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Abstract With the rapid development of arti�cial intelligence (AI), deep learning models have played an irreplaceable role acro ss
various domains. Through their ability to process and analy ze massive datasets, these models enable automated informa tion extraction,
pattern recognition, and decision support, thereby enhanc ing system e�ciency and accuracy. However, in practical app lications, these
models often su�er from limitations such as poor transferab ility, limited explainability, susceptibility to over�tt ing, and high update
costs. These limitations restrict their large-scale deplo yment in critical domains and hinder their stability and gen eralizability in complex
scenarios. Recently, knowledge-enhanced models have emer ged as a promising solution. By providing auxiliary informa tion that is closely
aligned with real-world facts, explicitly de�ned, and task -relevant, knowledge can e�ectively overcome these limita tions and facilitate
the broader application of deep learning models across dive rse areas. To the best of our knowledge, this survey focuses o n explicit
knowledge that is easy to represent and retrieve, providing a clear classi�cation and de�nition of explicit knowledge f or the �rst time.
Based on this foundation, we conduct a systematic synthesis review of the techniques employed in explicit knowledge-en hanced models.
This review provides a detailed overview of the mainstream t echnologies used in various types of explicit knowledge-en hanced models and
discusses their domain-speci�c applications. This review proposes a taxonomy based on three phases of model execution (pre-execution,
in-execution, and post-execution) and the characteristic s of di�erent types of explicit knowledge. Finally, this rev iew discusses four
promising future directions for explicit knowledge-enhan ced models.
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1 Introduction

The fusion of models and knowledge has given rise to knowledge-enhanced modeling techniques, where knowledge
provides models with information that is more aligned with the real world, explicit, and task-relevant [1,2]. Explicit
knowledge, in particular, being easily expressible and retrievable, enables models to achieve superior performance
on speci�c tasks. The deep integration of knowledge with models is becoming a signi�cant trend, having already led
to innovative applications across numerous domains, including medical diagnosis [3,4], legal consulting [5], �nancial
risk control [6], and intelligent manufacturing [7]. This integration has not only substantially improved model
accuracy but also made decision-making processes more transparent and explainable, thereby enhancing user trust in
arti�cial intelligence (AI) systems. As arti�cial intelligence technolo gy continues to mature and expand, knowledge-
enhanced models, which have the advantages of e�ciency, explainability, adaptability, and lower computational
resource requirements, will see increasingly deeper research andapplication in speci�c tasks and domains. This
will further increase model popularity and market penetration in emerging markets, indicating a promising future
ahead.

Notably, with the rise of large language models and the advancing maturity of multimodal technologies, knowledge-
enhanced models are poised to demonstrate greater capabilities in the following aspects: on the one hand, enabling
a more re�ned fusion of domain-speci�c knowledge into general-purpose models so that AI systems can provide
expert-level judgment in highly specialized scenarios, enabling AI systems to provide expert-level judgment in
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highly specialized scenarios [8], on the other hand, promoting intelligent applications in resource-constrained envi-
ronments so that even edge devices and scenarios with limited resources can bene�t from the performance gains
o�ered by knowledge augmentation [9, 10]. Knowledge enhancement technology is not only an important pathway
for improving model capabilities but also a cornerstone for building trustworthy and responsible AI systems.

Models serve as highly e�ective tools for assisting in reasoning and decision-making, capitalizing on their strong
capability to learn from training data features. They have become indispensable in the development of arti�cial
intelligence by uncovering and capturing underlying patterns within data to tackle a wide array of complex tasks.
Consequently, models play a critical role in an expanding range of real-world applications. Through automated
learning, they can signi�cantly reduce dependence on domain expertise while o�ering rapid solutions to complex
problems. However, in practice, models still face notable shortcomings in terms of limited interpretability and
overreliance on training samples, manifesting in several ways.

� Risk of over�tting : When performing speci�c tasks, models often rely excessively on the statistical patterns in
their training data, lacking deeper semantic or theoretical insight. As a result, any shift in the test environment or
input distribution can lead to reduced e�ectiveness or even failure.

� Poor transferability of general models: When general models are adapted to speci�c domains, they can struggle
to handle new data distributions, resulting in insu�cient sample �t or d iminished generalization. Consequently,
additional retraining is frequently required, incurring extra resource costs.

� High updating costs: Once the data environment or latent patterns on which a model relies undergo temporal
changes, the existing model may no longer ful�ll current demands,necessitating ongoing dynamic updates and revi-
sions. In �nance and risk management, for example, evolving macroeconomic conditions or shifts in market demand
can rapidly render training data obsolete, compelling organizations to gather and label new data, retrain models,
and thereby consume considerable human and �nancial resourceswhile also undermining real-time functionality
and stability.

� Limited interpretability : Models generally perform inference based on a multitude of parameters learned from
the training data (e�ectively operating as \black boxes"). This mak es it di�cult to trace the speci�c rationale
behind the output and o�ers limited means to identify and correct errors when evidently incorrect predictions
occur.

To address the challenges above, knowledge-enhanced models o�er a promising, feasible solution. By integrating
external task-speci�c knowledge during inference, these modelsnot only maintain the real-time availability of
knowledge but also improve interpretability and cross-domain transferability. Compared with traditional methods
that rely solely on training data, knowledge-enhanced models e�ectively reduce over�tting and increase robustness
in cases of limited data or distributional changes.

Polanyi divided knowledge into explicit and tacit in 1958 [11]. In knowledge-enhanced model research, explicit
knowledge has received signi�cant attention due to its structurednature, ease of encoding, and transmissibility. It
can be expressed and stored in a clear, concrete form (such as rules, graphs, and tables), providing a transparent and
veri�able foundation for model reasoning and decision-making, thus �nding widespread application across various
domains. In contrast, tacit knowledge typically resides in personalexperience, intuition, and skills, and is implicitly
embedded in model parameters through data-driven learning. Explicit knowledge, however, o�ers an e�ective
approach to directly incorporate human expertise into models. Although tacit knowledge plays an indispensable
role in human cognition, specialized research literature has already explored tacit knowledge enhancement from
the perspective of model collaboration [12, 13], which has evolved into an independent research �eld. This survey
focuses on explicit knowledge enhancement, primarily based on the following considerations.

� Structured nature: Explicit knowledge integrates more easily with existing model architectures, providing clear
guidance across di�erent execution stages of models.

� Standardization: Its well-de�ned format facilitates e�ective knowledge transfer and sharing, enabling the reuse
of knowledge across di�erent domains.

� Veri�ability and explainability : Compared to tacit knowledge, explicit knowledge o�ers stronger explainability
and veri�ability, crucial for enhancing the transparency and credibility of model decisions.

� Dynamic update capability: Explicit knowledge can quickly re
ect the latest developments in a given �eld,
thereby alleviating the issue of model knowledge aging.

By focusing on explicit knowledge, this survey aims to summarize model enhancement methods that are both
explainable and adaptable to dynamic updates, ensuring that modelsmaintain robustness in dynamically changing
real-world environments.

However, to the best of our knowledge, current research lacks asystematic and detailed de�nition of di�erent
knowledge types. To �ll this gap, we focus on explicitly represented, non-textual external knowledge, further divided
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Figure 1 (Color online) A snapshot of the survey structure.

into two major forms: structured data and rules, based on their external representation. We also elaborate on the
subtypes and de�nitions associated with these two categories of explicit knowledge (Section 2). According to the
di�erent types of input data, this review classi�es existing models int o three primary categories: language models
(text data), multimodal models (integrating multiple data modalities) , and time-series models (time series data)
(Section 3). Under this framework, and according to the phase in which knowledge participates during inferences,
we categorize the injection of knowledge into three stages: pre-execution, in-execution, and post-execution. We then
provide a systematic synthesis and summary of the methods, technical challenges, and latest developments related
to the integration of various forms of knowledge into each of the three model types (Section4). To explore how
knowledge-enhanced models are applied in speci�c domains, we focuson three representative �elds: AI for science
(i.e., AI4Science), AI for medicine (i.e., AI4Medicine), and AI for industry (i.e., AI4Industry), and we provide
a systematic synthesis of the latest research advances in each area (Section5). Finally, we present some future
research issues and challenges of explicit knowledge (Section6) and an overview of the entire article (Section7). A
snapshot of the survey structure is provided in Figure1.

Related surveys. As a popular area of research, knowledge-enhanced models have attracted signi�cant attention
from both the academic and industrial communities. A multitude of studies have explored the topic from various
perspectives.

Category of models.Lymperaiou et al. [14] investigated knowledge-enhanced visiolinguistic (VL) models, outlining
the use of di�erent knowledge types, such as structured data, commonsense, and domain-speci�c knowledge, in
multimodal tasks. They provided a detailed discussion on how these knowledge sources can be leveraged to augment
VL models, using various VL tasks (e.g., visual question answering, image captioning, and visual reasoning). Zhao
et al. [15] o�ered a rigorous de�nition of the fundamental concepts in multim odal learning and retrieval-augmented
generation (RAG) from the perspective of multimodal knowledge. Their work categorizes external knowledge
systematically by modality, covering images, code, structured knowledge (e.g., tables, knowledge graphs), audio,
and video, and reviews current retrieval-augmented generation methods across these modalities. Hu et al. [16]
examined knowledge-enhancement approaches for pre-trained language models from the standpoint of both natural
language understanding (NLU) and natural language generation (NLG). For NLU tasks, they divided the types
of knowledge into linguistic, textual, knowledge graphs (KG), and rule-based knowledge, while for NLG tasks,
they separately discussed methods based on knowledge graphs and retrieval. Moreover, they classi�ed the forms
of knowledge representation, such as entity lexicons, knowledge graphs, plain text, and captioned images. They
summarized strategies for knowledge-enhanced pre-trained language models from the perspectives of both implicit
and explicit knowledge integration. However, these studies tend tofocus on knowledge enhancement methods
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Table 1 Comparison between our work and the related surveys in diver se aspects.

Structured data Explicit rule Model Application

Year Ref. Knowledge
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Table Database Policy Formula Axiom
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applied to a speci�c category of models, lacking a systematic synthesis of the wide range of knowledge-enhanced
models.

Categorization and de�nition of knowledge. Agrawal et al. [17] and Jin et al. [18] both explored the enhancement
of large models through external information provided by knowledge graphs. Yin et al. [19] categorized the external
knowledge used to enhance pre-trained language models into encyclopedic knowledge and commonsense knowledge,
while Lymperaiou et al. [14] speci�cally discussed structured, commonsense, and domain-speci�c knowledge. Zhao
et al. [15] classi�ed knowledge based on its expressive modality, and Hu et al. [16] further divided knowledge types
into linguistic, textual, knowledge graphs, and rule-based knowledge. However, these studies often concentrate on
one or several types of knowledge, neglecting a broader summaryand analysis of methods that enhance models with
other forms of knowledge. Moreover, some classi�cations overlapwith each other. For example, domain knowledge
can be manifested as structured knowledge, and the boundaries between commonsense knowledge and encyclopedic
knowledge are not always clear. These all highlight the need for morerigorous categorization and de�nition of
knowledge.

Notably, surveys on RAG [20, 21] focus on language models (pre-trained language models (PLMs) and large
language models (LLMs)). However, the RAG-based method can also be used in other categories of models (e.g.,
multimodal and time-series models). In addition, these surveys review techniques for enhancing the retrieval of
documented knowledge. However, RAG pipelines can also retrieve diverse types of data, such as tables, knowledge
graphs, and vector databases, as retrieval targets in RAG to enhance model performance. Consequently, these
surveys cover a single class of enhancement technique rather than o�er a systematic synthesis across knowledge
types and model categories.

Enhancement phase. Liang et al. [22] and Yin et al. [19] primarily focused on either pre-training or input
modi�cation approaches while neglecting post-inference knowledgecorrection.

To �ll the gaps above, we present a systematic synthesis of explicitknowledge-enhanced model technology and
application, highlighting the interaction di�erences between di�eren t types of knowledge and the model, and dis-
cussing the future research issues. A detailed comparison between our work and the related surveys is provided in
Table 1.

2 Explicit knowledge

Various disciplines have classi�ed knowledge from di�erent perspectives. For instance, by structure, knowledge can
be divided into structured, semi-structured, and unstructured knowledge. By content, it can be categorized as
declarative, procedural, and conditional knowledge. And by application, it can be classi�ed as general or domain-
speci�c knowledge, and so on.

In our review, we aim to focus on knowledge that is easily expressible and readily understandable by humans.
Therefore, we adopt Michael Polanyi's classi�cation in 1958 [11], which divided knowledge into explicit knowledge
and tacit knowledge. Polanyi posited that explicit knowledge is articulated through written words, charts, and
mathematical formulas, while tacit knowledge encompasses unarticulated understanding, such as the know-how
we possess during actions. Following these, explicit knowledge is clearly expressed, recorded, and shared. It can
be fully represented using words, symbols, or charts, and is amenable to clear articulation, organization, and
dissemination. Generally, it exists in formalized forms, is easy to record on various media, and can be widely shared
within communities, such as structured data, rules, and documented knowledge. In contrast, tacit knowledge refers
to knowledge that individuals know but �nd di�cult to articulate, such as model parameters, expert experiences,
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Figure 2 (Color online) Classi�cation of knowledge.

latent patterns, and underlying principles. This type of knowledge isoften embedded in personal experiences, skills,
and intuitions, making it challenging to express verbally.

Through extensive research, we have found that explicit knowledge is commonly used for knowledge enhancement
in speci�c models, while tacit knowledge is less frequently employed, often manifesting as another parameterized
model. Indeed, parameterized models can be considered a form of tacit knowledge. However, such studies are typi-
cally standalone, referred to as model collaboration [12,13]. Therefore, we focus on methods for explicit knowledge
enhancement models.

In this review, we provide a more detailed classi�cation of explicit knowledge as shown in Figure2, dividing it
into structured data and explicit rules. Structured data include kn owledge graphs, tables, and databases, while
explicit rules encompass policies, formulas, equations, and axioms. We will de�ne each type of explicit knowledge
in detail, and provide brief introductions to the construction metho ds.

2.1 Structured data

Structured data refers to knowledge that can be formalized and expressed through speci�c data structures. This
type of knowledge is highly organized, easy to understand, and convenient for storage. Typical forms of structured
data used to represent knowledge include tables, knowledge graphs, and databases. These data have prede�ned
schemas and standardized formats, which facilitate both human understanding and e�cient computer processing and
analysis. For instance, in relational databases, data are organized into rows and columns, where each row represents
a record of an entity and each column represents an attribute of that entity. This organizational approach simpli�es
the retrieval, updating, and maintenance of data. Moreover, structured data can be easily dynamically updated,
such as adding new knowledge, deleting outdated information, or correcting erroneous data, thereby enhancing its
usability and clarity.

In knowledge-enhanced models, structured data are easier for the model to process due to its well-de�ned structure
and ease of handling. As a result, it is commonly used as a knowledge source, enabling models to directly leverage
this data for reasoning and learning, thereby improving performance and accuracy. The main characteristics of
structured data are as follows.

� Prede�ned schema: The organization and �eld types of the data are explicitly de�ned pr ior to storage. For
example, tables have �xed column names and data types.

� E�cient management : Due to the standardized format, computers can e�ciently store, retrieve, and process
this data.

� Ease of maintenance: Adding, deleting, or modifying records in structured data are straightforward. For
example, to add a new student to the student information table, a new row can be simply added.

2.1.1 Knowledge graph

KG is one of the most common types of structured data, representing knowledge. KG is an intuitive data structure
with enhanced visualization capabilities, making it easier to formalize compared to traditional tables and databases.
The concept of the knowledge graph was �rst proposed by Google in2012 to help machines understand real-
world entities and their interrelationships, aiming to make search more intelligent [23]. Knowledge graphs model,
identify, and infer complex relationships between entities using a graph structure, thereby accumulating domain
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Figure 3 (Color online) Classi�cation of knowledge graphs.

Figure 4 (Color online) Example of table and formalization.

knowledge [24]. Typically, knowledge graphs use triples to model relationships between entities, represented as (h,
r, t), where h and t are entities and r represents the relation between h and t.

In general, a traditional knowledge graph can be formally expressed asKG = fE ; R; A ; V; T g, whereE represents
entities (i.e., nodes), R represents relationships (i.e., edges), andA; V represent sets of attributes and attribute
values, respectively.T containsTR and TA , which are the relation triples and attribute triples, where TR 2 E �R�E ,
and TA = E � A � V .

