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 a b s t r a c t

Knowledge graphs play a pivotal role in structuring human knowledge within artificial intelligence systems. 
Nonetheless, knowledge distribution is markedly uneven across languages, and linguistic community activity can 
hinder the performance and scale. Cross-lingual transfer learning emerges as a predominant effective strategy to 
surmount linguistic barriers, facilitating knowledge transfer across natural languages. This paper reviews cross-
lingual knowledge acquisition for knowledge graphs, offering the first systematic integration of cross-lingual 
transfer paradigms and resources in this field. It critically examines the state of research across subtasks (in-
cluding named entity recognition, relation extraction, coreference resolution and entity linking). Despite the 
advancements facilitated by multilingual word embeddings, pre-trained language models and large language 
models, persistent challenges such as language bias-induced alignment difficulties and low transfer efficiency 
continue to impede progress. Enhancing model effectiveness through both paradigms and resources will benefit 
the future construction of multilingual or minor-language knowledge graphs.

1.  Introduction

The knowledge graph (KG) (Singhal, 2012) is a semantic network 
that depicts innumerable entities and their interrelationships in the real 
world. It effectively carries a vast range of human knowledge in a struc-
tured format and has become an essential branch of the artificial intel-
ligence field. KG breaks the traditional mode of data storage and us-
age, adopting a more intuitive graphical structure to present knowledge 
in different domains, making knowledge easier for humans to under-
stand with excellent interpretability and computability. Therefore, KG is 
widely applied in intelligence reasoning applications, including seman-
tic search (Singhal, 2012), question answering (Huang et al., 2019), and 
recommendation systems (Zhang et al., 2024).

Since the dawn of the information age, there has been a continuous 
pursuit to encode human cognition and thought processes into computer 
systems, the main development and some core formalisms summarised 
in Fig. 1.

A retrospective analysis of the historical trajectory identifies two dis-
tinct strands in the development of KGs. On the one hand, KGs represent 
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an extension of earlier standards in graphical knowledge representation. 
Semantic networks, (Quillian, 1968), which use interconnected nodes 
and edges to encapsulate knowledge, are considered progenitors of KGs. 
Frames (Minsky, 1979) and conceptual graphs (Sowa, 1979) endeavored 
to imbue graphical representations with formal semantics; description 
logic (Brachman & Schmolze, 1985) provided a method for precise and 
well-defined semantics. Description Logic later evolved into the Web 
Ontology Language, which, alongside the World Wide Web (Berners-
Lee, 1989), was integrated with other technical standards, such as the 
Uniform Resource Identifier and the Resource Description Framework, 
to form the foundations of the Semantic Web (Berners-Lee, 1998) and 
Linked Data (Berners-Lee et al., 2006). While KG inherits these techni-
cal standards and Semantic Web databases, it does not prioritise data 
openness but strictly controls content and data quality (Hitzler, 2021). 
On the other hand, KGs reveal a contemporary iteration of traditional 
knowledge-based systems. Early rule-based (Liao, 2005) or fuzzy logic-
based expert systems(Qin et al., 2025; Ye et al., 2023), knowledge en-
gineering (Studer et al., 1998), and modern KGs share the fundamen-
tal concept of knowledge-driven, AI-based exploration for representing 
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Fig. 1. Evolutionary history of KG.

knowledge and solving problems with computers. However, the distinc-
tion lies in the fact that early systems relied on experts to acquire knowl-
edge manually, encountering challenges in knowledge acquisition, the 
inability to automate construction, and limited data scalability. In con-
trast, KGs leverage natural language processing (NLP) and machine 
learning technologies to extract knowledge from large-scale complex 
data, possessing more robust automated construction and reasoning ca-
pabilities.

The emergence of KGs has transformed the traditional model of 
knowledge acquisition, shifting away from relying on expert input to 
directly extracting knowledge from industry-specific sources, social me-
dia, and open knowledge bases. However, these diverse data sources 
are often global and multilingual, posing a significant challenge because 
much of the KG research focuses on major languages, such as English, 
often neglecting other languages. This disparity results in an unequal 
distribution of knowledge across languages (Klein et al., 2017; Seganti 
et al., 2021b). Major languages like English and German hold more ex-
tensive and higher-quality data, potentially leading to language bias in 
models and affecting their credibility and usability. Moreover, the struc-
tural and semantic variations between languages introduce additional 
complexities for text processing (Pikuliak et al., 2021). Conversely, as 
the global community increasingly prioritises marginalised linguistic re-
gions, the demand for knowledge acquisition from low-resource lan-
guages is rapidly growing. This has spurred researchers to explore Cross-
lingual Learning (CLL), a method of transferring knowledge from one 
natural language to another (Huang et al., 2022; Jin et al., 2019). CLL 
has emerged as a powerful tool for developing KG systems for low-
resource languages, significantly reducing the need for model retraining 
in the target language and conserving time and computational resources.

Although CLL has shown potentials on the construction of KGs 
for low-resource languages, a systematic review is needed to identify 
the progress, challenges and directions of the field. Existing literature 
mainly focuses on specific techniques or application scenarios, and there 
has yet to be a comprehensive analysis that covers all aspects of cross-
lingual knowledge acquisition. Therefore, it is necessary to conduct 
an in-depth investigation of this field to identify the current research 
progress, challenges, and future research directions.

To ensure the comprehensiveness and systematic nature of this anal-
ysis, we have formulated 11 research questions that address key as-
pects of cross-lingual knowledge acquisition from multiple perspectives. 
These questions aim to define the scope and focus of the research, refine 
the definition of subtasks, explore the practical application and chal-
lenges of cross-lingual approaches, and summarize the strengths and 
weaknesses of existing studies to guide future research. Table 1 lists 

these core questions, serving as the research framework for this litera-
ture investigation.

In response to the research questions in Table 1, the remainder of this 
paper is structured as follows: Section 2 details our research methodol-
ogy and the strategy for literature collection. Section 3 then delves into 
the key concepts, providing a foundational understanding for the reader. 
Section 4 presents an in-depth analysis of the existing subtasks within 
cross-lingual knowledge acquisition and analyses the literature in detail. 
Section 5 synthesises the findings of this review and highlights future 
directions for KG.

2.  Research methodology

Through comprehensive analysis of knowledge graph construction 
technologies, prior surveys are synthesized to establish thematic bound-
aries and elucidate pertinent research subtasks. Subsequently, a sys-
tematic literature acquisition strategy is implemented to isolate semi-
nal publications for critical examination. The present systematic review 
conforms to PRISMA guidelines (Page et al., 2021) to ensure method-
ological transparency and analytical rigor.

2.1.  Related surveys

KG is a rapidly evolving research field that merges its unique 
techniques with those developed in the NLP domain, sparking var-
ious discussions about constructing KGs. However, a clear and uni-
fied classification of the various subtasks involved in KG remains lack-
ing, complicating the accurate identification and definition of appli-
cation points for CLL. To systematically organize and summarize rel-
evant research while minimizing redundant discussions, we reviewed 
secondary literature published between 2021 and 2024. This anal-
ysis identified potential KG knowledge acquisition subtasks relevant 
to CLL, as outlined in Table 2. The findings aim to clarify direc-
tions for integrating KG with CLL and establish a foundation for this
investigation.

From the Table 2, some interesting findings could be obtained as fol-
lows. Hogan et al. (2021) provide an overview of essential KG technolo-
gies from ontology to schema construction. Similarly, Tamašauskaitė 
and Groth (2023) outline the development process of KG through a 
systematic review. As KG evolves, research has delved into advanced 
forms, dividing into two main directions. On the one hand, due to the 
static representation of knowledge in traditional KG, emerging variants 
such as event KG and temporal KG have focused on incorporating dy-
namic information, which was previously not included. For event KG,
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Table 1 
Research questions for the review.

 No.  Description  Index
 Q1.  How should the research topic and scope for this review be determined? Section 2.1
 Q2.  How can the subtasks within cross-lingual knowledge acquisition be delineated? Section 2.1, 2.2
 Q3.  What strategy should be employed to collect the literature? Section 2.2
 Q4.  What are the fundamental concepts associated with KG and CLL? Section 3.1, 3.2
 Q5.  What taxonomy has been established for the collected literature? Section 4.1
 Q6.  What are the advantages and disadvantages of various cross-lingual approaches and resources? Section 4.2
 Q7.  What are the specific concepts and operations involved in the subtasks identified in Q2? Section 4.3
 Q8.  How can the subtasks utilise the cross-lingual approaches and resources? Section 4.3
 Q9.  What challenges does cross-lingual knowledge acquisition face in practice? Section 4.4
 Q10.  What key findings could be obtained from this review? Section 4.4
 Q11.  What are the conclusions of this review and the open questions for future research? Section 5

Table 2 
A Comparison between Existing Surveys on Knowledge Graph Construction.
Publication Year Named 

Entity 
Recog-
nition

Relation 
Extrac-
tion

Event 
Extrac-
tion

At-
tribute 
Extrac-
tion

Coref-
erence 
Resolu-
tion

Entity 
Linking

Entity 
Align-
ment

At-
tribute 
Align-
ment

Knowl-
edge 
Graph 
Comple-
tion

 Domain

Hogan et al. (Hogan et al., 2021) 2021 ✓ ✓ ✓ ✓  KG.
Guan et al. (Guan et al., 2021) 2021 ✓ ✓ ✓ ✓  Event KG.
Ji et al. (Ji et al., 2022) 2022 ✓ ✓ ✓ ✓ ✓

KG,
Temporal KG.

Tamašauskaitė
and Groth
(Tamašauskaitė & Groth, 2023) 2023 ✓ ✓ ✓ ✓ ✓  KG.

Zhong et al. (Zhong et al., 2023) 2023 ✓ ✓ ✓ ✓ ✓ ✓ ✓

KG,
Condition KG,
Temporal KG.

Knez and Žitnik (Knez & Žitnik, 
2023)

2023 ✓ ✓ ✓ ✓

Event-centric
temporal KG.

Zhu et al. (Zhu et al., 2024b) 2024 ✓ ✓ ✓ ✓ ✓ ✓  Multi-modal KG.
Tang et al. (Tang et al., 2024) 2024 ✓ ✓ ✓ ✓ ✓  KG.
Chen et al. (Chen et al., 2024a) 2024 ✓ ✓ ✓ ✓  KG.
Pikuliak et al. (Pikuliak et al., 
2021)

2021  CLL.

Our 2024 ✓ ✓ ✓ ✓  KG, CLL.

(Guan et al., 2021) explore the emergence and evolution of event KGs 
from a perspective that diverges from the traditional entity-centric ap-
proach. Further insights into event-centric temporal KGs are presented 
by Knez and Žitnik (2023). For temporal KGs, Ji et al. (2022) provide in-
sights into temporal knowledge embedding and reasoning, while Zhong 
et al. (2023) extend this discourse to a broader conceptualisation of 
conditional KGs. On the other hand, some surveys focus on interdis-
ciplinary areas such as multi-modal and machine learning. The study 
by Zhu et al. (2024b) delves into KGs from the perspective of multi-
modal data, encompassing voice and image. Tang et al. (2024) explore 
the integration of reinforcement learning-based technologies within KG 
frameworks. Furthermore, the work by Chen et al. (2024a) addresses 
privacy preservation challenges associated with openly sharing multi-
ple KG datasets.

However, many of these studies (Guan et al., 2021; Hogan et al., 
2021; Ji et al., 2022; Knez & Žitnik, 2023; Zhong et al., 2023) acknowl-
edge the existence of CLL but fail to engage in-depth exploration or pro-
vide a comprehensive analysis. For instance, Knez and Žitnik (2023) lim-
ited their discussion to the task of cross-lingual event extraction. Simi-
larly, Zhong et al. (2023) highlighted that constructing cross-lingual KGs 
as opposed to simply executing cross-lingual transfer remains an ongo-
ing challenge, but they did not further investigate this topic. Therefore, 
despite the maturity of cross-lingual phenomena discussed in other re-
views and literature, a notable research gap still exists in the domain of 
CLL and knowledge acquisition. Furthermore, current reviews on cross-
lingual technologies do not include KG tasks in their analyses, as noted 

by Pikuliak et al. (2021). This observation underscores the importance 
and necessity of our review.

This phase clearly defines this paper’s investigation scope. Based on 
previous classification, the construction of KG typically involves knowl-
edge acquisition and refinement. The acquisition comprises named en-
tity recognition (NER), relation extraction (RE), attribute extraction 
(AE), coreference resolution (CR), and entity linking (EL). Refinement 
entails alignment and completion. The scope excludes Event KG events 
as well as downstream processes like entity alignment, attribute align-
ment, and knowledge graph completion. AE was excluded from the liter-
ature screening process as there were fewer than 10 independent cross-
lingual studies. Consequently, this review will investigate NER, RE, CR, 
and EL.

2.2.  Data collection

A systematic literature review was conducted to collect this field’s re-
search comprehensively. The literature search parameters were defined 
as Table 3.

The search in Scopus yielded 911 results, while the search in Web 
of Science produced 492 results. Additionally, 68 preprint articles from 
arXiv published between 2024 and 2025 were identified. This resulted 
in a total of 1471 articles included in the preliminary screening. Sub-
sequently, 5 inclusion criteria were then applied to initially filter these 
results:
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Table 3 
The literature search parameters.
 Setting Description

 Scope Analysis of secondary literature from 2021 to 2024, focusing on 5 subtasks (NER, RE, AE, CR, and EL), initially identified in Section 2.1.
 Sources The surveyed literature was gathered from the bibliographic databases Scopus and Web of Science.
 Search The search encompassed the article title, abstract, and keywords across two datasets.
 Keyword The keywords were (“cross-lingual” OR “multilingual”) AND (“named entity recognition” OR “relation extraction” OR “attribute extraction” OR “coreference resolution” OR “entity 

linking”).
 Date The cutoff date for literature retrieval was March 4, 2025.

(1) Duplicates: Duplicated articles within each subtask were excluded, 
allowing one piece of literature to appear in different subtasks since 
this study aims to conduct independent investigations within each 
subtask.

(2) Domain scope limitation: Sub-tasks containing fewer than 10 arti-
cles were excluded after de-duplication, as not every subtask holds 
practical research value.

(3) Non-English: All non-English results were excluded.
(4) Abstract and citation: This paper filtered the articles based on cita-

tions to select high-quality papers from various periods. Consider-
ing the impact of publication time, the following screening criteria 
were set for each subfield to ensure fairness and rigor. 1. To objec-
tively reflect paradigmatic shifts across developmental periods of KG 
and equitably evaluate both pioneering and contemporary contribu-
tions, temporal stratification was employed for literature screening. 
The first period (2011 and earlier) encompasses foundational litera-
ture predating KGs as an independent research domain. The second 
period (2012–2018), marked by Google Knowledge Graph’s release, 
features rapid development driven by statistical machine learning 
and early neural approaches. The third period (2019–2020) wit-
nessed a paradigm shift with widespread adoption of pre-trained 
models, transforming the field’s methodology. The fourth period 
(2021–2022) represents the deepened application of these models. 
For each period, the five most highly cited papers were selected 
to identify influential contributions. 2. For publications from 2023 
to 2025, given citation limitations, we employed manual screening. 
Author h-index, venue h5-index, and impact factor data were pro-
vided to three authors who collaboratively evaluated papers’ titles, 
abstracts, and publication metrics to identify promising studies, sub-
sequently verifying that each paper: (1) addresses NER, RE, CR, or 
EL; (2) proposes novel methodologies; and (3) provides benchmark-
comparable results.

(5) Paper Content: Full-text evaluation excluded reviews, commentaries, 
dataset analyses, and peripheral literature. Excluded papers were re-
placed with the next highest-cited article or one approved by the 
reviewing authors, until all criteria were satisfied.

To ensure comprehensiveness, paired authors conducted dual re-
views. Any disagreements encountered during both initial screening and 
full-text evaluation stages were resolved through consensus discussion, 
consulting another research team member when necessary. This system-
atic approach enhanced selection reliability and precision.

Fig. 2 illustrates the literature selection process. Initially, 1471 pa-
pers were identified from two databases, with 373 duplicates removed. 
Then, 5 papers related to AE were excluded due to a lack of relevant 
literature, and 9 non-English publications were also eliminated. Finally, 
913 results were excluded based on citation ranking and abstract screen-
ing, leaving 171 key papers. Although this approach may overlook high-
quality papers published later in the selected timeframe, it effectively 
filters out most weakly relevant and low-quality results while retaining 
the most relevant and high-quality studies.

The next step involved a full-text evaluation of the 171 selected arti-
cles, from which 7 were excluded due to inaccessible full-text resources. 
No duplicates were found among the sub-tasks. Of the remaining papers, 
99 were excluded for content-related reasons, such as lack of innovation, 

irrelevance of methodology to cross-linguistic transfer, or unrelated re-
search topics. Ultimately, 65 papers were selected for the final review.

The literature collected using the aforementioned methods-totaling 
1016 articles (excluding 68 arXiv preprints) without filtering by citation, 
reveals trends in cross-lingual knowledge acquisition research.

As illustrated in Fig. 3, research on NER has significantly increased 
since 2017, coinciding with the introduction of the Transformer archi-
tecture and pre-trained language models (PLMs), peaking in 2023. This 
indicates a sharp rise in research interest in recent years. At the same 
time, large language model (LLMs) began to emerge in late 2022 and 
early 2023, spreading into the NER field. In contrast, the growth trends 
in RE and CR have primarily emerged in the last few years, suggest-
ing these fields are gradually gaining more attention. Our subsequent 
detailed analysis revealed that community competitions and the devel-
opment of datasets have positively influenced the advancement of these 
areas. Research on EL has shown slower but steady growth overall.

As a more upstream task, NER has been more significantly impacted 
by PLMs, leading to a rapid expansion in research scale. Although other 
downstream tasks have also been affected, their progress is slower due 
to their nature and limitations such as dataset availability. This suggests 
that while downstream tasks tend to lag in the application of emerging 
technologies, they still possess considerable potential for development.

3.  Preliminaries

This section introduces the core concepts in this paper, encompassing 
the elucidation of KGs, cross-lingual transfer definition, and the mono-
lingual and multilingual word embeddings used in modern approaches. 
These discussions directly pertain to Q4. To ensure clarity and pro-
vide easy reference, a glossary of mathematical symbols, a list of com-
mon acronyms, and a key for language codes are provided in Table 4,
Table 5, and Table 6, respectively.

3.1.  Knowledge graph

KGs are logically composed of two basic units: entity and relation. 
Entities can refer to specific individuals, locations, organizations, events, 
or abstract concepts, each identifiable by a globally unique ID. Relations 
represent the external connections or associations between entities. In 
addition, there are attributes and attribute values. Attributes provide in-
formation about entities, describing their characteristics or parameters, 
while attribute values are specific instances or parameter values of at-
tributes, representing the particular values of the attributes for a given 
entity.

In formal terms, KGs are represented as a triples 𝐺 = {𝐸,𝑅, 𝐹 }, 
where 𝐸 =

{

𝑒1, 𝑒2,… , 𝑒
|𝐸|

} denotes the collection of all entities, 
𝑅 =

{

𝑟1, 𝑟2,… , 𝑟
|𝑅|

} denotes the collection of all relations, and 𝐹 =
{

𝑓1, 𝑓2,… , 𝑓
|𝐹 |

} denotes the collection of all facts. Each fact 𝑓 is 
represented as a directed triple 𝑓 = (ℎ, 𝑟, 𝑡) ∈ 𝐹 , where ℎ, 𝑟, and 
𝑡 represent the head entity, relation, and tail entity, respectively. 
The basic forms of facts include 𝑓 = {𝑒𝑛𝑡𝑖𝑡𝑦, 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛, 𝑒𝑛𝑡𝑖𝑡𝑦} and 𝑓 =
{𝑒𝑛𝑡𝑖𝑡𝑦, 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒, 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒 𝑣𝑎𝑙𝑢𝑒}. Attributes are entity-centric, compre-
hensively characterizing entities through the extraction of nuanced 
properties. Nevertheless, cross-lingual AE research remains insuffi-
ciently developed (as evidenced in Section 2). Given the scope of 
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Fig. 2. Flowchart of the screening process.

Fig. 3. Trends in Cross-Lingual knowledge acquisition Research.

Table 4 
Symbols Reference Table.
 Sym.  Term  Sym.  Term  Sym.  Term  Sym.  Term  Sym.  Term
𝐺  Knowledge Graph 𝑟  Relation 𝑃 (⋅)  Prob. Distribution L  Language Set 𝑡𝑒  Entity Type
𝐸  Entity Set ℎ  Head Entity 𝑇  Task P  Power Set 𝑠  Coreference Chain
𝑅  Relation Set 𝑡  Tail Entity 𝐶  Label Space 𝑦  Label Space
𝐹  Fact Set 𝐷  Domain 𝓁𝑡  Target Language 𝑤  token
𝑒  Entity X  Feature Space 𝓁𝑠  Source Language 𝐼  Index Position

the present investigation, cross-lingual AE is not addressed in this 
manuscript.

Acquisition, refinement, evolution, and storage are the lifecycle 
stages of a KG from construction to deployment. The acquisition is the 
initial step in creating a KG, which primarily involves extracting es-
sential information, such as entities and relations, from various data 
sources. These sources can be structured, semi-structured, or unstruc-
tured. The refinement process aims to improve the accuracy and com-
pleteness of the KG. Knowledge evolution analyses changes in the KG 

over time and introduces advanced semantic features. Storage refers to 
organising and preserving the information in the KG to facilitate re-
trieval and querying. Our review focuses explicitly on the acquisition 
process.

