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Abstract

Entity alignment (EA) is crucial for integrating knowledge
graphs (KGs) constructed from diverse sources. Conventional
unsupervised EA approaches attempt to eliminate human in-
tervention but often suffer from accuracy limitations. With
the rise of large language models (LLMs), leveraging their
capabilities for EA presents a promising direction. However,
it introduces new challenges: formulating the LLM-based EA
problem and extracting the background knowledge in LLMs
to realize EA without human intervention. This paper pro-
poses HLMEA, a novel hybrid language model-based unsu-
pervised EA method. HLMEA formulates the EA task into
a filtering and single-choice problem and synergistically in-
tegrates small language models (SLMs) and LLMs. Specif-
ically, SLMs filter candidate entities based on textual rep-
resentations generated from KG triples. Then, LLMs refine
this selection to identify the most semantically aligned en-
tities. An iterative self-training mechanism allows SLMs to
distill knowledge from LLM outputs, enhancing the EA abil-
ity of hybrid language models in subsequent rounds cooper-
atively. We also conducted extensive experiments on bench-
mark datasets to evaluate HLMEA’s performance. The results
demonstrate that HLMEA significantly outperforms unsuper-
vised and even supervised EA baselines, proving its potential
for scalable and effective EA across large KGs. The code and
data are available at https://github.com/xnjin-ai/HLMEA.

Introduction

Knowledge graphs (KGs) formulate human knowledge us-
ing a symbolic graph structure to enable machines to un-
derstand the semantics and logic. With the development
of KG modeling and construction technologies, more and
more KGs have been built in various domains to support
KG-based applications such as question answering, reason-
ing, retrieval, and estimation (Wang et al. 2024b; Li et al.
2024; Agrawal et al. 2024; Chen et al. 2024; Liang et al.
2024; Liu, Wu, and Zhang 2024). However, the difficulty of
inter-operation between KGs is ubiquitous due to the het-
erogeneous nature and incomplete data source. For instance,

*Corresponding Author
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

11888

in various KGs, Apple’s co-founder Steve Jobs might be
identified by diverse relations and names, such as S. Jobs,
Steve_Jobs, Jobs, or even appear in multiple languages.

Entity alignment (EA) aims to establish connections be-
tween KGs by identifying semantically equivalent entities.
EA has attracted remarkable attention from researchers for
enabling inter-communication and cooperation, i.e., KG fu-
sion. Conventional EA work embeds symbolic KGs into
vector spaces and then measures the similarities via entity
embedding distances under the supervision of human la-
bels (Yang et al. 2019; Tang et al. 2021; Chen et al. 2022).
Semi-supervised EA methods are designed to reduce the de-
pendency on high-cost human labels based on techniques
like bootstrapping and iterative training (Sun et al. 2018; Xie
et al. 2021). However, the above techniques still suffer from
high-cost human annotation. Unsupervised EA has been
studied to eliminate human intervention. Unimodal unsuper-
vised approaches perform EA based on KG self-contained
information by carefully designed mechanisms such as non-
sampling calibration and relative similarity metric (Li and
Song 2022; Liu et al. 2022). Some researchers incorporate
auxiliary data and utilize multimodal pre-trained models to
facilitate the EA accuracy (Liu et al. 2021; Chen et al. 2023).

With the emergence of Large Language Models (LLMs)
such as GPT-4 (OpenAl 2023), traditional information tech-
nologies face revolutionary change. LLM-based EA is a
promising direction to leverage the power of LLMs to im-
prove EA performance further. However, LLM-based EA
faces two challenges. The first challenge is how to formu-
late the EA problem to fit LLMs. A straightforward way is
to compose a prompt containing a source entity and all tar-
get entities and feed it into an LLM to identify an aligned
target entity. However, an entity typically has hundreds or
thousands of triples, and a KG can have millions of enti-
ties. Simply injecting all entity information will result in an
extremely long prompt that may exceed the context length
limit or require an unacceptable long inference time.