In addition to the traditional knowledge graph, which only contains entities and relations, knowledge graphs can
also include other types, such as multimodal knowledge graphs (MMKGs) and temporal knowledge graphs (TKGs).
In MMKGs, any component in fE ; R; A ; V; T g may contain multimodal elements [25], such as images, audio, video,
or sensor data, as shown in Figure3(b). In TKGs, a fact, in addition to the entities and relations, also inc ludes a
timestamp, which is typically a time point or a time interval [ 26], as shown in Figure3(c). For more information, the
representation, acquisition, and applications of various types of knowledge graphs are discussed in detail in [27]. Due
to their ability to represent complex relations and knowledge, knowledge graphs have gained signi�cant attention
in the �eld of model enhancement and are a common type of knowledge used to enhance models.

2.1.2 Table

Tables are one of the most commonly used forms of structured data in practical applications, consisting of rows and
columns. They are used to organize, display, and analyze data. Thespeci�c data or information displayed in each
section of a table is referred to as a cell. This type of knowledge is particularly e�ective in clearly conveying its
contents. Tables facilitate the e�cient and organized managementof information, making them easily understood
by computers. Following the description of tables in [28], when using tables for model enhancement, a table can be
formalized as a series of \[object][x1; y1; x2; y2]", with entries separated by \ nn" (see Figure 4 for an example). As
a result, tables are frequently used for knowledge expression andintegration, and are widely applied in knowledge-
enhancement tasks. It is essential to note that the tables referenced here speci�cally emphasize data that interact
directly with the model in �le formats (such as \.csv" or \.xls"), which di�ers from tabular data stored in databases
and requires retrieval through speci�c query languages.

2.1.3 Database

Compared to tables and knowledge graphs, databases are capableof representing a broader range of relationships and
data types and can store more diverse and formalized data, including tables and knowledge graphs. Computers can
easily process knowledge within databases, utilizing specialized languages for database operations, such as CRUD
(Create, Read, Update, Delete). Databases can be categorizedinto two main types: relational databases (SQL
Databases) and non-relational databases (NoSQL Databases).For SQL Databases, structured query language
(SQL) is used for operations such as data insertion, deletion, modi�cation, and querying. NoSQL Databases,
depending on the data types they store, employ di�erent query languages. Typical NoSQL databases include
key-value databases like Redis [29], columnar databases like Cassandra [30], HBase [31], and graph databases like
Neo4j [32]. For example, graph databases, which can store knowledge graphs, are a typical type of NoSQL database,
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Figure 5 (Color online) Example of database.

with queries relying on speci�c query languages, such as Cypher [33]. A detailed introduction to the aforementioned
NoSQL databases can be found in [34,35].

Due to their excellent computer recognizability and ease of processing, databases are highly suitable for direct
interaction with models, making them one of the most common types of knowledge used in model enhancement,
especially in engineering applications. It is worth noting that the key distinction between databases as de�ned here
and the standalone tables mentioned above lies in the access method: database data must be accessed through
specialized query language interfaces, rather than interacting directly with the model in �le format. Figure 5 shows
an example of a database.

2.2 Explicit rules

Rules represent a more concise and widely applicable type of knowledge. Compared to structured data, rules are
typically derived from expert experience, historical data, and other sources, providing clear norms or guidelines that
are used to constrain and regulate interactions between elements. Rules can be categorized into explicit rules and
implicit rules. Explicit rules are those that are clearly de�ned and explicitly expressed, typically in an interpretable
form, making them easily understood by any reasoning process. Incontrast, implicit rules are not directly expressed
but are embedded in data or experience, requiring analysis and miningto uncover. The most common form of
implicit rule is a parameterized model obtained through training. Our survey focuses on explicit rules, which we
categorize into four types: policies, formulas, axioms, and documented knowledge. However, since documented
knowledge is often closely related to RAG, and there are already numerous surveys that provide detailed summaries
on this topic [20,21], if other types of explicit rules (e.g., policy, formula, and axiom) are considered retrievable text
(or documented knowledge), these surveys have already provided reviews. Instead, our survey focuses on the other
three types of explicit rules, which have higher knowledge density. We will introduce each of these three types of
explicit rules.

2.2.1 Policy

Policies are standardized principles and norms established by authoritative institutions, such as governments, busi-
nesses, or organizations, that society is generally required to follow. They de�ne the methods for implementation,
general steps, and speci�c measures, typically described using natural language. Examples include laws and regula-
tions, corporate employee handbooks, and environmental guidelines. These rules are of signi�cant interest in model
enhancement because model outputs related to policies must adhere to these regulations. To prevent the model
from generating outputs that contradict the policies, it is essential to incorporate policies as knowledge to constrain
the model's output.

2.2.2 Formula

Formulas are a type of knowledge that is symbolized using mathematical methods and is widely applicable within a
speci�c domain. They are typically used to calculate or derive relationships between variables. Formulas generally
consist of constants, variables, and operators, and they precisely describe the relationships between quantities.
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Their expression is concise, converting complex or otherwise unexpressable rules described in natural language into
brief mathematical representations. This type of knowledge is prevalent in the fundamental sciences, such as the
Pythagorean theorem (a2 + b2 = c2) in mathematics, Ohm's Law (V = IR ) in physics, and the chemical equation
(2H2 + O2 ! 2H2O) in chemistry. Formulas are also a common form of explicit knowledge inknowledge-enhanced
models. The presence of this knowledge enables the model to better understand the relationships between quantities,
resulting in more accurate computation and derivation results.

2.2.3 Axiom

Axioms are universally accepted truths, typically described using concise language. We distinguish axioms from
formulas, emphasizing that axioms refer to those truths that cannot be formalized using mathematical methods,
for example, Euclidean geometry axioms (such as \the shortest distance between two points is a straight line") and
\every non-empty set has a minimal element". Similar to formulas, this type of knowledge helps the model acquire
universal truths, thereby enhancing its reasoning capabilities. Additionally, some axioms can be extracted from
existing structured data through pattern mining and presented as explicit rules.

2.3 Explicit knowledge construction

Explicit knowledge can typically be constructed through the processes of extraction, integration, and formalization.
This process is fundamental to knowledge-enhanced models as it provides information that complements deep
learning models. The construction of explicit knowledge typically involves three key steps: extraction, integration,
and formalization. These correspond to identifying knowledge components from massive data sources, integrating
them into coherent knowledge structures, and representing theknowledge in formal formats that are suitable for
computational processing.

Extraction refers to the process of acquiring knowledge from various data sources, including existing documents,
datasets, domain expert insights, and web resources. Di�erent types of knowledge require di�erent extraction
approaches:Tables and databases can often be directly derived from pre-existing organizational records based
on downstream tasks and models. For instance, corporate �nancial tables can be extracted from annual reports and
internal accounting systems, while medical databases might be builtfrom electronic health records (EHR) stored
in hospital systems. The construction of knowledge graphs , in contrast, typically requires natural language
processing (NLP) techniques or semi-automated expert annotation to extract knowledge from unstructured texts.
Zhu et al. [25] and Zhong et al. [36] provided a systematic synthesis of entity and relation extractionmethods for
building knowledge graphs. In the case of rule-based knowledge, such aspolicies , extraction is typically performed
from authoritative sources, including legal texts and policy documents. Formulas and axioms are derived from
scienti�c literature, textbooks, or documented theoretical frameworks. Notably, some axioms can be discovered
through pattern mining methods. Fournier-Viger et al. [37] summarized common pattern mining methods, while
Lee et al. [37] outlined approaches for pattern mining in hypergraphs.

Integration primarily focuses on structured data types, aiming to synthesize and combine knowledge from multi-
ple heterogeneous sources into a uni�ed representation to enhance comprehensibility and usability. Key steps in this
process include entity disambiguation, schema alignment, and semantic con
ict resolution. In knowledge graphs ,
entities and relations from di�erent domains often need to be consistently merged and coordinated to ensure overall
consistency and correctness. Zhang et al. [38], Fanourakis et al. [39], and Xue et al. [40] provided detailed introduc-
tions to knowledge graph entity alignment methods and techniques.Li et al. [41] provided detailed introductions to
entity alignment methods and techniques for tables. For databases, integrating various structured data sources into
a uni�ed schema improves query capabilities and system e�ciency. In particular, for emerging vector databases,
organizing and integrating large-scale embedding-based data has become an active area of research. Pan et al. [42]
provided a detailed overview of current techniques for structuring and managing vector databases. Moreover, in the
process of tabular data integration, schema matching [43] and record linkage [44,45] are crucial for identifying and
merging relevant data, while the integration of policies, formulas, and axioms requires special attention to semantic
consistency and logical coherence.

In the process of integration, con
icts arise when two or more rules from di�erent sources provide contradictory
instructions or outputs in the same context. This issue is critical in knowledge-enhanced methods based on explicit
rules, as consistency between rules directly a�ects the e�ectiveness and reliability of these models. Con
ict resolution
between rules has been an important research area, and existing studies propose various solutions from di�erent
perspectives. Common con
ict resolution methods include the following. (1) Priority-based resolution, which
determines which rule should be executed �rst in case of a con
ict byassigning priorities to di�erent rules, which is
usually determined based on its importance, source, or applicability [46,47]. (2) Metalanguage-based control, which
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Figure 6 (Color online) Classi�cation of models.

uses a metalanguage to control the execution of rules and selectsthe most appropriate rule to resolve con
icts [48].
(3) Rule merging and re�nement, which merges or re�nes con
icting rules to form a more general set of rules,
avoiding direct con
icts through abstraction and integration. For example, Ref. [49] canceled certain actions within
rules to resolve con
icts.

Formalization refers to structuring knowledge into standardized representations using prede�ned schemas or
symbols, making it amenable to computation and automated reasoning. Di�erent representation formats support
distinct types of reasoning capabilities and integration functions, and thus play a crucial role in the development
of knowledge-enhanced models. In knowledge graphs, formalization typically takes the form of graph structures,
triple-based representations, embedding methods, or logic-based rule encodings. Cao et al. [50] and Ji et al. [27]
provided detailed reviews of knowledge graph representations, while Cai et al. [51] speci�cally conducted a meticu-
lous compilation of temporal knowledge graph formalization methods. For tables, Badaro et al. [52] systematically
and comprehensively reviewed methods for tabular data representation. In contrast, formulas and axioms are typi-
cally formalized using domain-speci�c logic, such as symbolic logic, mathematical equations, or structured textual
expressions. The speci�c formalism varies depending on the natureof knowledge and the domain context (e.g.,
physical laws vs. logical truths). Overall, formalization enhances the computational interpretability of knowledge,
enabling its seamless sharing, reuse, and integration into learning models, and serves as a foundational step in the
design of knowledge-enhanced models.

3 Classi�cation of models

We categorize models based on the type of input data, which corresponds to their intended use, and we focus
speci�cally on three main categories: language models, time-series models, and multimodal models. This section
provides a detailed introduction to the three types of models.

3.1 Language model

Language models typically refer to models used to process text-based input, as shown in Figure6(a). The input is
usually a sequence of text (e.g., a sentence or a paragraph), whichthe model encodes and then uses the encoding
to perform the corresponding subsequent tasks. The output is generally another sequence of text, which mainly
includes generation tasks (such as text continuation, translation[53], summarization [54, 55]) and classi�cation
tasks (such as intent recognition [56], sentiment analysis [57, 58]). Language models learn tasks by modeling the
probability distribution of language, thereby completing natural lan guage understanding and generation tasks.
Standard language models are typically trained on large amounts of text data, without distinguishing the domain
of the data. As a result, the model may produce interference in speci�c tasks or fail to generate reasonable outputs
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due to a lack of factual knowledge or domain-speci�c expertise. Therefore, knowledge enhancement is necessary to
inject and augment domain-speci�c knowledge as required by the task, allowing the model to focus on the speci�c
domain and generate appropriate outputs. As language models have evolved, we categorize them into small-scale
pre-trained language models and large language models. In the following sections, we will separately summarize
the methods for knowledge enhancement.

Since the language model is designed for natural language understanding and generation, it encompasses a wide
range of tasks, including generation, classi�cation, summarization, and question answering. Generation enables
creation of coherent content based on prompts across diverse domains, including creative writing [59, 60] and edu-
cational content [61], supporting applications in content creation, automated reporting, and personalized learning.
Classi�cation underpins critical applications including sentiment analysis [62{ 64], spam detection [65,66], and topic
categorization [67, 68], supporting tasks in content moderation, user pro�ling, and opinion mining. Summariza-
tion [69] distills lengthy documents into concise outputs, enhancing e�ciency in news aggregation [70] and medical
documentation [71]. Question answering (QA) empowers information retrieval systems by enabling precise responses
to natural language queries, with broad applications in search engines [72,73] and customer support [74,75].

3.2 Multimodal models

Multimodal models are those that can process information from various modalities, as shown in Figure6(b). The
input can comprise information from various modalities, including text, images, video, and audio. When the input
is solely text, multimodal models typically refer to those that can generate content from other modalities based on
the textual information. The tasks that multimodal models can perform are diverse, including tasks such as text-
to-image and image-to-text generation [76, 77], visual question answering [78], multimodal sentiment analysis [79],
and multimodal joint reasoning [80]. Multimodal models align the semantic representations of di�erent modalities
through appropriate encoding methods, facilitating information complementarity and fusion. However, the implicit
relationships between multimodal data may require speci�c knowledge for better understanding. Therefore, knowl-
edge enhancement is necessary to enable the model to comprehend the complex cross-modal relationships, thereby
improving its ability to understand domain-speci�c knowledge.

The multimodal model is designed to process and integrate information from multiple modalities, such as text,
image, audio, and video, enabling it to perform a broad range of complex tasks that require cross-modal reason-
ing and alignment. Image-text retrieval facilitates e�cient cross-modal search capabilities across domainssuch
as e-commerce [81, 82] and media archives [83, 84], ensuring rapid information discovery and content accessibility.
Multimodal generation supports creative and practical tasks such as text-to-image synthesis [85{ 87], audio-visual
content creation [88{ 90], and augmented reality experiences [91,92], enabling new forms of expression and communi-
cation across industries.Video understanding tasks such as action recognition, summarization, and video-grounded
question answering support applications in surveillance [93] and sports analytics [94,95].

3.3 Time-series model

As the name suggests, sequential models are used to process data with prominent time features, as shown in
Figure 6(c). The input is typically a data sequence arranged in chronologicalorder, such as sensor data or time
series curves. The model needs to make predictions about the future based on the characteristics of the sequential
data, or provide predictions for the current time based on the variations of the sequence, such as in tasks like
action recognition [96, 97] and fault diagnosis [98, 99]. However, sequential data may be in
uenced by external
factors, making it challenging for the model to learn the implicit temporal knowledge from purely numerical data.
Therefore, it is often necessary to incorporate knowledge that describes external factors, such as physical laws or
policies, to improve the robustness of the model.

The time-series model is designed for time series analysis, which encompasses a variety of tasks, including forecast-
ing, imputation, classi�cation, anomaly detection, and more, as shown in Figure 7. Forecasting enables prediction of
future values based on historical data across diverse domains, including �nance [100,101], energy systems [102{ 104],
epidemiology [105,106], and macroeconomics, supporting critical decision-making in investment strategies, resource
allocation, public health planning, and economic policy development. Imputation mitigates missing data issues
across domains, such as climate science [107, 108], healthcare [109{ 111], and industrial IoT [ 112], ensuring data
continuity and reliability for downstream analysis and decision-making. Time series classi�cation supports critical
tasks such as ECG-based diagnosis [113{ 115], fraud detection in �nance [116], human activity recognition [ 117,118],
and seismic event identi�cation, enabling timely and informed decision-making across domains. Anomaly detec-
tion plays a vital role in safeguarding systems by identifying irregularpatterns in cybersecurity [119,120], industrial
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Figure 7 (Color online) Di�erent tasks of time series analysis.

maintenance [121,122], and environmental monitoring [123{ 125]. Beyond core tasks, time series analysis also encom-
passes clustering [126{ 128], segmentation [129], and causality analysis [130, 131], enabling domain-speci�c insights
in applications from marketing and speech processing to neuroscience and economics.

4 Explicit knowledge-enhanced model technology

Integrating explicit knowledge that is readily available to humans directly into machine learning models can sig-
ni�cantly and rapidly enhance the robustness and interpretability o f models. Knowledge-enhanced models di�er
from purely data-driven models in that they not only learn patterns from large-scale data but also leverage ex-
plicit knowledge curated by domain experts or prior research. This external explicit knowledge, such as logical
rules, knowledge graphs, or constraints, can be injected into themodels. As a result, even in scenarios of data
scarcity, missing labels, or cross-domain transfer, the models canrely on this knowledge to guide their inference and
decision-making, mitigating performance degradation caused by insu�cient data. More importantly, by explicitly
incorporating external knowledge into the reasoning process of models, decision-making is no longer a complete
\black box". The reasoning path can integrate domain logic and facts, thereby improving the interpretability
of models. Overall, current explicit knowledge-enhanced model methods are primarily focused on addressing the
following key challenges.