3.2.  Cross-lingual learning

CLL is essentially a remedial strategy designed to address data insuf-
ficiency in language models. It is a flexible concept that has been widely 
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Table 5 
Term Abbreviations Reference Table.
 Abbr.  Term  Abbr.  Term  Abbr.  Term
 AE  Attribute Extraction  EM  Expectation-Maximization  P@1  Precision@1
 AUC  Area Under Curve  GAT  Graph Attention Network  PLMs  Pre-trained Language Models
 BiLSTM  Bidirectional Long Short-Term Memory  GCN  Graph Convolutional Neural Network  POS  Part-of-Speech
 BLEU  Bilingual Evaluation Understudy  HMM  Hidden Markov Model  RAG  Retrieval Augmented Generation
 CCA  Canonical Correlation Analysis  IPA  International Phonetic Alphabet  RE  Relation Extraction
 CLL  Cross-lingual Learning  KG  Knowledge Graph  RNN  Recurrent Neural Network
 CNN  Convolutional Neural Network  LLMs  Large Language Models  seq2seq  Sequence-to-Sequence
 CR  Coreference Resolution  LSTM  Long Short-Term Memory  SVD  Singular Value Decomposition
 CRF  Conditional Random Field  mBERT  Multilingual BERT  TF-IDF  Term Frequency-Inverse Document Frequency
 DFT  Discrete Fourier Transform  mT5  Multilingual T5  UD  Universal Dependencies
 DQN  Deep Q-Network  NER  Named Entity Recognition  UMLS  Unified Medical Language System
 EL  Entity Linking  NLP  Natural Language Processing

Table 6 
Language Codes Reference Table.
 Code  Language  Code  Language  Code  Language  Code  Language  Code  Language
 af  Afrikaans  ewe  Ewe  jv  Javanese  nya  Chichewa  th  Thai
 amh  Amharic  fa  Persian  ka  Georgian  om  Oromo  ti  Tigrinya
 ar  Arabic  fi  Finnish  kan  Kannada  pa  Punjabi  tk  Turkmen
 asm  Assamese  fil  Filipino  kin  Kinyarwanda  pcm  Nigerian Pidgin  tl  Tagalog
 awa  Awadhi  fon  Fon  ko  Korean  pl  Polish  tr  Turkish
 bam  Bambara  fr  French  ky  Kyrgyz  pt  Portuguese  tsn  Tswana
 bbj  Ghomala  gn  Guarani  kz  Kazakh  qu  Quechua  twi  Twi
 ben  Bengali  grc  Ancient Greek  lo  Lao  ro  Romanian  ug  Uyghur
 bg  Bulgarian  hau  Hausa  lt  Lithuanian  ru  Russian  uk  Ukrainian
 bho  Bhojpuri  hbo  Ancient Hebrew  lug  Luganda  rw  Kinyarwanda  ur  Urdu
 bn  Bengali  he  Hebrew  luo  Luo  si  Sinhala  uz  Uzbek
 ca  Catalan  hi  Hindi  mhr  Meadow Mari  sna  Shona  uzn  Uzbek
 cdo  Min Dong  hr  Croatian  mi  Maori  sq  Albanian  vi  Vietnamese
 cs  Czech  hu  Hungarian  mk  Macedonian  sr  Serbian  wol  Wolof
 cu  Church Slavonic  hy  Armenian  mos  Mossi  sv  Swedish  xho  Xhosa
 da  Danish  ibo  Igbo  mr  Marathi  sw  Swahili  xmf  Mingrelian
 de  German  id  Indonesian  ms  Malay  swa  Swahili  yor  Yoruba
 el  Greek  ilo  Ilocano  my  Myanmar  swh  Swahili  zh  Chinese
 en  English  is  Icelandic  nl  Dutch  ta  Tamil  zul  Zulu
 es  Spanish  it  Italian  no  Norwegian  tam  Tamil
 eu  Basque  ja  Japanese  npi  Nepali  te  Telugu

applied in NLP tasks such as machine translation (Siddhant et al., 2020), 
sentiment analysis (Xu et al., 2022), and question answering (Lewis 
et al., 2019), and has permeated various aspects of KG.

According to the definitions of transfer learning (Pan & Yang, 2010) 
and the formal definition of CLL (Pikuliak et al., 2021), CLL consists of 
two parts: domain 𝐷 = {X , 𝑃 (X )} and task 𝑇 = {𝑦, 𝑓 ∶ X → 𝑦}, where 
X  is the feature space of a certain language 𝓁, 𝑃 (X ) is the marginal 
probability distribution over X , 𝑦 is the label space, and 𝑓 is the target 
prediction function trained from X  mapping 𝑦. Let 𝐷𝑠, 𝑇𝑠 denote the 
domains and tasks created from source data, and 𝐷𝑡, 𝑇𝑡 denote those 
created from target data. Generally, the source and target domains use 
the same language, and the tasks are identical, (𝐷𝑠 = 𝐷𝑡 = 𝓁 ∈ L

)

∧
(

𝑇𝑠 = 𝑇𝑡
)

, where L  is the set of all natural languages. However, in CLL, 
the source and target domains can both be non-empty language sets, 
𝐷𝑡, 𝐷𝑠 ⊆ P(L ), where P(L ) is the power set of L . CLL is thus defined 
as:

∃𝓁𝐴 ∈ 𝐷𝑡 ∃𝓁𝐵 ∈ 𝐷𝑠 𝓁𝐴 ≠ 𝓁𝐵

This implies that knowledge transfer occurs between at least one 
pair of different languages in the task. Furthermore, if no target lan-
guage exists in 𝐷𝑠, it indicates a zero-shot CLL task. Additionally, when 
the source domain contains more than one language |

|

𝐷𝑠
|

|

> 1, the train-
ing and testing language sets might be identical 𝐷𝑡 = 𝐷𝑠, meaning the 
transfer happens within the language set.

4.  Cross-lingual knowledge acquisition

Through the examination of transfer mechanisms and supportive re-
sources in cross-lingual knowledge acquisition, researchers can attain a 

more precise comprehension of the most effective techniques and dis-
cern potential challenges or limitations. This survey is organised around 
two fundamental perspectives: the paradigms and resources that enable 
knowledge transfer. Each element was assessed and analysed indepen-
dently according to its operational mechanisms and objectives. The re-
sultant taxonomy is illustrated in Fig. 4.

This section reviews key papers and their subsequent citations. It be-
gins by establishing a broad taxonomy of the literature. Building upon 
this foundation, we examine the core developments in cross-lingual 
knowledge acquisition by identifying and analysing various paradigms 
and resources (Sections 4.1 and 4.2). The investigation then proceeds 
with an in-depth exploration of specific methodologies, models, and 
their performance characteristics (Section 4.3). Finally, the applicability 
of existing research is evaluated, and current challenges are discussed 
(Section 4.4).

4.1.  Paradigms

In cross-lingual learning, developing high-performance models for 
the target language is difficult due to scarce data. CLL is a framework 
that utilises knowledge from other languages to improve performance 
in the target language. CLL paradigms can be classified into three cate-
gories, each associated with specific knowledge transfer pathways and 
sharing mechanisms.

Label transfer entails the mapping of the label space from the 
source language to the target language through alignment methodolo-
gies, including dictionaries or machine translation. Labelled data from 
the source language is utilised to facilitate task learning in the target 
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Fig. 4. Taxonomy of Cross-lingual Knowledge Acquisition in KG .

language. This paradigm assumes that the tasks in both languages share 
the same output label space, and that the content of samples across lan-
guages is comparable, ensuring effective transfer (Ji et al., 2015; Rah-
man & Ng, 2012). Label transfer is particularly advantageous for clas-
sification tasks and can markedly diminish the reliance of the target 
language on labelled data when the output label space is distinctly de-
lineated.

Label transfer involves three main stages. First, correspondence map-
pings are established between the source and target languages using 
bilingual dictionaries, word alignment tools, or machine translation sys-
tems. Second, labels from the source language text are transferred to 
corresponding words or phrases in the target language based on these 
mappings. Finally, the target language model is trained using the pro-
jected annotations.

Despite its simplicity and straightforward implementation, making it 
a valuable baseline or component in more complex cross-lingual trans-
fer frameworks, label transfer is susceptible to inaccuracies in the cross-
lingual mapping process. Any error in mapping a source language vo-
cabulary item to its target language counterpart can lead to erroneous 
label transfer. Errors can accumulate and propagate throughout the la-
bel transfer pipeline. Initial errors in the source language model, coupled 
with inaccuracies in cross-lingual mapping, and the inherent inapplica-
bility during the label transfer process, collectively contribute to a de-
cline in the quality of transferred labels in the target language (Faruqui & 
Kumar, 2015; Liu et al., 2021b). Issues such as lexical errors, syntactic 
and grammatical inaccuracies, and disfluency remain persistent chal-
lenges that hinder the effectiveness of these transfer tools (Mohamed 
et al., 2024). Consequently, training classifiers on noisy data can limit 
the performance of the learned model. Current solutions primarily fo-
cus on several aspects: enhancing word alignment quality, for instance, 
by employing more sophisticated alignment algorithms or incorporat-
ing syntactic information (Fei et al., 2023); and leveraging corpus-level 
information for re-alignment to improve contextual consistency of align-
ments (Ehrmann et al., 2011). These approaches offer partial mitigation 
of noise introduced by translation and alignment. Recent research has 
begun to explore the utilisation of LLMs and their natural language un-
derstanding capabilities (Chen et al., 2024b; Mishra et al., 2024). These 
methods connect label information from the source domain and unla-
beled data from the target domain in natural language form, and lever-
age the reasoning capabilities of LLMs to generate corresponding la-
bels for the target domain data. Nevertheless, while current LLMs excel 
in transferring general domain knowledge, they may struggle to accu-
rately comprehend cross-lingual mappings when confronted with more 
specialized domain transfer tasks.

Parameter transfer emphasises the exchange of internal model pa-
rameters, including network weights and biases, to identify shared fea-
tures and patterns across languages (Limkonchotiwat et al., 2023; Sub-

burathinam et al., 2019). Many languages display grammatical, struc-
tural, or semantic similarities, and certain neural network parameters 
can effectively capture these commonalities. This paradigm lowers the 
need for large amounts of annotated target data by moving parameters 
from the source language model to it. Parameter transfer assumes that 
cross-lingual knowledge is shared to some extent and tends to be more 
effective when the source and target languages exhibit structural or se-
mantic similarities (Nigatu et al., 2023).

To realize parameter transfer, a common strategy is to construct 
cross-lingual shared vector space representations (Lan et al., 2020; Pe-
ters et al., 2018a), often leveraging word embeddings or pre-trained 
language models. Within this shared space, semantically similar words 
or phrases from different languages are mapped to proximal locations 
in the vector space, thereby achieving cross-lingual semantic alignment. 
In practice, a typical approach involves initially training a model on a 
resource-rich source language, enabling it to learn language-agnostic se-
mantic representations and task-relevant knowledge. Subsequently, the 
trained model can be directly applied to the target language, requiring 
minimal or no fine-tuning with target language data, as inputs from the 
target language are also mapped into the pre-constructed shared vec-
tor space. Subburathinam et al. (2019) encoded dependency tree struc-
tures of sentences in different languages and achieved structural transfer 
through parameter sharing. Pražák et al. (2021) proposed a multilingual 
CR model based on mBERT and emphasized the crucial role of consis-
tent dataset annotation specifications for cross-lingual alignment. It is 
noteworthy, however, that parameter transfer methods may not per-
fectly align deep semantic spaces; nevertheless, they remain an effec-
tive means to enhance cross-lingual transfer efficiency. To further aug-
ment semantic alignment, researchers are continuously exploring novel 
methodologies. Con2GEN (Zhu et al., 2023) employs a contrastive learn-
ing strategy, constructing positive and negative sample pairs to encour-
age the model to discern semantically similar entities, thereby improv-
ing its ability to recognize complex or ambiguous entities. Furthermore, 
incorporating domain knowledge into the parameter transfer process 
has proven beneficial for achieving more effective cross-lingual align-
ment within specific domains, as exemplified by the teaBERT model 
(Chen et al., 2023). On the other hand, while generative models, ex-
emplified by LLMs, have demonstrated significant potential in few-shot 
learning, they also encounter challenges such as relatively weaker out-
put controllability, high training and fine-tuning costs, and potentially 
suboptimal performance on specific tasks.

Feature transfer attempts to align feature spaces between source 
and target languages to construct a language-independent feature space 
where instances from different languages are comparable (Szarvas et al., 
2006). This approach generally necessitates domain expertise to create 
efficient universal features that can encapsulate task-relevant, critical 
information across various languages. Nonetheless, identifying effective 

Expert Systems With Applications 303 (2026) 130434 

7 



W.-L. Chen et al.

features can be difficult when transitioning between various language 
pairs or tasks, thereby constraining the method’s generalisability and 
applicability.

Feature transfer employs domain knowledge and linguistic profi-
ciency to create universal features (Fernandes et al., 2014), encompass-
ing lexical, syntactic, semantic, and positional information, to identify 
commonalities among languages at abstract levels. Models acquire the 
ability to utilise these universal features for prediction in the source 
language. Owing to their universality, trained models can be directly 
applied to target languages without the need for retraining. Nonethe-
less, these characteristics are frequently discrete, sparse, and neces-
sitate domain expertise. Since PLMs came along in the era of deep
learning, parameter transfer methods have mostly replaced traditional 
feature transfer methods. As a result, the role and methodology of fea-
ture engineering have evolved and become more integrated into the de-
sign and training of neural models.

4.2.  Resources

This section examines key resources supporting cross-lingual learn-
ing, categorized by their roles within the research ecosystem into 
primary and derived resources. Primary resources constitute founda-
tional data and knowledge sources-parallel corpora, dictionaries, ex-
ternal knowledge bases, and meta-linguistic features-serving as raw
materials for analysis and training. Derived resources encompass com-
putational tools and representations built upon these foundations, in-
cluding word alignment systems, machine translation models, and 
learned representations such as multilingual embeddings and language 
models. Comprehensive understanding of these resources proves essen-
tial for researchers and developers constructing efficient multilingual 
and low-resource language applications.

4.2.1.  Primary resources
Primary resources constitute the foundation of cross-lingual re-

search, comprising raw data and structured knowledge that encode lin-
guistic equivalences and real-world facts. Curated through extensive hu-
man effort or collected as direct linguistic evidence, these resources pro-
vide essential ground truth and foundational knowledge for computa-
tional models to bridge language barriers.

Parallel corpora. Parallel corpora are linguistic resources consisting of 
text pairs that contain identical content across multiple languages. These 
pairs typically contain source language text and its corresponding target 
language translation, aligned at the sentence, paragraph, or document 
level. As the primary source of cross-lingual knowledge, parallel corpora 
usually contain large amounts of textual data. They assist in the training 
of statistical models, establish an essential basis for analysing linguistic 
phenomena, and enable models to learn interconnections between lan-
guages.

Current studies frequently use accessible parallel corpora. Re-
searchers use this as baseline data for feature extraction and model train-
ing, saving resources on data collection and alignment. A key advantage 
of using shared public corpora is the enhanced comparability and repro-
ducibility of results across studies. Gui and Xiao (2024) used CCMatrix-
v11, a large-scale multilingual resource with 576 language pairs and 4.5 
billion parallel sentence pairs. Pfeiffer et al. (2020) trained the XLM-
R model on the Common Crawl corpus, which covers 100 languages. 
Ehrmann et al. (2011) integrated multiple small-scale parallel corpora. 
However, general-purpose parallel corpora can differ significantly from 
specific task domains, potentially leading to suboptimal model perfor-
mance in practice. Additionally, some corpora have infrequent updates, 
making it difficult to capture recent linguistic changes, especially in pro-
fessional domains and emerging topics.

1 https://opus.nlpl.eu/CCMatrix.php

Acknowledging the constraints of directly employing existing cor-
pora, certain researchers concentrate on comprehensive mining and 
application of available resources, generating new corpora via sys-
tematic preprocessing and reprocessing. These customised corpora are
optimised for specific tasks or domains, effectively addressing particu-
lar application requirements. Corpus construction methodologies are be-
coming progressively varied and encompass enlisting multilingual par-
ticipants for English text translation through crowdsourcing platforms 
(Harabagiu & Maiorano, 2000); utilising web crawlers to amass online 
multilingual textual resources (Klementiev & Roth, 2006); producing 
target language text via machine translation systems (Faruqui & Kumar, 
2015); and aggregating and structuring content from knowledge bases 
with naturally multilingual versions, such as Wikipedia (Nothman et al., 
2013).

Regardless of whether existing or new corpora are used, ensuring 
corpus quality remains crucial. For parallel corpora requiring quality 
improvement, researchers need to establish more precise correspon-
dences between materials in different languages, with alignment at 
word, phrase, sentence, and entity levels. Nothman et al. (2013) innova-
tively used different hierarchical structures in Wikipedia as alignment 
signals, building a comprehensive parallel corpus with phrase-level, 
sentence-level, and paragraph-level alignment. Rijhwani et al. (2019) 
focused on low-resource language research, using parallel Wikipedia ti-
tles between low-resource languages and English as training data.

Linguistic features. Linguistic features are characteristics or attributes 
within a language that are used to describe and analyze its structure and 
usage. These features encompass various aspects of language, includ-
ing Phonetics (e.g., phonemes, stress), syntax (e.g., word order, subject-
verb-object structure), and morphology (e.g., noun gender, pluralisa-
tion) are important aspects of language study. Cross-linguistic studies 
rely heavily on these features because their identification and analysis 
allow researchers to gain a better understanding of how languages are 
built, function, and evolve.

Despite significant differences in acoustic realization among lan-
guages, phonological research shows that words often exhibit phonolog-
ical correspondences across languages, particularly in proper nouns like 
personal and place names. This phenomenon largely arises from pho-
netic borrowing through language contact. Based on this, researchers 
have developed various phonological comparison methods. For exam-
ple, discriminative transliteration models (Klementiev & Roth, 2006) 
identify potential named entity correspondences by comparing phone-
mic compositions across languages. Consonant Signatures (Ehrmann 
et al., 2011) capture word forms’ core features by removing vowels and 
normalising specific consonants.

Morphological features are also critical, especially in languages with 
rich inflectional systems. Existing research employs diverse strategies, 
including surface form matching by calculating character-level similar-
ity between source and target language entities (Jain et al., 2019). Other 
approaches focus on the systematicity of morphological changes, using 
machine translation systems to generate diverse variant forms to un-
derstand entity morphological paradigms (Ehrmann et al., 2011). The 
introduction of character-level BiLSTM has been particularly impactful, 
enabling models to directly process raw character sequences without re-
lying on predefined vocabularies or word vectors (Rijhwani et al., 2019).

Overall, linguistic features that combine phonological, syntactic, and 
morphological knowledge are most effective in similar language groups 
like German, Dutch, and English. However, the performance of these 
features may suffer when applied to languages with significant differ-
ences.

Universal features. Universal features are applicable across different lan-
guages. These features can be independent of language-specific expres-
sions, such as punctuation marks and word frequency statistics, or be 
abstract representations of language features, such as the International 
Phonetic Alphabet (IPA), part-of-speech (POS) tagging, and universal 
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dependencies (UD). Universal features allow models to maintain stable 
performance in cross-lingual tasks without relying on specific vocabu-
lary or grammar. POS tagging, for example, provides important syntactic 
clues for NER by identifying the grammatical functions of words (e.g., 
nouns, verbs, adjectives) and helps determine potential coreference re-
lationships.

Klementiev and Roth (2006) proposed a cross-lingual entity align-
ment method based on temporal distribution features. This method anal-
yses entity co-occurrence patterns over time and uses Discrete Fourier 
Transform (DFT) to quantify time series similarity, aiding the main 
model in identifying corresponding entities across languages. Building 
on this, (Jain et al., 2019) expanded the use of distribution features, 
using statistical distributions of entities in datasets to measure word im-
portance for identifying keywords and significant entities. Beyond distri-
bution statistics, distance features between entities also provide crucial 
evidence for CR (Fernandes et al., 2014; Kundu et al., 2018). These dis-
tance features capture the relative positions of entities, improving CR 
accuracy.

Other research directly uses cross-lingual unified annotation tools. 
IPA, for example, is a standard for phonological comparison across lan-
guages that lets you directly compare the sounds of words from different 
languages (Jain et al., 2019; Rijhwani et al., 2019). However, IPA no-
tation’s granularity might not capture all subtle phonetic differences. 
In this context, tools like PanPhon (Bharadwaj et al., 2016) offer more 
precise phonetic feature representations by detailing the position and 
state of articulatory organs, enhancing models’ ability to recognise sub-
tle phonological differences and improving cross-lingual transfer accu-
racy (Rijhwani et al., 2019). Furthermore, POS tagging, another signifi-
cant universal feature, identifies words’ grammatical roles in sentences 
(Szarvas et al., 2006; Zheng et al., 2023a) and provides syntactic-level 
information for NER. For example, consecutive proper noun tags often 
indicate a potential named entity, while pronouns may suggest corefer-
ence relationships. This POS tag-based syntactic analysis offers reliable 
language-independent features for cross-lingual NLP tasks.

Universal features have broad applicability across diverse linguis-
tic environments. The multilingual POS tagging tool RDRPOSTagger 2 
supports POS tagging for over 40 languages, and lexical distribution fea-
tures are generally applicable to most current language writing systems. 
However, selecting appropriate features for different NLP tasks, such as 
dependency parsing and information extraction, is crucial. Researchers 
must also carefully consider how to ensure the accuracy of these map-
pings in research and application.

Dictionaries. Dictionaries are essential for cross-lingual knowledge 
alignment, providing one-to-one or many-to-one lexical mappings be-
tween languages. Their broad availability and language coverage make 
them crucial for cross-lingual transfer learning. Dictionaries come in var-
ious forms, including traditional printed versions, electronic versions, 
and structured databases. Bilingual dictionaries are most common, es-
tablishing direct vocabulary translation correspondences between two 
languages. These can be obtained online or compiled manually by lin-
guistic experts (Harabagiu & Maiorano, 2000; Klementiev & Roth, 2006; 
Lan et al., 2020). Beyond these, structured lexical knowledge bases are 
also important dictionary resources. For example, Wikipedia’s interlin-
gual links act as generalised dictionaries, providing corresponding rep-
resentations for entities or concepts across languages (Rijhwani et al., 
2019). The Unified Medical Language System (UMLS), a large-scale 
biomedical knowledge base, contains multilingual biomedical terminol-
ogy dictionaries, offering professional support for cross-lingual transfer 
in medical knowledge acquisition (Liu et al., 2021a).

Dictionary resources are crucial in practical cross-lingual transfer 
learning. In NER tasks, dictionaries expand candidate translation sets 
and, combined with language and universal features, enable effective 

2 https://rdrpostagger.sourceforge.net/

disambiguation (Klementiev & Roth, 2006). Dictionaries are also valu-
able for correcting model mapping errors, especially during the fine-
tuning of PLMs, enhancing their performance in cross-lingual knowl-
edge acquisition (Lan et al., 2020). For language pairs lacking direct 
dictionary connections, researchers have proposed solutions based on 
dictionary transitivity (Rijhwani et al., 2019). This involves utilising 
the genealogical relationships of language systems when direct map-
pings between low-resource languages and source languages (like En-
glish) are unavailable. A two-step bridging mechanism is created using 
dictionaries between the low-resource language and high-resource lan-
guages within the same family, and then between those high-resource 
languages and the source language. This effectively links low-resource 
language entities to source language knowledge bases. This transitivity-
based strategy significantly broadens the application of dictionaries in 
cross-lingual transfer.