LLMSs are pre-trained on extensive and varied text data,
which enables them to acquire a broad range of human
knowledge and even surpass human performance in spe-
cific NLP tasks, such as summarization. However, when it
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Figure 1: Architecture of the proposed unsupervised entity alignment (EA) method HLMEA. SLM,,) represents the fine-tuned
SLM at round p. SLM gy means the original version of SLM.

comes to the EA task, it is impractical to compare every
entity pair and evaluate similarity scores using LLMs due
to the high computational costs and hallucination issues (Ji
et al. 2023). Moreover, in the unsupervised setting that is
actively studied, there are no human labels for performing
supervised fine-tuning on LLMs for EA. Therefore, the sec-
ond challenge pertains to extracting background knowledge
from LLMs to address the unsupervised EA task.

In this paper, we propose a novel Hybrid Language
Model-based unsupervised EA solution HLMEA. To ad-
dress the first challenge, we formulate the EA problem into
a filtering and single-choice problem. Specifically, a format
of textual representations of entities (TREs) is proposed to
describe entities concisely with less information loss. Then,
given a source entity se and TREs as inputs, SLMs are
adopted to filter the most promising top-k target entities
tes based on the pre-trained embeddings to further reduce
search space and prompt length. SLMs indicate the rela-
tively small and lightweight pre-trained language models
such as BERT (Devlin et al. 2019). Afterward, LLMs select
an aligned entity from the filtered tes.

To address the second challenge, HLMEA enables LLMs
and SLMs to cooperate iteratively and synergistically for the
EA task. In detail, we propose an SLM self-training to fine-
tune SLMs using the training data created based on LLM
outputs. LLM selection (i.e., annotation) is repeated n times,
and a majority voting is applied to reduce the uncertainty and
instability of the LLM outputs. The training data generation
aims to make the fes with higher SLM-measured similar-
ity get more votes. The overall architecture of HLMEA is
shown in Figrue 1. HLMEA iterates multiple rounds, and
each round executes steps 1 to 4 in sequential order. In this
way, SLMs distill the background knowledge from LLMs
for better measuring entity similarities, and in turn, LLMs
benefit from the improved quality of SLM-filtered tes.

Recently, an LLM-based EA approach ChatEA (Jiang
et al. 2024) is presented. ChatEA proposes KG-code trans-
lation to understand KGs and enhance LLM’s contextual
knowledge. Embedding-based EA methods such as Simple-
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HHEA (Jiang et al. 2023) are employed as the backbone to
filter candidates and perform reasoning and rethinking based
on LLMs to identify aligned entities. However, ChatEA re-
quires large-scale LLMs and extra entity descriptions to
achieve high EA performance. Our distinction, without such
dependence, is critical, as it allows our HLMEA to execute
accurate EA using a smaller model like Qwen-7B (Bai et al.
2023) without auxiliary information. Our approach is, there-
fore, less resource-intensive and more flexible, particularly
in scenarios lacking high-quality descriptive data. Overall,
the main contributions are summarized as follows:

* We formalize the EA task into a filtering and single-
choice problem to leverage the power of LLMs for im-
proving accuracy. TRE is proposed to describe symbolic
entities in an expressive and short textual format. Based
on TREs, SLMs filter candidates by measuring similari-
ties according to embedding distances to reduce the LLM
search space and prompt size. Then, LLMs are employed
to identify aligned entities from SLM-filtered candidates.

* We propose an unsupervised EA framework, HLMEA,
that enables effective interaction and cooperation be-
tween LLMs and SLMs to enhance EA performance.
HLMEA facilitates SLMs’ distillation of background
knowledge from LLMs through carefully designed self-
training, and LLMs can take advantage of the improved
quality of filtered candidates round by round.

* We conduct extensive experiments on benchmark
datasets, and the results demonstrate the HLMEA’s supe-
riority in terms of effectiveness and scalability compared
to unsupervised and supervised baselines.

Related Work

Supervised Entity Alignment. Several approaches have
been proposed to address the problem of EA effectively,
most of which are based on human labels. By leveraging ¢;
distance, HMAN (Yang et al. 2019) searches for the equiva-
lent entities on the shared vector space after knowledge em-
bedding. BERT-INT (Tang et al. 2021) defines a pairwise