(1) Dynamic knowledge updation:One major goal of knowledge-enhanced models is to reduce the extremely high
cost of retraining when new knowledge becomes available. However,keeping knowledge up-to-date is essential for
maintaining accuracy, and once the model is deployed, it becomes di�cult to continuously synchronize with an
evolving knowledge base. Therefore, one of the key research challenges is enabling models to dynamically update
and evolve their knowledge over time so that newly acquired information can be immediately leveraged during
inference without retraining.

(2) Vector space alignment: The representation space (embedding space) learned by a model often has a distri-
bution that di�ers from that of external knowledge sources. Forcing a model to interpret knowledge encoded in an
incompatible vector space can lead to signi�cant misinterpretations. Thus, a crucial issue is how to align external
knowledge representations with the embedding space of models. E�ective alignment techniques seek to minimize
distortion, retaining the learned features of models with minimal losswhile preserving as much information from
the external knowledge as possible.

(3) Multi-granularity knowledge representation: Knowledge can originate from diverse sources, such as knowledge
graphs, logical rules, or tabular data. These sources vary in formand semantic granularity, and naively combining
them can introduce semantic con
icts or inconsistencies. Di�erent types of knowledge may require di�erent rep-
resentation and fusion strategies. Therefore, designing appropriate representation and integration mechanisms for
knowledge at varying levels of granularity is another common challenge. The goal is to e�ectively integrate hetero-
geneous knowledge forms into the reasoning process of the modelwithout compromising meaning or introducing
inconsistency.

(4) Knowledge integration e�ciency: With the deepening of the level of deep learning models and the increasing
complexity of reasoning paths, especially in multi-modal and multi-stage information interaction scenarios, it is
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Table 2 Explicit knowledge types used in di�erent execution stages .

Knowledge type Pre-execution In-execution Post-executio n

Structured data

Knowledge graph [ 132{ 158] [100, 147, 148, 150, 159{ 182] [149, 173, 183{ 186]

Table [ 187, 188] { {

Database [ 101, 189{ 202] [149, 173, 188, 203{ 207] [208]

Explicit rules

Axiom [ 209{ 212] { {

Formula [ 213, 214] [215{ 218] {

Policy [ 219] { [ 220]

easy to cause a mismatch between knowledge and the internal representation of the model, inadequate integration,
or noise introduction. A key focus is on e�ciently integrating extern al knowledge with the parameters of models or
intermediate representations. This involves methods to seamlesslyintegrate knowledge into deep models in a way
that preserves their 
exible generalization ability while signi�cantly en hancing the utilization of relevant knowledge.

(5) Implicit model bias: Models tend to be biased toward the statistical patterns presentin their training data.
Even when correct external knowledge is injected, a model may struggle to utilize it if the knowledge con
icts
with learned patterns or if the internal attention and parameters of the model favor the original data. This can
result in knowledge neglect (ignoring the injected knowledge), knowledge misuse (incorrectly applying knowledge
to irrelevant tasks), or knowledge con
ict (knowledge and training data are mutually exclusive). The challenge is
to ensure the model explicitly incorporates and trusts external knowledge during reasoning, rather than defaulting
to entrenched data-driven behaviors, thereby fully realizing the bene�ts of knowledge enhancement.

In light of the challenges discussed above, we aim to systematically summarize how external knowledge interacts
with models to enhance their performance by categorizing the process into pre-execution, in-execution, and post-
execution stages.

� Pre-execution enhancement:Pre-execution refers to injecting external explicit knowledge intothe model before
it formally performs inference or executes a task, typically by modifying input data, �ne-tuning model parameters,
or incorporating prior constraints. This approach generally does not alter the inference process itself, instead, it
enriches the model or inputs in advance so that subsequent reasoning is more targeted and accurate.

� In-execution enhancement:In-execution denotes integrating knowledge during the inferenceprocess of models,
often through multi-round interactions or on-demand retrieval. T his requires the model to access knowledge bases
or specialized tools in real-time, enabling it to verify and update knowledge iteratively during inference, thereby
in
uencing intermediate representations and attention allocation.

� Post-execution enhancement: Post-execution involves validating, re-ranking, or correcting the results with
external explicit knowledge after the initial inference is complete, thereby improving the reliability and accuracy of
the �nal output.

At the same time, because the form of knowledge being integrated (e.g., knowledge graphs, tabular data, textual
rules, mathematical formulas) can signi�cantly in
uence the way kn owledge interacts with the model, we further
categorize and analyze these interaction strategies according tothe type of knowledge. An overview of how knowl-
edge interacts with the model across di�erent phases is presented in Table 2. In the following sections, we will
explore how these three phases of knowledge enhancement are applied to various types of models and provide a
detailed review of the methods used to integrate di�erent forms ofknowledge in practical scenarios.

4.1 Explicit knowledge-enhanced language models

Language models, as one of the most common and widely applied modeltypes, feature a straightforward and 
exible
input format. They do not require speci�cally structured forms or formal languages, and any content expressed in
natural language or textual form can serve as their input. This 
exibility has attracted extensive attention from both
academia and industry. Given the similarity between language model inputs and explicit knowledge representation,
an increasing amount of research on knowledge-enhanced models has been conducted using language models as
their basis. To systematically summarize the approaches and techniques employed in knowledge-enhanced language
models, we categorize language models into small-scale PLMs and LLMsbased on their parameter scales. Both
small-scale PLMs and LLMs undergo unsupervised pretraining on large-scale corpora, enabling them to e�ectively
capture semantic and contextual information within texts. These models can be further �ne-tuned to adapt to
speci�c tasks. Typical examples of small-scale PLMs include BERT [221] and GPT-1/2 [ 222], whose parameter
scales range from tens of millions to billions. LLMs represent a specialized category within pre-trained language
models, distinguished by signi�cantly larger parameter sizes, which can reach tens to hundreds of billions, such as
GPT-3/4 [ 223] and LLaMa [224]. This immense scale grants them superior generalization and generative capabilities.
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Figure 8 (Color online) Overview of explicit knowledge-enhanced sm all-scale pretrained language models.

The di�erence in model scale signi�cantly in
uences the selection and implementation of explicit knowledge
enhancement methods. Speci�cally, for small-scale PLMs with limited parameter space, explicit knowledge plays
a supplementary role. These models explore knowledge integration techniques such as attention-based fusion
modules, lightweight adapters, or rule-based calibration strategies, and often rely on task-speci�c �ne-tuning and
external knowledge bases to compensate for their inherent knowledge limitations. In contrast, LLMs, with their
vast parameter scale and outstanding generative capabilities, have already captured rich implicit knowledge through
extensive pretraining. Thus, for LLMs, explicit knowledge tends to serve anactivating role. Methods such as
prompt engineering, RAG, and chain-of-thought (CoT) are favored because they e�ectively trigger and utilize the
knowledge already embedded within the models, thereby mitigating issues like bias and reasoning gaps. Furthermore,
the two types of models exhibit signi�cant di�erences in their knowledge updating mechanisms: small-scale PLMs
typically require retraining or �ne-tuning to dynamically update know ledge, whereas LLMs can rapidly adapt to
new knowledge through in-context learning or few-shot learning without requiring a complete retraining of the entire
model. Therefore, in this section, we will introduce the knowledge enhancement techniques and methods explicitly
employed in small-scale PLMs and LLMs separately.

4.1.1 Explicit knowledge-enhanced small-scale pre-trained language models

Small-scale PLMs like BERT [221] and GPT [225] excel at learning linguistic patterns but face critical limitations in
knowledge representation. First, their implicit knowledge storage leads to factual hallucinations and commonsense
failures [226], underperforming explicit knowledge methods in tasks like entity linking. Second, static training data
lead to temporal blindness, so models trained before 2020 cannot e�ectively address events that occurred after 2020.
Third, they struggle to integrate symbolic logic or domain-speci�c terms, which limits their ability to engage in
complex reasoning. Lastly, general-purpose small-scale PLMs falter in specialized domains (e.g., law) due to a lack
of vertical knowledge. To bridge these gaps, knowledge-enhanced small-scale PLMs inject structured knowledge
to synergize textual patterns with explicit facts. This approach reduced hallucinations by grounding entities in
knowledge bases, ensuring temporal relevance through dynamic updates, and enabling domain adaptation [227].

As mentioned in Section 1, existing surveys on knowledge-enhancedsmall-scale PLMs have typically relied on rel-
atively isolated classi�cation methods, focusing primarily on either pretraining or input modi�cation methods while
neglecting post-execution knowledge correction [19,22]. In our review, we provide a more systematic synthesis tax-
onomy for knowledge enhancement in small-scale PLMs, including pre-execution, in-execution, and post-execution,
as shown in Figure8. Next, we will provide a review of each of them.

Pre-execution enhancement. Pre-execution knowledge enhancement is essential for small-scalePLMs because
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passive knowledge acquisition from text leads to structural gaps,domain adaptation bottlenecks, and ine�cient fact
memorization [228]. By proactively embedding explicit knowledge into model parametersbefore deployment, this
approach enables stronger factual grounding, better domain adaptation, and more e�cient knowledge utilization.
Pre-execution enhancement can provide foundational enhancements that persist across all downstream tasks while
reducing hallucination risks and improving model parameter e�ciency, which creates more robust and adaptable
small-scale PLMs from their core architecture.

Currently, research on pre-execution enhancement for small-scale PLMs primarily unfolds at two levels: pre-
training and �ne-tuning. The pre-training phase focuses on injecting general knowledge during the construction of
the initial model, whereas the �ne-tuning phase emphasizes the optimization of task-speci�c knowledge.

Pre-training enhancement. Pre-training knowledge enhancement for small-scale PLMs can be summarized as
follows:

L P LM = L MLM + � � R (K; � ); (1)

where R is the knowledge regularization term and� is the balancing coe�cient.
To achieve knowledge enhancement for small-scale PLMs during the pre-training phase, some studies attempt to

modify the pre-training tasks by incorporating external knowledge through additional learning objectives. Inspired
by the masking strategy of BERT [221], ERNIE [ 132] learned enhanced language representations via knowledge-
aware masking strategies, including entity-level masking and phrase-level masking. This approach injected knowl-
edge from knowledge graphs into the parameters of small-scale PLMs, thereby achieving knowledge enhancement.
Similarly, KEPLER [ 133] employed a small-scale PLM to encode textual entity descriptions from a knowledge
graph as embeddings and then jointly optimized the knowledge embedding and language modeling objectives.
SenseBERT [134] introduced an additional masked word supersense prediction task, which is trained jointly with
the original masked word prediction task of BERT. JAKET [ 135] proposed a novel joint pre-training framework
for modeling both knowledge graphs and language. The knowledge module and the language module mutually
provided essential information: the knowledge module generated embeddings for entities in the text, while the
language module produced context-aware initial embeddings for nodes and relations in the graph. The design of
JAKET enables the pre-trained model to quickly adapt to unseen knowledge graphs in new domains. LUKE [136]
proposed a novel bidirectional transformer-based contextualrepresentation for words and entities. The proposed
model treated words and entities in a given text as independent tokens and output their contextual representations.
ERNIE 3.0 [137] integrated both autoregressive and autoencoding networks while leveraging knowledge graphs and
large-scale textual knowledge, enabling the trained model to be readily adapted for natural language understanding
and generation tasks with capabilities such as zero-shot learning, few-shot learning, or �ne-tuning. DKPLM [ 138]
�rst identi�ed knowledge-aware, long-tail entities as targets for knowledge injection to enhance semantic under-
standing while avoiding the infusion of redundant information. The embeddings of long-tail entities were replaced
with \pseudo-token representations" formed by relevant knowledge triples.

In addition to knowledge graphs, some studies have explored enhancing small-scale PLMs through pre-training
with knowledge in other formats, such as text and tables. CoLAKE [189] jointly learned contextual representa-
tions of both language and knowledge through an extended MLM objective, which goes beyond simply injecting
entity embeddings by extracting knowledge contexts of entities from large-scale knowledge bases. To address the
heterogeneity between knowledge contexts and linguistic contexts, CoLAKE integrated them into a uni�ed data
structure, the word-knowledge (WK) graph. Dict-BERT [ 190] enhanced language model pre-training by leveraging
dictionary de�nitions of rare words. To incorporate rare word de� nitions as part of the input, Dict-BERT retrieved
them from dictionaries and appended them to the end of the input text sequence. In addition to training with the
masked language modeling objective, Dict-BERT introduced two novel self-supervised pre-training tasks focusing
on word-level and sentence-level alignment between input texts and rare word de�nitions to strengthen language
representations. TP-BERTa [187] provided a small-scale PLM designed explicitly for table data prediction through
pre-training. It employed a novel relative magnitude tokenization method to convert scalar numerical feature val-
ues into �nely discretized high-dimensional tokens, along with an intra-feature attention approach that integrated
feature values with their corresponding feature names.

Fine-tuning enhancement. Unlike approaches that modify pre-training knowledge tasks for small-scale PLM en-
hancement, another research direction focuses on architectural innovations to achieve this goal. KG-BART [183]
incorporated complex conceptual relations from knowledge graphs to generate more logically coherent and naturally
articulated outputs while employing graph attention mechanisms to aggregate rich conceptual semantics, thereby
signi�cantly improving the generalization capability to unseen concept sets. In the domain of knowledge graph
question answering, UNIKGQA [229] proposed an innovative multi-hop KGQA solution that fundamentally uni�es
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retrieval and reasoning processes within its architectural and parameter learning framework. The model architec-
ture consisted of two key components: a small-scale PLM-based semantic matching module for question-relation
alignment, and an information propagation module that disseminatedmatching signals along the directed edges of
the knowledge graph. At the parameter learning level, the system incorporated a shared pre-training task based
on question-relation matching, complemented by specialized �ne-tuning strategies optimized separately for retrieval
and reasoning tasks, forming a comprehensive parameter learningframework.

Knowledge enhancement during the pre-training phase can signi�cantly improve the knowledge understanding
capabilities of small-scale PLMs. However, �ne-tuning can further boost the performance on various downstream
tasks while maintaining relatively low training costs. The existing paradigms for knowledge-enhanced �ne-tuning
can be summarized as follows:

� � = arg min
�

L task (x; y) + 
 � D(K task ; � ); (2)

where D represents the task-speci�c loss.
To achieve knowledge-enhanced small-scale PLMs through �ne-tuning, some approaches employed full �ne-tuning,

where knowledge was incorporated and all model parameters wereadjusted during training. For instance, K-
BERT [ 139], SemBERT [191], and KALA [ 140] integrated knowledge graphs into the PLM �ne-tuning process.
Compared to pre-training methods, these approaches signi�cantly reduced training costs while maintaining task
accuracy. ReasoningLM [141] proposed a subgraph-aware self-attention mechanism to simulate GNNs for structured
reasoning while enabling parameter-e�cient �ne-tuning of PLMs on d ownstream tasks. KnowLog [192] leveraged
abbreviations from public documentation and natural language descriptions of logs as local and global knowledge,
respectively, conducting �ne-tuning and evaluation across six di�erent log comprehension tasks. KPatch [142]
introduced a novel ZSSD-SM knowledge injection method to achieveknowledge compression and �ne-tuned small-
scale PLMs for dynamic adaptive knowledge enhancement. Additionally, Yu et al. [ 193] proposed using knowledge
generated by large language models to �ne-tune small-scale PLMs for knowledge enhancement.

Compared to full �ne-tuning, adapter-based knowledge enhancement for small-scale PLMs o�ers lower training
costs and greater 
exibility in deploying task-speci�c adapters. For di�erent types of injected knowledge, K-
ADAPTER [ 143] employed RoBERTa as the base pre-trained model and assigns a separate neural adapter to
each knowledge type. These adapters operated independently without information 
ow between them, enabling
e�cient distributed training of multiple adapters. ADELE [ 194] injected adapter layers into the original small-
scale PLM and updated only the adapter parameters using a carefully constructed corpus to achieve better gender
debiasing. PlugD [195] trained an adapter to control how the small-scale PLM processesdi�erent documents, while
SP-learning [196] proposed a prompt-based adapter that generated personalized prompts for each input example,
thereby enhancing the performance on downstream tasks.

