

+ RefineEA 0.775 0.906
Simple-HHEA 0.754 0.870

+ RefineEA 0.844 0.924
FuAlign 0.361 0.423

+ RefineEA 0.469 0.528
BERT-INT 0.607 0.793

+ RefineEA 0.807 0.936

Table 2 Entity alignment performance (MRR) on ICEWS-
WIKI and ICEWS-YAGO.

we employed GPT-4 for entity profile generation and rea-
soning. The dataset was divided into training and test-
ing sets in a 3:7 ratio. The evaluation metrics used were
Hits@k (with : = 1 and : = 10) and Mean Reciprocal
Rank (MRR).

4.2 Result and Discussion

To evaluate RefineEA, we apply it as a post-alignment
refinement layer on top of several strong entity alignment
baselines using a two-stage evaluation setup. We first
generate candidate alignments using TEA-GNN, BERT,
FuAlign, BERT-INT, and Simple-HHEA. RefineEA then
verifies each candidate alignment by prompting an LLM
to compare the paired entities using their contextual pro-
files and the LLM’s background knowledge. If the LLM
confirms the alignment with [YES], the candidate is ac-
cepted. If the LLM rejects it with [NO], we examine
the confidence score: candidates with high misalignment
confidence are removed, while low-confidence cases are
treated as uncertain and we keep the original prediction
from the base EA model. As shown in Table 2, RefineEA
consistently improves alignment quality across all base-
lines. TEA-GNN shows the largest gains, indicating ro-
bustness to structural sparsity; BERT and BERT-INT im-
prove by resolving semantic ambiguities beyond text sim-
ilarity; FuAlign improves noticeably, suggesting reduced
sensitivity to embedding noise; and Simple-HHEA shows
smaller but steady gains, indicating that residual seman-
tic errors can still be corrected even in strong hybrid mod-
els. Overall, these results suggest that contextual pro-
files provide an additional semantic signal complementary

to embedding- and graph-based matching, especially un-
der sparsity, heterogeneity, or ambiguous entity represen-
tations. Importantly, RefineEA does not replace the base
alignment modules; it refines its output, making it applica-
ble across different EA families without requiring changes
to their training objectives or architectures. While recent
LLM-based EA approaches can achieve strong results by
relying heavily on LLM reasoning, they are often designed
as end-to-end or tightly integrated pipelines, which reduces
portability across different EA systems and may increase
computational cost. In contrast, RefineEA is explicitly
built as a refinement module: it attaches to the output of
an arbitrary EA model and improves robustness through
confidence-aware correction, providing a practical way to
incorporate LLM reasoning into entity alignment without
restructuring the underlying EA models.

We analyzed the impact of varying the confidence
threshold (CT ) from 0.60 to 0.95 using the random val-
idation samples. When the LLM assigns a misalignment
confidence score below CT, we treat this case as uncertain
and defer to the underlying EA model. Across datasets,
setting between 0.85 and 0.90 yielded the best balance.

5 Conclusion
In this paper, we introduced RefineEA, a modular

post-alignment refinement framework that enhances en-
tity alignment by incorporating large language model rea-
soning without replacing existing alignment systems. Re-
fineEA constructs compact contextual entity profiles and
uses LLM-based semantic verification with a confidence-
aware decision mechanism to refine candidate alignments
produced by diverse EA models.

Experimental results on heterogeneous knowledge
graphs demonstrate RefineEA consistently improves align-
ment performance across multiple strong baselines. It
shows substantial relative gains while preserving scala-
bility and efficiency. Unlike end-to-end LLM-based ap-
proaches, RefineEA operates as a lightweight and method-
independent refinement layer, making it practical for inte-
gration for existing EA methods.

For future work, we plan to adapt RefineEA to domain-
specific entity alignment (e.g., biomedical or scientific
knowledge graphs) by adding domain-aware profiles and
prompts, and by tuning the confidence threshold to better
handle specialized terms and ontology differences.
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