However, dictionary resources present two main challenges. First, 
some dictionaries offer only primary translation correspondences, mak-
ing it difficult to cover semantic variations in different contexts, poten-
tially leading to ambiguous understanding. Researchers typically inte-
grate contextual information and other language resources for semantic 
disambiguation to address this. Second, poor dictionary quality can in-
troduce noise and errors, affecting downstream task performance. Com-
mon in current knowledge acquisition research, this issue usually re-
quires researchers to develop robust quality control and error correction 
mechanisms tailored to specific tasks.

External knowledge bases. External knowledge bases contain vast struc-
tured or unstructured information, including entities, concepts, rela-
tions, and their multilingual associations. In cross-lingual transfer learn-
ing, they make cross-lingual text associations by giving multilingual 
versions of the data and useful knowledge supplements for languages 
that don’t have a lot of resources, which makes the model work bet-
ter. Common examples include Wikipedia, which offers cross-lingual 
knowledge via its multilingual versions and rich entity links; Wikidata, 
which stores structured cross-lingual entities and factual information; 
and UMLS, which focuses on multilingual knowledge in the biomedical 
domain. These knowledge bases provide valuable resources for cross-
lingual transfer learning.

Weak supervision is a key mechanism for using external knowledge 
bases in cross-lingual transfer learning. Researchers primarily use cross-
lingual entity links in knowledge bases for the automatic annotation of 
multilingual entities. Specifically, these links bridge the transfer of en-
tity type information from English Wikipedia articles to other language 
versions, automatically creating entity type annotations and eliminat-
ing the need for extensive manual annotation (Nothman et al., 2013; 
Richman & Schone, 2008). Cross-lingual parallel corpora or dictionar-
ies created through weak supervision significantly support subsequent 
model training (Lai & Ji, 2023). For example, extracting text at var-
ious levels from multilingual Wikipedia can build phrase-, sentence-, 
and paragraph-level parallel corpora, allowing models to optimise for 
cross-lingual tasks at different granularities (Liu et al., 2023a). A new 
technology trend called knowledge-enhanced pre-training improves
models’ ability to understand semantics and transfer knowledge across 
languages by adding information from a knowledge base to language 
models that have already been trained. For instance, during pre-training, 
information from other languages related to masked words is used as 
prompts, improving model generalisation by increasing the quantity and 
diversity of training data (Chen et al., 2023; Liu et al., 2021a).

However, external knowledge bases also have challenges. Wikipedia 
data requires processing to become usable knowledge, increasing com-
plexity. Many knowledge bases lack sufficient coverage for low-resource 
languages, limiting their applicability. Errors, noise, and inconsistencies 
can also affect model learning. Future research should focus on building 
more comprehensive, high-quality multilingual knowledge bases; opti-
mising data preprocessing; and improving knowledge supplementation 
and quality for low-resource languages.
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4.2.2.  Derived resources
Derived resources build upon primary resources, comprising com-

putational artifacts and learned systems that automate and scale cross-
lingual understanding. Unlike raw primary data, these resources emerge 
from algorithms, models, and training processes. They operationalize 
foundational knowledge into practical tools and abstract representa-
tions, enabling sophisticated transfer learning applications.

Word alignment. Word alignment tools map words in bilingual or 
multilingual sentences to identify equivalent terms across languages. 
This process can be visualised as a bipartite graph, with words as 
nodes connected by edges representing correspondences. Word align-
ment primarily uses statistical models or neural networks. FastAl-
ign (Dyer et al., 2013) is an unsupervised tool trained with the 
Expectation-Maximisation (EM) algorithm. It is computationally effi-
cient, requires no annotated data, and is suitable for quickly align-
ing large corpora. GIZA++ (Och & Ney, 2000), a widely used open-
source statistical machine translation toolkit, offers comprehensive
features and supports various models and fusion strategies, although 
it demands significant computational resources. MUSE (Søgaard et al., 
2018) uses existing word alignment information to learn a linear map-
ping, projecting the target language’s word vector space onto the source 
language’s. Awesome-align3, based on PLMs, computes similarities be-
tween word vectors to achieve alignment. It effectively uses contextual 
information, significantly improving accuracy but with substantial com-
putational cost.

Research by Mulcaire et al. (2019) shows that word vector alignment 
effectively improves cross-lingual transfer learning. They obtain mono-
lingual word vectors on each language’s training set and then use MUSE 
to map target language word vectors into the English word vector space. 
This alignment allows models to connect semantically related vocabu-
lary across languages, facilitating knowledge sharing and cross-lingual 
transfer. Kim et al. (2010) used GIZA++ to perform bidirectional word 
alignment on parallel corpora and projected source language entity and 
relation annotations onto target languages based on the alignment in-
formation. In cross-lingual dependency parsing, Fei et al. (2023) used 
Awesome-align to calculate alignment confidence scores between words 
in source and target language sentences, determining corresponding 
relationships between dependency tree nodes in different languages. 
These modified dependency trees significantly aid cross-lingual RE.

Selecting word alignment tools requires careful consideration of 
specific application scenarios, data resources, and computational con-
straints. Current methods still struggle with out-of-vocabulary words 
or those lacking translations in the target language, potentially hinder-
ing transfer learning effectiveness. Improvements could involve using 
contextual information to infer semantic representations of unaligned 
words or incorporating auxiliary information, like semantic role la-
belling, to enhance alignment and better utilise source language infor-
mation. Moreover, cross-lingual processing faces a notable challenge in 
aligning discontinuous words, where other components separate word 
groups.

Machine translation. As a prominent example of a derived resource, ma-
chine translation systems use algorithms to translate text from a source 
language to a target language automatically. These systems are typi-
cally trained on large-scale foundational resources, most notably par-
allel corpora, to learn translation patterns. They are also helpful for a 
key task in cross-lingual learning: generating pseudo-parallel corpora. 
This process allows researchers to create synthetic training data for 
low-resource languages, thereby bridging data scarcity gaps. Currently, 
multiple advanced machine translation systems exist based on different 
technical architectures and algorithms. Among these, Google Translate4 

3 https://github.com/neulab/awesome-align
4 https://translate.google.com/

has gained widespread adoption due to its extensive language coverage. 
Moses (Koehn et al., 2007), as an open-source phrase-based statistical 
machine translation system, enables users to train translation models us-
ing their own data, showing outstanding performance in domain-specific 
translation tasks. In recent years, with the evolution of deep learning 
technology, neural machine translation models represented by Trans-
former (such as MarianMT Junczys-Dowmunt et al., 2018) have demon-
strated excellent translation performance, particularly showing signifi-
cant advantages in handling long-distance dependencies and complex 
syntactic structures. These systems provide a solid technical foundation 
for cross-lingual transfer learning.

Machine translation systems promote cross-lingual transfer learning 
through multiple key mechanisms. Among these, data augmentation is 
a core mechanism, constructing “synthetic” datasets by automatically 
translating annotated data from resource-rich languages (such as En-
glish) to resource-scarce languages (Chen et al., 2023; Ehrmann et al., 
2011; Fei et al., 2023; Jain et al., 2019; Liu et al., 2021b). This process 
effectively increases the amount of training data that is available for tar-
get languages. This solves the issue of not having enough data in low-
resource language model development. Meanwhile, machine translation 
plays a crucial role in mapping annotation tools from source language 
to target language (Faruqui & Kumar, 2015; Rahman & Ng, 2012). Spe-
cific implementation paths include translating target text to source lan-
guage, applying annotation tools to the translated text, and then project-
ing annotations back to the original target language through alignment 
information. Furthermore, machine translation systems can serve as al-
ternatives to dictionaries and word alignment tools (McNamee et al., 
2011), providing valuable cross-lingual alignment information for trans-
fer learning.

Although machine translation provides powerful support for cross-
lingual transfer learning, existing machine translation systems still have 
some deficiencies that limit their effectiveness in this field. The most 
significant deficiency is that machine translation quality remains im-
perfect, and translation errors propagate during the transfer learning 
process, leading to performance degradation. Particularly for some spe-
cialised domains or target languages that differ significantly from the 
source, machine translation accuracy is often difficult to guarantee. Ad-
ditionally, cross-lingual transfer learning methods overly rely on exist-
ing machine translation systems, using them as black-box tools while 
ignoring the internal information and mechanisms of machine transla-
tion systems. This results in poor model interpretability and also limits 
the space for further improvements.

Multilingual embeddings. Embedding maps words, phrases, and sen-
tences from natural language into low-dimensional dense vector spaces, 
where linguistically similar units have similar vector representations. 
The concept of “word embedding” originated with Bengio et al. (2003), 
who pioneered the use of neural networks to simultaneously train 
language models and word vectors. Subsequently, word2vec (Mikolov 
et al., 2013a) captured word semantics through contextual learning, and 
GloVe (Pennington et al., 2014) expanded on word2vec by integrating 
global statistical information with context-based learning. These tradi-
tional methods create static representations by learning word contexts, 
which limit their adaptability to new contexts. CoVe (McCann et al., 
2017) introduced methods for generating dynamic word representations 
based on different contextual content. ELMo (Peters et al., 2018a) then 
used a pre-trained deep bidirectional language model to obtain context-
dependent word representations. Transformer-based methods, such as 
BERT (Devlin et al., 2019) and GPT (Brown et al., 2020), represent the 
latest advancements in dynamic representation.

Multilingual embedding extends this concept by mapping linguistic 
units from different languages into a shared vector space. This cross-
lingual alignment ensures that semantically similar words have simi-
lar vector representations regardless of their language. For instance, the 
Malay word 𝑃𝑒𝑟𝑎𝑛𝑐𝑖𝑠 corresponds to 𝐹𝑟𝑎𝑛𝑐𝑒 in English, and a good cross-
lingual word embedding model should ensure ⃗𝑃 𝑒𝑟𝑎𝑛𝑐𝑖𝑠 ≈ ⃗𝐹 𝑟𝑎𝑛𝑐𝑒. The 
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development of multilingual embeddings provides crucial technical sup-
port for cross-lingual transfer learning. In multilingual model architec-
tures, different languages share parameters of key network components 
(such as word embedding layers and encoders). This allows models to 
learn universal language representation patterns from high-resource lan-
guages and transfer this knowledge to other languages through param-
eter sharing. Early research bridging language gaps often used statisti-
cal methods to construct multilingual representations. For example, the 
CCA-based cross-lingual model by Ammar et al. (2016) projects vocab-
ulary from different languages into a shared space by identifying linear 
transformations that maximise correlations between word vectors. An-
other type of bilingual word embedding uses small seed dictionaries and 
Procrustes analysis to learn transformation matrices between two lan-
guages (Mikolov et al., 2013b). However, the limitations of linear trans-
formations restrict the model’s ability to capture complex non-linear
relationships between languages. The rise of deep learning has led to sig-
nificant breakthroughs in neural network-based multilingual represen-
tation learning. These methods leverage the powerful feature extraction 
capabilities of neural networks to automatically learn semantically rich, 
context-aware, cross-lingual representations from large monolingual or 
multilingual corpora. A common approach is to train shared encoders 
on multilingual annotated corpora, minimising alignment loss between 
embedding representations of different languages. For instance, Convo-
lutional Neural Networks (CNNs) use convolutional kernels to slide over 
input text, effectively capturing local semantic features (Lin et al., 2017). 
Graph Convolutional Networks (GCNs) represent words or entities from 
different languages as graph structures, learning node representations 
that integrate structured information (Subburathinam et al., 2019). Long 
Short-Term Memory networks (LSTMs) effectively model long-distance 
dependencies in text. In multilingual embedding, LSTMs can capture 
sequential information and contextual dependencies of words in sen-
tences, crucial for understanding sentence semantics (Rijhwani et al., 
2019). The emergence of PLMs marks a new paradigm shift in NLP, fur-
ther discussed in Paragraph 4.2.2.

The performance of multilingual embeddings directly affects the ef-
fectiveness of downstream cross-lingual tasks. Inaccurate embedding 
alignments or insufficient modelling of complex semantic relationships 
can significantly limit cross-lingual transfer. Current multilingual em-
bedding models still show limitations in handling domain differences 
between source and target languages, constraining their generalisation 
ability in specific domains. Additionally, creating high-quality embed-
dings for low-resource languages remains a challenge when parallel 
corpora are scarce. Future research may focus on improving embed-
ded quality, integrating multimodal information, and optimising low-
resource languages to overcome current technical limitations.

Pre-trained models. PLMs are a significant advancement in NLP. These 
models, with hundreds of millions of parameters, are trained using self-
supervised learning on vast corpora and exhibit remarkable abilities in 
understanding and generating human language. Their importance ex-
tends to cross-lingual transfer learning. A key challenge here is bridging 
linguistic structural, vocabulary, and training data gaps between lan-
guages. PLMs address this by learning universal language representa-
tions that capture shared cross-lingual semantic and syntactic informa-
tion. This enables knowledge transfer from high-resource languages like 
English to languages with limited annotated data. Multilingual BERT 
(mBERT) (Devlin et al., 2019), a highly influential model, is trained 
on concatenated Wikipedia data from 104 languages. Despite lacking 
explicit cross-lingual training objectives, mBERT demonstrates extraor-
dinary zero-shot cross-lingual transfer capabilities. It can be fine-tuned 
on a downstream task in one language and applied directly to another 
without further training. This success is due to shared vocabulary and 
the model’s ability to learn language-agnostic representations during 
pre-training. Architecturally, mBERT follows the original BERT model, 
using only the Transformer’s encoder (Vaswani et al., 2017). This means 
BERT focuses on capturing relationships between words rather than text 

generation. XLM-R (Conneau et al., 2019), with a similar architecture 
but improved training objectives and larger scale, outperforms mBERT 
in some cross-lingual tasks. Another common model, mT5 (Xue et al., 
2021), employs an encoder-decoder architecture, enabling both under-
standing and generating text. This is crucial for research that views 
knowledge acquisition as a sequence-to-sequence task. For fine-tuning 
on downstream tasks like knowledge acquisition, mBERT and XLM-R 
use similar procedures. They add a linear classification layer or a condi-
tional random field (CRF) layer above the PLM’s output layer to predict 
labels for each token and then fine-tune the model on annotated data 
using optimisers like AdamW (Ahmad et al., 2021; Tan et al., 2023). 
mT5 requires converting knowledge acquisition tasks into text genera-
tion (Bohnet et al., 2023).

To further enhance these multilingual models’ performance on spe-
cific downstream tasks, researchers have developed various strategies. 
As depicted in Fig. 5, these strategies primarily fall into four categories: 
parameter tuning, adapters, language selection, and enriched context.

Parameter tuning, as shown in Fig. 5a, is an optimisation method 
for PLMs that systematically adjusts internal weights and parameters 
to better suit specific downstream tasks (Lange et al., 2020; Liu et al., 
2021b). This process helps models accurately record grammatical struc-
tures, lexical features, and semantic connections across languages while 
keeping multilingual representations consistent. Parameter tuning in-
volves two main stages: pre-training and fine-tuning.

Pre-training occurs on large unannotated corpora to learn univer-
sal language representations (Ogueji et al., 2021). Model development 
teams typically handle this stage and release the pre-trained weights. 
For cross-lingual models, the pre-training often uses mixed multilin-
gual corpora. Researchers may re-execute pre-training if the model’s 
performance is insufficient or if encoder architecture adjustments are 
necessary. Fine-tuning then involves further training the PLM on anno-
tated datasets for specific tasks (Zhou et al., 2023). During this stage, 
researchers can choose to update all or some of the model’s parameters 
for optimal task adaptation. Fig. 5a illustrates mBERT and BiLSTM-CRF 
models used for knowledge acquisition (from Lange et al., 2020). The 
mBERT layer, a PLM, extracts context-dependent representations of the 
input text. The BiLSTM network further captures long-distance depen-
dencies in sequences. The CRF considers dependencies between labels 
to compute the optimal label sequence. In downstream tasks, the pre-
trained BERT model is loaded as part of the entire model. During train-
ing, mBERT’s parameters can be fine-tuned or fixed, depending on com-
putational resources and dataset size. BiLSTM and CRF layer parameters 
require training from scratch. But fine-tuning on certain tasks can cause 
catastrophic forgetting (Luo et al., 2023), where the model loses the 
general language knowledge it learnt during pre-training. This makes 
it less good at generalisation in other tasks or languages. Keeping sep-
arate fine-tuned models for each downstream task and target language 
also takes up a lot of space, especially in programs that support more 
than one language and task.

Adapters are modular components designed to reduce the compu-
tational complexity of fine-tuning PLMs. As shown in Fig. 5b, adapter 
modules insert down-sampling and up-sampling layers between Trans-
former encoder layers. This design allows for local optimization at 
each layer without adjusting the overall model parameters. By opti-
mizing only the adapter parameters during fine-tuning, while keeping 
the original PLM parameters unchanged, the computational resources 
and time needed for parameter updates are significantly reduced. This 
enables rapid model adaptation to new tasks or languages (Liu et al., 
2023a). For example, applying the mBERT directly to low-resource lan-
guage tasks often yields suboptimal performance. Introducing language-
specific adapters can optimize model performance in such cases. By up-
dating only the language adapter parameters while fixing mBERT’s base 
parameters during training, efficient adaptation to low-resource lan-
guage tasks is achievable (Ansell et al., 2021; Pfeiffer et al., 2020). This 
method preserves the model’s basic language understanding capabili-
ties while significantly improving processing effectiveness for specific
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Fig. 5. The Method of Knowledge Acquisition utilising Multilingual Pre-trained Models.

low-resource languages. While adapters perform well on many tasks, 
their performance is generally slightly inferior to full parameter fine-
tuning. Future research should explore more powerful adapter archi-
tectures, such as dynamic, composite, and transferable adapters. Ad-
ditionally, the architectural design of adapter modules (e.g., insertion 
position, internal structure, dimension size) significantly impacts per-
formance and requires careful design and tuning. Future research could 
explore automatically learning adapter structures and parameters, per-
haps using neural architecture search technology.

Language selection is a strategy that uses annotated data from lan-
guages related to the target language to aid model training. Its central 
concept is leveraging similarities and transferability between languages. 
When there isn’t enough or any annotated data for the target language 
(the few-shot or zero-shot), one or more high-resource languages that 
are related to the target language can be chosen to fine-tune the model. 
The fine-tuned model can then be applied to the target language (Eronen 
et al., 2023; Nigatu et al., 2023). This method effectively uses knowledge 
from high-resource languages to improve performance in low-resource 
languages. As shown in Fig. 5c, Malay and English share similarities due 
to cultural exchange and historical borrowing, making English a strong 
source language for Malay. However, Lao differs significantly from En-
glish in grammar, syntax, and writing systems, resulting in poor transfer 
performance. In such cases, Thai might be a more suitable source lan-
guage due to its greater orthographic similarity with Lao. Determining 
the optimal source language, or combination of sources, for a given tar-
get language remains an open question. Current methods for measuring 
language similarity primarily rely on lexical or grammatical features and 
may not capture similarities at the semantic level.

Enriched context involves providing PLMs with more comprehen-
sive information beyond the input text’s literal content. This helps mod-
els better understand input semantics, especially for low-resource lan-
guages or those with unique cultural and linguistic features, leading to 
more accurate judgments. As shown in Fig. 5d, this approach’s core idea 
is to build an external knowledge base or document collection. When the 
model reads input, it pulls relevant knowledge or information from the 
knowledge base based on what it reads and adds it as extra context (El-

karef et al., 2023; Tan et al., 2023). Different strategies for integrating 
knowledge into the model can affect how well it works, so it’s important 
to think about how to do it in a way that doesn’t introduce noise or inter-
ference. The knowledge base requires continuous updates to maintain 
its timeliness and accuracy, posing a maintenance challenge.

Large language models. The latest generation of Large Language Models 
(LLMs), including GPT-3 (Brown et al., 2020), GPT-4 (Achiam et al., 
2023), PaLM (Chowdhery et al., 2024), and LLaMA (Touvron et al., 
2023), The latest generation of LLMs, like GPT-3 (Brown et al., 2020), 
GPT-4 (Achiam et al., 2023), PaLM (Chowdhery et al., 2024), and 
LLaMA (Touvron et al., 2023), demonstrate significant scaling effects 
and are applicable to diverse scenarios like dialogue systems Wu et al. 
(2025), medical diagnosis Liu et al. (2025), and Internet of Things Yang 
et al. (2025) security under fine-tuning, few-shot, and even zero-shot 
settings. Similar to PLMs, LLMs learn more abstract and essential knowl-
edge representations by mapping cross-lingual synonymous concept vo-
cabularies to proximate semantic spaces. However, through training on 
large-scale multilingual corpora, LLMs are able to capture logical rela-
tionships from a multilingual perspective and deepen their understand-
ing of semantics and context, thereby enhancing their logical reason-
ing and contextual understanding abilities. The parameter scale of LLMs 
has significantly increased from the hundred-million level of traditional 
pre-trained models to the hundred-billion level, consequently triggering 
a series of important emergent abilities (Zhao et al., 2023), including 
but not limited to In-context Learning, Instruction Following, and Step-
by-step Reasoning. The development of LLMs provides unprecedented 
opportunities for addressing the numerous challenges in cross-lingual 
knowledge graph transfer learning. Given the excellent language under-
standing and generation abilities that LLMs have acquired through large-
scale multilingual pre-training, and their demonstrated strong zero-shot 
and few-shot cross-lingual transfer capabilities, we have reason to be-
lieve that LLMs will effectively improve the efficiency of cross-lingual 
transfer learning and facilitate the direct or rapid transfer of knowledge 
between different languages.
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Fig. 6. KG and LLM Integration.