By directly injecting knowledge through pre-training and �ne-tunin g, the fundamental knowledge capacity of
small-scale PLMs can be enhanced. This approach delivered stable performance improvements and a straightforward
implementation, yielding signi�cant gains in downstream tasks. However, it su�ers from several limitations: the
injected knowledge becomes �xed and di�cult to update dynamically, the adaptation to new domains requires
retraining, and the computational costs remain high.

In-execution enhancement. In-execution enhancement o�ers unique advantages by dynamically integrating
knowledge during model inference or intermediate processing stages. In-execution enhancement addresses two
critical limitations of conventional approaches: (1) pre-trained knowledge remains static after deployment, unable
to incorporate real-time dynamic updates, and (2) task-speci�c �ne-tuning often requires expensive retraining for
new knowledge domains.

E-BERT [ 159] and MapTuning [160] followed a similar approach by aligning the encoding of entities from external
knowledge bases with the embedding space of BERT-style PLMs. During inference, they injected dimension-aligned
entity embeddings into the input to achieve knowledge enhancement. QA-GNN [ 161] employed PLMs to estimate
the relevance of KG nodes to a given QA context, enabling joint reasoning by connecting the QA context and KG
into a uni�ed graph. Through graph neural networks, it dynamically updated its representations, realizing dynamic
knowledge enhancement during inference.

With the rise of prompt learning, several studies have explored knowledge enhancement via prompts during
inference. BAYESPROMPT [203] leveraged known distributions to approximate the debiased factual distribution
of the target domain, then uniformly sample representative features from this approximation to generate �nal
prompts for the small-scale PLM. KG-prompt [162] achieved 
exible knowledge enhancement for small-scale PLMs
by generating KG-based prompts and inserting them into the input.

Dynamically integrating knowledge during inference enables real-timedynamic updates without retraining, allow-
ing for context-aware and 
exible adaptation. However, this approach also faces several challenges and limitations:
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Table 3 Summary of explicit knowledge enhanced small-scale PLMs.

Method Advantages Limitations

Pre-execution

- Stable knowledge enhancement - Static knowledge (no updat es)

- Improves base representations - Retraining needed for new domains

- Consistent downstream gains - High computational cost

In-execution

- Real-time knowledge dynamic updates - Complex architectu re design

- Context-aware adaptation - E�ciency-performance tradeo �

- No model retraining - Limited by PLM capacity

Post-execution

- Flexible deployment - Output consistency issues

- Explainable corrections - Algorithm-dependent results

- Direct output modi�cation - No standard evaluation

complex architectural design, the need to balance e�ciency and e�ectiveness, and constraints imposed by the
capability of the model to process knowledge dynamically.

Post-execution enhancement. Post-execution knowledge enhancement o�ers a 
exible alternative to tradi-
tional knowledge integration methods by re�ning model outputs after inference rather than modifying the model
itself. This approach is particularly useful when dealing with rapidly evolving knowledge domains or scenarios where
knowledge needs to be updated dynamically and quickly without retraining the model. However, research in this
area is limited, mainly due to the technical challenges of maintaining output consistency while integrating external
knowledge, and the di�culty in developing e�cient post-processing f rameworks that do not a�ect inference speed.

KG-BART [ 183] enhanced knowledge by retrieving relevant triplets from knowledge graphs to serve as explana-
tions for the generated text during question answering, representing a knowledge-enhanced approach that combined
explanation generation and knowledge tracing for small-scale PLMs.Similarly, LogiQA [ 220] employed a logical
rule base to constrain and re�ne the answers produced by models such as LSTM and BERT, demonstrating another
form of post-inference knowledge enhancement.

By performing post-processing corrections on the outputs of small-scale PLM, this approach o�ered 
exible
deployment and strong interpretability while enabling faster model responses. However, it su�ered from several
drawbacks: inconsistent output quality, performance heavily dependent on algorithm design, and a lack of stan-
dardized evaluation metrics.

We summarize the advantages and limitations in Table3.

4.1.2 Explicit knowledge-enhanced large language models

With the rapid rise of LLMs, their powerful ability to generate and un derstand text has attracted extensive at-
tention. However, despite their excellent performance on variousgeneral tasks, LLMs still face several challenges
in knowledge-intensive applications, such as insu�cient knowledge, factual inaccuracies, and hallucinations. To
address these challenges, some studies have proposed �ne-tuning LLMs to enhance their performance on spe-
ci�c tasks. Previous surveys, such as [230, 231], have reviewed various �ne-tuning approaches, primarily focusing
on improving �ne-tuning strategies to achieve better task performance, including LoRA [232] and QLoRA [233].
In contrast, our review emphasizes better integration of explicit knowledge with LLMs, aiming to enhance their
capability in handling speci�c tasks by incorporating externally sourced knowledge. According to the stage at
which explicit knowledge participates in the model inference task, wesystematically categorize existing explicit
knowledge-enhanced LLM methods into three paradigms: pre-execution enhancement, in-execution enhancement,
and post-execution enhancement, as illustrated in Figure9. Next, we will provide a detailed discussion of each
paradigm.

Pre-execution enhancement. There are two signi�cant challenges in the knowledge enhancement of LLMs.
First, many high-performing large language models, such as GPT-4 [234] and Claude 3, remain closed-source, which
can only be accessed through API interfaces, making it di�cult for ordinary users to directly modify their insternal
architectures or parameters. Second, �ne-tuning open-source models such as LLaMa [224] and Qwen 2.5 [235], de-
spite allowing parameter adjustments, remains computationally expensive and resource-intensive. Consequently, the
current mainstream approach to knowledge-enhanced LLMs primarily relies on injecting relevant external knowledge
into the LLMs before they execute speci�c tasks through promptengineering techniques. This method leverages the
fundamental nature of LLMs, which model text based on the general probabilistic decomposition [236] as follows:

P(w1:T ) =
TY

i =1

P(wi jwi � 1; :::; w1); (3)
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Figure 9 (Color online) Overview of explicit knowledge-enhanced la rge language models.

where w1:T represents a token sequence within a piece of text. Eq. (3) indicates that the probability of generating
a text sequence can be calculated as the product of the probabilities of all the words before it, wherewi is the i -th
word and wi � 1; :::; w1 is the context before thei -th word.

In this paradigm, knowledge enhancement occurs through promptengineering rather than parameter modi�ca-
tion. The key to this approach is to design an e�ective prompt that combines task-speci�c queriesQ and relevant
information extracted from external knowledge sources, such as knowledge graphsG. The goal is a knowledge-
enhanced promptx that can integrate relevant external knowledge while preserving the original query intent. This
process can be expressed as follows:

x = Genprompt (Q; G): (4)

Given a large language modelM that processes the prompt x to generate a response, this process can be
represented as follows:

y = M (x) = M (p(Q; G)) : (5)

The probabilistic output is as follows:

P(yjx) =
yY

i =1

P(yi jy<i ; x); (6)

where y<i denotes the �rst i � 1 tokens of the output sequence.
The e�ectiveness of this approach is validated when Evaluation(M (p(Q; G))) > Evaluation( M (Q)), indicating

that the model's performance with knowledge-enhanced prompts exceeds its performance with the original query
alone.

A fundamental characteristic of pre-execution knowledge enhancement is the preservation of the architectural
integrity, expressed as� before

M = � after
M , where � M represents the parameter set of modelM .

Pre-execution enhancement method o�ers implementation simplicity while maintaining universal applicability
across diverse LLM architectures. Its adaptability to both open and closed-source models has established pre-
execution knowledge enhancement as a prominent research direction. This method does not require modi�cations
to the internal architecture or parameters of the models, maintaining their original integrity. Instead, it relies on well-
designed prompts to guide the LLMs in e�ectively leveraging external knowledge during inference and generation.
Due to their simplicity of implementation, strong universality, and com patibility with various architectures of LLMs,
pre-execution enhancement methods have garnered signi�cant attention in both research and practical applications.
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KnowGPT [ 144] augmented large language models by leveraging knowledge graphs to generate e�ective prompts
before they perform tasks. Unlike the hint framework that relies solely on hard hints to input the content of
KGs into LLMs, KnowGPT automatically selects the optimal knowledge extraction strategy and hint template
through a multi-armed bandit algorithm and then transforms the extracted knowledge into prompts suitable for
large language models to ensure their e�ectiveness. While KnowGPT improved prompt construction compared
to conventional methods, it still su�ers from LLMs' inherent sensitivity to prompts, where subtle variations can
lead to inconsistent results. RD-P [145] presented a trustworthy retrieving-and-discriminating prompt er, which
worked by obtaining inference paths relevant to the problem from the KG via a retriever before the LLMs perform
inference and evaluating the con�dence of these paths via a discriminator. Then, the trusted reasoning paths and
related graph node information obtained were used to construct the prompt, which was then input into the LLMs to
enhance their reasoning ability. However, its chain reasoning designstruggled with complex multi-branch reasoning
problems. KG-COT [146], proposed by Answering, combined LLMs and small step-by-step graph reasoning models,
and used KG to enhance the knowledge awareness ability of LLMs. Speci�cally, KG-CoT alleviated the reasoning
burden of LLMs by introducing a lightweight graph reasoning model and performing joint reasoning based on
knowledge graphs to generate explicit reasoning paths related to questions, and helped LLMs to generate answers
more e�ciently. However, this approach may produce misleading paths for complex, multi-hop reasoning tasks,
which can negatively impact the �nal answers.

In-execution enhancement. In-execution enhancement methods o�er a promising solution to the challenges
of pre-execution knowledge enhancement methods mentioned above. The core feature of in-execution knowledge
enhancement is deeply involved in the entire reasoning process, rather than being used only once at the beginning.
Some studies focus on exploring the process of dynamically and interactively accessing and exploiting external
knowledge [163{ 166]. For others, this enhancement is re
ected in the repeated involvement of LLMs in the knowledge
retrieval process, enabling them to gradually acquire and apply speci�c explicit knowledge step by step [167{ 169].
Whether through the designing of speci�c interaction mechanisms that enable real-time feedback and multiple
rounds of interaction or by allowing LLMs to actively participate in the early stages of knowledge retrieval, these
strategies have been shown to signi�cantly enhance model performance on complex reasoning tasks. Speci�cally,
according to the direction of information 
ow, in-execution knowledge-enhanced LLMs methods can be roughly
divided into two types: retrieval enhancement and interactive reasoning enhancement.

Retrieval enhancement.Retrieval-enhanced approaches focus on unidirectional information 
ow, that is, passing
information only from the KG to the LLMs. Although both these meth ods and pre-execution enhancement methods
ultimately provide a prompt for LLMs to generate answers, unlike pre-execution enhancement methods, which
focus on the design of the prompt, LLMs actively participate in the early knowledge retrieval during the enhanced
unidirectional information 
ow during execution. SimGRAG [ 167] dynamically generated schema graphs aligned
with query text. And the corresponding subgraphs in the knowledge graph were retrieved to enhance the generation
ability of the large language model. However, this approach heavily relied on the LLMs' ability to e�ectively
understand and follow instructions. KG-Rank [168] used medical knowledge graphs as external knowledge, and
medical triples related to the question were retrieved from them tocollect factual information. Then, the ranking
method was applied to optimize the order of these triples, aiming to improve the accuracy and reliability of medical
question answering. Although KG-Rank improved the answer qualitythrough the ranking method, these steps may
increase the computation time and resource consumption. RoG [169] proposed a planning, retrieval, and reasoning
framework. First, RoG generated relation paths based on a knowledge graph as a reasoning plan. These plans
were then used to retrieve relevant reasoning paths from the knowledge graph, which helped the LLMs to reason
plausibly and generate answers. However, when dealing with complextasks such as multi-hop question answering,
the accuracy of inference would be a�ected by the possible noise and irrelevant paths in the retrieval process of this
method.

Interactive reasoning enhancement. Di�erent from retrieval-enhanced methods, interactive reasoning methods
support bidirectional information 
ow and focus on multiple interact ion and feedback processes between the LLM
and external explicit knowledge. Some methods design specialized interfaces, which are used by LLMs to progres-
sively obtain relevant evidence from explicit knowledge and to gradually reason in multiple rounds of interaction
to �nally obtain the results [ 188]. Another interactive inference method focuses on exploiting a speci�c range of
knowledge using multiple rounds of interaction and feedback between the LLM and external explicit knowledge,
such as subgraphs or inference paths in KGs.

Li et al. [170] proposed a collaborative reasoning framework based on a knowledge graph and a large language
model. By dynamically retrieving and expanding the knowledge subgraph, it combined tacit knowledge for stepwise
reasoning so as to improve the performance of the model in complextasks. However, this method still faces
challenges when dealing with complex tasks, and its e�ect depends onthe quality of the KG and its matching
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degree with task requirements. In addition, the e�ectiveness of the method also depends on whether the LLMs can
accurately understand and strictly execute the instructions. CoTKR [ 171] was a CoT-based enhanced knowledge
rewriting method, which considered question-related subgraphs,generated content, and reasoning traces in the
knowledge rewriting process to improve the performance of the model in complex question answering. However,
the proposed framework relied on powerful LLMs of closed sources, and the data generated by these models might
contain noise that a�ects the performance of CoTKR. ToG [163] achieved knowledge enhancement of LLMs during
its execution by tightly integrating it with KG. ToG utilized the beam sea rch algorithm to dynamically explore
and select the reasoning path in the knowledge graph by iteratively calling LLMs, thereby improving the reasoning
accuracy of the model. Considering the possible time cost of interactive reasoning methods, another research in
this category focused on designing and optimizing reasoning paths on knowledge graphs, which we classify as path
planning-based methods. However, such work usually relies on the understanding of KG by LLM, which still has
uncertainties in determining the required information, the number of steps to extract the information, and the timing
of dynamic updates. In addition, interactive reasoning also introduces a huge computational overhead. Optimizing
computational overhead while enhancing processing power to ensure e�cient execution on complex problems is a
key concern for research in this area.

Paths-over-graph (PoG) [166] enabled trustworthy and interpretable reasoning by integrating KG and LLM.
Speci�cally, PoG employed a three-stage dynamic multi-hop path exploration strategy, allowing the model to dy-
namically explore multiple reasoning paths in the knowledge graph and e�ciently �nd answers relevant to the
question. During the exploration process, PoG utilized the graph structure for path pruning to eliminate irrelevant
or redundant paths, ensuring that the reserved paths are morerelevant and accurate. In addition, PoG also imple-
mented multi-entity deep path detection on the knowledge graph, enabling the large model to better understand
and answer complex questions.

Additionally, there are methods that incorporate veri�cation and e rror correction mechanisms into the interac-
tion process, which we refer to as veri�cation-based and error correction-based methods, respectively. R3 [172]
implemented veri�able commonsense knowledge graph question answering (KGQA) using LLMs by introducing
commonsense reasoning and knowledge graph-based veri�cation.By explicitly expressing the commonsense rea-
soning process, emphasizing the veri�cation of knowledge graph facts, and an iterative mechanism, R3 reduced
hallucinations and reasoning errors. PoG [165] proposed a self-correcting adaptive planning paradigm called PoG.
Through three mechanisms of Guidance, Memory, and Re
ection, LLMs dynamically adjust the exploration path
and self-correct errors during the reasoning process, so as to enhance the reasoning ability of LLMs on KG.

It is worth noting that iterative reasoning frameworks based on KG and LLMs often rely on the quality of the
knowledge graph. Considering the incompleteness of the knowledgegraph, GoG [164] proposed the generation-on-
graph (GoG) method, which views the LLM as the combination of an agent and a KG, and enhances knowledge
during execution through the thinking-search-generating framework. Speci�cally, LLMs decompose the problem in
the thinking phase, retrieve information from KG in the search phase, and generate new fact triples using internal
knowledge in the generation phase to cope with the incompleteness of the knowledge graph. This method can
e�ectively reduce the illusion phenomenon of LLMs caused by the incompleteness of knowledge.