margin loss to fine-tune a BERT model and then adopts an
interactive method to embed KG for obtaining the aligned
entity pairs. MSNEA (Chen et al. 2022) proposes the mul-
timodal knowledge embedding and contrastive learning ap-
proach to achieve inter-modal enhancement fusion. Mean-
while, semi-supervised EA methods are developed to re-
duce the required human labels. Based on a bootstrapping
method, BootEA (Sun et al. 2018) enriches the training data
by iteratively labeling possible alignment. SEA (Pei et al.
2019) adopts a degree-aware KG embedding and defines
a cycled consistent loss to incorporate unlabeled entities.
Grounded in a dual-gated graph attention network, DuGa-
DIT (Xie et al. 2021) represents an iterative training to up-
date the attention scores by adding a new batch of labels.
However, (semi-)supervised EA approaches suffer from hu-
man label collection, a high-cost and time-consuming pro-
cess that limits the applicability and scalability.
Unsupervised Entity Alignment. Unsupervised EA has
been actively investigated to eliminate human intervention.
Based on the non-sampling calibration and gradual enhance-
ment, UPLR (Li and Song 2022) reduces the influence
of noisy labels and corrects the goal-oriented uncertainty.
SelfKG (Liu et al. 2022) proposes a relative similarity met-
ric to push negative alignments far away to bypass the super-
vision of positive pairs. SLOTAlign (Tang et al. 2023) trans-
forms EA into an optimal transport problem and then jointly
performs structure learning and optimal transport alignment.
Some researchers infuse auxiliary information such as im-
ages and descriptions to further improve unsupervised EA’s
accuracy. EVA (Liu et al. 2021) leverages images as pivots
and adopts an attention-based modality weighting scheme
to fuse multimodal information for EA. Founded on graph
neural networks, XGEA (Xu, Xu, and Su 2023) integrates
multimodal information with structural details to enhance
the alignment of entities. MEAformer (Chen et al. 2023) is a
multimodal EA transformer approach that dynamically pre-
dicts mutual correlation coefficients among modalities for
fine-grained entity-level modality fusion and alignment. In
this paper, we propose to realize unsupervised EA without
any auxiliary data by formulating EA into a filtering and
single-choice problem. Then, the ability of LLMs and SLMs
is mutually integrated and reinforced for the EA task.

Problem Definition

We denote a knowledge graph by KG = (S, P, O), where
S, P, and O indicate collections of subjects, predicates, and
objects. Each subject denotes an entity, and an object indi-
cates an entity or attribute. A predicate connects two entities
as a relation or links an entity and an attribute as a property.
EA aims to find identical entities in two different KGs. The
EA problem is formally defined as follows:

Definition 1 (Entity Alignment: EA) Given a source and
a target knowledge graph KG, and KG;, EA aims to work
out a list of aligned entity pairs such that Axg, kg,
{(se,te) € & x &, &5 € KGs, & € KGi|se ~ te}, where
~ and £ indicate an equivalence relation and a set of entities.

In this paper, we aim to address the EA problem by ex-
ploiting the background knowledge contained in large lan-
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guage models (LLMs) without human intervention. The
LLM-based EA problem is formalized as follows:

Definition 2 (LLM-based Entity Alignment: LEA) Given
a source entity se € G, and target entities te € KG,, the
goal of LEA is to select a most similar te by leveraging the
power of LLMs through a carefully designed prompt. The
prompt typically contains instructions describing the task
and symbolic-semantic information about se and te.

Proposed Approach

This section introduces the proposed hybrid language
model-based unsupervised entity alignment approach
HLMEA. As shown in Figure 1, HLMEA consists of four
modules: target entity selection, LLM annotation, majority
voting, and SLM self-training. In round O step 1, target
entity selection chooses top-k candidate target entities tes
regarding a given source entity se based on an SLM. Then,
in step 2, LLM annotation creates a prompt composed of
the instruction, demonstration, and query and sends it to
an LLM to identify a most similar te. In step 3, majority
voting repeats the LLM annotation n times and aggregates
the results to reduce the uncertainty caused by the LLM
hallucinations (Zhang et al. 2023). In step 4, SLM self-
training generates training data based on the LLM output
distributions and fine-tunes the SLM. Afterward, HLMEA
iterates steps 1 to 4 at each round and executes r rounds. In
this way, hybrid language models interact and cooperate to
improve performance synergistically.