LLM for KG. In practical applications, LLMs currently enhance 
knowledge acquisition primarily through two approaches, as illustrated 
in Fig. 6. First, LLMs can directly perform knowledge acquisition tasks, 
typically by transforming diverse tasks into a generative format Xu et al. 
(2024). The advantage of LLMs lies in their ability to enhance or unlock 
specific capabilities, such as instruction following Zhao et al. (2023), 
by formatting task descriptions and input-output examples into flexi-
ble natural language instructions. Furthermore, models can leverage the 
vast corpus of knowledge accumulated during pre-training to exhibit 
exceptional generalization capabilities in zero-shot or few-shot learning 
scenarios, achieving performance comparable to that of smaller, specif-
ically fine-tuned models. mRAKL (Nigatu et al., 2025) reformulates 
knowledge graph construction as a question-answering task, employ-
ing vector-based retrieval to extract bilingual contexts from Wikipedia 
for completing knowledge graphs in low-resource languages. M-NTA 
(Conia et al., 2023) generates more accurate and comprehensive non-
English knowledge graph facts than single-source methods by synthesiz-
ing and cross-validating information from multiple noisy sources (ma-
chine translation, web search, and LLMs). On multilingual entity linking, 
M-NTA improved the baseline F1 score from 62.2 to 63.3. LS-CLDARE 
(Wang et al., 2025) combines small and large models for cross-lingual 
data augmentation: the small model identifies entities in low-resource 
texts, which the large model uses to generate high-quality cross-lingual 
data under constraints. However, LS-CLDARE’s reliance on manual fil-
tering prevents full automation and limits scalability. However, due to 
limitations in model size and computational resources, LLMs are less 
amenable to the fine-grained and in-depth adjustments possible with 
smaller models. Indeed, a single LLM often exhibits lower performance 
on specific tasks, particularly in specialized domains requiring fine-
grained semantic understanding and reasoning (Lai et al., 2023; Tan 
et al., 2023). Second, LLMs can achieve dynamic projection mechanisms 
through enhanced contextual understanding. CLaP (Parekh et al., 2024) 
utilises instruction fine-tuning to adapt source language labels to target 
sentences, generating pseudo-labeled data that is not only highly accu-
rate but also consistent and coherent with the target language sentences. 
Such research integrates the general knowledge representation capabil-
ities of LLMs with the domain specificity and fine-tuning advantages of 
smaller, task-specific models. By generating high-quality pseudo-data, 
the performance of SOTA models can be further improved.

KG for LLM. To address the limitations of LLMs regarding knowl-
edge accuracy, particularly in cross-lingual contexts, knowledge graph 
based retrieval-augmented generation (RAG) (Edge et al., 2025; Sharma 
et al., 2024) has emerged as an effective solution. The core principle is 
to use a knowledge graph as an external knowledge base for the LLM. 
Before the LLM generates text, relevant knowledge is retrieved from the 
knowledge graph and incorporated into the input prompt as contextual 
information, thereby guiding the LLM towards more accurate and reli-

able outputs. This approach mirrors the human practice of consulting 
references and acquiring background knowledge when tackling com-
plex tasks, effectively compensating for the inherent knowledge limita-
tions of LLMs and enhancing their ability to handle knowledge-intensive 
cross-lingual tasks. KG-MT (Conia et al., 2024) implements a RAG sys-
tem for translation that dynamically retrieves entity translations from 
multilingual KG and integrates them into neural machine translation 
models end-to-end, achieving performance gains of 17.9% over NLLB-
200 and 25.3% over GPT-4. However, when encountering rare, emerg-
ing, or absent entities, the system defaults to the base model’s paramet-
ric knowledge. Building upon the retrieval-augmented paradigm, some 
research explores collaborative enhancement patterns between knowl-
edge graphs and LLMs to further exploit the potential of knowledge 
graphs and achieve a deeper level of cross-lingual capability enhance-
ment (Jiang et al., 2024a). Compared to simple retrieval augmentation, 
collaborative enhancement aims to facilitate deeper interaction between 
LLMs and knowledge graphs, completing complex tasks through multi-
ple rounds of interaction. In this mode, the LLM can be viewed as an 
agent, capable of formulating action plans based on the current task 
objectives and utilising an external toolbox (e.g., web search, code exe-
cution, KG retrieval, and KG updates) to execute the plan. This collab-
orative approach empowers LLMs with stronger reasoning capabilities 
and more flexible interaction methods, enabling them to handle more 
complex cross-lingual tasks. MDKG-RAG (Zhang et al., 2025) employs 
an LLM-driven pipeline to construct domain-specific, multi-label, mul-
tilingual knowledge graphs from raw documents, which subsequently 
guide retrieval and generation. The retrieved context is processed by 
multiple collaborating LLM agents using multilingual prompts to pro-
duce accurate responses. This approach suits domains like ship design, 
where knowledge spans multiple languages and regions. Beyond natu-
ral language, knowledge graphs facilitate cross-programming language 
support for LLMs. CodeRCSG (Jiang et al., 2024b) generates semantic 
graphs by pairing code snippets with their cross-language counterparts, 
then retrieves both code text and semantic graphs as references during 
code generation.

LLM Evaluation. The cross-lingual capabilities of LLMs are typically 
evaluated along two dimensions: intrinsic and extrinsic evaluation. In-
trinsic evaluation aims to directly measure the cross-lingual capabilities 
of LLMs, focusing on the quality of the model’s language transfer pro-
cess. This evaluation approach generally does not rely on specific down-
stream tasks but instead examines the quality of the model’s translation 
output or language understanding. Notably, a tokenizer that supports 
multilingual tokens is crucial for enhancing the performance of LLM. 
The “fertility” of a tokenizer (Rust et al., 2021), defined as the aver-
age number of subtokens generated per tokenized word, is an important 
measure of its quality. A lower fertility score generally indicates better 
tokenizer quality. The Parity metric is used to measure the equality of 
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tokenization processing across different languages (Petrov et al., 2023). 
For example, a Japanese Kanji character might be split into three to-
kens in GPT-2. Furthermore, accuracy and faithfulness are key metrics 
that directly reflect an LLM’s cross-lingual understanding and its abil-
ity to generate multilingual pseudo-data (Parekh et al., 2024). Accuracy 
primarily concerns the quality of the model’s translated labels, while 
faithfulness focuses on whether the translated labels remain semanti-
cally relevant to the translated sentences. Even if the model can accu-
rately translate labels, its cross-lingual capabilities are still deficient if 
the translated labels are inconsistent with the content of the translated 
sentences. In addition to these metrics, ethical considerations (Agarwal 
et al., 2024), toxicity (de Wynter et al., 2024), and bias (Kaneko et al., 
2022) are equally important, assessing whether the LLM adheres to the 
same human values across different languages (Zhu et al., 2024a).

Extrinsic evaluation, on the other hand, focuses on applying LLMs 
to practical downstream cross-lingual knowledge extraction tasks and 
evaluating their cross-lingual capabilities based on their performance 
in these tasks (Chen et al., 2024b; Parekh et al., 2024). This approach 
is closer to real-world application scenarios and can realistically reflect 
the model’s ability to solve practical problems. Commonly used eval-
uation metrics include F1-score, precision, and recall. By comparing 
the performance of LLMs on tasks across different languages and do-
mains, their extrinsic cross-lingual capabilities can be comprehensively
assessed.

Larger parameter models generally demonstrate superior down-
stream task performance. For instance, GPT-4 achieved approximately 
8% better translation performance than GPT-3.5 in KG-MT (Conia et al., 
2024) tests. In cross-lingual code generation, CodeRCSG (Jiang et al., 
2024b) found GPT2-s underperformed GPT2-m by approximately 2.5% 
on BLEU scores. However, increased parameters incur substantial com-
putational costs. MDKG-RAG (Zhang et al., 2025) achieved competitive 
performance using Qwen2.5-7B, reducing inference time by over 50% 
with minimal performance loss ( 2%) compared to DeepSeek-R1-671b.

Model specialization often outweighs parameter count, particularly 
in low-resource domains. KG-MT (Conia et al., 2024) tests revealed 
mT5’s poor Tigrinya performance, attributable to the language’s ab-
sence from pre-training data. This underscores the importance of pre-
training language coverage. While large models possess broader knowl-
edge bases, task-specific success depends on selecting models with ap-
propriate language coverage and fine-tuning suitability.

Well-designed frameworks can compensate for model limitations. 
Using GPT-3.5, M-NTA (Conia et al., 2023) surpassed single SOTA mod-
els including GPT-4. CodeRCSG (Jiang et al., 2024b) improved all mod-
els’ BLEU scores by over 40%, dwarfing inter-model performance differ-
ences. MKG-Rank (Li et al., 2025) demonstrated that graph-based RAG 
systems enhance most LLMs regardless of size or architecture, with im-
provements correlating to models’ target language proficiency. How-
ever, for models already proficient in target languages (e.g., Qwen-2.5 
72B for Chinese), additional frameworks may introduce interference.

In summary, generative LLMs are still in the early stages of explo-
ration in the field of cross-lingual knowledge acquisition and knowl-
edge graphs, with significant opportunities for improvement, especially 
in general-purpose, open-domain, and low-resource settings. Existing 
benchmark models are often tailored to specific domains or tasks, which, 
while potentially achieving higher performance on those specific tasks, 
limits their generality and applicability. LLM selection requires balanc-
ing parameter scale, model specialization including language coverage, 
and potential framework-induced performance gains, rather than de-
faulting to maximum model size. Furthermore, some generative tasks 
using LLMs also have limitations. For example, prompt design and com-
patibility issues with inputs of varying lengths and structures can lead to 
serious hallucination problems in other domains. Therefore, further de-
velopment of general frameworks that can flexibly adapt to different do-
mains and tasks is a promising research direction. Particularly notewor-
thy is how to collaboratively enhance LLM agents with KGs to provide 
suitable examples for different knowledge extraction scenarios, even if 

the KG itself is monolingual, enabling multilingual question answering 
through the LLM. Additionally, for tasks with predefined entity and re-
lation types, such as NER and RE, the usability of LLMs may be ques-
tionable when the required granularity of the task does not match the 
granularity of the LLM’s internal knowledge, especially given the inher-
ent differences in knowledge granularity across languages. Therefore, 
future work could extend cross-lingual knowledge acquisition tasks to 
the open information extraction domain, guiding LLMs through prompt-
ing or fine-tuning to extract elements of undefined types at a specific 
granularity, which will place higher demands on the LLM’s language 
understanding capabilities. Finally, generative knowledge extraction
systems using LLMs still face challenges in few-shot and zero-shot sce-
narios, requiring further exploration of the in-context learning and step-
by-step reasoning capabilities of multilingual LLMs to improve their per-
formance, particularly in low-resource settings.

4.3.  Task-specific adaptation

This section focuses on research progress in cross-language transfer 
learning for KG construction tasks. The article will thoroughly anal-
yse representative models and methods applied in various subtasks, 
with particular emphasis on how these models and methods inge-
niously utilise different transfer learning paradigms and available cross-
language resources, aiming to provide a systematic overview and valu-
able reference for research in this field.

4.3.1.  Named entity recognition
Monolingual NER is a foundational task in KG construction. Its pri-

mary goal is to accurately identify entity boundaries within unstructured 
text in a specific linguistic context. The accuracy of an NER system sig-
nificantly affects the performance of downstream tasks and the quality of 
KG construction. Monolingual systems capitalise on the unique linguis-
tic features, syntactic structures, and contextual nuances of the target 
language to enable high-precision entity recognition.

Definition: Given a sequence of tokens 𝐶 = 𝑤1, 𝑤2,… , 𝑤𝑛 derived 
from a text, the task of monolingual NER is to identify the named enti-
ties mentioned, denoted as 𝑒𝑖 = (𝐼1, 𝐼2, 𝑡𝑒). Here, 𝐼1 and 𝐼2 indicate the 
position of the entity 𝑒𝑖 within the sequence 𝐶, representing the start 
and end indices, respectively. The term 𝑡𝑒 refers to a predefined set of 
entity categories.

There are various approaches to monolingual NER. Early rule-based 
systems depend on clearly defined linguistic patterns (Kim & Woodland, 
2000) and specialised vocabularies (Hanisch et al., 2005). Expert-crafted 
rule sets identify and categorise entities when text conforms to them. 
Although efficient in specific, narrow domains, such systems frequently 
experience low recall and restricted adaptability to novel contexts. Un-
supervised methods bypass the need for labelled data by leveraging in-
herent linguistic patterns. These methods may cluster words based on 
distributional semantics (Etzioni et al., 2005; Liu et al., 2019a) or use 
language models to estimate the likelihood of a word being a named 
entity based on its context (Veena et al., 2023), identifying entities 
through patterns in usage. A more widely used class of techniques is 
supervised machine learning, which frames NER as a classification or 
sequence labelling problem. Traditional models such as Hidden Markov 
Models (HMMs) (Bikel et al., 1998) predict entity labels by analysing 
a limited window of preceding words, whereas CRFs (McCallum & Li, 
2003) consider the entire sequence for more accurate predictions. Other 
supervised approaches, such as Maximum Entropy (Grishman & Borth-
wick, 1999) and Conditional Markov Models (Downey et al., 2007), pro-
vide alternative frameworks for modelling relationships between words 
and their entity labels. However, the performance of these methods of-
ten depends on the quality of hand-engineered features. To overcome 
this limitation, supervised deep learning methods have gained promi-
nence, enabling models to automatically learn complex feature repre-
sentations from data. CNNs (Collobert et al., 2011) extract local fea-
tures, while Iterated Dilated Convolutional Neural Networks (ID-CNNs) 
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Fig. 7. The cross-lingual NER process.

(Strubell et al., 2017) expand the receptive field to capture broader 
contextual information. A popular approach, the BiLSTM-CRF (Huang 
et al., 2015), integrates both past and future context for more accurate 
predictions. Deep learning methods have been further enhanced by dy-
namic word embeddings like ELMo, which create contextualised word 
representations based on the surrounding text, capturing nuanced mean-
ings (Peters et al., 2018b). Advancing even further, BERT-based models 
leverage pre-trained language representations to produce highly contex-
tualised embeddings, achieving state-of-the-art results in NER tasks (Liu 
et al., 2023b). These models excel at capturing complex relationships 
within text and are often fine-tuned for NER or employed in a reading 
comprehension framework to directly predict entity spans.

Cross-lingual NER extends the traditional task by aiming to create 
a unified framework for entity recognition across multiple languages. 
Non-English systems, however, face significant challenges, primarily 
due to limited training data. Researchers often use cross-lingual transfer 
learning to solve this problem. In this method, a model that was trained 
on labelled data in the source language is adapted so that it can per-
form well on test sets in the target language. The main challenge lies 
in establishing semantic bridges between languages to enable effective 
knowledge transfer while preserving the unique linguistic features of 
each language.

Definition: Cross-lingual NER considers a sentence 𝐶 = 𝑤1, 𝑤2,… ,
𝑤𝑛 in a target language 𝓁𝑡, along with an annotated sentence in a source 
language 𝓁𝑠. The objective is to identify the position of each named en-
tity mention 𝑒𝑗,𝑘 = {𝑤𝑗 , 𝑤𝑗+1,… , 𝑤𝑘} within the sentence and accurately 
categorize them into predefined entity types 𝑦. Under a few-shot setting, 
label acquisition in 𝓁𝑠 is limited; in a zero-shot setting, labels can only 
be obtained from 𝓁𝑠, typically English.

Example: Fig. 7 illustrates a toy example, aiming to identify and 
correctly classify entities in a Malay or Thai sentence using English data.

Label transfer considers mappings between words of different lan-
guages; if the English word “French” is labeled as “Location”, and 
its Malay equivalent is known to be “Perancis” and the Thai equiv-
alent is  , then both “Perancis” and  are also consid-
ered as “Location”, similarly for other entity words. Parameter trans-
fer establishes a shared vector space for words of different languages 
that supports the transfer of model parameters. If English word vec-
tors [𝑉1, 𝑉2, 𝑉3] = [ ⃗𝑅𝑜𝑠𝑒, ⃗𝐹 𝑟𝑎𝑛𝑐𝑒, ⃗𝑆𝑎𝑛𝑜𝑓𝑖] and their Malay equivalents 
[𝑉 ′

1 , 𝑉
′

2 , 𝑉
′

3 ] = [ ⃗𝑅𝑜𝑠𝑒, ⃗𝑃 𝑒𝑟𝑎𝑛𝑐𝑖𝑠, ⃗𝑆𝑎𝑛𝑜𝑓𝑖] (with their Thai equivalents be-
ing , , and  respectively) are known to approximate 𝑉1 ≃
𝑉 ′

1 , 𝑉2 ≃ 𝑉 ′

2 , 𝑉3 ≃ 𝑉 ′

3 , then the NER model trained on English can be ap-
plied to Malay or Thai to some extent, since the vector spaces show 
no significant linguistic discrepancies. Feature transfer constructs the 
same features for both languages, and feature-driven machine learning 
methods can be transferred to other languages. If “Rose” in both En-
glish and Malay appears at the beginning of sentences and shares string 
similarities, then from positional and linguistic features, “Rose” can be 
categorized as “Person” in both languages.

Table 75 ,6 synthesises representative cross-lingual NER research, 
outlining their paradigms, resources, supported languages, and datasets.

(1) Machine learning: Early cross-lingual NER research primarily 
used traditional machine learning. Klementiev and Roth proposed a 
weakly supervised learning method based on discriminative transliter-
ation models (Klementiev & Roth, 2006). As seeds, they used a small 
group of known transliteration pairs along with weak temporal align-
ment data from multilingual corpora. This method determined if a Rus-
sian mention was an English entity’s transliteration to facilitate label 
transfer. However, accuracy was limited (Russian: 65%), and it was 
highly sensitive to corpus temporal alignment quality. Similarly, Szarvas 
et al. (2006) used classical ensemble learning algorithms-AdaBoostM1 
and C4.5 decision trees-for business news. They used boosting to com-
bine decision tree models, which made them more accurate and re-
liable by adding general and language-specific features through fea-
ture engineering. Later, with resources like Wikipedia, researchers used 
these to enhance training. Richman and Schone (2008) developed an 
HMM-based system that redirected cross-lingual NER decisions to En-
glish when possible. It generated classification information using En-
glish Wikipedia’s resources and structure and then returned results to 
non-English mentions via Wikipedia’s cross-language links. To better 
utilise Wikipedia’s structure, the C&C tagger (Nothman et al., 2013), a 
maximum entropy model-based NER annotator, also generated training 
data through article classification and link annotation. The maximum 
entropy model, a flexible statistical model, incorporated multiple fea-
tures, improving NER performance. However, such external resources 
may not be available in other domains, and cross-language link cover-
age with English varies, causing performance disparities across domains 
and languages. Regarding existing NER models, Ehrmann et al. (2011) 
obtained a list of all possible translations for named entities and then de-
termining if a target language word is present in this list based on string 
matching. For words that do not match, consonant signature matching 
is performed. The NER annotations are then transferred to the target 
language for successfully matched entities. The effectiveness of this ap-
proach is dependent on both the quality of the initial NER system and 
the accuracy of the matching process.

(2) Deep learning: Neural network models have gained signifi-
cant traction in cross-lingual NER research due to their robust rep-
resentation learning capabilities. Xie et al. (2018) proposed a model 
based on BiLSTM-CRF. Instead of directly using output embeddings 
from other models, they employed bilingual word embedding spaces to 
translate source language training data into the target language before 
training. They also implemented self-attention mechanisms to address 
word order differences. Inspired by Xie et al. (2018) and label transfer, 
Jain et al. (2019) proposed projecting annotation results to target lan-

5 http://www.appenbutlerhill.com/.
6 http://au-kbc.org/nlp/NER-FIRE2013/.
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Table 7 
Multilingual NER Papers.
Work Paradigms Resources Languages\Performance Databases

Klementiev and Roth 
(2006)

Label - Parallel corpora
- Universal feature
- Linguistic feature
- Dictionary

𝐴 ∶en(−),ru(.65) Self-generated

Szarvas et al. (2006) Feature - Universal feature 𝐹 ∶en(.89),hu(.95) CONLL-2003 (Sang & De Meulder, 2003)
Szeged Treebank (Csendes et al., 2004)

Richman and Schone 
(2008)

Label - Wikipedia
- Dictionary

𝐹 ∶en(−),es(.84),fr(.85),pl(.86),
pt(.80), ru(.80),uk(.78)

ACE-2007 (Chen et al., 2014)
Self-generated

Ehrmann et al. (2011) Label - Parallel corpora
- Machine translation
- Dictionary
- Linguistic feature

𝑅 ∶cs(.92),de(.95),en(−),es(.94),
fr(.95),ru(.87)

Self-generated

Nothman et al. (2013) Label - Wikipedia 𝐹 ∶de(−),en(−),es(.90),fr(−),
it(−),nl(−),pl(−),pt(−),ru(.88)

CoNLL-2002 (Sang, 2002) 
CoNLL-2003 (Sang & De Meulder, 2003)
ABH
BBN (Ralph Weischedel, 2005)
Europarl (Faruqui et al., 2010)
Wikigold (Balasuriya et al., 2009)

Fang et al. (2017) Parameter - Multilingual embedding 𝐹 ∶de(.63),en(−),es(.56),nl(.56) CoNLL-2002 (Sang, 2002)
CoNLL-2003 (Sang & De Meulder, 2003)

Xie et al. (2018) Label - Multilingual embedding 𝐹 ∶de(.58),en(−),es(.72),nl(.70),
ug(.32)

CoNLL-2002 (Sang, 2002)
CoNLL-2003 (Sang & De Meulder, 2003)
DARPA LORELEI (Mayhew et al., 2017)

Jain et al. (2019) Label - Parallel corpora
- Machine translation
- Linguistic feature
- Universal feature
- Word alignments

𝐹 ∶de(.62),en(−),es(.74),hi(.42),hy(.62),
nl(.70),ta(.34),zh(.50)

CoNLL 2002 (Sang, 2002)
CoNLL 2003 (Sang & De Meulder, 2003)
FIRE 2013
OntoNotes 4.0 (Weischedel et al., 2011)
Self-generated

Mulcaire et al. (2019) Parameter - Multilingual embedding
- Word alignments

𝐹 ∶ar(.78),en(−),zh(.76) CoNLL-2012 (Pradhan et al., 2012)

Pfeiffer et al. (2020) Parameter - Adapter 𝐹 ∶ar(.59),cdo(.27),en(.56),gn(.26),
ilo(.31),is(.53),ja(.53),jv(.40),
mhr(.28),mi(.24),my(.25),qu(.34),
sw(.51),tk(.31),xmf(.33),zh(.56)

WikiANN (Pan et al., 2017)

Liu et al. (2021b) Parameter - Machine translation
- Parameter tuning

𝐹 ∶ar(.54),en(.79),fi(.75),it(.76),
ja(.37),tr(.75),zh(.41)