Additionally, some methods employ both pre-execution and in-execution enhancements. However, this type of
multi-stage collaborative work mode may lead to e�ciency problems. Triad [147] used a multi-role LLM Agent:
G-Agent, D-Agent, and A-Agent to enhance the performance oflarge models in KBQA tasks before and during
execution. Kg-agent [148] proposed an autonomous agent framework KG-Agent based on aKG, which combines
small-scale LLMs (such as LIMA-7B with 7B parameters) and knowledge graphs. Through instruction �ne-tuning
and an autonomous reasoning mechanism, the model is able to retrieve information from the KG in real-time
according to task requirements. KG-Agent designed a frameworkthat includes a multifunctional toolbox, KG ac-
tuators, and knowledge memory, which supports the model in dynamically updating context and invoking tools
during reasoning, thereby enabling autonomous decision-making and multi-step reasoning for complex tasks. Rule-
KBQA [ 150] proposed an induction-deduction two-stage framework. The learning rules were used to guide the
generation of logical forms. In the induction phase, Rule-KBQA built a comprehensive rule base by mining rules
in existing data and generating additional rules by leveraging a large language model �ne-tuned for rule-following
(RFFT). In the deduction phase, Rule-KBQA utilized symbolic agents to reason step by step and generated exe-
cutable logical forms based on retrieved relevant rules.

Post-execution enhancement. Post-execution knowledge enhancement methods focus on optimizing the re-
sults by knowledge veri�cation or correction after LLMs preliminary inference. This type of method usually serves
as a complement to pre-execution or in-execution enhancements to form a complete knowledge enhancement frame-
work. The core idea is to verify the model output with the trusted knowledge source, correct possible errors or
illusions, and further improve the output quality. Post-execution enhancement is particularly suitable for appli-
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Table 4 Summary of explicit knowledge enhanced LLMs.

Method Advantages Limitations

Pre-execution

- Simple 
exible deployment - High prompt sensitivity

- Strong versatility and scalability - Fixed reasoning path s

- Low implementation cost - Low knowledge utilization e�cie ncy

In-execution

- Dynamic interactive knowledge access - High system comple xity

- Adaptive reasoning path adjustment - Large computational resource

- Real-time feedback mechanisms - instruction following de pendency

Post-execution

- Reliable veri�cation and correction - Dependency veri�ca tion knowledge

- Decoupled from reasoning process - Lacks generative 
exib ility

- Easy framework integration - Increases processing time ov erhead

cation scenarios where accuracy is extremely critical. Knowledge veri�cation and error correction are the basic
technical routes of post-execution knowledge enhancement. Speci�cally, KB-BINDER [ 149] proposed a technical
framework that can be classi�ed into two strategies: pre-execution and post-execution. KB-BINDER �rst used
some exemplars to assist the LLM enhancement in a few-shot manner, such as Codex, to generate a draft of the
problem. Then, by matching with the knowledge base, KB-BINDER mapped the preliminary logical form generated
by the LLM to the actual knowledge base as executable content, but the performance of KB-BINDER depends on
the quality of the selected examples as well as the preliminary generated logical form. ChatKBQA [ 173] proposed
a generation-retrieval framework that utilizes �ne-tuned LLMs f or semantic parsing in the generation phase to
transform natural language questions into executable logical forms. In the retrieval stage, the related entities and
relations were retrieved from the knowledge base by an unsupervised retrieval method to support the subsequent
query execution. However, the approach currently has limited support for various graph query languages.

The advantages and limitations are summarized in Table4.

4.2 Explicit knowledge-enhanced multimodal models

With the growing diversity of data modalities, multimodal models have seen rapid advancement. Owing to their
ability to jointly process and semantically align heterogeneous data streams (e.g., text, visual, and auditory modes),
multimodal models have emerged as a transformative paradigm in computational intelligence research over the past
decade. By simultaneously integrating multiple data modalities, thesemodels can extract more comprehensive
and enriched feature representations. However, in practical applications, multimodal models still exhibit two key
shortcomings that can be addressed through knowledge enhancement. First, the richness of modalities is often
limited, necessitating external knowledge to �ll informational gaps and reduce overreliance on sparse or imbalanced
datasets. Second, multimodal models are frequently deployed in complex scenarios, requiring external knowledge for
reasoning so as to better capture cross-modal associations andrelationships, thereby improving the understanding
of abstract concepts, implicit semantics, or underlying mechanisms. Therefore, by incorporating explicit knowl-
edge representations, the performance of multimodal models in cross-modal reasoning tasks can be substantially
improved.

Traditionally, multimodal learning focuses on learning joint representations from heterogeneous data sources.
Given an input set X = f x(1) ; x(2) ; : : : ; x(M ) g from M modalities, models aim to learn a functionf � that projects
multimodal inputs into a uni�ed semantic space to support downstream tasks:

min
�

L task
�
f � (X )

�
: (7)

This data-driven approach relies on large-scale multimodal corporato capture statistical correlations between
modalities. However, such models often struggle with semantic ambiguity, lack of contextual reasoning, and
poor generalization in knowledge-intensive or domain-speci�c scenarios. To address these limitations, knowledge-
enhanced multimodal models introduce external knowledgeK|such as knowledge graphs, ontologies, or rule bases|
into the learning process. These knowledge sources provide high-level semantics, explicit entity and relation infor-
mation, and commonsense priors that help guide representation learning and improve model interpretability. As a
result, the learning objective is extended as

min
�

L task
�
f � (X )

�
+ � L know

�
f � (X ); K

�
; (8)

whereL know encourages the learned representation to be consistent with external knowledge, serving as a semantic
regularizer. The integration of K enhances the model's ability to resolve ambiguous references, perform complex
reasoning, and generalize to unseen or low-resource scenarios.
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Figure 10 (Color online) Overview of explicit knowledge-enhanced mu ltimodal models.

The synergistic combination of data-driven representation learning with symbolic knowledge injection enables
models to transcend the constraints of purely data-driven approaches and achieve superior performance in open-
domain multimodal understanding challenges. The emergence of MMKGs has further catalyzed the development of
knowledge-enhanced multimodal AI [25, 237, 238]. MMKGs explicitly encode heterogeneous modalities (e.g., text,
images, audio) and their semantic relationships into structured entities and relations, enabling models to leverage
cross-modal associations for robust reasoning.

Following the above architecture, we also systematically categorizeexisting explicit knowledge-enhanced LLM
methods into three paradigms: pre-execution enhancement, in-execution enhancement, and post-execution enhance-
ment. Next, we will provide an overview of each of them individually.

4.2.1 Pre-execution enhancement

Pre-execution knowledge enhancement is a technique that integrates external knowledge into a model prior to the
fusion of multiple modalities. This approach typically involves embeddingprior knowledge, such as structured facts
from knowledge graphs, pre-extracted semantic features, or domain-speci�c annotations, into the input represen-
tations or the model architecture itself. By introducing such contextual information at an early stage, the model
gains a deeper understanding of the data, thereby improving its capacity to perform complex tasks. This strategy
is especially e�ective in multimodal scenarios, where the alignment andinteraction between di�erent modalities
(e.g., visual and textual data) are critical for optimal performance. Mainstream pre-execution knowledge-enhanced
multimodal can be divided into two main categories: pre-training and input enhancement.

Pre-training enhancement. During the multimodal pretraining process [234, 239, 240], as shown in Figure10(a),
incorporating external knowledge signi�cantly enhances the model's ability to capture rich semantic relationships
and �ne-grained features across modalities. By leveraging structured knowledge, the model can establish explicit
logical connections between modalities, such as aligning visual objects with their semantic categories (e.g., \dog"
as a mammal) or linking actions in videos to their contextual implications (e.g., \running" implies motion). This
knowledge integration enforces semantic consistency across modalities, enabling the model to discern subtle distinc-
tions (e.g., distinguishing between similar objects or contextual relationships) and generalize to unseen scenarios by
grounding its representations in prior domain-speci�c or commonsense constraints. Furthermore, knowledge-infused
pretraining facilitates specialized applications in vertical domains (e.g., medical imaging [241,242], domain-content
analysis [243]) by embedding task-relevant constraints (e.g., medical diagnosticstandards or legal terminology) into
the model's cross-modal reasoning process, thereby improving itsaccuracy and reliability in domain-speci�c tasks.
Such an approach bridges the gap between raw sensory inputs andhigh-level semantic understanding, fostering
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robust and interpretable multimodal representations that extend beyond surface-level feature correlations.
Knowledge-CLIP [244] proposed a knowledge-enhanced extension of the popular CLIP model, which incorpo-

rated knowledge-based pre-training objectives using diverse knowledge graphs to inject structured semantic in-
formation, enabling more robust semantic alignment between visualand linguistic representations and improving
cross-modal reasoning capabilities. This approach has also spurred a signi�cant amount of related research among
researchers [245{ 247]. In contrast, REAVL [ 248] tackled this challenge by introducing a dynamic, retrieval-driven
framework that explicitly models the interaction between multimodal data and external knowledge. Speci�cally,
REAVL leveraged a retrieval mechanism to dynamically fetch task-relevant contextualized knowledge (e.g., textual
explanations, visual references) and integrated it with input multimodal features through a modular architecture,
improving both accuracy and interpretability in downstream tasks. Meanwhile, RA-BLIP [ 249] further advanced
this direction by proposing a retrieval-augmented bootstrapping language-image pretraining method, which in-
corporated techniques analogous to retrieval-augmented language models (REAL) into multimodal large language
models (MLLMs) to dynamically integrate contextualized knowledge while addressing redundancy and noise in
multimodal data. Recently, UKnow [ 250] proposed a uni�ed knowledge protocol that provided a systematic frame-
work for knowledge-based research from a data-centric perspective. Speci�cally addressing visual and linguistic
modalities, UKnow categorized multimodal knowledge into �ve distinct unit types: in-image, in-text, cross-image,
cross-text, and image-text interactions. Furthermore, it established an e�cient computational pipeline to enable the
automated construction of multimodal KGs from arbitrary data co llections, thereby bridging heterogeneous infor-
mation sources for structured representation and analysis. Uknow provided a novel vision to knowledge-enhanced
multimodal pretraining.

Input enhancement. In multimodal applications, pre-execution knowledge enhancementoften involves enriching
visual or textual inputs with aligned entity embeddings, concept tags, or commonsense priors. This enables the
model to establish more informative cross-modal alignments from the outset, allowing for better understanding and
interpretation of the input data. The integration of prior knowledg e into the model in this manner is particularly
bene�cial for tasks requiring grounded understanding, such as visual question answering, image-text matching, and
other scenarios where the model needs to make connections between di�erent types of input.

Most methods for pre-execution knowledge enhancement during the input stage treat knowledge as a separate
modality [151, 152]. In this way, knowledge is encoded using specialized encoders, suchas graph neural networks
(GNN) or graph-transformer, which are capable of capturing the complex relationships and structural features
within the knowledge graph or prior information. The encoded knowledge vectors are then concatenated with
features from other modalities, such as visual or textual data, to form a uni�ed feature representation. This
concatenation enables the model to integrate knowledge from di�erent sources, ensuring that prior knowledge is
e�ectively combined with information from other modalities. The �nal step involves feeding this uni�ed feature
representation into the reasoning layer, where the enhanced knowledge aids in making more informed decisions and
improving overall model performance in multimodal tasks.

Furthermore, such research leverages the original input to retrieve information from a knowledge base, thereby
obtaining more enriched inputs and enhancing semantic richness [153]. KTIR [ 154] addressed ambiguity in short
titles by mining and integrating domain-speci�c knowledge from external graphs to enhance remote sensing text
image retrieval, extend query text semantics, and bridge the gap between text description and visual content.
KMRec [155] overcame the limitations of purely personalized news interactions by explicitly incorporating semantic
relationships and cross-topic connections through knowledge graph-based entity modeling, thereby capturing the
multi-topic interests of users and providing a more nuanced understanding of user preferences.

Another typical type of pre-execution input enhancement method is infusing knowledge into MLLMs. With the
advancement of MLLMs, knowledge-enhanced multimodal reasoning methods have witnessed signi�cant progress.
As in Section4.1.2, which reviews techniques for knowledge-enhanced large languagemodels, numerous studies have
also explored methods for enhancing multimodal large language models with external knowledge. MR-MKG [156]
integrated structured knowledge from MMKGs prior to LLM input, p roviding richer semantic grounding across
modalities and improving contextual understanding as well as reasoning performance. KECPM [197] improved the
extraction of entities and relations from multimodal data by dynamically formulating prompts and incorporating
supplementary knowledge from MLLMs, which addressed the limitations of existing few-shot learning methods. Lin
et al. [198] introduced �ne-grained external visual knowledge into MLLMs via visual prompts inspired by RAG,
embedding instance-level data (e.g., segmentation masks, OCR outputs) directly into spatial embeddings. This
method enabled more direct and precise grounding of detailed visualcontent. KAM-CoT [ 157] integrated CoT
reasoning with external KGs for multimodal tasks through a two-stage KG-grounded training process, resulting in
more accurate rationales and answers while signi�cantly reducing hallucinations in multimodal tasks.

Despite the performance improvements achieved through early-stage knowledge integration, these pre-execution
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methods generally share several limitations: the injected knowledge is static and task-agnostic, often leading to
limited adaptability when confronted with dynamically evolving inputs or novel scenarios.

4.2.2 In-execution enhancement

In-execution knowledge enhancement refers to the dynamic integration of external knowledge sources during model
inference, enabling AI systems to adapt to evolving contexts, real-time data, or domain-speci�c requirements. Unlike
static pretraining approaches that embed �xed knowledge into models, in-execution knowledge enhancement allows
systems to query and utilize external databases, knowledge graphs, or contextual information on the 
y, thereby
addressing limitations such as outdated facts, insu�cient domain expertise, or lack of situational awareness.

In-execution knowledge enhancement has emerged as a critical solution for tasks requiring contextually aware,
accurate, or up-to-date outputs, particularly in scenarios where knowledge is rapidly evolving or task-speci�c. The
typical tasks include vision question-answer (VQA), video summarization, and machine translation.

Knowledge-enhanced VQA [174, 176] is one of the most popular and essential multimodal tasks, as incorporat-
ing external knowledge bases and domain-speci�c reasoning signi�cantly enhances the model's ability to bridge
visual context with linguistic semantics, enabling it to tackle complex questions requiring common sense, causal
inference, and cross-modal co-referencing which pure vision-language models struggle with. IKIR [251] signi�cantly
enhanced VQA by explicitly modeling and leveraging inferential knowledge|latent semantic insights derived from
linguistic inputs (e.g., dialogues, captions) to uncover implicit causal relationships, mental states, and logical event
correlations. Similarly, KVQAE [ 177] addressed named-entity visual QA by bridging visual content with external
knowledge bases. By leveraging graph convolutional networks, KVQAE jointly modeled contextual embeddings
and graph-based entity relationships, enabling more accurate retrieval and reasoning about diverse entity types
across modalities. MMV [175] proposed a multimodal validation and domain interaction learning framework for
knowledge-based visual question answering (KB-VQA) to selectively control the interaction between visual regions
and knowledge facts.

As for video summarization, KAMV [ 204] introduced a pioneering framework that leverages external knowledge
bases to enhance video summarization by explicitly integrating multidimensional knowledge. By designing a hybrid
knowledge encoder that combines generation and retrieval methods, KAMV captured both explicit event descriptions
and implicit relationships between entities in the video, mimicking human-like contextual reasoning. This knowledge-
infused representation was then fused with visual and audio features through a cross-modal interaction module,
dynamically prioritizing frames critical to the summary. Building on this foundation, their subsequent work,
KAMN [ 205], further extended the knowledge-aware paradigm by incorporating a�ective analysis from knowledge
bases to re�ne frame-level representations. KAMN also introduced robust training mechanisms that operated in
both supervised and unsupervised modes while maintaining a strong emphasis on integrating explicit content, latent
context, and cross-modal cues. In addition, there are many similar studies about knowledge dynamically enhanced
video summarization models [205,206].

Additionally, numerous other novel studies utilize knowledge enhancement dynamically during inference. Zheng
et al. [178] proposed a knowledge-enhanced multimodal transformer framework for image-text retrieval, integrating
prior knowledge from a multimodal knowledge graph into a uni�ed framework, which constructed semantic and
spatial graphs for images and text graphs for sentences, and it performed intra-modal reasoning to re�ne repre-
sentations. KEMoS [179] leveraged a three-layer meeting knowledge graph and topic-based hierarchical clustering
for knowledge-enhanced multimodal summarization. Employing cross-modal encoding with graph embeddings and
topic-guided decoding addresses semantic drift and harnesses structured knowledge. Gao et al. [180] integrated
large-scale open knowledge graphs into a uni�ed vision-language framework for multimodal fake news detection,
linking textual entities, image objects, and knowledge-driven connections. Moreover, LION [207] injected both
�ne-grained spatial and high-level semantic visual information into MLLMs, progressively incorporating region-
level information via a vision aggregator and stage-wise instructiontuning while introducing high-level semantics
through soft prompting with learnable tokens based on image tags.

