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[ Abstract] Knowledge Graphs (KGs) are structured semantic knowledge representations with entities as nodes and
relations as edges. They accurately depict various things in the real world and their complex associations and have
become a core supporting technology across multiple domains, including artificial intelligence, natural language
processing, recommendation systems, and intelligent question-answering. Hence, they form an important
foundation for machines to understand semantics and achieve cognitive intelligence. This paper describes the basic
concepts and system architecture of a KG, clarifies. the knowledge representation unit with the ”entity-relation—
attribute” triple as the core, and analyzes the applicable scenarios and technical characteristics of both top-down and
bottom-up construction approaches. The technical evolution of three core links in the KG construction process,
namely, information extraction, knowledge fusion, and knowledge reasoning, are analyzed. Subsequently, the
technical development context is.Systematically discussed, and the advantages and limitations of different methods
are discussed. Further, through an in-depth analysis of the differences in technical route selection between DBpedia
and Baidu as two typical KGs, “the theoretical method is combined with an actual KG construction scenario.
Finally, the challenges faced by current KG construction in terms of data quality, semantic consistency, and
dynamic evolution are summarized, and future research directions are examined. This review provides
comprehensive guidance for both theoretical research and practical applications in KG construction, thereby
advancing technological development in this field.
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Table 1 Comparison of different named entity recognition methods

Publications/

Method Working Principle Advantages Disadvantages References Year
conferences
Pattern matching based on  Requires less labeled data, low  Highly dependent on manual )
Based on . o ) . Literature [ 5] 1992 MUC
) J manually  defined  grammar initial development costs, strong  rules, has high maintenance
rules an
o rules,  dictionaries,  regular  interpretability, and high  costs of rules, and poor
dictionaries . . . ) o B Literz [6] 2000 ICSLP
expressions, etc. accuracy in specific domains generalization ability iterature L
Literature [ 7] 2011 ACL
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Based on Computer
feat ineering and learni ing I rul sign,  labeled data, lex feat . .
machin eature engineering and learning  reducing manual rule design abeled data, complex feature Literature [8] 2015 Applications
leaming entity boundary laws with | with certain generalization  engineering, and relies on and Software
statistical models capabilities domain knowledge
Literature [ 9] 2016 NAACL
Automatically learn text ) ) o )
) Does not require too many  Requires more training data and Literature [17] 2019 1JCAT
Based on representations through neural - )
) additional ~ features, performs  computing  resources, long j al of Chines
deep networks, and output entity o ournal nese
) ) o ) best on large datasets, and has  training time, complex models, Agricultural
learning labels in  combination with o o ) B Literature [18] 2025 ricultura
) strong generalization capabilities and poor interpretability -terature 29 Mechanizati
sequence annotation frameworks echanization
- ) Outstanding sermantic understanding ~ The  model is large, the  Literature [19] 2024 AAAI
Utilize pre-trained large B ) )
Based | s ) ability, able to handle complex inference speed is slow, the
sed on anguage models for entity ] ) ) . .
N : ) text without a large amount of  output result is uncertain. and  Literature [20] 2024 ICANN
LILM recognition through fine-tuning )
) labeled data, and strong cross-  the computational — resource
or prompting Literature [21] 2024 ACM
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Publications/

Method Working Principle Advantages Disadvantages References Year
conferences
Based on Matching entity relationships in  Strong interpretability, flexible \ o Literature [ 22] 1993 AAAI
. ) o Poor flexibility and  weak
rules and text by manually writing rules  domain customization, and no fard N
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templates or templates training data required Literature [23 ] 2010 WWW
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Based on representations through neural  features,  capturing  complex ) International
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) ) o o o interpretability is poor, and the
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Literature [31] 2024 EMNLP
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Table 3 Comparison of different entity alignment methods

Publications/

Method Working Principle Advantages Disadvantages References Year
conferences
Literature [ 35 2002 KDD
Based on Compute  similarity scores for Dependent on feature design and [ jerature [36] 2012 CIKM
feature entity names. attribute values,  Intuitive, highly interpretable,  selection, difficult to capture o
Engineering
similarity structural features, etc. , and  and relatively simple to calculate  deep semantics, sensitive to ) o
Literature [ 37 2024 Applications of
calculations  set threshold matching criteria noise o .
Artificial Intelligence
Capable of automatically )
) ) ) ) Information
) learning  complex  matching  Requires a large amount of  Literature [38] 2001 )
Based on Use labeled data to train . . Sciences
) o patterns, with superior  labeled  data, and  model
machine classification models and learn o o
) ) . generalization capabilities  performance depends on feature
learning entity matching laws ' o
compared to rule-based  engineering Literature [39] 2002 KDD
approaches
) . Can  automatically  capture ) B Literature [41] 2013 NeurIPS
Mapping entities to a low- . Poor interpretability, complex
Based on _ ) structural and semantic o ) . . .
) dimensional vector space and ) ) training, relies on negative Ldterature [45] 2023 EMNLP
representation " ol s b information, reducing manual i dh
) judging equivalent entities by ) ) sampling, and hyperparameter . . <
learning o design and offering strong ) Literature [51] 2024 ACL
vector similarity o . tuning
generalization capabilities Literature [52] 2025 EMNLP
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Table 4 Comparison of different entity disambiguation methods