CoNLL-2002 (Sang, 2002)
CoNLL-2003 (Sang & De Meulder, 2003)
WikiANN (Pan et al., 2017)

Ogueji et al. (2021) Parameter - Parameter tuning 𝐹 ∶amh(.74),hau(.90),ibo(.87),kin(.74),
lug(.79),luo(.70),pcm(.86),swa(.88),
wol(.62),yor(.81)

MasakhaNER (Adelani et al., 2021)

Ansell et al. (2021) Parameter - Adapter 𝐹 ∶en(−),hau(.77),ibo(.70),kin(.66),
lug(.54),luo(.33),pcm(.73),swa(.73),
wol(.32),yor(.69)

MasakhaNER (Adelani et al., 2021)

(Zhou et al., 2023) Parameter - Parameter tuning 𝐹 ∶ar(.72),de(.76),en(−),es(.85),
hi(.83),nl(.84),zh(.61)

CoNLL-2002 (Sang, 2002) 
CoNLL-2003 (Sang & De Meulder, 2003)
WikiANN (Pan et al., 2017)

Tan et al. (2023) Parameter - Enriched context 𝐹 ∶bn(.95),de(.90),en(.91),es(.94),
fa(.92),fr(.93),hi(.95),it(.95),
pt(.93),sv(.95),uk(.92),zh(.90)

MultiCoNER v2 (Fetahu et al., 2023a)

Gui and Xiao (2024) Parameter - Parameter tuning 𝐹 ∶ar(.55),de(.76),en(.84),es(.75),
fr(.79),ru(.66),vi(.68)

PANX (Pan et al., 2017)

Chen et al. (2024b) Label Parameter - LLM as Executor
- Parameter tuning

𝐹 ∶bam(.60),bbj(.52),ewe(.72),fon(.54),
hau(.72),ibo(.38),kin(.56),lug(.68)
luo(.59),mos(.49),nya(.76),pcm(.76)
sna(.51),swh(.73),tsn(.71),twi(.76)
wol(.59),xho(.63),yor(.52),zul(.44)

MasakhaNER2 (Adelani et al., 2022)

Parekh et al. (2024) Label
Parameter

- LLM as Projector
- Parameter tuning

𝐹 ∶af(.74),ar(.49),bg(.81),el(.76),
es(.75),eu(.69),fa(.59),fr(.79)
id(.56),it(.80),ja(.45),jv(.65)
ka(.71),ko(.60),ms(.74),my(.62)
ru(.68),th(.13),vi(.76),zh(.50)

WikiANN (Pan et al., 2017)

Wang et al. (2024b) Parameter - Parameter tuning 𝐹 ∶de(.64),en(.71),es(.72),fr(.65) Self-generated
Golde et al. (2024) Parameter - Enriched context 𝐹 ∶ar(.15),en(.35),zh(.27) Self-generated
Kumar et al. (2025) Parameter - Parameter tuning 𝐹 ∶ar(.65),en(.98) Self-generated
Bouabdallaoui et al. 
(2025)

Parameter - Enriched context 𝐹 ∶de(.65),es(.67),fr(.67),it(.67) Self-generated

Note: 𝐴 represents accuracy, 𝐹 denotes the F Score, and 𝑅 indicates recall.
Note: 𝐹 signifies the F Score when the current language is treated as the source language, with
other languages being considered as targets.
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guages via Google Translate. To mitigate the impact of machine trans-
lation on linguistic features, they used orthographic and phonetic align-
ment methods, and realigned missed entities at the corpus level using 
Term Frequency-Inverse Document Frequency (TF-IDF). When applied 
to Xie et al. (2018)’s base NER model, this system improved F-scores 
compared to the original embedding-based translation method (Span-
ish: 72%→74%, German: 58%→62%), with substantial gains in lan-
guages significantly different from English (Hindi: 27%→42%, Chinese: 
3.5%→50%). To further explore embedding representation impact, 
Mulcaire et al. (2019) introduced Rosita, an ELMo-based multilingual 
embedding model. Trained on mixed multilingual corpora, its context-
sensitive word representations served as input for BiLSTM-CRF NER 
models. Experiments showed Rosita’s dynamic word representations sig-
nificantly outperformed static character-level representations, offering 
valuable insights for future cross-lingual word representation research. 
Differently, Fang et al. (2017) focused on active learning, proposing a 
Deep Q-Network (DQN) and linear-chain CRF-based method. This ap-
proach learned active learning strategies through DQN, using current 
states (sentence information, model-predicted marginal probability dis-
tributions, and confidence levels) as input to output Q-values for each 
action (annotating the current sentence). For cross-lingual transfer, the 
method used multilingual embeddings trained with Canonical Correla-
tion Analysis (CCA), enabling strategy reuse from source to target lan-
guages, achieving modest F-score results (German: 63%, Spanish: 56%, 
Dutch: 56%).

(3) PLMs: PLMs have become powerful tools for cross-lingual NER 
tasks, and many studies focus on improving their cross-lingual trans-
fer capabilities and efficiency. A key limitation is vocabulary mismatch 
with target languages, requiring parameter tuning. One solution re-
serves space for each language in multilingual vocabularies for better 
representation, followed by retraining. XLM-V (Liang et al., 2023) cre-
ates vocabulary fingerprints from the chances of words appearing and 
arranges vocabulary representation vectors so that each language has 
enough space. XLM-V enhances language clustering algorithms and opti-
mises vocabulary distribution for more semantically coherent partition-
ing and minimal resegmentation, especially for low-resource languages. 
Other research focuses on specialised vocabularies for these languages. 
AfriBERTa (Ogueji et al., 2021) pre-trains on sentences from eleven 
African languages, developing subword vocabularies and using BERT-
like masked language modeling. This achieved good F-scores across 
African languages (Hausa: 90%, Igbo: 87%, Swahili: 88%). However, 
larger vocabularies can increase computational cost, and performance 
may plateau or decline after a point (Liang et al., 2023). While language-
specific models avoid this, they can generalise poorly due to less train-
ing data (Mhaske et al., 2023; Ogueji et al., 2021). Similarly, IndicNER 
(Mhaske et al., 2023), a multilingual NER model for Indian languages, 
sometimes outperforms mBERT. Because IndicNER’s main corpus in-
cludes English transliterations, transliteration quality can impact per-
formance. These studies suggest joint training on similar low-resource 
languages improves performance; however, incorporating high-resource 
languages needs careful consideration due to model capacity and trans-
fer quality. KDCT (Kumar et al., 2025) leverages a pre-trained XLM-
RoBERTa model as a teacher to effectively distill knowledge into a more 
compact DistilBERT student model, further enhancing the model’s ro-
bustness on a low-resource target language (Arabic) through consis-
tency training. The results suggest that using a small amount of labeled 
data (rather than a completely zero-shot approach) combined with semi-
supervised consistency training is a more judicious choice, achieving 
better performance under resource-constrained conditions.

Besides retraining, aligning cross-lingual corpus features (structural 
and semantic) during fine-tuning improves cross-lingual understanding 
and generation. PhoneXL (Nguyen et al., 2023) combines phonetic tran-
scription with orthographic representations to address writing system 
differences in PLMs. The ContProto model (Zhou et al., 2023) uses con-
trastive self-training to build positive sample pairs, which may include 
same-category entities, possibly appearing within the same language 

or across languages. By training a teacher model on annotated source 
language data and applying it to unannotated target language data to 
generate pseudo-labels, ContProto achieves better language alignment. 
However, this works best when training and testing domains align, limit-
ing its generalisation in cross-domain tasks. The Mulda framework (Liu 
et al., 2021b) translates annotated sequences, converting source lan-
guage data into multiple target languages, and then fine-tunes using 
these translated datasets. Results show that combining source language 
data with translated multilingual data significantly improves recogni-
tion accuracy in target languages, even with limited source language 
data. LITSET (Golde et al., 2024) posits that existing few-shot NER meth-
ods are constrained in the label interpretation learning phase by limi-
tations in the number of entity types and the scarcity of semantic in-
formation within training datasets. To address this, LITSET leverages 
XLM-RoBERTa for efficient processing of large-scale entity type spaces. 
It learns to associate entity types described in natural language with cor-
responding NER annotations. Consequently, the model can generalize 
to recognizing previously unseen entity types by requiring only descrip-
tions of new entity types and, optionally, a few supporting examples. 
2M-NER (Wang et al., 2024b) is presented as a language-multimodal 
NER model. Its core innovation lies in employing contrastive learning 
to align textual and visual representations. Furthermore, it effectively 
integrates multimodal information through fine-tuning a Transformer-
based multimodal collaboration module. Research findings corroborate 
the beneficial role of multilingual and multimodal information in en-
hancing NER performance.

Adapters are essential for efficiently fine-tuning PLMs as train-
ing costs increase. The MAD-X framework (Pfeiffer et al., 2020) in-
troduces three adapter types: language-specific adapters that capture 
linguistic features and knowledge for each language; task adapters 
that learn task-specific knowledge; and Invertible Adapters, designed 
to accommodate both input and output representations, better ad-
dressing vocabulary mismatches between multilingual and target lan-
guage vocabularies. However, performance still relies on the underlying
multilingual model quality and pre-training data. Invertible Adapter 
effectiveness decreases when source languages are not high-resource. 
Building on MAD-X (Pfeiffer et al., 2020), Deb et al. (2023) devel-
oped a method using Singular Value Decomposition (SVD) to construct 
affine subspaces for each Transformer layer per target language, cap-
turing language-specific information. During task-specific fine-tuning 
with source language labeled data, source language representations are 
selectively projected onto target language subspaces, enhancing cross-
lingual transfer. The FewTopNER framework (Bouabdallaoui et al., 
2025) deeply integrates topic modeling with the NER task, leveraging 
topic information to enhance the contextual awareness of entity recog-
nition. Built upon the XLM-RoBERTa pre-trained model, this frame-
work incorporates cross-task bridging and language-specific adapters 
to facilitate information exchange between the entity recognition and 
topic modeling tasks. This enables the model to effectively handle nu-
anced variations across different languages. However, training inde-
pendent adapters for each language is time-consuming and computa-
tionally expensive, posing challenges for low-resource languages. To
address this, MAD-G (Ansell et al., 2021) uses typological feature 
vectors as input to generate corresponding language adapter mod-
ule parameters. This allows generated adapters to support multiple 
typologically similar languages simultaneously, significantly improv-
ing cross-lingual transfer efficiency. However, MAD-G’s (Ansell et al., 
2021) generated language adapter performance heavily relies on the 
availability of typologically related languages during training, limit-
ing its effectiveness for unseen languages with significant typological 
differences. Additionally, MAD-G’s (Ansell et al., 2021) NER perfor-
mance, when trained on English datasets, may underperform specialized 
PLMs like AfriBERTa for certain African languages (Luo: 33%→70%,
Wolof: 32%→62%).

In few-shot and zero-shot cross-lingual approaches (e.g., MAD-X 
(Pfeiffer et al., 2020), MAD-G (Ansell et al., 2021), and multilevel align-
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ment frameworks (Gui & Xiao, 2024)), source language selection cri-
teria are understudied. These tasks involve fine-tuning with data from 
one or more languages and testing on unseen target languages. While 
these models perform reasonably well on unseen languages by identify-
ing linguistic commonalities, most research intuitively selects resource-
rich languages like English or German as source languages due to their 
large datasets, tools, and technical support. Recent research shows that 
source language selection significantly impacts model performance, es-
pecially for low-resource languages (Eronen et al., 2023). Eronen et al. 
(2023) introduced a new language similarity metric based on nearly 200 
linguistic features from the World Atlas of Language Structures. Their 
experiments show a strong correlation between language similarity and 
cross-lingual transfer performance. Similarly, Nigatu et al. (2023)’s work 
indicates that models often rely on writing system similarities for ef-
fectively representing unseen languages. However, semantic relation-
ships between languages in PLMs are under-explored, and it’s unclear 
which shared features best contribute to transferability for tasks like 
NER. Moreover, shared features beneficial for NER may not be useful 
for all NLP tasks.

In the recent SemEval-2023 Task 2 competition (Fetahu et al., 
2023b), transformer models using rich contextual information made 
significant progress in multilingual tracks. While traditional multilin-
gual NER systems primarily improved performance by augmenting data 
during pre-training or fine-tuning, these methods often struggled with 
complex, fine-grained named entities due to insufficient knowledge and 
underuse of contextual information. The DAMO-NLP team (Tan et al., 
2023) improved model input comprehension by acquiring multilingual 
knowledge from Wikipedia and Wikidata. They retrieved information 
relevant to the input sentences and integrated it into the XLM-R model. 
This approach used a CRF layer to decode fusion vectors, outputting 
entity label sequences. The model achieved F-scores above 90% in mul-
tiple languages, showing the potential of context information fusion. 
Similarly, the NLPeople team (El-karef et al., 2023) enhanced entity 
boundary recognition through external context retrieval. They concate-
nated retrieved contextual information with target sentences and entity 
forms to strengthen entity representations and improve classification 
accuracy, although F-scores for some languages could still be improved 
(Persian: 83%, Ukrainian: 89%). Although these context-enhanced sys-
tems were not specifically for cross-lingual transfer, they significantly 
improved performance in specific applications. They were particularly 
effective in addressing contextual information scarcity in low-resource 
languages, significantly contributing to multilingual model generalisa-
tion.

(4) LLMs: Recent research has explored the use of generative LLMs in 
NLP tasks. Wang et al. (2023) combined NER task information, includ-
ing task descriptions, few-shot demonstrations, and input sentences, into 
prompts for the GPT-3 model. While GPT-3 achieved F-scores of 91% 
and 82% on the CoNLL2003 and OntoNotes5.0 datasets, respectively, 
this was notably lower than existing top PLMs (95% and 92%, respec-
tively). LLM performance limitations were more evident in multilingual 
settings. DAMO-NLP (Tan et al., 2023) systematically evaluated LLMs 
using single-round prompting, multi-round prompting, and multi-ICL 
strategies. Their research showed that even GPT-3.5 models optimised 
through prompt engineering significantly underperformed XLM-R mod-
els with external retrieval, achieving F-scores of only 15% and 16% 
for German and Spanish (compared to 90% and 94% for XLM-R). Lai 
et al. (2023)’s research further supported this, with experiments show-
ing ChatGPT significantly underperforming the DAMO model across 11 
languages in the MultiCoNER dataset evaluation (F1 scores below 40%). 
In-depth analysis revealed ChatGPT consistently produced verbose out-
puts and exhibited entity category confusion in multilingual NER
tasks.

To address the issue of hallucinations in LLMs when applied to low-
resource languages, some research endeavors have explored leverag-
ing high-resource languages to guide and constrain these models. CLaP 
(Parekh et al., 2024) utilises Google Translate to generate parallel data. 

It then employs instructions to compel the LLM to consider pre-existing 
labels within the target language sentence during label projection. This 
ensures that the projected labels effectively correspond to the target lan-
guage sentence semantically and contextually, ultimately achieving an 
absolute improvement of 0.7% F1 score compared to the Awesome-align 
approach. The TransFusion framework (Chen et al., 2024b) proposes 
a three-step “translate-annotate-fuse” process based on LLMs. This in-
volves using machine translation to convert low-resource languages into 
high-resource languages, followed by annotation using information ex-
traction Large Models. Finally, it fuses the annotation information from 
the translated text with the original low-resource language text, learn-
ing this fusion-reasoning paradigm during instruction fine-tuning. LLM 
with TransFusion, by using English annotations as context, moves be-
yond passively accepting translated data. Instead, it actively learns to 
utilise translation as a tool to enhance its capabilities in low-resource 
languages. The results demonstrate an average F1 score improvement 
of 6.6% for baseline models in African languages.

Future Directions: The core task within NER is the accurate identi-
fication of entity boundaries. However, the inherent complexity of nat-
ural language, exemplified by phenomena such as nested entities and 
the emergence of fine-grained entity types, presents significant chal-
lenges to precise entity boundary recognition. Linguistic diversity fur-
ther exacerbates this issue. While PLMs have demonstrated remarkable 
performance in recognizing common entity types, their efficacy can be 
improved when confronted with complex scenarios characterized by
ambiguous entity boundaries or heightened contextual dependency. Fu-
ture models necessitate enhanced contextual understanding capabilities 
to effectively delineate entity boundaries, particularly in contexts ex-
hibiting high ambiguity and nuanced entity types.

Recent research in multilingual NER utilising LLMs heavily relies 
on the intrinsic multilingual capabilities of LLMs and English-centric in-
struction guidance. However, this approach does not directly address the 
fundamental problem of data scarcity in low-resource languages. Future 
research should proactively explore the construction of customized in-
structions and contextual examples specifically tailored for low-resource 
languages. While this may necessitate a degree of manual annotation ef-
fort, even a limited quantity of high-quality, low-resource language in-
structions and examples can provide LLMs with more direct and target 
language-specific guidance.

In the field of Named Entity Recognition, research directions en-
compassing multimodality and multilingualism are currently in nascent 
stages. Real-world textual data frequently co-occurs with multimodal in-
formation, harboring substantial developmental potential. Integrating 
visual, auditory, and other modalities into NER models, alongside ex-
panding NER technology to a broader spectrum of languages, represents 
a crucial direction for future research.

4.3.2.  Relation extraction
Monolingual RE aims to identify and categorise potential semantic 

relationships between entities within texts. This process not only re-
veals complex associations among entities but also enriches and refines 
semantic links within KGs, thereby enhancing their overall performance 
and utility.

Definition: Given a natural language text or document 𝐶, the objec-
tive of the RE task is to predict one or more factual triples (ℎ, 𝑟, 𝑡). Here, 
the head entity ℎ and the tail entity 𝑡 are words, phrases, or other syn-
tactic units derived from 𝐶, while the relation 𝑟 belongs to a predefined 
set of relation types 𝑅. The relation 𝑟 describes the semantic connection 
between ℎ and 𝑡 within the context of 𝐶.

Monolingual RE methods have evolved from early non-neural ap-
proaches to more sophisticated neural network architectures. Non-
neural methods include rule-based systems, supervised machine
learning, and distant supervision. Rule-based methods rely on manu-
ally defined patterns (as described in Appelt et al., 1993; Hearst, 1992), 
which have limitations in terms of adaptability and scalability. Super-
vised machine learning utilises feature engineering (as described in 
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Fig. 8. The cross-lingual RE process.

Kambhatla, 2004; Zhou et al., 2005) or kernel methods (as described 
in Culotta & Sorensen, 2004; Zelenko et al., 2002; Zhang et al., 2008) to 
train classifiers, but these methods struggle with capturing long-distance 
dependencies. Distant supervision (Mintz et al., 2009) uses knowledge 
bases to automatically label data, but it is prone to propagating erro-
neous labels.

Neural network methods primarily fall into three strategies: pipeline-
based approaches, joint training, and distant supervision. Pipeline-based 
methods handle entity detection and RE separately. MV-RNN (Socher 
et al., 2012) uses syntactic trees for semantic composition. GCN-based 
methods (as described in Guo et al., 2019; Zhang et al., 2018) transform 
syntactic trees into graph structures to better capture long-distance de-
pendencies. Joint approaches (as described in Dai et al., 2019; Markus 
& Adrian, 2020; Miwa & Bansal, 2016; Sui et al., 2023; Zheng et al., 
2017) perform both tasks simultaneously to reduce error propagation. 
These methods involve using shared parameters and complex labelling 
schemes or redefining tasks as set prediction problems (Sui et al., 2023). 
Distant supervision has also been applied to neural network methods to 
address data scarcity (as described in Feng et al., 2018; Ye & Ling, 2019; 
Zeng et al., 2015). These studies primarily mitigate noise issues and 
improve extraction accuracy through techniques such as multi-instance 
learning, reinforcement learning, and attention mechanisms.

Cross-lingual RE aims to construct a unified framework capable of 
understanding relation expressions across multiple languages. The ex-
pression of relations varies significantly across languages, such as word 
order variations and diversity in relation markers, making it difficult to 
directly transfer monolingual RE models to other languages. However, 
through alignment and language-independent semantic representations, 
cross-language RE is breaking through language barriers, offering new 
possibilities for multilingual knowledge acquisition.

Definition:In cross-lingual RE, given a sentence 𝐶𝑡 = 𝑤1, 𝑤2,… , 𝑤𝑛
in a target language 𝓁𝑡 and a corresponding sample 𝐶𝑠 in a source lan-
guage 𝓁𝑠, the primary objective is to identify the specific positions of 
entities within the sentence, denoted as 𝑒𝑗,𝑘 =

{

𝑤𝑗 , 𝑤𝑗+1,… , 𝑤𝑘
}

. The 
subsequent task is to infer the relationship 𝑟 between a given head entity 
ℎ𝑒 and a tail entity 𝑡𝑒, where 𝑟 belongs to a predefined set of relationship 
types 𝑅. In a zero-shot learning setting, the relevant label information 
is only available in the source language 𝓁𝑠.

Fig. 8 illustrates a toy example of cross-lingual RE task from English 
to Malay and Thai.

In the label transfer paradigm, annotations in another language can 
be obtained through cross-lingual mapping of the head and tail en-
tity words. Assuming the English fact 𝑓 = {𝑆𝑎𝑛𝑜𝑓𝑖, 𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛, 𝐹 𝑟𝑒𝑛𝑐ℎ} is 
known. The mappings of the head and tail entity words in the same 
Malay sentence are “Sanofi” and “Perancis”, respectively; it can be in-
ferred that the Malay fact is 𝑓 = {𝑆𝑎𝑛𝑜𝑓𝑖, 𝐿𝑜𝑘𝑎𝑠𝑖(𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛), 𝑃 𝑒𝑟𝑎𝑛𝑐𝑖𝑠}. 
Similarly, the case can be transferred to Thai. Regarding the param-
eter transfer paradigm, similar to the NER task, model transfer can 
be achieved through the shared space of English and other language
words.