While in-execution enhancement enables real-time knowledge retrieval and adaptive reasoning, these approaches
also present challenges, including increased computational cost, potential retrieval latency, and high sensitivity to
the precision of knowledge alignment.

4.2.3 Post-execution enhancement

Post-execution knowledge enhancement refers to the utilization of external knowledge after the initial output is
generated, serving to decision-making, re�ning, verifying, or re-ranking results.
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Table 5 Summary of explicit knowledge enhanced multimodal models.

Method Advantages Limitations

Pre-execution

- Improves early semantic alignment - Static knowledge; lac ks adaptability

- Enables domain-aware pretraining - Limited response to co ntext shifts

- Enhances generalization - Fixed representation space

In-execution

- Enables dynamic knowledge access - High runtime complexit y

- Enhances context-aware reasoning - Sensitive to retrieva l quality

- Facilitates �ne-grained integration - Facilitates �ne-g rained integration

Post-execution

- Supports output re�nement - Limited in
uence on core reaso ning

- Decoupled from model design - Relies on auxiliary input

- Improves factual consistency - May increase inference lat ency

There is not particularly extensive research about post-execution knowledge enhancement multimodal learning,
but there are several studies that inspire the research. SKEAFN[184] integrated external sentiment knowledge into
text features to improve emotion modeling, and dynamically merged modality-speci�c and knowledge-enhanced
representations by aligning text with visual or audio modalities through attention-driven interaction and knowledge-
guided fusion. MERL [185] addressed the limitations of ECG self-supervised learning by integrating ECG signals
with clinical reports to enable zero-shot classi�cation via text prompts, eliminating the need for task-speci�c training
data. To enhance clinical decision-making, it also uses CKEPE (clinicalknowledge enhanced prompt engineering),
which queries large language models with expert-veri�ed clinical databases to generate knowledge-informed prompts.
ProSurv [186] utilized knowledge to guide the fusion of features in the output layer to address the critical challenge
of survival prediction in clinical scenarios where only unimodal data are available.

Compared to other paradigms, post-execution enhancement is relatively lightweight and modular. However, it
operates after the core reasoning process, making it less capableof correcting deeply embedded errors in early-stage
fusion or decision paths. Furthermore, the success of such methods often hinges on the availability and quality of
external veri�cation resources.

To provide a concise comparison across the three paradigms, we summarize their respective strengths and limi-
tations in Table 5. This comparison highlights the trade-o�s among static knowledge injection, dynamic reasoning,
and post-hoc correction strategies, o�ering guidance for selecting suitable paradigms under di�erent task settings.

4.3 Explicit knowledge-enhanced time-series models

With the proliferation of sensor networks, IoT devices, and continuous data streams, time-series models are becoming
increasingly important in real-world applications, which are playing a critical role in enabling systems to dynamically
adapt to evolving temporal patterns and contextual changes. Although all time-series models take input data with
explicit temporal characteristics and analytical value, the types of models vary depending on the speci�c time series
analysis tasks they are designed to perform. Consequently, the types of explicit knowledge required for knowledge
enhancement also di�er across di�erent categories of time series analysis. Before delving into how to enhance the
time-series models with external explicit knowledge, it is necessary to �rst understand what kinds of time series
data and tasks are involved. Before introducing speci�c explicit knowledge enhancement methods, we introduce
commonly discussed types of time series.

Depending on whether the input time series contains spatial information, it can be mainly classi�ed into standard
time series, which lack such spatial attributes, and spatial time series, which incorporate spatial relationships.
Moreover, a temporal knowledge graph and any data given in chronological order can also be seen as a time series,
as shown in Figure11.

Standard time series. A standard time series is typically de�ned as an ordered sequence ofdata points ar-
ranged according to the time of their occurrence. For instance, acity's meteorological data, such as temperature,
precipitation, and sunshine intensity, can be organized chronologically by date, forming a standard time series
that describes the city's weather patterns over time. Mathematically, a standard time series can be de�ned as
X = f x1; x2; : : : ; xT g 2 RN � T , where N represents the amount of variables andT denotes the number of times-
tamps. Here, x i = f x i; 1; x i; 2; : : : ; x i;N g> 2 RN � 1 corresponds to the observations of allN variables at the i th
timestamp. The value x i;j denotes the observed value of thej th variable at the i th timestamp. Notably, when
N = 1, X is a univariate time series, and whenN > 1, X is a multivariate time series.

Spatial time series. Standard time series do not account for the topological relationships between variables (also
known as channels). However, in real-world scenarios, sensors often exhibit certain spatial topological structures. For
instance, in tra�c 
ow prediction, sensors naturally possess a topological relationship based on the underlying road
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Figure 11 (Color online) Di�erent kinds of time series.

network. A high tra�c 
ow at one intersection often indicates that adjacent intersections are likely to experience
similar congestion. By explicitly incorporating the spatial topological structure among sensors, more accurate and
insightful analysis results can be achieved. A spatial time series (orspatio-temporal graph) can be de�ned as
G = fG1; G2; : : : ; GT g, where T represents the number of timestamps. Here,Gi = ( Vi ; Ei ) denotes the observations
at the i th timestamp, with Vi representing the set of nodes (e.g., sensors or locations) andEi representing the set of
edges (e.g., connections or relationships) at that timestamp. This formulation captures both the temporal dynamics
and the spatial topology of the data, enabling a richer representation for analysis.

Temporal knowledge graph.A TKG extends the conventional knowledge graph by explicitly incorporating tem-
poral dynamics, capturing how entities and their relationships evolve over time. Unlike static knowledge graphs
that assume time-invariant facts, TKGs represent time-sensitiveassertions, such as \Person A worked at Company
X from 2010 to 2015" or \Event Y occurred in Location Z during Perio d W". Formally, a temporal knowledge
graph can be de�ned asT = f (s; r; o; t) j s; o 2 E; r 2 R ; t 2 Tsg, where E denotes the set of entities,R denotes the
set of relation types, andTs denotes the temporal domain (e.g., discrete timestamps or continuous time intervals).
Each quadruple (s; r; o; t) signi�es that a relation r between entities s (subject) and o (object) holds at time t.
The temporal dimension t can be represented at varying granularities (e.g., seconds, days,years) depending on
the application. TKGs enable reasoning over time-dependent facts, such as predicting future relations or inferring
missing temporal links, and are critical for applications like event forecasting, dynamic recommendation systems,
and historical analysis.

Other forms of time series. Beyond numerical or graph-structured data, time series can encompass complex
modalities and heterogeneous structures, such as human motion trajectories, event sequences, multimodal streams
(e.g., videos), and textual sequences (e.g., news timelines).

Most time-series models are purely data-driven, such as LSTM, CNN, MLP, and Transformer. These models
perform time series analysis by automatically learning spatial dependencies (i.e., relationships between variables)
and temporal dependencies (i.e., relationships within variables) fromhistorical data. However, time series data
typically exhibits strong regularities and is closely linked to existing natural laws, formulas, and axioms. Integrating
additional information, particularly domain knowledge related to the se dependencies, can further enhance model
performance. This is especially critical in small-sample scenarios with limited data, where purely data-driven
methods are prone to learning spurious dependencies and over�tting. By integrating prior knowledge, these issues
can be e�ectively mitigated, leading to more robust and reliable models.

Incorporating external prior knowledge into time-series analysis models is often closely tied to speci�c tasks,
necessitating di�erent knowledge enhancement strategies tailored to the unique requirements of each task. For
instance, in stock price forecasting, it is crucial to account for the in
uence of external factors such as news events
on a company's stock performance. In tra�c 
ow forecasting, inc orporating the spatial topological relationships
among di�erent sensors can help constrain the network more e�ectively. Furthermore, when forecasting climate
dynamics, data must adhere to the constraints imposed by certaindi�erential equations to accurately re
ect real-
world climate processes. Di�erent knowledge enhancement methods are typically tied to the stage at which the
model and external knowledge interact. Similar to language models and multimodal models, we categorize existing
methods based on the point in the inference process at which knowledge is incorporated, dividing them into three
primary stages: pre-execution enhancement, in-execution enhancement, and post-execution enhancement.

Brie
y, there exist several approaches applying knowledge-enhanced time series. Four commonly adopted paradigms
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Figure 12 (Color online) Overview of explicit knowledge-enhanced ti me-series models.

are shown in Figure12.

4.3.1 Pre-execution enhancement

By injecting prior knowledge at the input stage, external knowledge can be integrated into the model context from
the very beginning, e�ectively reducing the risk of over�tting to no ise or irrelevant features. Moreover, these meth-
ods also do not require modi�cations to the internal structure of models, providing strong portability and 
exibility,
which is particularly advantageous in resource-constrained environments. A common pre-execution enhancement
strategy for time-series models involves integrating external knowledge into the backend model alongside the original
time series data. However, given that external knowledge often di�ers in modality from time series data, leveraging
the multimodal capabilities of large models has emerged as a key focusof contemporary research. PromptGAT [219]
enhanced the grounded action transformation framework in reinforcement learning by incorporating auxiliary in-
formation such as weather conditions, road types, and tra�c states into a large language model, enabling the
construction of detailed road condition representations. Similarly,FNSPID [101] developed a �nancial dataset that
combines stock price data with �nancial news. By employing a large model to quantify the sentiment of �nancial
news into numerical scores, this approach facilitated downstreamprocessing. In another study, K-Link [158] utilized
a large language model to reduce bias in sensor correlation modeling under limited sample scenarios, ensuring robust
feature representation for downstream tasks. Additionally, AutoTimes [209] introduced an alignment strategy that
associates textual descriptions with numerical time series data ateach time step. For example, labeling a time
step as \Warning" highlights potential system anomalies, allowing the model to e�ectively utilize text-based prior
knowledge. Furthermore, UniTime [210] concatenated domain-speci�c embeddings with time series embeddings be-
fore feeding them into the model, thereby improving cross-domain generalizability. These methods, based on large
language models, can introduce knowledge from other modalities, thereby enhancing various time series analysis
tasks. However, compared with traditional models, the applicationcost of large language models is much higher.
In addition, how to e�ectively align time series data with other modal d ata is also a di�cult problem that needs to
be solved.

While large models are widely used to process both knowledge and time series data, traditional models remain
advantageous when knowledge is provided in numerical form, o�ering higher computational e�ciency. For example,
GLAFF [ 211] employed timestamp information as a constraint to guide seasonaltrend analysis. Although timestamp
information is not important in all cases, for data with strong period icity, this method is a simple and e�ective way
to provide periodic information.

Historical time series data itself can serve as a valuable source of knowledge to enhance model performance.



Li X-Y , et al. Sci China Inf Sci April 2026, Vol. 69, Iss. 4, 141101:27

By constructing a historical time series database, relevant patterns can be retrieved using knowledge-enhanced
techniques to support analysis. TableTime [199] utilized neighbor retrieval to identify related time series segments,
thereby improving the model's contextual understanding. AlphaFin [200] �ne-tuned StockGPT, a large �nancial
model, and built a vector database from diverse documents. The model was then augmented using RAG to provide
investors with answers to a wide range of queries. TimeRAF [201] extracted domain-speci�c information from a
knowledge base, enabling the model to di�erentiate between domains and enhance its versatility across downstream
tasks. RATD [202] retrieved historical reference data from an external knowledge base to improve prediction
accuracy for time series data under distribution shifts. Beyond RAG-based methods, some studies have directly
embedded historical time series information into the model. For instance, DGTFAD [ 212] used abnormal curves
as convolutional kernels, computing similarity scores between inputdata and these curves through convolution
operations. The backend classi�er then categorized inputs basedon these similarity scores, completing anomaly
detection tasks. These historical data-based methods can provide good reference information while the time series
pattern is consistent, and usually guarantee performance improvement.

External rules can also be incorporated as constraints to ensurethe model produces reasonable and interpretable
results. ChatTime [213], a general-purpose time series model, improved the understandingof time series data
by prompting domain-speci�c information in the input and explicitly de� ning the input-output range. Similarly,
CAP [214] proposed a rule-mining framework that enhances interpretability in time series analysis, providing clear
explanations for model predictions. Rule-based methods can ensure that the model produces reasonable outputs,
but the rules are usually highly empirical and require experts from di�erent �elds to set in order to obtain good
results.

4.3.2 In-execution enhancement

In-execution knowledge enhancement enables multi-round interaction and dynamic utilization of external knowledge
throughout the inference process, closely aligning with the characteristics of time-series models. For some time-series
inputs, di�erent phases often require distinct knowledge. If knowledge is injected only once during the pre-execution
stage, the model may misapply or overly rely on it, leading to inaccurate results. In contrast, 
exibly incorporating
knowledge during the in-execution stage allows the model to continuously update, retrieve, and leverage relevant
external knowledge at each step of inference, thereby adaptingmore e�ectively to evolving temporal contexts. In
practice, in-execution knowledge-enhanced time-series models typically integrate spatiotemporal graphs, partial
di�erential relations, and rules as external prior knowledge. Next, we will discuss how each of the three forms of
explicit knowledge can be utilized to enhance time-series models.

Spatio-temporal graphs can capture the dependencies betweenvariables to enhance the model. This enhances
the reasoning ability by enabling dynamic referencing or updating of the spatiotemporal graph based on the current
inference state, changes in data distribution, or speci�c task requirements. Such a strategy not only ensures
temporal consistency but also fully exploits the prior structures embedded in external knowledge. As a result,
models can more accurately capture the interplay among variables incomplex network scenarios and signi�cantly
improve reliability and interpretability when dealing with long sequences or high-dimensional data. Compared to
methods that embed external knowledge only at the input stage, in-execution techniques allow for greater 
exibility
and feedback during the inference process, thus reducing reliance on static priors and avoiding potential bias
from outdated or incomplete information. Moreover, spatiotemporal graphs can continually track and dynamically
update the features of nodes and edges|such as tra�c 
ow, wea ther conditions, and unexpected events|enabling
the model to make precise and timely predictions in dynamic environments. For instance, in tra�c 
ow data,
sensors are typically interconnected according to the road network topology. Similarly, news events can in
uence
the stock prices of companies mentioned in the reports. PKET-GCN[181] constructed a prior knowledge graph to
extract complex spatial-temporal correlations among sensor nodes. During execution, both the knowledge graph
and the input time series were utilized to extract dynamic spatial features, thereby enhancing tra�c 
ow prediction
accuracy. Kirschstein et al. [182] incorporated river topology as prior knowledge, ensuring that the backend model
could transfer information based on this topological relationship topredict 
oods more e�ectively. MAGNN [ 100]
introduced a multimodal GNN. Multiple modal inputs, such as news, events, and market data, were embedded into
a heterogeneous graph using an intra-modality graph attention layer. Subsequently, inter-modality source attention
was employed to perform graph reasoning, yielding predictions for the target node. The model has been rigorously
validated on relevant �nancial datasets.

In addition to leveraging prior knowledge graphs, physical knowledge derived from partial di�erential relations
within the data can also serve as a foundation for model enhancement. Partial di�erential relations are commonly
employed to describe the dynamic behavior of continuous variables inthe physical world, providing a more precise
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Table 6 Summary of explicit knowledge enhanced time-series models .

Method Advantages Limitations

Pre-execution

- Multimodal capabilities - High cost of LLMs

- Portability and 
exibility - Distribution shift problem o f RAGs

- Multi-domain versatility - Highly empirical rules

In-execution

- Priori variate-wise dependence - Versatility limitation across domains

- Physical meaningfulness - Complex model design

- Interpretability and explainability - Sensitivity to pri or knowledge

Post-execution

- Robustness of knowledge - Less exploration

- Trustable output - Extra computational cost

- Retrieval process optimization - Reliance to knowledge qu ality

characterization of core constraints and evolutionary patternsin speci�c systems. The physical priors introduced by
partial di�erential relations yield more interpretable model archite ctures for complex spatiotemporal interactions,
and they also facilitate the convergence of model parameters to physically meaningful solutions during training. By
incorporating partial di�erential relations as physical constraint s in time-series analysis, models can better align
inference outcomes with real-world processes while enhancing bothaccuracy and robustness, thus achieving more
generalizable and interpretable predictions. ClimODE [215] modeled precise weather evolution by incorporating
value-conserving dynamics based on continuous-time partial di�erential equations. Air-DualODE [ 216] integrated
geospatial maps into physics-based dynamics, utilizing open-system physical equations to capture spatiotemporal
dependencies. STDDE [217] proposed a uni�ed delayed di�erential equation framework that explicitly incorporates
delay e�ects and continuity, simulating the time delay in spatial inform ation propagation. This approach signi�-
cantly improved the accuracy of tra�c 
ow prediction. These PDE- based methods have been widely used in the
meteorological �eld. However, in other industries, it is di�cult to �nd a reasonable PDE, which limits the versatility
of this method.