Target Entity Selection

Given an se, tes are typically the entire target KG enti-
ties & € KG; in the EA task. However, the LLM input
context limitation makes it difficult to put all the &; infor-
mation into a prompt, especially when KG; is large. Al-
though infinite context transformers have been proposed re-
cently (Munkhdalai, Faruqui, and Gopal 2024), the issues of
enormous inference cost and GPU memory usage still exist.
Hence, target entity selection is designed to choose top-k
similar tes to reduce the number of candidates and prompt
length based on SLMs. In this way, LLMs infuse the SLM’s
similarity-measuring ability to perform LEA annotation.

Firstly, symbolic representations of entities are trans-
formed into text to feed into an SLM to measure the similar-
ities between entities. Intuitively, the textual representation
of entities (TRE) can be generated by simply aggregating
the related attributes and relation triples. However, an entity
can have hundreds or thousands of triples, which raises the
need for text pruning. Therefore, we selected m triples from
each attribute, relation-out, and relation-in triples. The rela-
tion triples are categorized into relation-out and relation-in
subsets to ensure a balanced selection. This division prevents
the bias of exclusively picking relation triples, solely outgo-
ing or incoming. The predicate guides the triple selection
process to provide valuable identifying information among
various entities. Inspired by TF-IDF (Sparck Jones 1972),
predicate scores are computed as follows:

PF(p,e) = |triple)(p)l/[triple) ()] (1)



IRI http://dbpedia.org/resource/Rick_Rubin

http://dbpedia.org/resource/Frank_Simek:

Attribute (Rick_Rubin, name, Rick Rubin), @ (http://de.dbped@a.org/.../Fr?mk,Simek, ft),
Triples ®  (http://de.dbpedia.org/.../Will_Lee_Musiker, 0),
(Rick_Rubin, birthName, Frederick Jay Rubin@en) ®  (http://de.dbpedia.org/.../Frank Langella, 0),
Relation  (Rick_Rubin, birthPlace, United_States), @  (http://de.dbpedia.org/.../Frank_Wiblishauser, 1),
-out . ®  (http://de.dbpedia.org/.../Frank_Gatski, 0)
Triples (Rick_Rubin, occupation, Record_producer) s
Relation  (Run-D.M.C., associatedActs, Rick_Rubin), http://dbpedia.org/resource/Star_Trek:_Deep_Space_Nine:
-in . @  (http://de.dbpedia.org/.../Space_2063, 0),
Triples (Def_Jam_Recordings, founder, Rick_Rubin) ®  (http://de.dbpedia.org/.../Starship_Troopers_(Film), 0),
@  (http://de.dbpedia.org/..._Deep_Space Nine, 5),
Table 1: Textual Representation of an Entity (TRE). @  (http://de.dbpedia.org/.../Star_Wars: _Battlefront_II, 0),
®  (http://de.dbpedia.org/.../Marvin_Pourie, 0)
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Figure 2: Target Entity Selection based on TREs and SLM.

IKF(p,KG) = |entitycg)(p)|/lentitycg) ()|  (2)
PF —IKF(p,KG) = PF(p,e) x IKF(p,KG) (3)

where triple(.)(p) denote the triples of an entity e that
have predicate p, and entitycg)(p) indicates the entities of
a KG that have triples containing p. PF(-) and IKF(-) mea-
sure the importance of p within a certain e and the univer-
sality among a KG. Top-m predicates are selected based on
the PF-IKF scores. One triple is randomly picked for each
predicate if multiple triples exist. Finally, the KG domain
(e.g., http://dbpedia.org/resource/) is abbreviated to reduce
text size further. This reduction would not cause information
loss since the domain and name are described in the entity
IRI, and all the entities in a single KG commonly share the
same domain prefix. Table 1 illustrates an example of TRE.

Secondly, top-k candidate tes are retrieved based on TREs
and an SLM, as shown in Figure 2. Entity embeddings are
inferred using the TREs based on the SLM. The pairwise
similarities sim(se, te1), ..., sim(se,te;) are measured via
the central moment discrepancy (CMD) (Zellinger et al.
2022), which is a distance metric that calculates the similar-
ity by quantifying the discrepancy in central moments. We
set variables ¢ and b as 0 and 1 for simplicity and a smaller
CMD value indicates a higher similarity between two entity
embeddings. Then, tes are sorted by the descending order of
similarities, and top-k tes are chosen as the candidates to be
further distinguished by LLMs.