(1) Machine learning: To more clearly trace the research trajectory 
of cross-language RE, Table 7 summarises representative works in this 
field. Early research primarily focused on machine learning methods, 
where Kim et al. (2010) proposed a model based on statistical machine 
translation, comprising three components: annotation, projection, and 
evaluation. The annotation component utilises existing entity recognis-
ers and relation detectors for entity recognition and relation annota-
tion in the source language, then transfers the annotation information 
to the target language through word alignment-based projection. How-
ever, this model performed poorly on Korean with an F1 score of only 
37%, possibly due to incorrect word alignments and source language an-
notation errors. Faruqui and Kumar (2015) utilised the Google Translate 
API to translate source language sentences into English and obtain word 
alignment information, then used the OLLIE system for open-domain RE 
on the translated English sentences, and finally mapped the extraction 
results back to the source language based on BLEU score phrase similar-
ity metrics. Although this paper proposed a BLEU score-based projection 
method, cross-language phrase alignment remains a challenging prob-
lem, and inherent linguistic features and structural information of the 
source language are easily lost during translation.

(2) Deep learning: Among mainstream neural network-based meth-
ods, Verga et al. (2016) used BiLSTM to encode Universal Schema 
(USchema) components of text to capture combined semantic informa-
tion of sentence entities and external knowledge base relations. The 
model provides cross-language capability by binding parameters of dif-
ferent language sentence encoders and achieved performance exceed-
ing the best TAC 2013 system on English tasks (41% F1 score), but 
performance on Spanish tasks still had room for improvement (20% F1 
score), indicating limited effectiveness of the parameter binding strategy 
in cross-language transfer. MNRE (Lin et al., 2017) utilises CNN for sen-
tence encoding and introduces monolingual attention and cross-lingual 
attention mechanisms, used respectively for selecting information-rich 
sentences and capturing consistency in cross-language relation patterns, 
thereby improving extraction accuracy. (Subburathinam et al., 2019) 
used GCN to encode sentence dependency tree structures and combined 
word distributional representations for cross-language structure trans-
fer. Its language-independent tree structure representation and node 
representation are key, while utilising both distributed semantic infor-
mation from word embeddings and symbolic information such as POS 
tags and dependency relations, enabling the model to better understand 
sentence structure and semantics. The model, trained on English and 
tested on Chinese and Arabic test sets, achieved F1 scores of 43% and 
59%, respectively, slightly lower than supervised models trained on 
these languages (69% and 67%, respectively).

Projection-based methods perform shallow label-specific transfer, 
generating noisy yet target-specific training data. While straightfor-
ward, this approach remains fragile, highly susceptible to cascading 
errors and syntactic divergence. Conversely, embedding-based meth-
ods attempt deeper transfer of abstract semantic representations, en-
abling clean source models to process imperfectly represented target 
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Table 8 
Multilingual RE Papers.
Work Paradigms Resources Languages Databases

Kim et al. (2010) Label - Parallel corpora
- Word alignments
- Bilingual dictionary

𝐹 ∶en(−),ko(.37) ACE-2003 (Mitchell et al., 2004) 
self-generated

Faruqui and Kumar 
(2015)

Label - Machine translation 𝐵 ∶en(−),fr(.47),hi(.38),ru(.62) self-generated

Verga et al. (2016) Parameter - Multilingual embedding 𝐹 ∶en(.41),es(.20) TACKBP 2012
TACKBP 13–14 (Ellis et al., 2014)

Lin et al. (2017) Parameter - Multilingual embedding 𝑃@1 ∶en(−),zh(−) self-generated
Subburathinam et al. 
(2019)

Parameter - Universal feature 
- Multilingual embedding

𝐹 ∶ar(.59),en(.68),zh(.42) ACE-2005 (Walker et al., 2006)

Lan et al. (2020) Parameter - Parameter tuning 𝐹 ∶ar(.84),en(.79) ACE-2005 (Walker et al., 2006)
Ahmad et al. (2021) Parameter - Parameter tuning 𝐹 ∶ar(.67),en(−),zh(.55) ACE-2005 (Walker et al., 2006)
Nguyen et al. (2021) Parameter - Parameter tuning 𝐹 ∶ar(.68),en(−),zh(.58) ACE-2005 (Walker et al., 2006)
Rathore et al. (2022) Parameter - Parameter tuning 𝐴𝑈𝐶 ∶de(.82),en(.83),es(.85),fr(.87) DiS-ReX (Bhartiya et al., 2022)
Liu et al. (2023a) Parameter - Adapter 

- Enriched context
𝐹 ∶de(−),en(.64),es(−),fr(−),tr(−) RELX (Köksal & Özgür, 2020)

Hsu et al. (2023) Parameter - Parameter tuning 𝐹 ∶ar(68),en(−),zh(.77) ACE-2005 (Walker et al., 2006)
self-generated

Fei et al. (2023) Parameter - Parameter tuning 𝐹 ∶ar(.71),en(−),zh(.64) ACE-2005 (Walker et al., 2006)
Jinensibieke et al. 
(2024)

Label
Parameter

- LLM as Projector
- Language selection

𝐹 ∶fa(.07),fil(.13),he(.09)
id(.08),ky(.14),kz(.11),ug(.03)
uz(.13)

Self-generated

Santini (2024) Label
Parameter

- LLM as Executor - Self-generated

Jiang et al. (2024c) Parameter - Enriched context
- LLM as Executor

- DocRED (Yao et al., 2019)

Wei et al. (2025) Parameter - Parameter tuning 𝐹 ∶en(.79),zh(.79) Re-DocRED (Tan et al., 2022)
HacRED (Zheng et al., 2023b)

Note: 𝑃@1 (Precision@1) is a precision metric that only considers whether the relation predicted by the model with the highest
confidence score is correct. 𝐴𝑈𝐶 (Area Under Curve) is a metric for measuring the overall classification performance of a model.
𝐵 (BLEU metric) quantifies the similarity between machine translation outputs and one or more human reference translations.

data. Though more robust to sentence-level structural variations, these 
methods suffer from imperfect semantic alignment and limited con-
textual comprehension. Method selection typically depends on avail-
able resources (high-quality machine translation systems versus bilin-
gual lexicons) and typological distance between languages. Notably, the 
most successful early approaches integrated language-agnostic symbolic 
features-part-of-speech tags and universal dependency paths-presaging 
the centrality of capturing shared linguistic structures that would define 
the subsequent pre-training era.

(3) PLMs: Recent research has increasingly utilised PLMs. For 
English-to-Arabic cross-lingual transfer learning, Lan et al. (2020) pro-
posed a customised bilingual BERT model called GigaBERT. GigaBERT 
employs a specialised vocabulary designed specifically for English and 
Arabic to better handle subword units in both languages. The paper 
also suggested a way to improve cross-lingual transfer by adding more 
data by combining code-switching data from English-Arabic dictionar-
ies (such as PanLex, MUSE, and Wikipedia parallel titles). By replacing 
portions of vocabulary in sentences to simulate cross-lingual scenarios, 
this method effectively improved the model’s cross-lingual capabilities. 
Experimental results show that GigaBERT performs excellently on Ara-
bic RE tasks, achieving an F1 score of 84% and even maintaining 48% 
in zero-shot transfer settings.

The GATE model (Ahmad et al., 2021) utilises multilingual pre-
trained encoders to generate word representations and combines UD 
parsers to construct syntactic tree structures. The model also has graph 
attention mechanisms that change the weights of attention based on syn-
tactic distance. These mechanisms capture long-distance dependencies 
and bridge word order differences across languages, making it easier 
to use across languages. Finally, it obtains contextualised entity rep-
resentations through maximum pooling and feeds them into a linear 
classifier for prediction. Building upon this, Nguyen et al. (2021) pro-
posed an innovative cross-lingual alignment method aimed at address-
ing monolingual bias in RE tasks. This method similarly uses mBERT 
encoders to generate source and target language representations but 

introduces a category-based alignment mechanism to align vectors in 
the same category across languages. Additionally, by aligning language-
independent features such as POS tags and dependency relations, the 
model enhances cross-lingual representation consistency. To further op-
timise word class representations, the method employs gradient reversal 
layers learnt from adversarial training to filter out irrelevant contex-
tual information, thereby improving word class alignment accuracy and 
achieving certain improvements over the GATE model. The PARE model 
(Rathore et al., 2022) concatenates multiple sentences into paragraphs 
for mBERT encoding, enabling the model to capture inter-sentence in-
teractions. This approach to directly utilising PLMs for encoding and 
downstream tasks has become one of the mainstream methods in the 
NLP field. However, when paragraphs exceed BERT’s input limits, trun-
cation may lead to loss of critical information. Moreover, PARE’s insen-
sitivity to sentence order might cause the model to overlook logical re-
lationships or contextual connections, potentially affecting accuracy in 
certain cases. Furthermore, Fei et al. (2023) proposed a method based 
on code-mixed UD trees to address syntactic structure bias caused by 
language differences. This method is based on aligning the vocabulary 
and grammatical nodes of two languages and then merging them into 
code-mixed UD forests. This makes the syntactic distance between en-
tity pairs smaller. Similar to previous work, this method uses mBERT 
to generate text representations, then uses Graph Attention Networks 
(GAT) to encode these representations to extract syntactic features from 
source and target languages. Finally, it predicts semantic relations be-
tween entity pairs through a biaffine decoder. This method achieved F1 
scores of 71% and 64% in the Arabic and Chinese tracks, respectively.

In recent years, prompt-tuning technology has achieved significant 
results in NLP. Inspired by this, Prompt-XRE (Hsu et al., 2023) first 
introduced the concept of prompt-tuning into cross-lingual RE tasks, 
utilising prompts to activate cross-lingual knowledge in PLMs. This 
method converts input sentences and entity pairs into formats suitable 
for the mBART model and fine-tunes it using constructed data, enabling 
the model to more accurately predict relation types between entity 
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pairs under prompt guidance. Experimental results show that Prompt-
XRE achieved state-of-the-art performance, reaching a 77% F1 score 
in English-Chinese transfer, significantly higher than the GATE model’s 
55%, highlighting the immense potential of prompt tuning in cross-
lingual tasks.

GranCATs (Liu et al., 2023a) proposed an efficient fine-tuning 
method that enhances cross-lingual alignment by incorporating con-
trastive adapters at different text granularities (phrase, sentence, and 
paragraph levels). GranCAT uses entity alignment, sentence summaries, 
and paragraph description data from multilingual sources (such as 
Wikipedia) for training and adopts contrastive learning as a pre-training 
task to capture global semantic information. By reducing and expanding 
dimensions, these adapters are built into transformer layers. This lets the 
model learn and share cross-lingual alignment information while keep-
ing its original structure.

PLM-based cross-lingual RE has evolved from relying solely on in-
trinsic model capabilities to integrating syntactic information, refined 
alignment strategies, and parameter-efficient fine-tuning techniques in-
cluding prompt tuning and adapters. These advances address fundamen-
tal challenges of structural linguistic divergence and monolingual bias, 
enabling robust cross-lingual knowledge transfer.

(4) LLMs: Additionally, the application prospects of LLMs in RE tasks 
are beginning to emerge. Using English prompts, ChatGPT achieved an 
average F1 score of 69.4% on the SMiLER (Seganti et al., 2021a) dataset. 
Language-specific prompts appeared to yield better or comparable per-
formance for ChatGPT in RE tasks, averaging 70.2% (Lai et al., 2023). 
Notably, ChatGPT performed the worst on SMiLER’s English tasks (only 
61.8%), which could be attributed to the English test data being larger 
and more complex. This indicates that ChatGPT still needs further devel-
opment to effectively handle more difficult and nuanced tasks. Santini 
(2024) utilised instruction-tuned ChatGPT-4 to transform unstructured 
Italian text into semi-structured English triples. Subsequently, a seq2seq 
Transformer model was employed to map natural language relations to 
predefined knowledge ontology properties within Wikidata. The study 
outlined a comprehensive workflow for low-resource KG construction, 
however, it did not address the potential risks of hallucinations and error 
propagation inherent in such approaches.

Jinensibieke et al. (2024) translated a high-quality English RE 
dataset into languages spoken in regions such as Central Asia and South-
east Asia, employing both direct translation and pivot language trans-
lation methodologies. Data quality was subsequently enhanced through 
a language model perplexity filtering mechanism. The resulting low-
resource language RE datasets were utilised to evaluate the performance 
of LLMs in low-resource environments. Experiments revealed that the F1 
scores of several open-source LLMs were generally low. Another finding 
was that the strategy of first translating English into Chinese and then 
into Central Asian languages might improve translation quality to some 
extent. Knowledge-LLM (Jiang et al., 2024c) is introduced as a two-stage 
knowledge-enhanced multilingual relation extraction framework. It em-
ploys entity linking techniques to connect entities identified in the text 
to Wikidata, a large-scale multilingual knowledge base. Subsequently, 
the LLM is instructed to validate if the identified relation is substantiated 
within Wikidata and the given input context. Experimental results have 
demonstrated the crucial role of external world knowledge in enhancing 
the performance of LLMs in complex NLP tasks.

LLMs enable parameter-free cross-lingual RE through natural lan-
guage prompting, which provides task instructions and exemplars 
demonstrating input-output mappings in few-shot settings. This ap-
proach offers remarkable flexibility, as adapting to new relation schemas 
requires only prompt modification. However, deploying LLMs for cross-
lingual RE presents substantial challenges. Most critically, performance 
gains in English translate poorly to low-resource settings. Due to se-
vere underrepresentation in pre-training corpora, LLMs often underper-
form smaller, fine-tuned PLMs on low-resource languages, indicating 
that current LLMs fail to bridge the performance gap across the world’s 
languages.

A significant trend in LLM-based relation extraction involves inte-
gration with external KBs, paralleling developments in NER and broader 
NLP. This directly addresses LLMs’ inherent limitations: susceptibility to 
hallucination, insensitivity to fine-grained patterns, and lack of domain-
specific world knowledge. This evolution signals a shift from relying on 
monolithic LLMs as universal solutions toward a pragmatic approach po-
sitioning LLMs as powerful, specialized components within structured, 
robust information extraction pipelines.

Future Directions: While PLMs can capture contextual information, 
they may be more adept at identifying lexical co-occurrence patterns 
rather than profoundly comprehending deep semantic relations between 
entities. In relation extraction, determining “no relation” or “negative 
relation” between two entities is inherently more challenging. Especially 
in open-domain, cross-lingual relation extraction, a greater diversity of 
potential relation types exists, and it becomes necessary for models to 
discern during training and fine-tuning to differentiate between gen-
uinely present relationships, non-existent relationships, and negative 
relationships. This necessitates that models possess enhanced relation 
discrimination capabilities, rather than merely relation identification 
capabilities. Contrastive learning methods partially mitigate this chal-
lenge; however, the effective construction of negative samples remains 
crucial.

Traditional remote supervision methods, while effective in reducing 
annotation costs, remain heavily dependent on knowledge bases. The 
performance of remote supervision is largely contingent upon the qual-
ity and coverage of knowledge bases and is vulnerable to the impact 
of erroneous information within them. LLMs, by virtue of their robust 
semantic understanding capabilities, empower them to autonomously 
recognize and extract entities and relations from unstructured text, obvi-
ating the reliance on predefined patterns or manual annotation. Future 
research can harness this attribute to bypass the strict dependence of
traditional remote supervision methods on knowledge bases, expand 
the applicability to a wider range of less-explored domains, and con-
currently further minimize human labor costs. However, to realize 
high-precision, cross-lingual, remote-supervised relation extraction, it
remains imperative to investigate robust evaluation methodologies 
in order to assess the reliability of outputs generated by LLMs 
and to devise mechanisms for noise filtration and output quality
enhancement.

Although certain progress has been made in cross-lingual RE from 
English to Arabic and Chinese, research in this field remains primarily 
focused on these few languages. Compared to other knowledge acquisi-
tion tasks, this limitation leaves the availability of KGs across a broader 
range of languages still unclear. Therefore, future research should en-
compass a wider linguistic environment and advocate for experimen-
tal studies on RE tasks for other low-resource languages, as well as 
the development of high-quality benchmark datasets to promote the 
widespread application.

4.3.3.  Coreference resolution
Monolingual CR task aims to address the issue of redundant ref-

erences to a particular entity within documents, offering a streamlined 
method to manage and unify these references. This reduces redundant 
information and ensures the consistency and accuracy of the references, 
thereby enhancing the accuracy and overall quality of downstream tasks 
such as EL and question-answering systems. Since MUC-6 (Sundheim, 
1995), CR has been defined and evaluated as an independent task.

Definition: Given a sequence of text segments 𝐶 = 𝑤1, 𝑤2,… , 𝑤𝑛, 
the objective of the CR task is to identify a set of coreference chains 
𝑆 = {𝑠1, 𝑠2,… , 𝑠

|𝑆|}, where each chain 𝑠𝑖 = {𝑠𝑖,1, 𝑠𝑖,2,… , 𝑠𝑖,|𝑠𝑖|} consists 
of words or phrases that refer to the same entity.

In the early stages, monolingual CR research relied on feature-
based methods utilising statistical features from lexical, syntactic, and
semantic levels to train a traditional machine learning model such as 
decision tree or CRF. For example, Soon et al. (2001) designed generic 
features and built a CR engine using C5 decision trees; Durrett and Klein 
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Fig. 9. The cross-lingual CR process.

(2014) proposed a structured CRF model that jointly modelled CR, NLP, 
and EL, capturing task interactions through factors. CNN were used to 
extract features from mention pairs, such as SNF, which considered both 
textual and numerical features. RNN were widely adopted for their abil-
ity to capture global features. Wiseman et al. (2016) used RNNs to di-
rectly learn latent representations of entity clusters; Lee et al. (2017) 
treated all text spans as potential mentions, using BiLSTM to learn rep-
resentations and combining them with attention mechanisms for span 
embedding. Their subsequent work Lee et al. (2018) further incorpo-
rated ELMo dynamic word representations to enhance higher-order rea-
soning capabilities. PLMs significantly improved CR performance, with 
Joshi et al. (2019) replacing LSTM in higher-order reasoning models 
with SpanBERT, enhancing BERT-like models’ ability to distinguish sim-
ilar entities. Dobrovolskii (2021) used RoBERTa (Liu et al., 2019b) to 
establish coreference links at the word level, reconstructing word spans 
to reduce model complexity and facilitate integration. Bohnet et al. 
(2023) employed T5 (Raffel et al., 2020), treating CR as a sequence-
to-sequence conversion task, eliminating the need for separate mention 
detection or higher-order decoders. Another trend is knowledge-based 
methods, which enhance training using external knowledge. Aralikatte 
et al. (2019) rewarded coreference resolvers through knowledge base 
consistency and combined RE tasks for multi-task reinforcement learn-
ing. Zhang et al. (2019) directly integrated KG triples into neural net-
works, using attention mechanisms to select relevant knowledge and 
improve pronoun CR.

Cross-lingual CR task involves detecting mentions that refer to the 
same entity in unstructured text. Although studies on cross-lingual CR 
began earlier (Harabagiu & Maiorano, 2000), this area did not attract 
widespread attention until the release of the multilingual CR shared 
tasks at SemEval-2010 (Recasens et al., 2010) and CoNLL-2012 (Prad-
han et al., 2012). However, progress in the field has remained slow. 
Recently, the CRAC 2022 (Žabokrtský et al., 2022) and CRAC 2023 
(Žabokrtský et al., 2023) workshops have drawn more scholarly atten-
tion to the cross-lingual challenges, injecting new vitality into this do-
main.

Definition: Cross-lingual CR considers sentences in the target lan-
guage 𝓁𝑡, denoted by 𝐶𝑡 = 𝑤1, 𝑤2,… , 𝑤𝑛, and corresponding samples 𝐶𝑠
in the source language 𝓁𝑠. The primary objective is to identify the posi-
tions of entities within the sentences, 𝑒𝑗,𝑘 =

{

𝑤𝑗 , 𝑤𝑗+1,… , 𝑤𝑘
}

, and then 
determine whether two given entities should be merged as the same en-
tity. The target language 𝓁𝑡 lacks necessary annotation information in 
cross-lingual challenges. Under a zero-shot setting, labels are only avail-
able in the source language 𝓁𝑠.

Example: Fig. 9 illustrates a toy example of cross-lingual CR task 
from English to Malay and Thai.

Assuming the English mentions “Sanofi CEO” and “He” refer to the 
same person, “Paul Hudson,” thus forming a coreference chain. In con-
trast, the mention of “Barron’s News” neither points to other mentions 
nor is pointed at by them, making it an independent entity. Within the 
parameter or label transfer paradigm, if the direct mapping from English 
to other languages is known, or if mappings from English and other lan-

guages to a shared vector space are available, this correspondence can 
guide us to recognize the coreference of , , and  
in a parallel Thai sentence. Similarly, this case can be extended to Malay 
and other languages that can be linked to the source language.

(1) Machine learning: Table 7 summarises representative related 
work. In early CR research, SWIZZLE (Harabagiu & Maiorano, 2000) 
explored rule-based approaches. This method automatically generated 
heuristic rules by analysing large amounts of annotated data for per-
forming CR on both English and Romanian texts. Its core idea was to 
construct bilingual heuristic rules by comparing features of referring ex-
pressions and their antecedents in both languages. This process utilised 
POS tagging features and bilingual lexical resources, aiming to achieve 
better bilingual performance than monolingual CR. However, due to its 
reliance on manual translation and Romanian data annotation, its scal-
ability was limited. Subsequently, researchers began exploring machine 
learning methods to address cross-lingual CR, focusing on cross-lingual 
transfer of labels and features. Rahman and Ng (2012) investigated 
the potential of using machine learning for label and feature projec-
tion in cross-lingual CR tasks. Their method involved translating target 
language sentences into English, applying mature English coreference 
parsers, and then using word alignment techniques for projection. To 
handle discontinuous entities, they adopted a strategy aiming to cover 
all entities while minimising text spans. Research results showed that 
automatic projection remained effective in cross-lingual CR scenarios 
with certain alignment resources but lacking target language corefer-
ence annotation data. Fernandes et al. (2014) proposed a cross-lingual 
CR model based on latent coreference trees and entropy-guided feature 
induction. This model used a set of universal basic features that had 
certain applicability across different languages. To capture differences 
between languages, the model automatically combined basic features 
into more complex feature templates through entropy-guided feature 
induction methods to obtain richer contextual information. Experimen-
tal results showed that this method achieved the then-best performance 
on Arabic, Chinese, and English (CoNLL scores of 54%, 63%, and 63%, 
respectively).