Beyond model enhancement based on partial di�erential relations, rule-based model enhancement can also be
employed. These methods leverage prede�ned rules or logical constraints to guide the execution of models. Rules
can reduce over�tting to spurious data patterns, increase interpretability, and ensure compliance with regulatory
or safety requirements. KENN [218] primarily used various rules or statistical models from a knowledge base to
generate a coarse-grained output, while deep neural networks were applied to �t the residual components.

4.3.3 Post-execution enhancement

Currently, post-execution enhancement methods remain less prevalent in time-series models.
In [208], a knowledge-enhanced retrieval approach was employed to extract task-relevant news and other external

knowledge from a knowledge base. This information was then processed using a large language model for question-
answering purposes. In the post-execution phase, an evaluationagent is utilized to assess the quality of the results,
providing continuous feedback that helps re�ne and optimize the retrieval process.

In summary, the advantages and limitations are shown in Table6.

4.4 Explicit knowledge enhancement: paradigms and challen ges

Through the above discussion, although di�erent model architectures and tasks vary considerably, most explicit
knowledge enhancement methods share certain commonalities. In this section, we will summarize their core tech-
nologies and common challenges, aiming to provide guidance for selecting appropriate knowledge enhancement
strategies in practical scenarios. Consistent with our previous discussion, we organize our summary according to
three stages of model execution: pre-execution, in-execution,and post-execution enhancement.

Pre-execution enhancementrefers to the injection of explicit knowledge before model execution begins. Its no-
table advantages lie in its simplicity of implementation and compatibility wit h closed-source models or models
with limited computational resources. This approach typically includes strategies such as knowledge pre-training,
prompt engineering, and knowledge concatenation, and other techniques that e�ectively enhance the domain aware-
ness capabilities and semantic understanding by introducing task-relevant knowledge before inference. Speci�cally,
knowledge pre-training enhances model parameters by systematically incorporating explicit knowledge during the
pre-training phase, enabling the model to develop richer knowledgerepresentation capabilities. Prompt engineer-
ing guides explicit knowledge e�ectively into the reasoning process through carefully designed prompt templates.
Meanwhile, knowledge concatenation directly appends relevant knowledge to the user input, allowing the model to
reference this information in real-time for decision-making during inference.
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Despite advantages such as low implementation cost, strong generality, and ease of deployment, the pre-execution
approach also faces inherent limitations. Since knowledge is injectedonly once before inference, models cannot
dynamically adjust knowledge utilization strategies based on real-time reasoning states, resulting in relatively weak
adaptability. Additionally, these methods are sensitive to knowledge representation forms, insertion positions,
and semantic organization, where slight formatting deviations may cause knowledge misinterpretation, leading to
performance 
uctuations or even functional failure. In practical applications, it is also necessary to balance the
granularity of injected knowledge against input length constraints, as well as the relevance and coverage of retrieved
knowledge, to ensure that the model can e�ciently and e�ectively leverage explicit knowledge.

In-execution enhancement focuses on integrating knowledge during the inference process, including dynamic
retrieval of external explicit knowledge, interaction with structu red knowledge bases (such as knowledge graphs
and databases), and multi-turn reasoning with feedback loops. The core advantage of this approach lies in its
dynamism and adaptability, allowing the model to acquire and integrate the most relevant knowledge on demand
based on its real-time state and intermediate reasoning results, making the reasoning process more 
exible and
precise, thereby enhancing model performance in complex tasks.Speci�cally, dynamic retrieval mechanisms allow
the model to extract relevant information in real-time based on thecurrent reasoning context, e�ectively avoiding the
knowledge redundancy problems that may occur in pre-execution enhancement. Among these, RAG enables models
to retrieve relevant knowledge based on query intent during the inference process, and integrate it as supplementary
context into the reasoning process, thereby enhancing their comprehension and generative capabilities. Structured
knowledge interaction equips models with the ability to query and reason over complex relationships by interfacing
with systems such as knowledge graphs and databases. Through active querying during execution, the model can
obtain accurate answers or complete sub-tasks, such as querying databases or invoking graph reasoning engines,
thus strengthening its fact-based reasoning ability. Multi-turn reasoning frameworks further enhance the chain-
of-thought capabilities of models, allowing them to iteratively re�ne, validate, and optimize their reasoning path
through multiple interactions. This enables self-adjustment and correction, e�ectively reducing logical leaps and
cumulative errors, particularly suitable for multi-hop question answering or complex logical reasoning tasks.

Despite the powerful potential demonstrated by in-execution enhancement, it also faces several challenges, which
include high system complexity, increased latency, and higher resource consumption. Additionally, model perfor-
mance highly depends on the accuracy and consistent expression of knowledge, where inaccurate or ambiguous
knowledge content may lead to reasoning path deviation or incorrect conclusions. In practical applications, it is
crucial to balance the depth of knowledge integration with system e�ciency, and to optimize knowledge retrieval
and integration strategies based on di�erent scenarios.

Post-execution enhancementis a relatively lightweight paradigm that introduces external explicit k nowledge after
the model completes its preliminary reasoning, aiming to verify, correct, or re-rank the output results. Compared to
pre-execution and in-execution enhancement methods, the greatest advantage of post-execution enhancement lies
in its minimal invasiveness to the original model. It can serve as a supplementary module to improve the quality
of �nal outputs without altering the core reasoning mechanism or intervening in the intermediate processes of the
model. This makes it particularly useful in scenarios where the modelcannot be modi�ed or has limited accessi-
bility, such as closed-source large models deployed in the cloud or lightweight models embedded in edge devices.
It is especially suitable for improving the reliability, credibility, and expla inability of model outputs, thus meeting
the requirements of applications with high demands on result quality. In practice, post-execution enhancement is
primarily implemented through several approaches: factual veri�cation mechanisms use authoritative knowledge
sources to validate the content generated by the model, identifying and marking potential false or erroneous infor-
mation. Answer reranking utilizes external explicit knowledge to evaluate and reorder multiple candidate results,
prioritizing outputs that better align with facts and semantic logic. E rror correction mechanisms directly apply
reliable explicit knowledge to perform targeted revisions of errors inmodel outputs, ensuring factual consistency
in the �nal results. Additionally, this post hoc enhancement paradigm can also support explanatory analysis of
generated results and provide uncertainty indications, further improving user control over and con�dence in model
outputs.

However, post-execution enhancement also faces several challenges. Since intervention occurs after inference
is complete, if the model has already developed fundamental logical
aws or misunderstandings during the early
generation process, the space for correction afterward is relatively limited. Moreover, this method depends on the
quality, availability, and matching degree between external knowledge and outputs. If the knowledge is inaccurate
or lacks su�cient coverage, it may result in misjudgments or introdu ce secondary bias. Furthermore, to balance
response e�ciency and output quality, trade-o�s must be made between the depth of knowledge veri�cation and
system delay.
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5 Domain-speci�c application

It is evident that knowledge-enhanced models are primarily applied when models struggle to understand relevant
content, using external explicit knowledge to help them better learn related features and achieve superior results.
Consequently, it becomes essential to focus on the domain-speci�c applications of knowledge-enhanced models, which
are domain-speci�c, knowledge-enhanced models. In our survey,we have selected three representative application
scenarios: AI for Science (AI4Science), AI for Medicine (AI4Medicine), and AI for Industry (AI4Industry). For each
of these scenarios, we have chosen three typical tasks and systematically organized and summarized the relevant
literature. Existing articles have provided overviews of the development across these application scenarios (e.g.,
AI4Science [252{ 255], AI4Medicine [3,4,256{ 258], AI4Industry [ 259{ 262]). In this section, our focus is primarily on
literature that is more closely integrated with knowledge enhancement techniques.

5.1 Applications in AI4Science

Given the vast expanse of scienti�c disciplines, our analysis adopts afocused perspective, concentrating on the �elds
of physics, chemistry, and biology.

5.1.1 Physics

Physics-enhanced arti�cial intelligence, by integrating physical knowledge with deep learning, is demonstrating sig-
ni�cant potential across multiple �elds. From exploring classical mechanics models to addressing complex problems
in optics and geophysics, these technologies provide e�ective and interpretable solutions to real-world challenges.
Figure 13 shows the types of knowledge used in AI4Science.

Currently, physics-enhanced arti�cial intelligence is committed to exploring the extensive applications of classical
mechanics models. PI-DKL [263] proposed physics-informed deep kernel learning, which enhanced function learning
and uncertainty quanti�cation by integrating physical knowledge f rom incomplete di�erential equations. When the
test points in the synthetic dataset were far from the training region, PI-DKL achieved a root-mean-square error
(RMSE) of only 0.04, compared to over 0.2 for both shallow kernel learning with the SE-ARD kernel and deep
kernel learning, demonstrating the bene�ts of incorporating physics. This method has been applied to predict joint
trajectories in motion capture applications and to forecast the concentration of �ne particulate matter (PM2.5)
in the Salt Lake City region. However, although this approach was highly e�ective for deep kernels, it performed
poorly when simplifying deep kernels into commonly used shallow ones.

As another widely studied type of physics knowledge, optics explores the behavior and properties of light, pro-
viding theoretical foundations for critical tasks in computer vision and graphics. When taking photos in hazy
environments, the visibility and color �delity are usually compromised. Learning-based methods recover haze-free
images by extracting features from large amounts of training data, but their generalization to real-world images
is limited due to their high dependency on data. To address this, Zhouet al. [264] proposed a physical formation
model of hazy images that considered spatially-variant real-world scattering without assuming the transmitted light
was signi�cantly unpolarized, and further introduced a robust polarization-based dehazing pipeline to handle the
spatially-variant real-world scattering. Whether considering the polarization e�ects of the transmitted light or the
spatially-variant real-world scattering, both led to e�ective improv ements in PSNR and multi-scale SSIM by more
than 0.46 and 0.003, respectively. However, this method overlooked the role of the angle of linear polarization in
polarization imaging, which weakened the robustness of the approach.

In another branch of physics, geophysics, predicting catastrophic failure remains a critical yet highly challenging
task. While laboratory earthquakes can be predicted using micro-failure events and the temporal evolution of fault
zone elastic properties, such purely data-driven approaches exhibit high data dependency, and their underlying
physical mechanisms remain unclear. To address this, PINN [265] proposed a physics-informed neural network
framework, incorporating two physical constraints: one relating to the elastic coupling between the fault and the
surrounding host rock, and the other linking fault sti�ness to the u ltrasonic transmission coe�cient. This framework
demonstrated reduced data dependency and enhanced transfer learning capabilities. Under small-sample training,
the physics-informed neural network (PINN) model exhibited smaller R2 score variance and lower RMSE values
compared to data-driven models, and demonstrated superior performance in shear stress prediction. However, the
unique complexities inherent in geophysical problems require the elaborate construction of PINN models.

5.1.2 Chemistry

In the �eld of chemistry, knowledge-enhanced models are signi�cantly improving the accuracy and e�ciency of
various tasks, including molecular property prediction, molecular representation learning, and reaction performance
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Figure 13 (Color online) Knowledge used in AI4Science.

prediction, by integrating chemical prior knowledge with advanced machine learning techniques.

Molecular property prediction is widely regarded as one of the key approaches in searching for potential drug
candidates. Most existing methods are purely data-driven, lackingany prior chemical information. These methods
are highly data-dependent, making it di�cult to generalize to a broad er chemical space, and their predictions lack
interpretability. To address this, KANO [ 266] proposed a knowledge graph-enhanced molecular contrastive learning
method. It constructed a chemical knowledge graph based on theperiodic table and Wikipedia pages, integrating
fundamental knowledge of elements and functional groups, comprising 201 entities, 107 classes, and 52140 axioms.
It was utilized in both pre-training and �ne-tuning stages to obtain a high-quality molecular representation space
and enhance the capture of meaningful chemical substructuresrelevant to downstream tasks. The integration of the
class hierarchy, data property, and functional group components in the knowledge graph enabled KANO to achieve
improvements in the receiver operating characteristic area underthe curve on the BACE dataset by 0.07, 0.11, and
0.04, respectively. However, constructing the knowledge graph inevitably introduces overhead and may not fully
capture the complexity of molecular systems, which could a�ect the�nal performance.

Understanding the properties and functions of small molecules is crucial in the �eld of chemistry, and molecular
representation learning has become a research hotspot by extracting molecular knowledge from vast amounts of
unlabeled data, e�ectively reducing the high cost of annotation. Given the complexity and multifaceted nature
of molecular expertise, MV-Mol [267] proposed a comprehensive framework for multi-view molecular representa-
tion learning that integrated structured and unstructured know ledge, including molecular structures involving over
20 billion molecules, biomedical texts covering approximately 60000 molecules, and knowledge graphs involving
around 196000 molecules with 273000 entities and 643000 relations.It developed a two-stage pre-training strategy,
�rst aligning molecular structures with large-scale, noisy texts to extract consensus information across compre-
hensive views, and then incorporating high-quality structured knowledge from knowledge graphs, enhancing the
grasp of complementary information within di�erent perspectives. The knowledge incorporation stage signi�cantly
improved the performance of all downstream tasks, for example,enhancing recall by more than 12% in zero-shot
cross-modal retrieval on the MVST dataset. However, this approach, which relied on large-scale model training
to identify statistical patterns for molecular property prediction , often overlooked the integration of established
scienti�c knowledge and thus limited the model's ability to arrive at more informative and contextually relevant
solutions.

The chemical comprehension and accurate prediction of reactivityand selectivity play a crucial role in chemical
synthesis and related �elds. To address the challenging high-dimensional structure-performance relationship, Li
et al. [268] proposed a knowledge-based graph model that bridged the gap between the rich domain knowledge of
chemistry and advanced molecular graph models. By embedding the atomic information of steric and electronic
environments into nodes, it enriched the representation of the entire molecule and enhanced the model's ability to
di�erentiate based on local chemical environments. Under the molecular interaction graph neural network setting,
the use of steric and electronics-embedded molecular graphs e�ectively improved the R2 by 0.048 and reduced the
RMSE by 2.88 in enantioselectivity prediction compared to the baselinemolecular graph. However, yield predictions
for unseen substrates often lacked reliability, with errors exceeding 15% even when using dense datasets.
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5.1.3 Biology

The application of knowledge-enhanced models in the biological �eld is becoming increasingly widespread, o�ering
new perspectives for solving complex biological problems. From simulating the e�ects of genetic perturbations and
predicting drug-target interactions to learning generalized representations of proteins, knowledge-enhanced models
are driving advancements in drug discovery, disease research, and protein science, injecting powerful intelligence
into biomedical research.

At the heart of numerous biomedical applications, the transcriptional response of cells to genetic perturbations un-
veils fundamental insights into cellular functions, signi�cantly in
uen cing endeavors ranging from identifying genetic
interactions associated with cancer to developing regenerative medicine methodologies. In light of the combinato-
rial explosion of potential multi-gene combinations, GEARS [269] introduced a graph-enhanced gene activation and
repression simulator, which integrated deep learning with a knowledge graph of gene-gene relationships to model
the e�ects of genetic perturbations. The Gene Ontology networkused includes 40000 ontologies and 8:683 million
annotations. Even in the face of genes or combinations lacking priorexperimental perturbation data, this simulator
can e�ectively predict perturbation outcomes with the introductio n of biological knowledge. The gene ontology
graph and co-expression graph components enabled GEARS to reduce the mean squared error by approximately
0.02 for single-gene perturbations and 0.15 for double-gene perturbations that were not experimentally perturbed
during training. However, GEARS must be trained under the same cell type or experimental conditions to achieve
reliable predictions.

As one of the critical steps in drug discovery, molecular interactionprediction between targets aims to predict
the unmapped relationships between unknown targets. To e�ectively utilize the information from both knowledge
graphs and molecular graphs, KG-MTL [270] proposed a large-scale knowledge graph-enhanced multi-task learning
model, which organically integrated the topological structure of molecular graphs with the corresponding biological
entities in the knowledge graph. A comprehensive biological knowledge graph, which included 5.9 million edges
belonging to 107 types of relationships, and encompassing drugs, diseases, proteins, genes, and more, was e�ectively
employed for drug-target interaction mining. By integrating the mo lecular structures of compounds with the
semantic relations of their corresponding drug entity in the knowledge graph, the accuracy of compound-protein
interaction prediction was improved by 3:1% and 2:3% on the DrugBank and DrugCentral datasets, respectively.
However, the implementation of multi-task learning required careful consideration of the relationships between
tasks.