Publications/

Method Working Principle Advantages Disadvantages References Year
conferences
Integrate local context features High computational complexity,
Capable of leveraging the Literature [56] 2015 WWW
and  document-level  global slow inference speed, high
Based on semantic  association  between
consistency features, achieve requirements ~ for  semantic
global and entities, with high disambiguation
collective entity linking through consistency of entities within  Literature [57 ] 2018 ACL
local accuracy and strong ability to
graph model. joint inference and documents, making it difficult
features model document-level overall
other algorithms, and pursue ) ) to handle documents with sparse
o semantic consistency . , Literature [58] 2018 NAACL
overall semantic consistency entities or scattered topics
Depending on the local context
Literature [59] 2019 TEEE Access
information around the entity Performance depends on the
references, neural networks are’  The method is flexible, and the  richness  and = quality = of
Based on used to encode the context with  deep  model can effectively  contextual information, degrades Literature [60] 2020 IEEE Access
contextual deep semantics and match it  capture complex semantics,  when context is sparse or
features with  the  descriptions . of  with strong adaptability to short ©ambiguous, and depends on the [ jterature [61] 2021 Journal of Chinese
. .. . . . . Information Processing
candidate  entities . in  the . texts and specific contexts integrity of the external
knowledge base to determine the knowledge base )
Literature [62] 2024 EMNLP
target entity
By calculating the string Expert Systems
The method is - simple and Literature [ 63] 2018
similarity or shallow semantic It relies heavily on the literal with Applications
intuitive, with high
similarity between the name of matching of names, and cannot
Based on computational efficiency, without
the entity reference item in the handle polysemy, abbreviations, Data Analysis and
string complex models and large Literature [ 64] 2024
text and the candidate entity aliases, etc. The accuracy rate Knowledge Discovery
similarity amounts of training data, and is
name in the knowledge base, is limited and the practicality is
suitable for scenarios with high
the reference is connected to the low
speed requirements Literature [65] 2025 Scientometrics
most matching candidate entity
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Table 5 Comparison of different KG reasoning methods

Method Working Principle Advantages

Publications/

Disadvantages References Year

conferences
Unable -to" solve /data sparsity
Reasoning  using  predefined Literature [69] 2010 EMNLP
It is highly interpretable and can ~ problems, / unable to handle
Based on logical rules, deriving new
capture the hidden semantic — multi-hop inference problems
logical rules  knowledge through rule ] i the KG " L\ | |
information in the KG well, and ave imited . . WWW
matching and deduction Literature [70] 2013
generalization ability
Transform entities and
Literature [75] 2018 EMNLP
relationships in the KG into low- Poor interpretability,  heavy
No need to manually design
Based on dimensional dense  vector reliance on the quality and
complex rules. solves - the
representation  representations, and  realize coverage of training data, and Literature [76] 2019 AAAI
problem of data  sparsity, and
learning logical reasoning through limited ability to model complex
has strong generalization ability
algebraic operations in  vector logic
Literature [81] 2019 NeurIPS
spaces
Mapping entities and Engineering
relationships into low- The demand for labeled data is  Literature [94] 2024 Applications of
Based on Ability to handle large-scale
dimensional continuous  vector large, the model complexity is Artificial Intelligence
deep KGs and complex semantic
spaces and modeling’ their relatively “high,  and  the [ rature [95] 2024 KDD
learning relationships e ‘
interaction ~ patterns  through interpretability is poor Applied
e
neural networks Literature [ 96 2025 PP
Intelligence
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Table 6 Comparison of typical KG construction technology link

Core Technology Link DBpedia

Baidu KG

Build pattern Top down and bottom up

Data-driven bottom-up pattern

Information extraction Methods based on rule extraction

Methods based on deep learning and L.LILMs

Entity alignment: methods based on representation

Knowledge fusion

Entity alignment: methods based on feature similarity

Conflict resolution: methods based on the rule
Entity disambiguation: methods based on local features

and global consistency

learning
Conflict resolution: methods based on machine learning
Entity disambiguation: deep learning methods based on

contextual features

Knowledge reasoning

Methods based on logical rules

Methods based on representation learning and deep

learning

Core technical features

Low cost, high stability, relying on Wikipedia's
structured data and rule-based technology as the

primary approach

Strong generalization ability. deep learning and multi-

source fusion as the core
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