(2) Deep learning: For a long time, despite significant progress 
in neural network methods for monolingual CR, effectively applying 
them to CR tasks remained challenging. Related research didn’t be-
gin to emerge until around 2018. Kundu et al. (2018) proposed a neu-
ral network-based cross-lingual CR model that addressed cross-lingual 
coreference issues by combining multilingual embeddings and language-
independent features. This model converted mentions from different 
languages into vector representations using multilingual word embed-
dings and processed named entities and common noun mentions sequen-
tially. To differentiate the importance of different types of mention pairs, 
the model employed feature embeddings and attention mechanisms for 
weighting and performed feature transformation and output through 
ReLU and Sigmoid layers to ultimately determine whether two men-
tions refer to the same entity. Other studies (Cruz et al., 2018; Urbizu 
et al., 2019) also explored different neural network methods, focusing 
on specific language pairs.
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Table 9 
Multilingual CR Papers.
Work Paradigms Resources Languages Databases

Harabagiu and 
Maiorano (2000)

Label - Parallel corpora
- Universal feature
- Word Alignments
- Bilingual dictionary

𝑅 ∶en(.77),ro(.70) MUC-6 (Sundheim, 1995)
MUC-7 (Chinchor, 1998) 
self-generated

Rahman and Ng 
(2012)

Label - Machine translation
- Bilingual dictionary

𝐹 ∶en(−),es(.61),fr(−),it(.59) SemEval-2010 (Recasens et al., 2010)

Fernandes et al. 
(2014)

Feature - Universal feature 𝐶 ∶ar(.54),en(.63),zh(.63) CoNLL-2012 (Pradhan et al., 2012)

Kundu et al. (2018) Parameter - Universal feature
- Multilingual embedding

𝐶 ∶es(.89),en(−),zh(.93) TAC-2015 (Ji et al., 2015)

Pražák et al. (2021) Parameter - Parameter tuning 𝐶 ∶ca(.50),cs(.59),de(.46),es(.51),
pl(.44),ru(.65)

CorefUD (Nedoluzhko et al., 2021)

Lai and Ji (2023) Parameter - Parameter tuning 
- Enriched context

𝐶 ∶ar(.67),en(−),es(.76),nl(.60) CoNLL-2012 (Pradhan et al., 2012)

SemEval-2010 
(Recasens et al., 
2010)
Porada and Cheung 
(2023)

Parameter - Parameter tuning 𝐶 ∶ca(.72),cs(.68),de(.42),en(.67),
es(.74),fr(.65),hu(.66),lt(.66),
no(.74),pl(.76),ru(.77),tr(.45)

CorefUD 1.1 (Žabokrtský et al., 2023)

Straka (2023) Parameter - Parameter tuning 𝐶 ∶ca(.83),cs(.79),de(.72),en(.77),
es(.83),fr(.70),hu(.69),lt(.76),
no(.79),pl(.80),ru(.82),tr(.56)

CorefUD 1.1 (Žabokrtský et al., 2023)

Tang and Hardmeier 
(2023)

Parameter - Adapter 𝐶 ∶ar(.75),ca(.75),de(.74),en(.73),
es(.75),fr(.74), it(.75), nl(.75),
ru(.75), zh(.75)

OntoNotes 5.0 (Weischedel et al., 2013)
self-generated

Bohnet et al. (2023) Parameter - Parameter tuning 𝐶 ∶ar(.69),ca(.84),de(.86),en(.83),
es(.84),it(.66),nl(.67),zh(.74)

CoNLL-2012 (Pradhan et al., 2012)
SemEval-2010 (Recasens et al., 2010)

Mishra et al. (2024) Label
Parameter

- LLM as Projector
- Parameter tuning

𝐶 ∶asm(.28),awa(.27),ben(.56),bho(.28),
kan(.55),npi(.57),tam(.54),uzn(.54)

Self-generated

Liu et al. (2024) Parameter - Parameter tuning - CorefUD 1.1 (Žabokrtský et al., 2023)
(Straka, 2024) Parameter - Parameter tuning 𝐶 ∶ca(.82),cs(.75),cu(.62),de(.70)

en(.76),es(.83),fr(.68),grc(.71)
hbo(.72),hu(.63),lt(.76),no(.80)
pl(.79),ru(.83),tr(.68)

CorefUD 1.2 (Novák et al., 2024)

Note: 𝐶 (CoNLL average F1 score) is a comprehensive evaluation metric commonly used in CR tasks, calculated by taking the
arithmetic mean of several standard F1 metrics to provide a more robust and thorough assessment of model performance.

(3) PLMs: With the rise of PLMs, subsequent research increasingly 
relied on PLMs to address challenges related to text representation and 
cross-lingual knowledge transfer. CR models typically consist of two key 
components: entity mention detection and coreference relation scoring. 
To reduce information loss, these modules are usually trained jointly in 
end-to-end models, with the encoder being fine-tuned during training. 
(Pražák et al., 2021) proposed an end-to-end CR model based on mBERT. 
This model first identifies mentions, then uses BERT-based embeddings 
as input, applying feed-forward neural networks to score coreference 
relations between mentions and their antecedents. Experimental results 
showed that joint training on datasets mixing multiple languages can 
effectively improve CR performance for low-resource languages, partic-
ularly prominent in CR, indicating that these languages benefit from 
knowledge of other languages and the unified annotation standards of 
the CorefUD dataset. MSCAW-coref (Liu et al., 2024) extends the ex-
isting efficient monolingual word-level CR model, CAW-coref, to multi-
lingual environments, with a specific emphasis on the identification of 
singleton mentions. By introducing antecedent links, the approach en-
sures that the initial mention in each coreference chain possesses at least 
one antecedent link. Through this mechanism, the model is enabled to 
differentiate between words lacking valid antecedents and words func-
tioning as singleton mentions. The study further validated that the ex-
plicit modeling of singleton mentions constitutes a key driving factor in 
performance enhancement.

At CRAC2023′s task, the McGill team (Porada & Cheung, 2023) pro-
posed a multilingual CR model based on entity ranking. This model first 
identifies mentions, then generates candidate referents for each men-
tion, and scores them using binary cross-entropy loss. The model uses 
language embeddings along with different joint training methods, like 

uniform weighting, proportional weighting, and maximum weighting 
strategies, to handle multilingual data well. Additionally, the model 
particularly focuses on mention head matching and uses dependency 
tree parsing to estimate mention head information. In contrast, CorPipe 
(Straka, 2023) generates contextual embeddings through the pre-trained 
mT5 model, followed by mention detection. It adopts an antecedent-
maximisation strategy for coreference linking, jointly trains mention 
detection and CR, and uses dynamic decoding algorithms during in-
ference to ensure correct label ordering. A crucial factor was the ex-
panded context window (from 512 to 2560 tokens) during inference, 
which proved essential for long-distance coreference resolution. Op-
timal performance was achieved through ensemble averaging across 
multiple training checkpoints, validating this approach for performance 
enhancement and stabilization. The CorPipe model achieved a CoNLL 
score of 74.9% on CRAC 2023 and obtained the best performance across 
all 17 corpora, demonstrating stronger competitiveness compared to the 
McGill model. CorPipe-2stage (Straka, 2024) employs a pre-trained lan-
guage encoder model, serving as a baseline system, to predict empty 
nodes within text. These empty nodes are treated as potential instances 
of zero anaphora. Subsequently, the original CorPipe is utilised to per-
form the downstream CR task. CorPipe-2stage decouples the prediction 
of empty nodes from the conventional CR task, processing each with 
distinct pre-trained models. Evaluated at CRAC 2024, CorPipe-2stage 
achieved an average CoNLL score of 73.9%.

Furthermore, Lai and Ji (2023) addressed the scarcity of annotated 
data in non-English languages by proposing to construct enhanced con-
textual information using natural coreference relations from anchor 
texts in external knowledge bases. They proposed an ensemble frame-
work based on transfer learning techniques. A span-based architecture 

Expert Systems With Applications 303 (2026) 130434 

23 



W.-L. Chen et al.

is at the heart of their model. It uses multilingual transformer encoders 
to create contextual text representations and feed-forward neural net-
works to guess whether candidate spans are entity mentions. To miti-
gate the scarcity of annotated data in non-English languages, the authors 
employed three transfer learning methods: continuous learning, joint 
learning, and distant supervision using Wikipedia anchor texts. During 
training, multiple models are trained using these methods, and during 
inference, their predictions are combined through unweighted averag-
ing to generate final CR results. Tang and Hardmeier (2023) proposed 
methods for enhancing PLMs through parallel data and efficient fine-
tuning. Their approach employs two channels: one for processing an-
notated source language data and another for processing unannotated 
target language data. To adapt to the target language, randomly ini-
tialised adapters are integrated into mention and coreference scorers. 
Model performance is improved by jointly optimising source language 
coreference loss and cross-lingual coreference loss, utilising potential 
coreference information in parallel data. Despite widespread adoption of 
joint training to address error propagation in two-stage mention detec-
tion and coreference prediction pipelines, inference remains inherently 
sequential, rendering mention detection errors irrecoverable. This fun-
damental constraint has driven architectural innovations. Link-Append 
(Bohnet et al., 2023) is a sequence-to-sequence model based on the pre-
trained language model mT5. Their method combines text generation 
tasks with coreference link prediction, processing documents sentence 
by sentence and directly generating coreference links. Using “link” and 
“append” operations, this method predicts mention coreference relation-
ships within a transformation system framework. This gets rid of the 
need for separate mention detection steps and makes the CR process 
easier. Compared to traditional mention ranking or span ranking-based 
methods, transformation-based systems are simpler, more efficient, and 
more aligned with how humans process coreference relations. However, 
the model also faces hallucination issues, occasionally generating words 
that don’t exist in the original text, although this occurs relatively infre-
quently.

(4) LLMs: Mishra et al. (2024) automatically translated an English 
CR dataset into South Asian languages using NLLB, an LLM specifically 
designed for translation tasks. To ensure translation quality and cross-
lingual mention alignment, they employed awesome-align, a word align-
ment tool with high recall. Subsequently, a Transformer-based multi-
lingual training model, combined with a dependency syntax tree-based 
end-to-end approach, achieved an average zero-shot CoNLL score of 
37% in South Asian languages. P et al. (2025) also adopted a label trans-
fer strategy based on LLMs. However, in their subsequent CR model, 
they incorporated a cross-attention mechanism to more finely capture 
the relationships between pronouns and candidate referents, thereby en-
hancing CR performance.

Future Directions: Zero anaphora refers to instances in sentences 
where a semantically necessary constituent is not explicitly expressed in 
the syntactic structure, necessitating inference of its referent based on 
context. Variations in discourse organization across languages, habits of 
information ellipsis, and differences in cultural backgrounds all influ-
ence contextual inference for zero anaphora. For PLMs or LLMs, their 
strength lies in capturing explicit patterns and relations within text. 
However, zero anaphora, by its very nature, lacks explicit linguistic cues. 
Consequently, models may have limited exposure or ineffective learn-
ing during training regarding how to process coreference phenomena 
involving pronoun omission. Future research needs to augment models’ 
comprehension of deep semantics, discourse structure, and even world 
knowledge.

Current multilingual CR research primarily focuses on intra-
document or cross-document coreference relations, with scant atten-
tion to spoken language data. Nevertheless, the demand for process-
ing multilingual spoken language data is increasingly pertinent in sce-
narios such as international conferences, multilingual customer ser-
vice, and multinational team collaboration. Compared to written lan-
guage, the inherent spontaneity and informality of spoken informa-

tion, including features like more frequent pauses, repetitions, and dis-
course markers, significantly elevates the complexity of linguistic analy-
sis. Furthermore, information-rich features inherent in spoken language, 
such as intonation, emotion, and speaker information, while potentially 
beneficial for CR, also impose heightened demands on models’ capac-
ity for effective utilization. Critically, the inherent error rate of auto-
matic speech recognition systems further exacerbates the complexity of 
downstream tasks. In light of this, future research should proactively 
focus on multilingual, multimodal spoken language tasks, striving to 
enhance model robustness against speech recognition errors and spo-
ken language spontaneity, to better address challenges in real-world
scenarios.

4.3.4.  Entity linking
Monolingual EL involves associating entity mentions within a given 

text with corresponding entities in a knowledge base or graph. This pro-
cess requires identifying which words or phrases in the text are entity 
mentions and accurately mapping these mentions to existing entities in 
the database. EL enhances the understanding and processing of textual 
information, enabling more effective use of existing knowledge bases or 
graphs, thereby improving the accuracy and intelligence of information 
retrieval, question-answering systems, and text analysis applications.

Definition: Monolingual EL consists of two distinct phases. Ini-
tially, given a document 𝐷 with a set of identified entity mentions 
𝑀 = {𝑚1, 𝑚2,… , 𝑚

|𝑀|

}, the candidate entity generation is responsible 
for quickly locating in the knowledge base 𝐸 = {𝑒1, 𝑒2,… , 𝑒

|𝐸|

} the can-
didate entities 𝐶𝑖 = {𝑐𝑖,1, 𝑐𝑖,2,… , 𝑐𝑖,|𝐶|

} related to the mention 𝑚𝑖, where 
𝐶 ⊆ 𝑀 . This is followed by the candidate entity ranking, which evalu-
ates the probability of each mention 𝑚𝑖 being linked to each candidate 
𝑐𝑖,𝑗 and determines the optimal mapping entity.

Candidate entity generation can utilise methods such as name dic-
tionary lookups, document expansion, and search engine-based ap-
proaches. Name dictionaries map entity names to corresponding entities 
and may include variations such as abbreviations, expansions, aliases, 
and approximations (Chen et al., 2021; Shen et al., 2013). These dictio-
naries can be manually created by experts or generated through external 
knowledge sources like Wikipedia. Variants of entity names are likely 
to appear together within a single document, prompting methods that 
map these variants to names based on document content. For example, 
heuristic rules match contextual expansions and their acronyms (Chen 
et al., 2021; Shen et al., 2013), or supervised methods like SVM (Zhang 
et al., 2011) and CRF (Liu et al., 2017) can be employed to identify 
variations. Additionally, some studies (Dredze et al., 2010; Fang et al., 
2020; Han & Zhao, 2009) generate candidate entities using search en-
gines like Google and knowledge bases such as Wikipedia by submitting 
the mentioned texts and filtering the returned results to retain relevant 
entity pages for further processing.

Candidate entity ranking employs both traditional machine learn-
ing and modern embedding methods. Traditional supervised machine 
learning approaches frame the problem as a binary classification task 
(Lehmann et al., 2010; Pilz & Paaß, 2011), assessing whether a doc-
ument’s entity mentions points to a specified knowledge base entity. 
When multiple mention-entity pairs are marked positive, the best match 
is selected using confidence level (Lehmann et al., 2010), learning-to-
rank (Pilz & Paaß, 2011), or vector space models (Zhang et al., 2010). 
Unlike classification or regression, learning-to-rank focuses on the rela-
tionships and relative ordering among all samples, with standard meth-
ods including Ranking-SVM (Joachims, 2002) and ListNet (Cao et al., 
2007). Vector space models, an unsupervised approach, compute simi-
larity using various techniques and select the highest-scoring candidate 
as the mapping entity. Additionally, some linking methods (Han et al., 
2011; Moro et al., 2014) model mention-entity pairs as graph models, us-
ing graph inference algorithms to deduce entities, ensuring highly con-
sistent semantic interpretations. Modern methods generally employ neu-
ral models like CNNs, RNNs, attention mechanisms, or Transformers to 
embed words, mentions, and entities into real-valued vectors containing 
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Fig. 10. The cross-lingual EL process.

natural language information, capturing the data’s semantic, structural, 
and surface features. Different features indicate different mention-entity 
mappings; the most straightforward and compelling feature is prior 
popularity (Ganea & Hofmann, 2017), which considers the probability 
of an entity’s occurrence given a known mention. For instance, when
searching for the keyword Trump, former U.S. President Donald Trump 
is prioritized over his father, Fred Trump. Surface form similarity Chen 
et al. (2021) is another practical feature, with studies employing various 
distance metrics to determine the likelihood of a link to the mention. 
Additionally, entity type (Onoe & Durrett, 2020), context (Broscheit, 
2020), and global topic features (Kolitsas et al., 2018) significantly en-
hance linking accuracy.

Cross-lingual EL is a key NLP task that aims to link mentions of 
the same real-world entity from texts in different languages to unique 
identifiers in a shared knowledge base. Its significance lies in its ability 
to bridge language barriers, enabling machines to understand and in-
tegrate information from different languages, thereby advancing appli-
cations such as cross-lingual information retrieval, machine translation, 
and KG construction, ultimately facilitating broader global knowledge 
sharing and interconnection.

Definition: Cross-lingual EL considers a sentence in the target lan-
guage 𝓁𝑡 represented as 𝐶𝑡 = {𝑤1, 𝑤2,… , 𝑤𝑛}, and a sample 𝐶𝑠 in the 
source language 𝓁𝑠. The objective of EL is to identify entity mentions 
𝑒𝑗,𝑘 = {𝑤𝑗 , 𝑤𝑗+1,… , 𝑤𝑘} within the sentence and determine whether 
these mentions match an entity 𝑒′ ∈ 𝐸 in the source language’s KG or 
knowledge base. Resolving entity ambiguity is a critical issue in the EL 
task.

Example: Fig. 10 illustrates a toy example of linking sentence men-
tions to a knowledge base, where they may be in different languages.

As word 𝑅𝑜𝑠𝑒 could refer to a type of flower, it might also denote 
the protagonist 𝑅𝑜𝑠𝑒 𝐶𝑎𝑙𝑣𝑒𝑟𝑡 from the movie Titanic or other individ-
uals with the same name. Thus, EL begins by identifying all possible 
entities related to a mention in the knowledge base, forming a set of 
candidate entities. The most likely entity selected from these candidates 
is the predicted entity.

(1) Deep learning: Since 2011, the TAC-KBP (Ji et al., 2011) EL 
shared task has included Chinese/Spanish to English EL. Cross-lingual 
EL was almost simultaneously introduced as a new task (McNamee et al., 
2011), featuring a two-stage Wikipedia linking approach. Initially, fast 
name-matching technology identifies potential entity candidates, fol-
lowed by scoring and ranking these candidates using supervised learn-
ing. This method expanded from monolingual to bilingual by transcrib-
ing text into the knowledge-base language using statistical translation, 

allowing supervision information to be applied to the transcribed text 
for monolingual linking in the knowledge-base language. This is a viable 
approach for cross-lingual linking since monolingual systems can utilise 
more features, and some feature similarities are ineffective across lan-
guages. Most participants in the subsequent TAC KBP tracks (Ji et al., 
2015) used one of two approaches: performing EL in a foreign language 
and then finding the corresponding English titles from the generated 
foreign language titles or translating the query document into English 
and then performing English EL.

Tsai and Roth (2016) utilised bilingual embeddings to represent vo-
cabulary and Wikipedia page titles, relying on inter-language links with-
out machine translation technology, making it applicable to all lan-
guages. However, compared to previous work McNamee et al. (2011), 
their method could not handle entities that exist only in the English 
Wikipedia, a limitation that reintroducing statistical translation models 
could address. In scenarios where no direct transfer resources (dictio-
naries, machine translation, etc.) are available between low-resource 
languages and English, linking from low-resource languages to a closely 
related hub language within the same language family and then to En-
glish appears viable, and their method achieved a P@1 value of over 
80% on all evaluated languages. Rijhwani et al. (2019) selected a closely 
related hub language for low-resource languages and then trained a 
character-level similarity encoder using bilingual dictionaries between 
the hub language and English, mapping entities from the hub and En-
glish languages into vector representation space. This method is suitable 
for some languages with very limited resources on Wikipedia, achieving 
69% accuracy in Tigrinya. Sil et al. (2018) introduced a neural model 
based on core citation chains from query mentions to extract relevant 
sentences as context. This model employs a CNN to encode the sen-
tence context and a LSTM network to model the fine context around 
the mention, enhancing linking performance. Furthermore, it projects 
representations of each language into the vector space of pre-trained 
English word embeddings using multilingual CCA. The model achieved
results higher than bilingual embeddings (Tsai & Roth, 2016). As the 
candidate generation system significantly impacts low-resource lan-
guage models’ performance, Zhou et al. (2019) proposed three methods 
to improve candidate generation and disambiguation, including combin-
ing two candidate generation systems, designing language-independent 
disambiguation features, and using recurrent neural networks for fea-
ture combination. The model achieved 68% and 54% accuracy on ex-
tremely low-resource languages such as Rwandan and Oromo, respec-
tively.