LLM Annotation and Majority Voting

LLM annotation identifies entity alignments from filtered
tes based on LLMs through carefully designed prompts. A
prompt consists of an instruction and a query. The instruc-
tion describes the EA task as a single-choice problem and
expresses the knowledge triples. The query contains TREs
of an se and k tes. Since the LLM outputs are unstable due
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Table 2: An example of LLM output distribution. The circled
numbers denote the ranks of tes regarding SLM similarity.
The lower rank means the higher similarity.

to the hallucinations issue, LLM annotation is performed n
times to reduce the uncertainty, and majority voting is em-
ployed to select representative results under the principle of
plurality. Table 2 shows examples of LLM output distribu-
tion. The numbers indicate hit counts, and the underlined tes
denote the LEA results after majority voting. If multiple top
tes are associated with the same hit counts, then te with the
smallest rank is picked to reflect the choice of SLM.

SLM Self-Training

An SLM is fine-tuned at each round to distill knowledge
from LLMs and improve the effectiveness of SLM en-
tity embedding. The self-training data with the form of
(T'REe,, TREpos,, TRE,.q,) is generated based on the
LLM output distributions. T'RE.,, TRE s, TRE,,, de-
note TRE of i*" se, positive sample, and negative sample.
Positive samples are the results of majority voting. The ratio-
nale behind the negative sampling is that tes assigned with
greater similarity by the SLM should receive more hits from
the LLM annotation. Specifically, tes are sorted in descend-
ing order regarding hit counts. Then, we compare the hit
count order and SLM similarity order, and the first order-
violating te with the smallest similarity rank, except the pos-
itive sample, is chosen as the negative sample.

For instance, given an se shown in Table 2
http://dbpedia.org/resource/Frank_Simek, the tes, ranks of
SLM similarity, and ranks of hit counts are: Frank_Simek-
@®-®, Will Lee_(Musiker)-@-®, Frank Langella-®-®,
Frank_Wiblishauser-®-®, and Frank_Gatski-&®-®&. There-
fore, the first order-violating Will_Lee_(Musiker) is selected
as the negative sample to push its embeddings far away
from se embeddings. Finally, the constructed training data
is utilized to fine-tune SLM;,) to generate SLM, 1) for
next-round usage by using a pairwise margin-based loss.

Experiments

We have conducted experiments on benchmark datasets to
verify the effectiveness of the proposed HLMEA. The re-
search questions that we aim to answer are listed as follows:



Cate- . Configurations DBPI5Kzu_EN DBPI15Kja_EN DBPI15Krr_EN Average
gory Unsupervised EA method | g,/ gAttr. Aux.| Hit@l MRR Hit@l MRR Hit@l MRR Hit@gl
MultiKE (Zhang et al. 2019) v vV ox .509 - .393 - .639 - S14
SelfKG (Liu et al. 2022) v X X 745 - 816 - 957 - .839
Uni- | UPLR (Li and Song 2022) v X X 902 .927 912 937 967 974 927
modal | SLOTAlign (Tang et al. 2023) v v X .890 - .930 - 992 - .937
HLMEA (ours) v v oox 930 934 938 950 986 989 951
— improvement +2.8% +0.7% +0.8% +13% -0.6% +1.5% +1.4%
EVA (Liu et al. 2021) v v I 152 .804 137 791 731 792 740
Multi- MCLEA (Lin et al. 2022) v v I .803 .851 781 .838 .780 .838 .788
rodal | ICLEA (Zeng etal. 2022) v Vv D .884 - 919 - 986 - .930
XGEA (Xu, Xu,and Su2023) | vv v T .823 .865 811 .859 .826 .874 .820
MEAformer (Chenetal. 2023) | v v T 909 933 950 965 972 983 944

Table 3: Unsupervised EA results on the bi-lingual dataset DBP15K regarding Hit@ 1 and MRR. EA methods are categorized
into unimodal and multimodal according to whether auxiliary information is incorporated. Bold and underlined numbers indi-
cate their corresponding category’s best and runner-up scores. Z and D represent images and descriptions.

* (Q1) Does HLMEA outperform state-of-the-art (SOTA)
unsupervised EA methods on the benchmark datasets?

* (Q2) Does HLMEA effectively compress entity informa-
tion to fit LLMs without harming EA performance?