(2) PLMs: Early studies utilising multilingual PLMs predominantly 
employed a dual encoder architecture (Botha et al., 2020). This method 
encodes the input mention and candidate entity independently via a 
mention encoder and an entity encoder, both initialised with PLMs. 
Upon parameter tuning, the mention encoder produces the vector rep-
resentation of the input mention, whereas the entity encoder generates 
vector representations for all potential entities. The dot product of the 
outputs from the two encoders is calculated to determine the most suit-
able entity match. EL tasks generally presuppose that the entity men-
tions are recognised and directly associate mentions with entities in the 
knowledge base. Nevertheless, these studies frequently exclude the men-
tion detection phase owing to the absence of high-quality multilingual 
training corpora. Consequently, a comprehensive linking system that 
encompasses both mention detection and entity disambiguation tasks 
is necessary. mReFinED (Limkonchotiwat et al., 2023) executes men-
tion detection and encoding through two mBERT models, simultane-
ously implementing a bootstrapping mention detection framework to 
produce superior multilingual training data. The model utilises a multi-
task training methodology by assigning weights to the losses from men-
tion detection, entity type prediction, entity description matching, and 
entity disambiguation tasks, thereby facilitating efficient end-to-end EL. 
In language-agnostic knowledge bases with different entity identifiers, 
the dual encoder can handle entities with no English descriptions but de-
scriptions in other languages, providing a competitive advantage. The 
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Table 10 
Multilingual EL Papers.
Work Paradigms Linguistic resources Languages Databases

McNamee et al. 
(2011)

Label - Machine translation 𝑃@1 ∶ar(.93),bg(.89),cs(.86),da(.86),
de(.88),el(.85),en(−),es(.89),
fi(.94),fr(.88),hr(.92),it(.91),
mk(.85),nl(.96),pt(.98),ro(.96),
sq(.91),sr(.84),sv(.96),tr(.97),
ur(.84),zh(.91)

TAC-KBP 2010 (Ji et al., 2010)
self-generated

Tsai and Roth (2016) Parameter - Multilingual embedding
- Wikipedia

𝑃@1 ∶ar(.86),de(.81),en(−),es(.81),
fr(.80),he(.84),it(.80),ta(.84),
th(.89),tl(.85),tr(.85),ur(.91),
zh(.85)

TAC-KBP 2015 (Ji et al., 2015)
self-generated

Sil et al. (2018) Parameter - Multilingual embedding 𝐴 ∶en(−),es(.82),zh(.84) TAC-KBP 2015 (Ji et al., 2015)
Rijhwani et al. 
(2019)

Parameter - Multilingual embedding
- Bilingual dictionary
- Linguistic feature

𝐴 ∶bn(.53),en(−),jv(.87),lo(.28),
mr(.62),pa(.48),te(.46),ti(.69),
uk(.56),ug(.40)

DARPA-LRL 
self-generated

Zhou et al. (2019) Parameter - Multilingual embedding
- Wikipedia

𝐴 ∶en(−),om(.54),rw(.68),si(69),
ti(.35)

TAC-KBP 2011 (Ji et al., 2011)
TAC-KBP 2015 (Ji et al., 2015)
DARPA-LRL

Botha et al. (2020) Parameter - Parameter tuning 𝑅@1 ∶ar(.92),de(.92),en(.87),es(.89),
fa(.92),ja(.88),sr(.93),ta(.88),
tr(.88)

TR2016hard (Tsai & Roth, 2016)
WikiNews-2018 (Gillick et al., 2019) 
self-generated

Liu et al. (2021a) Parameter - Parameter tuning
- Machine translation
- External knowledge base

𝑃@1 ∶en(−),es(.59),de(.35),fi(.30),
ru(.42),tr(.57),ko(.20),zh(.25),
ja(.24),th(.05)

self-generated

De Cao et al. (2022) Parameter - Parameter tuning 𝐴 ∶ar(.95),en(.87),fa(.94),de(.92),
ja(.91),sr(.95),es(.90),ta(.94),
tr(.92),cs(.70),fr(.73),it(.57),
pl(.69),pt(.76),ru(.66),zh(.52)

Mewsli-9 (Botha et al., 2020)
TR2016hard (Tsai & Roth, 2016)
TAC-KBP 2015 (Ji et al., 2015)
self-generated

Limkonchotiwat 
et al. (2023)

Parameter -Parameter tuning 𝑅 ∶ar(.62),fa(.55),de(.69),en(.64),
es(.68),fr(.25),it(.26),ja(.44),
sr(.85),ta(.34),tr(.50)

Mewsli-9 (Botha et al., 2020)
TR2016hard (Tsai & Roth, 2016)

Zhu et al. (2023) Parameter - Parameter tuning 𝐴 ∶de(.31),en(.87),es(.53),fi(.24),
fr(.57),ja(.26),ko(.17),nl(.51),
ru(.40),th(.19),tr(.41),zh(.17)

XL-BEL (Liu et al., 2021a) 
Mantra GSC (Kors et al., 2015)

Chen et al. (2023) Parameter - Parameter tuning
- Machine translation

𝐴 ∶en(−),zh(.76) ICD10-CN
CHPO
self-generated

Remy et al. (2024) Parameter - Parameter tuning
- LLM as Generator

𝐴 ∶en(.73),es(.53),de(.58) XL-BEL (Liu et al., 2021a)

Vassileva et al. 
(2024)

Parameter - Parameter tuning
- LLM as Executor

𝐴 ∶en(.75),es(.61),fr(.73),it(.73)
nl(.73)

SympTEMIST (Vassileva et al., 2024)

Wang et al. (2024a) Parameter - Parameter tuning 𝐴 ∶de(.65),es(.86),fr(.64),it(.64)
zh(.89)

TAC-KBP 2015 (Ji et al., 2015)
TR2016hard (Tsai & Roth, 2016)

limitation of this dual encoder architecture is that it establishes a singu-
lar language representation and omits the entity’s linguistic information 
from the model parameters, hindering the complete exploitation of the 
interrelations among various languages. Wang et al. (2024a) proposed 
an adversarial learning-based framework. By employing a language
discriminator to guide the model in learning language-invariant entity 
representations and leveraging the robust multilingual feature extrac-
tion capabilities of XLM-Roberta, their approach significantly enhanced 
generalization performance in cross-lingual zero-shot settings.

Other research has concentrated on tackling language differentia-
tion tasks through generative models. The autoregressive sequence-to-
sequence model mGENRE (De Cao et al., 2022), derived from an mBART 
model fine-tuned on Wikipedia hyperlink data, initially predicts a lan-
guage identifier and subsequently generates the entity name in that lan-
guage character by character utilising beam search. It achieved state-
of-the-art performance at the time on the Mewsli-9, TAC-KBP2015, and 
TR2016hard datasets, surpassing the dual encoder architecture (Botha 
et al., 2020). The Con2GEN sequence-to-sequence generation model, 
founded on contrastive learning, generates positive and negative sam-
ples for each input during the training process. The objective of con-
trastive learning is to instruct the model to differentiate between anal-
ogous entities and enhance its capacity to identify ambiguous entities. 
Con2GEN (Zhu et al., 2023) employs predefined natural language tem-
plates to organise the output, facilitating the model’s generation of en-
tity names, entity types, and language information within a natural lan-
guage sentence during the decoding process. In tasks requiring differ-

entiation between entities in different languages, generative models are 
often preferred because traditional dual pre-trained encoder architec-
ture models may not meet these requirements. The previously men-
tioned works typically presume that entity mentions are recognised 
and directly correlate mentions to entities within the knowledge base. 
Nevertheless, these studies frequently overlook the mention detection 
phase owing to the scarcity of high-quality multilingual training cor-
pora. Consequently, a comprehensive linking system that encompasses 
both mention detection and entity disambiguation tasks is essential. 
mReFinED employs mBERT for mention detection and encoding, estab-
lishing a bootstrapping framework for mention detection to produce su-
perior multilingual training data. The model utilises a multi-task train-
ing methodology by assigning weights to the losses from mention de-
tection, entity type prediction, entity description matching, and entity 
disambiguation tasks to attain effective end-to-end EL.

Furthermore, recent efforts have concentrated on correlating men-
tions in diverse languages with the UMLS. Given that medical entities are 
associated with unique concept identifiers, distinguishing between out-
put languages is unnecessary. Liu et al. (2021a) presented a language-
agnostic self-alignment pre-training model that utilises phrase-level
synonym sets derived from the UMLS to augment the cross-lingual profi-
ciency of domain-specific representation models in the medical domain. 
Chen et al. (2023) aggregated all English medical entities from the med-
ical graph and employed a translation engine to convert them into Chi-
nese, thereby creating a translation-augmented training set. A new PLM 
named TeaBERT was subsequently introduced, which correlates Chinese 
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medical entities with the UMLS. This study proposed a dimensionality 
reduction scheme for embedding vectors utilising principal component 
analysis to decrease the model’s hardware requirements.

(3) LLMs: BioLORD-2023 (Remy et al., 2024) significantly aug-
mented training data by leveraging GPT-3.5 to generate definitions 
for 400,000 biomedical concepts. Employing cross-lingual distillation, 
BioLORD-2023 transferred biomedical knowledge and EL proficiency 
from an English teacher model to a multilingual student model. Exper-
imental findings indicate that the definitions generated by LLMs can 
significantly enhance the quality of the student models, achieving en-
couraging results in German and Spanish (53% and 58%), but perform-
ing worse than monolingual models in English tasks. Vassileva et al. 
(2024) leveraged the UMLS dictionary for efficient candidate entity 
retrieval via exact matching. For entities absent from the dictionary, 
they employed the cross-lingual SapBERT model to generate candidate 
sets, assessing the semantic relevance between mentions and candidates 
through cosine similarity. Subsequently, they utilised GPT-3.5 to re-
rank the top-5 candidates, capitalizing on the contextual understand-
ing prowess of large language models to determine the most appropri-
ate entity link. This hybrid strategy effectively integrates the precision 
of knowledge bases with the semantic comprehension capabilities of 
Transformer models, achieving an average accuracy of 73% across five 
languages.

Future Directions: EL tasks encompass several interconnected but 
distinct subtasks, including NER, candidate generation, and ranking. 
Pipeline approaches typically address these subtasks sequentially, with 
each stage employing disparate objectives and methodologies. Particu-
larly in multilingual settings, this staged processing paradigm is sus-
ceptible to error propagation. Errors introduced in earlier stages are 
inevitably carried forward, significantly impacting overall EL perfor-
mance. To mitigate this issue, future research should increasingly focus 
on span-based end-to-end models and generative end-to-end models, es-
pecially for low-resource languages. For end-to-end, developing more 
effective multilingual PLM fine-tuning strategies is crucial, potentially 
incorporating techniques such as contrastive learning, replacement task 
adapters, and language adapters.

Multilingual EL often necessitates interaction with extensive knowl-
edge bases, even multiple ones. Directly tasking LLMs with candidate 
entity generation within such vast search spaces can incur substantial 
computational costs and time overhead. The primary objective of can-
didate generation is to efficiently narrow the search scope while ensur-
ing the inclusion of true entities within the candidate set. Consequently, 
LLMs are typically deployed in context augmentation and entity ranking 
phases.

While LLM-generated context leverages world knowledge, it can be 
prone to both information overload and insufficiency. Specifically, gen-
erated contexts may contain excessive irrelevant information, thereby 
hindering subsequent entity ranking. Alternatively, they might be overly 
generalized, lacking sufficient relevance to the entity disambiguation 
task even when factually accurate. This can prevent the provision of 
crucial information for distinguishing similar entities. Future research 
should explore guiding LLMs to retrieve and utilise relevant knowl-
edge base information, ensuring the accuracy and informativeness of 
generated content. This can be achieved through integration with mul-
tilingual KG embeddings, Knowledge Retrieval-Augmented Generation 
(RAG), and related techniques.

Ranking with LLMs frequently involves iterative inference processes, 
such as generating descriptions for each candidate entity and computing 
context similarity. This significantly escalates computational demands, 
particularly in applications with numerous candidate entities or real-
time response requirements. To fully exploit rich contextual information 
for ranking, longer text segments might be necessary as input for LLMs. 
However, LLMs possess limited context window lengths, and processing 
excessively long contexts can lead to information loss or performance 
degradation. Furthermore, context truncation can result in the exclusion 
of true entities from the candidate set. Future research should investi-

gate expanding frameworks to accommodate this challenge, perhaps by 
generating or retrieving entities beyond the initial candidate pool.

4.4.  Discussion

Task and language bias: In cross-lingual transfer learning research 
for KGs, NER as an upstream task has received widespread attention, 
while downstream tasks such as RE, CR, and EL have been relatively less 
studied. Through statistical analysis of language distribution in core lit-
erature (see Tables 7,87,9,108 ,9 ,10 ,11), as shown in Fig. 11, English dom-
inates as the primary source language across all tasks. However, there 
are notable differences in the focus on other languages across tasks: RE 
research primarily concentrates on a few test languages, with Chinese 
ranking second, while in the similarly understudied CR and EL tasks, the 
language variety is more diverse, with greater attention given to Span-
ish and German. These distribution characteristics not only reflect the 
significant impact of existing datasets on research directions but also 
highlight the urgent need for developing richer multilingual data re-
sources in the RE field. Notably, current research primarily focuses on 
transfer between mainstream languages, with insufficient attention to 
truly low-resource languages, indicating that language bias exists not 
only in the training process of parameter transfer models but is more 
deeply rooted in the distribution of data resources itself.

Label transfer: Based on systematic analysis of core literature, sev-
eral important findings have emerged. While current research primarily 
focuses on parameter transfer methods, label transfer remains uniquely 
valuable as an efficient semi-supervised data generation method in sce-
narios lacking quality annotated data. However, label transfer faces in-
herent annotation error and noise issues, mainly stemming from the 
oversimplified assumption that source and target language label spaces 
are completely consistent. In practice, label definitions and granular-
ity often differ significantly between languages, particularly in cross-
domain scenarios. Therefore, research must not only overcome cross-
lingual transfer challenges but also address the additional complex-
ities of cross-domain transfer. This highlights the importance of ex-
ploring effective methods for handling label space inconsistencies, in-
cluding label mapping, multi-label learning, and open-set recognition
techniques.

Parameter transfer: When source and target languages differ sig-
nificantly, direct parameter transfer may lead to model performance 
degradation. This phenomenon primarily occurs because models may 
learn source language-specific features irrelevant to the target language 
task, subsequently causing negative transfer. Such language bias issues 
are common in multilingual PLMs. Researchers have proposed vari-
ous mitigation strategies to address this challenge: reducing language 
bias by limiting training language scope (Ogueji et al., 2021), introduc-
ing language adapters for modulation (Ansell et al., 2021), and utilis-
ing mixed dependency syntactic forests for cross-lingual alignment (Fei 
et al., 2023). Future research should focus on identifying and transfer-
ring parameters with cross-lingual universality, which may require fine-
grained alignment using cross-lingual syntactic or semantic information 
and incorporating external knowledge to guide parameter transfer train-
ing and inference processes.

Furthermore, cross-lingual end-to-end models have demonstrated ef-
ficient and holistic processing advantages in downstream tasks such 
as coreference resolution and entity linking. Compared to traditional 
pipeline approaches, end-to-end models jointly perform multiple tasks, 

7 https://tac.nist.gov/2012/KBP/data.html
8 https://www.darpa.mil/program/low-resourcelanguages-for-emergent-

incidents
9 https://www.darpa.mil/program/low-resource-languages-for-emergent-

incidents
10 http://www.nhc.gov.cn/cms-search/xxgk/getManuscriptXxgk.htm?id=
52905
11 https://www.chinahpo.net
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Fig. 11. Language frequencies.

mitigating the issue of error propagation between different steps. They 
can also optimize shared representations across tasks within a uni-
fied framework, thereby fully leveraging the interdependencies between 
them. Despite the significant progress end-to-end models have achieved 
in these tasks, they still face numerous challenges when confronted with 
more complex linguistic phenomena, such as zero anaphora and en-
tity ambiguity. Future research could focus on developing more com-
prehensive evaluation benchmarks and metrics to systematically assess 
model performance in handling complex linguistic phenomena. Simul-
taneously, exploring more powerful model architectures and reasoning 
mechanisms is crucial to further enhance their performance in challeng-
ing cross-lingual tasks.

LLM: LLMs have been extensively applied in tasks such as cross-
lingual translation, pseudo-data generation, and label projection, 
demonstrating significant potential for cross-lingual knowledge acquisi-
tion. However, this field also faces critical challenges. The performance 
of LLMs is highly dependent on the quality and diversity of their training 
data. Existing multilingual training datasets often exhibit biases, with 
data volumes for high-resource languages far exceeding those for low-
resource languages. Furthermore, training data may be skewed towards 
common domains (e.g., news, web pages) while neglecting specialized 
fields like medicine and law. This implies that LLMs trained on general 
domains may struggle to handle translation and projection tasks in spe-
cialized domains or low-resource languages. Future efforts should inten-
sify the collection and annotation of high-quality data for low-resource 
languages and various domains, and establish mechanisms for bias eval-
uation and detection specifically tailored for task-oriented LLMs. Ad-
ditionally, LLMs are prone to hallucinations and inconsistencies when 
processing low-resource languages. Therefore, when LLMs are utilised 
as pseudo-generators or projectors, rigorous control over generation 
quality is necessary. This includes strategies such as instruction-tuning 
alignment, controllable generation techniques, and optimized evalua-
tion metrics and validation mechanisms to enhance the credibility and 
robustness of the models.

Meanwhile, LLMs have showcased remarkable potential in tasks like 
NER and RE. Benefiting from pre-training on massive multilingual cor-
pora, LLMs exhibit robust zero-shot and few-shot cross-lingual trans-
fer capabilities. Although their performance may not consistently out-
perform specifically trained smaller models, the potential of LLMs in 

world knowledge understanding and few-shot learning is undeniable. 
Future research should focus on developing more effective language or 
task adaptation methods and explore techniques such as data augmenta-
tion and knowledge distillation to integrate the strengths of both LLMs 
and smaller models, thereby improving performance in specific tasks. 
Furthermore, Prompt Engineering, a crucial methodology in instruction 
tuning, deserves greater attention. Well-designed prompts can further 
unlock the capabilities of LLMs in specific tasks.

However, LLMs have precipitated an evaluation crisis. Their gen-
erative nature disrupts traditional exact-match evaluation paradigms-
models may produce semantically correct relations using synonyms or 
abbreviations, which standard F1 metrics penalize as incorrect, neces-
sitating costly human evaluation. The proposed automated alternative 
employing LLMs as evaluators has proven unreliable, exhibiting poor 
performance in specialized domains and inherent biases (Laskar et al., 
2025). Without robust, scalable evaluation metrics, quantifying progress 
and comparing models becomes prohibitively difficult, creating a criti-
cal bottleneck in the field.

Beyond the applications of LLMs in KGs emphasized in this paper, 
it’s crucial to consider the support that Knowledge Graphs can provide 
to LLMs. Given the high training time and cost of LLMs, and their poten-
tial limitations in processing the latest information or domain-specific 
knowledge, their capabilities can be constrained. Simultaneously, the 
generation process of LLMs is often a black box, making it difficult to 
trace the source and basis of generated results. This poses a significant 
drawback in scenarios requiring high credibility and explainability. Fu-
ture research can focus on leveraging multilingual Knowledge Graphs 
as external knowledge bases for retrieval-augmented generation, en-
hancing the generation capabilities of LLMs by incorporating retrieved 
knowledge. Furthermore, Knowledge Graphs can serve as core compo-
nents of LLM agents, collaboratively executing more complex tasks. For 
instance, LLMs can be used to convert natural language into KG queries, 
which are then executed, and the answers can be transformed back into 
natural language by LLMs. Additionally, toolkits can be employed to 
crawl web content in real-time, and LLMs can be used for knowledge ex-
traction, dynamically incorporating updated results into the Knowledge 
Graph. This necessitates a deeper and more integrated collaboration be-
tween LLMs and KG, leveraging multi-turn interactions to achieve more 
complex and efficient task processing.
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Multimodal multilingual KG: With advances in multimodal infor-
mation processing technology, research focus has gradually expanded 
to exploring how to leverage cross-lingual associations in modalities 
such as images, videos, and audio for knowledge transfer.KGs hold
significant promise as a tool for the effective integration of knowledge 
from diverse modalities. Looking ahead, cross-modal knowledge graphs 
will not only incorporate information spanning text, images, and video, 
but will also facilitate multi-dimensional knowledge sharing across lan-
guages. Such knowledge graphs are poised to offer more precise support 
for applications like intelligent search and question answering systems. 
Future research should explore more advanced methodologies for cross-
modal alignment and fusion, such as GANs, GNNs and variational au-
toencoders. These innovative techniques can map data from different 
modalities and languages into a shared latent space, thereby enhancing 
information transfer and interaction efficiency.

5.  Conclusion

Cross-lingual knowledge acquisition technologies enable KGs to 
overcome language barriers to a certain extent, to acquire the necessary 
supervision or knowledge from other languages for KG construction, and 
to create previously infeasible KG systems for resource-poor languages. 
This article comprehensively reviews the current research dynamics in 
cross-lingual knowledge acquisition for KGs, examining the methods and 
resources used from both horizontal and vertical perspectives. Addition-
ally, combining technological research progress and key findings from 
this review, several open questions remain unresolved: (1) Can a gener-
alised model be applied to all target languages? (2) Can the best source 
language range be identified for a given target language? (3) What ben-
efits can existing work bring to the study of KGs? In response to these 
questions, we provide the following analysis and outlook:

(1): Grammar, semantics, and cultural differences are common 
across languages. The most advanced Transformer-based PLMs, limited 
by the current state of the art, need help to fully overcome these dif-
ferences, resulting in suboptimal performance in some languages. No 
generalised model has been found that performs excellently across all 
languages. This has led some research to focus on a subset of lan-
guages, as reducing the number of languages in the model parameters 
improves the performance of each language within the model and re-
duces the training data required. This underscores the growing impor-
tance of research directions that prioritize models specialized for specific 
language families or architectures incorporating adaptable, language-
specific adapters. Such strategies are poised to become central to the 
future trajectory of PLM-based research.

(2): Choosing the appropriate source language helps better cap-
ture the features of the target language, thereby improving the accu-
racy and reliability of knowledge acquisition. Some studies set multi-
ple source languages to bridge the gap between the target and source 
languages, enhancing model performance across different languages by 
adding language-specific parameters to the PLM. Thus, finding the best 
source language for a given target language is highly feasible. How-
ever, researchers need to strike a balance between English, which has 
the most resources, and pivot languages, which have fewer resources 
but better transfer effects. For truly low-resource languages that can-
not be linked directly to English, choosing a closely related pivot lan-
guage with more resources and then linking it to English is a viable
solution.

(3): For KGs derived from multilingual and geographically diverse 
datasets, cross-lingual knowledge acquisition enables developers to pri-
oritize technological innovation rather than linguistic data processing, 
eliminating the prerequisite for specialized language expertise. Further-
more, for established multilingual KGs currently constrained to predom-
inant languages, cross-lingual knowledge acquisition methodologies can 
facilitate expansion to less-represented linguistic domains. Specialized 
KGs serving minority language communities and comprehensive multi-
lingual KGs addressing diverse global audiences will likely constitute the 

two predominant trajectories for future development. And KGs for low-
resource languages remain significantly underdeveloped in both quali-
tative sophistication and quantitative scope.

LLMs and KGs demonstrate complementary capabilities. KGs provide 
LLMs with rigorously structured, verified, and contemporaneous fac-
tual information, thereby enhancing the precision and empirical founda-
tion of LLM-based reasoning processes. Conversely, LLMs enhance KGs 
with sophisticated contextual interpretation, facilitating knowledge en-
richment, nuanced user intent disambiguation, and enabling more in-
tuitive natural language interfaces for human-system interaction. Sig-
nificantly, the multilingual proficiency inherent in advanced LLMs ex-
pands the accessibility of KGs across linguistic boundaries, substan-
tially reducing the technical and resource barriers to multilingual KG
development.

Additionally, the convergence of multimodality and multilinguality 
enables computational systems to integrate and synthesize information 
across diverse representational domains-visual, auditory, and linguistic-
culminating in more comprehensive and nuanced semantic understand-
ing. This developmental trajectory suggests an imminent future char-
acterized by increasingly sophisticated integration between multimodal 
and multilingual KGs, catalyzing advancements in practical applications 
including intelligent customer engagement systems, clinical decision 
support frameworks, and algorithmically optimized content recommen-
dation architectures.
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