* (Q3) Does the cooperation between the LLM and SLM
contribute to the EA performance synergistically?

* (Q4) How essential are different HLMEA components
and variables regarding the EA task?

Experimental Settings

Datasets. We employ nine widely used EA datasets
DBP]SKZH—ENJA—EN,FR—EN (Sun, Hu, and Li 2017),
DBP15KpE-En,Fr—EN. DWISK V1, DY15K V1, and
DBPIOOKDE,EN’FR,EN (SU.I] et al. 2020) DWI15K V1
and DY15K V1 are monolingual and cross-KG datasets
written in English, and others are bi-lingual and single-KG
datasets constructed to test the EA ability for entities of dif-
ferent languages. DBP100Kpr_gn rr—en V1 are large-
scale datasets used to verify the scalability of EA methods,
which contain 100,000 aligned entity pairs.

Baselines. We compared our HLMEA with supervised and
unsupervised EA baselines. Supervised baselines train the
EA models based on human labels. Unsupervised baselines
execute EA without human annotation, and HLMEA be-
longs to the unsupervised category.

Evaluation Metrics. Following the previous works (Liu
et al. 2023; Chen et al. 2023), Hit@k (k =1, 3, 5, 10, 20)
and mean reciprocal rank (MRR) are adopted as metrics to
evaluate the effectiveness of HLMEA. Besides, LLM accu-
racy (LA) is employed to measure the identification ability
among SLM selected top-k target entities, which is formal-
ized as LA = Hit@1/Hit@k.

Experimental Environment. We implemented HLMEA
using Python (version 3.9.18) with a PyTorch (version 2.1.2)
backend. Experiments were conducted on a server running
Ubuntu 22.04, which has an AMD Ryzen 9 7950X Proces-
sor, 128GB memory, and an NVIDIA RTX A6000 GPU.
Parameter Settings. LLMs adopted were large-scale
close-sourced ChatGPT (OpenAl 2022) (version gpt-
3.5-turbo-1106) and ERNIE (BaiduResearch 2023) (ver-
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sion ERNIE-3.5-8K-0329), and relatively small and
open-sourced Qwen (Bai et al. 2023) (version 7B).
Pre-trained multi-lingual language models E5 (Wang
et al. 2024a), LaBSE (Feng et al. 2022), MPNet and
MiniLM (Reimers and Gurevych 2019) were employed as
SLMs. AdamW (Loshchilov and Hutter 2019) was adopted
as the optimizer, and the learning rate was set as le . To
reduce the utilization of LLMs, 20% of data was employed
to train the SLMs with the self-supervision of LLM anno-
tation, then the HLMEA inference results on the remaining
80% were reported. LLM annotation repetition n and candi-
date entity quantity top-k were set in the range [3, 20].

(Q1) Main Results on Benchmark Datasets

The evaluation results on DBP15K with a comparison of
unimodal and multimodal unsupervised EA methods are
shown in Table 3. The multimodal methods incorporate aux-
iliary information such as images and descriptions. Uni-
modal methods utilize merely dataset self-contained infor-
mation, like our HLMEA. UPLR and SLOTALlign realized
decent performance in the unimodal category based on tech-
niques such as non-sampling calibration and multi-view
structure learning. Multimodal methods outperformed exist-
ing unimodal approaches due to the complementary utiliza-
tion of external information. Our HLMEA, equipped with
ERNIE and LaBSE, achieved the best performance among
unimodal methods in almost all cases and represented a su-
perior average Hit@1 score even compared to multimodal
EA methods. It was because HLMEA formulates the fil-
tering and single-choice problem for synergistically com-
prising LLM and SLM abilities. Multimodal MEAformer
recorded the best scores on DBP15K ; 4 g dataset. It may
be because high-quality images complemented the difficulty
caused by the language grammar difference.

Table 4 shows the EA results on DBP15K, DW15K, and
DY 15K V1 datasets. The supervised EA methods employ-
ing 20% seeds (human labels) for training were selected as
baselines since no unsupervised records were reported to
the best of our knowledge. RDGCN represented runner-up
scores by modeling the attentive interactions between the
primary and dual relation graphs. The proposed HLMEA



DBPISKps_ny VI DBPISKrr_sn VI DWI5SK V1 DYI5K VI Average
EA Method Seed | i@ MRR Hit@1 MRR  Hit@l MRR Hit@l MRR | Hit@]1
BootEA (Sun etal. 2018) | 20% | 675 740 507 603 572 649 739 788 623
RDGCN (Wu et al. 2019) | 20% | .830 859 755 .800 515 584 931 949 758
GAEA (Xieetal. 2023) | 20% | .684 760 486 602 562 654 608 688 585
RHGN (Liuetal. 2023) | 20% | .704 771 500 603 560 644 708 762 618
HLMEA (ours) 0 955 965 957 968 618 634 967 981 874
— improvement +125% +10.6% +202% +168% +4.6% -2.0% +3.6% +32% | +11.6%

Table 4: Results on DBP15K, DW15K, and DY 15K V1 datasets. Bold and underlined numbers indicate the best and runner-ups.

DBPIOOKFRfEN Vi1 DBPIOOKDEfEN Vi1 Average
EA Method Seed | pii@1  Hites MRR  Hit@l Hit@s MRR | Hit@l
BootEA (Sun et al. 2018) 20% | 482 515 499 518 673 592 0.500
RSN4EA (Guo, Sun, and Hu 2019) | 20% | .293 452 371 430 570 497 0.362
MultiKE (Zhang et al. 2019) 20% | 629 680 655 668 712 690 0.649
RDGCN (Wu et al. 2019) 20% | .640 732 683 722 794 756 0.681
HLMEA (ours) 0 925 965 940 899 932 917 0.912
— improvement +285% +233% +25.7% +17.7% +138% +16.1% | +23.1%

Table 5: EA results on DBP100K V1 datasets. Bold and underlined numbers indicate the best and runner-ups.

outperformed RDGCN by 11.6% in average Hit@1 without
any seed. It is because HLMEA incorporates and adapts the
background knowledge contained in LLMs and pre-trained
linguistic knowledge of SLMs to the EA task. The gap grew
to 23.1% on the DBP100K V1 datasets, shown in Table 5,
demonstrating the scalability of HLMEA. LLM and SLM
employed in Table 4 and 5 were ChatGPT and LaBSE.

(Q2) Impact of Entity Information Compression

HLMEA compresses entity information using TREs and
SLM filtering, which reduces the number of triples to m
for each entity and candidate tes to k. Figure 3(a) shows
the HLMEA, equipped with Qwen and LaBSE, RO results
on the DY 15K V1 dataset with varying m (k was set as the
same as m). With smaller m, the LLM input context size and
inference time for each se decreased spontaneously. On the
contrary, EA performance increased and achieved the high-
est Hit@1 with m = 5. It demonstrates that HLMEA prunes
entity information and forms proper prompts to efficiently
exploit LLMs’ ability for the EA task.

(Q3) Cooperation between LLMs and SLMs

To test the effectiveness of cooperation between LLMs
and SLMs, the HLMEA performances of each round were
recorded and shown in Figure 3. Hit@5) scores represent
the SLM’s ability to select high-quality candidates that in-
clude the ground truth. As shown in Figure 3(b), the SLM
performance increased significantly from round 0 (RO) to
round 1 (R1) and continued growing in most cases. It indi-
cates that SLMs effectively distilled background knowledge
from LLMs through the proposed SLM self-training. Fig-
ure 3(c) demonstrates the LLM’s performance of identifying
the ground truth from the top-k candidates under different
rounds. LA scores rose from RO to R1 and grew on most
datasets since the quality of SLM-generated candidates in-
creased. Moreover, this mechanism of cooperation resulted
in the increasing EA performance with more rounds of exe-
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Figure 3: Impact of TRE and SLM filtering (a), where
ranges of context size, Hit@1, and inference time are [600,
2000] tokens, [0.8, 1], and [1, 2.6] seconds, and coopera-
tion between LLM and SLM (b to d), where D1 to D8 de-
note DBPlSKZH_EN, DBPlSKJA_EN, DBPISKFR_EN,
DBP15Kpg_gn V1, DBP15Kpr_gn V1, DY15K V1,
DBPIOOKDE_EN Vl, and DBPIOOKFR_EN V1.

cution, which is shown in Figure 3(d). The imperfection of
SLM and LLM may produce noisy candidates or training
data that may drop the EA performance in the later rounds.

(Q4) Ablation Study

Ablation studies investigated how parameters, such as TRE
generation strategy, LLM type, SLM type, and top-k, im-
pact the EA performance. TRE generation strategies tested




gl Jdd  bllu kil

PF-IKF rand PF- IKF rand
Hit@1 Hit@1 LA LA
(a) DBP15Kzg—EN (b) DW15K V1

Figure 4: Impact of PF-IK I vs. random strategies, where
the range of y-axis is [0, 1].

D1 D3 D6 D9 D1 D3 D6 D9

BN ERNIE3.5

(a) LA

mmm ChatGPT mm Qwen-7B

(b) Hit@1

Figure 5: Performance with Different LLMs, where y-axis
range is [0,1]. D1, D3, D6, and D9 denote DBP15K z ;1 g,
DBP15Krr—_gn, DYIS5K V1, and DW15K V1.

were PF-IKF and Rand. In PF-IKF, m triples with the
highest PF-IKF scores are chosen, and the Rand strategy
randomly selects m triples. Figure 4 shows the results with
different TRE generation strategies on two datasets. LLM
and SLM were set as ChatGPT and LaBSE. PF-I K F out-
performed Rand on the DBP15K z ;g dataset by a large
margin in terms of Hit@1 and LA. It denotes that PF-I K F
scores provide valuable guidance to select triples for mea-
suring the similarities of entities. On the DW15K V1 dataset,
PF-IKF recorded higher Hit@1 at R2, but the gap was
narrowed. This is because DBpedia and Wikidata have dif-
ferent distributions of triples and little overlap.

Figure 5 shows the HLMEA performance with different
LLMs including closed ERNIE3.5 and ChatGPT, and open-
source Qwen-7B. SLM was set as LaBSE. In general, closed
LLMs represented better performance than the relatively
small Qwen. However, Qwen scored higher than ChatGPT
on the DW15K V1 dataset. Note that open-source LLMs can
be deployed locally and optimized by fine-tuning.

The performance of HLMEA with ChatGPT using dif-
ferent multi-lingual SLMs is illustrated in Figure 6. e5
(MiniLM) is the biggest (smallest) SLM with 560M (118M)
parameters. In general, the performance is proportionate to
the scale of parameters. As an exception, the second-largest
LaBSE scored the best on two datasets and the worst on
DWI15K V1. It denotes that over 300M SLMs are competent
in EA, and one SLM may not perform the best universally.

Figure 7 demonstrates the performance of HLMEA with
ChatGPT, LaBSE, and varying top-k, which means the num-
ber of candidates to be selected by an SLM. Hit@k corre-
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Figure 6: Performance with Different SLMs, where range of
y-axis is [0,1].
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Figure 7: Performance with Varying top-.

sponds to top-k, for example Hit@10 was set for top-10.
With growing k, the ability of SLMs (LLMs) increased with
expanding candidates. Overall Hit@1 rose since the expand-
ing ratio of Hit@5 was higher than that of LA decreasing ra-
tio. However, there was no improvement from 10 to 20, and
the greater k£ would result in a larger prompt context length.

Discussion on the Cost

The proposed HLMEA relies solely on the knowledge em-
bedded in LLMs and SLMs without human intervention,
making it a cost-effective option for annotation in real-
world EA scenarios. According to the previous work (Wang
et al. 2021), human annotation costs $0.11 per 50 tokens
and an EA example containing approximately 1,000 to-
kens, which results in $2.2 per EA labeling. HLMEA typ-
ically converges after three rounds of execution, each round
with three repetitions. Using ChatGPT as an example, which
charges $1 per 1 million tokens for version 3.5-turbo-1106,
the cost of using HLMEA for one EA example is calculated
as $1x1,000x3x3/1,000,000=$0.009. It demonstrates that
HLMEA offers a significantly cheaper alternative for EA an-
notation while maintaining satisfactory performance.

Conclusion

This paper, we propose a novel unsupervised EA framework,
HLMEA, that facilitates the cooperation between LLMs and
SLMs to improve EA performance synergistically. Compar-
ative experiments and ablation studies were conducted on
benchmark datasets, and the results validate that HLMEA
outperforms baselines in terms of effectiveness and scala-
bility. We hope this work will inspire further research into
incorporating LLMs for more downstream tasks.
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