With the increasing public interest in protein science, how to learn generalized representations from vast amounts
of protein data has become a major challenge. By transferring unsupervised pre-training techniques from NLP to
the protein domain, protein representation learning can be achieved, but it often su�ers from a lack of factual
knowledge. To address this, KeAP [271] proposed a knowledge-enhanced autoencoder for proteins, which employed
a cross-attention mechanism to explore a protein knowledge graphthat consists of about �ve million triplets from
ProteinKG25 [272] at a �ne-grained token level, and integrated the extracted information into protein representations
through residual learning. Incorporating knowledge into protein pre-training led to a 7% improvement in the
performance of the contact prediction task. However, due to the lack of integration of local details during the
knowledge encoding process, KeAP is less suitable for tasks that heavily rely on local information.

5.2 Applications in AI4Medicine

In the medical �eld, knowledge-enhanced models demonstrate broad application potential by integrating medical
prior knowledge with advanced deep learning techniques, signi�cantly improving the performance of various tasks.
We focus on their speci�c applications and innovative achievements inmedical vision and language pre-training,
medical report generation, and drug recommendation, showcasing how knowledge-driven approaches address com-
plex challenges in healthcare and provide more intelligent and precise support for clinical practice. The main types
of knowledge used in AI4Medicine are shown in Figure14.

5.2.1 Medical vision-and-language pre-training

Medical vision-and-language pre-training (Med-VLP) jointly processes medical image data and text data to learn
generalizable multi-modal representations from large-scale medical image-text data, capable of addressing medical
vision-and-language tasks like medical visual question answering, image-text classi�cation, and retrieval. However,
despite the success of multi-modal foundation models in natural language understanding and visual recognition,
the applicability of these pre-trained models on large-scale data in the medical domain is still limited due to the
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Figure 14 (Color online) Knowledge used in AI4Medicine.

requirement for �ne-grained recognition in medical tasks and the abstraction of many complex and professional
medical terminologies.

KAD [ 241] proposed a knowledge-enhanced automatic diagnosis, which aimedto enhance Med-VLP and facilitate
the automated diagnosis of chest X-ray images by leveraging domainknowledge, such as existing knowledge graphs
(e.g., the uni�ed medical language system (UMLS) [273] which contains 3.426 million concepts), pre-de�ned heuristic
rules, or readily available report information extraction tools (e.g., RadGraph [274]). The knowledge-enhanced
text encoder clearly distinguishes the features of di�erent diseases. However, it is challenging to make accurate
predictions for pathologies that are independent in the knowledge base and not mentioned in the reports. Chen
et al. [275] proposed a systematic approach to Med-VLP enhanced by structured expert domain knowledge from
the UMLS, which could learn cross-modal domain-speci�c knowledgefrom large-scale medical image-text datasets
and medical knowledge bases to promote the learning of semanticallyaligned and knowledge-aware image and text
representations. Knowledge injection led to a 2:44% improvement in accuracy for medical visual question answering
on the VQA-RAD dataset. MedKLIP [ 276] proposed a novel triplet encoding module that enhanced Med-VLP
by querying a medical domain knowledge base for entity translation,implicitly constructing relationships between
medical entities in the language embedding space. Introducing medical knowledge enables the understanding of
complex medical entity descriptions unseen in the training set, signi�cantly improving the performance on unseen
disease diagnosis from an AUC of 0.66 to 0.74 and ACC from 0.59 to 0.70.However, the scarcity of text-based
supervision in publicly available datasets limits the e�ectiveness of such a pre-training-focused approach.

5.2.2 Medicine recommendation

Medicine recommendation aims to predict a set of medicines that can e�ectively treat speci�c symptoms while avoid-
ing harmful interactions, playing a crucial role in assisting doctors informulating accurate medication prescriptions.
By incorporating medical knowledge, the model not only enhanced its ability to capture complex relationships among
diseases, symptoms, medications, and other factors, but also signi�cantly improved its performance in sparse data
scenarios, thereby providing more reliable support for clinical decision-making.

MedRec [277] enhanced the connectivity between symptoms and medicines by introducing a knowledge graph
that connects diseases, medicines, symptoms, and examinations,as well as an attribute graph that connected
medicines through shared attributes and molecular structures, enabling automated medicine recommendation on
sparse data. The multi-task training framework incorporating the knowledge graph embedding task led to improve-
ments in precision and recall by 0.0063 and 0.0314, respectively, whilethe introduction of attribute information led
to improvements by 0.0315 and 0.1574, respectively. GAMENet [278] incorporated existing knowledge of drug-drug
interactions that might lead to adverse outcomes while considering personalized customization based on patient
health history. It integrated the drug-drug interaction knowledg e graph, which contained 40 types of interactions,
into the memory module of a graph convolutional network and modeled the records of 6000 patients as queries,
enabling safe and personalized medication recommendations. The use of temporal information in patient past elec-
tronic health records improved recommendation accuracy by 0.064, while the incorporation of drug-drug interaction
knowledge further increases it by 0.0025. However, the sharing ofelectronic health records data must take into
account privacy, security, and legal constraints.
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5.2.3 Medical report generation

As an emerging application in long-text generation, medical report generation must adhere to stricter protocols
and ensure the accurate use of medical terminology. Although generic image captioning models have made notable
advancements, their application to medical knowledge-driven tasks often falls short of achieving promising and
competitive performance due to a lack of essential prior medical knowledge.

As the �rst attempt to integrate human prior knowledge with learnin g-based generation methods for medical
report generation, HRGR-Agent [279] proposed a hybrid retrieval-generation reinforced agent, in which a template
database was constructed based on prior knowledge collected from available medical reports for sentence retrieval.
By combining rule-based and learning-based generation methods, itachieved plausible, accurate, and diverse med-
ical report generation. For the CX-CHR dataset, there are 97 templates, and with the enhancement from these
pre-de�ned templates, the CIDEr, BLEU-1, and ROUGE scores increased by 0.33, 0.138, and 0.076, respectively.
However, due to the data bias and the limited medical data, this approach tended to generate general reports,
with limited capacity to produce prominent abnormal narratives. CG T [280] proposed a cross-modal clinical graph
transformer for ophthalmic report generation. A clinical knowledge graph was constructed from ophthalmic reports,
containing 1811 entities, 29 types of relations, and 4823 triples. The clinical triples were injected into the visual
features as prior knowledge to guide the decoding process, enabling the model to incorporate expert knowledge.
Utilizing only the clinical graph achieved competitive performance compared to the baseline, which was a combina-
tion of I3D and transformer proposed by [281]. However, since the clinical graph was constructed directly through
automated processing of the training corpus, its accuracy cannot be guaranteed. KERP [282] incorporated prior
medical knowledge to transform visual features into a structured abnormality graph, then retrieved text templates
from a database that covers descriptions of various abnormalitiesin the abnormality graph based on the detected
abnormalities (e.g., there are 80 abnormalities and 87 templates for the IU X-Ray dataset), and rewrited them ac-
cording to speci�c cases to achieve accurate and robust medical report generation. In the abnormality and disease
classi�cation task, integrating prior medical knowledge and learningthe internal structure of medical knowledge led
to a performance improvement of over 6%. However, this approach was limited by a manually curated, prede�ned
set of medical conditions and report templates.

5.3 Applications in AI4Industry

In the industrial �eld, optimization processes encompass multiple critical aspects, including fault diagnosis, resource
optimization, process design, quality control, equipment maintenance, and production scheduling. These aspects
are interconnected and collectively determine production e�ciency, product quality, and enterprise competitiveness.
Taking fault diagnosis, resource optimization, and process design as examples, we demonstrate how knowledge-
enhanced models address complex industrial challenges, providing smarter and more precise support for intelligent
manufacturing. Figure 15 shows the knowledge used in three typical types of AI4Industry tasks.

5.3.1 Fault diagnosis

Fault diagnosis can detect the abnormal status of the productionprocess and identify the root causes of the fault.
Data science technologies represented by deep learning have played a signi�cant role in industrial fault diagnosis,
enhancing the reliability of product quality. However, their black-box characteristics lead to signi�cant deviations in
diagnostic results with poor interpretability. Therefore, it is necessary to incorporate professional expert experience
and mechanistic knowledge.

CausalKGPT [283] proposed an industrial structure causal knowledge-enhancedlarge language model for cause
analysis of quality problems in aerospace product manufacturing. It extracted causal knowledge from manufacturing
documents to construct a machining quality-related knowledge graph, which provided guided prompts to answer
possible solutions to quality issues. Compared to ChatGPT and GPT-4, CausalKGPT was able to provide clearer
and more highly relevant responses to speci�c questions by leveraging the causal quality knowledge graph. Clearly, its
response quality was highly dependent on the detailed domain-speci�c knowledge introduced from the manufacturing
�eld. CausalKG-ALBERT [ 284] introduced causal knowledge into equipment fault operation and maintenance for
the �rst time, constructing a knowledge graph that incorporated causal relationships, consisting of 6 entity labels
and 10 kinds of relationship labels related to equipment failures, to support fault causality analysis. The use of
regular spot inspection recorded historical knowledge and causalrelational knowledge led to a 0.259 improvement
in precision for root cause analysis of equipment spot inspection failures. Nevertheless, the robustness of the causal
e�ects embedded in the experiential information still needs further improvement. Considering the complexity of
operating conditions, Peng et al. [285] proposed a multimodal knowledge graph construction method that integrated
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Figure 15 (Color online) Knowledge used in AI4Industry.

time-series vibration signals, frequency spectra, and descriptivetexts, and designed a fault diagnosis approach based
on a relation cascade graph attention network for knowledge graph completion. This approach e�ectively captured
the intrinsic relationships between di�erent fault types, as evidenced by a 2:033% improvement in triple classi�cation
accuracy using a knowledge graph containing 177000 triples. Furthermore, incorporating real-time images and video
data could potentially enhance this approach.

5.3.2 Resource allocation

With the increasing demand for dynamic personalized orders and theuncertainty of manufacturing resource avail-
ability, intelligent resource optimization in production processes hasbecome a research hotspot. Transforming the
massive, multi-source, heterogeneous, and multi-scale data generated in manufacturing into knowledge to optimize
production processes is an e�ective strategy for enhancing the cognitive intelligence of enterprises.

Zhou et al. [286] proposed a knowledge graph-driven approach for production resource allocation, constructing a
hot-updatable knowledge graph based on implicit relationships in the manufacturing process to drive rapid resource
allocation decisions for order insertion requests at the knowledge level. The results from conducting the structural
parts production task in an aerospace machining workshop demonstrate that the proposed method could improve
device utilization, equipment 
exibility, and the responsiveness to processing tasks, while ensuring processing sta-
bility. Furthermore, modeling more uncontrollable factors can further enhance the robustness of the entire resource
recon�guration process. MARL [287] enhanced multi-agent reinforcement learning using a constructed knowledge
graph for adaptive machine scheduling under mass personalization.The graph incorporated machine capabilities,
availability, and preference information to manage scheduling information, which helped to comprehensively un-
derstand the current manufacturing environment. When the deviation between the machine's actual and planned
processing time is 1%, the knowledge graph-enhanced reinforcement learning achieved better makespan in 8 out of
12 instances, while the individual reinforcement learning performedbetter in only 4. However, when settings such
as the number of jobs and machines change, new scheduling policies are required.

5.3.3 Machining process optimization

As a critical component of smart manufacturing, the design of machining processes directly determines the machining
operations, methods, process parameters, and equipment selection for products, signi�cantly impacting product
quality, e�ciency, and cost. Since process design involves a vast number of historical cases and scattered general
rules, the process heavily relies on the reuse of experiential knowledge. Therefore, systematically integrating process
knowledge into intelligent process planning is crucial for enhancing design e�ciency and quality.

Zhang et al. [288] developed a macro process decision-making architecture that combined knowledge graph and
deep learning technologies, innovatively integrating process rules selection and macro process decision-making into
the process knowledge graph representation to improve the e�ciency of process generation. The proposed method
generated a reasonable macro process scheme for slot cavity parts, which ensured positional tolerance and resulted
in a small �nishing allowance. However, due to the limited amount of high-quality process data, the generalization
ability of the learned macro process reasoning function remains limited. Huang et al. [289] proposed a process design
intent inference method of process data by integrating deep learning and grammar parsing. It associated machining
operations with machining features through the projection analysis of cutter location segments, e�ectively extracting
the process intent of each machining operation. By integrating theworking step process intent sequences of existing
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parts in the industry, it constructed a process knowledge and-orgraph (PK-AOG) to characterize the temporal and
semantic relationships among di�erent working step process intents. In the case of process intent sequence inference,
using PK-AOG as the search space for working step process intentsequences e�ectively ensured the logical and
semantic correctness of the inferred intent sequence. Hua et al.[290] introduced an intelligent generation method
for machining process design by integrating knowledge graphs and deep reinforcement learning, achieving uni�ed
representation and reasoning reuse of historical process casesand general process rules, e�ectively addressing the
issues of insu�cient knowledge accumulation, in
exible reuse, and fragmented reasoning in machining process
design. In the machining process design of a key component of a speci�c model diesel engine, a knowledge graph
with 570 nodes and 801 relations was constructed, in which the embedded case knowledge served as a continuous
source of domain insights, and the rule knowledge enhanced the scalability of solution generation.

6 Future directions

Despite extensive research e�orts devoted to explicit knowledge-enhanced models, there are still several open research
issues and challenges yet to be tackled. In this section, we discuss several unresolved issues of explicit knowledge
enhancement.

Explicit rules-based enhancement.As shown in Table 2, existing methods largely focus on knowledge graph and
database-enhanced models, with only a few methods addressing explicit rules, which are denser. Additionally, most
of the methods guided by explicit rules in Table 2 are applied to time series models. Some studies even confuse
explicit rules with pure text document methods, resulting in less research on explicit rule-enhanced methods.

However, explicit rules represent a type of knowledge with higher density and re
ect knowledge that has been
widely validated or widely followed in the real world, stemming from human wisdom over time. Therefore, they
deserve more widespread attention. To e�ectively enhance modelsusing explicit rules, there are two possible
directions.

(1) An important step is to optimize the representation methods for explicit rules. Developing more e�cient
representation techniques that preserve the semantic integrityof the explicit rules, while also making them compre-
hensible and applicable to models, is crucial. This would enable the modelsto capture the structural relationships
and logical dependencies between the explicit rules.

(2) Another promising direction is to combine the models with explicit rule-based reasoning methods. These
hybrid methods could �rst utilize the vast amount of information con tained in unstructured text or structured data
(such as knowledge graphs), and then apply explicit rules to make inferences or predictions in a more controlled
and interpretable manner. For example, explicit rules could be appliedin a post-execution stage to ensure that the
generated output conforms to domain-speci�c constraints or follows common-sense logic.

Table-based enhancement.The table-enhanced model methods are currently primarily limited tothe pre-execution
stage, which may be attributed to the fact that research into formalizing tables is still in its early stages. Due to the
lack of foundational theoretical research, methods for enhancing the in-execution and post-execution stages have
naturally received less attention.

However, tables, as a highly formalized and structured form of knowledge representation, are widely used in
various applications such as scienti�c research, business analysis,and more. They deserve more comprehensive and
in-depth research focus. To fully leverage the potential of tables, there are three possible ways.

(1) The �rst step is to develop specialized encoding and understanding techniques tailored to tables, enabling
models to accurately capture the relationships between rows and columns and the logical connections between the
contents of individual cells.

(2) Since tables are easily updatable, it is crucial to investigate dynamic guidance mechanisms during the in-
execution stage, allowing the model to continuously reference andintegrate information provided by the table in
real time.

(3) Designing table-based result validation and error correction methods in the post-execution stage is also
important, utilizing the structured nature of tables to improve out put quality.

Post-execution enhancement.The research on post-execution enhanced methods for both time-series models and
multimodal models is still limited. This is mainly due to the complexity of mult imodal data and the dynamics
of time-series data, which impose higher demands on system architecture design and algorithm e�ciency for post-
execution evaluation and correction. Additionally, the continuity an d contextual dependencies inherent in time-series
information and the heterogeneity of multimodal data make post-correction more complicated, as error corrections
could disrupt temporal consistency or misalign the relationships between di�erent data modalities.
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However, post-execution enhanced methods are crucial for ensuring the quality of both time-series and multimodal
model outputs, improving model reliability, and adapting to changing environments. Therefore, further research
into post-enhancement methods for these models is necessary.

(1) For multimodal models, there are the following.
� Cross-modal consistency checks can be used to validate the coordination between di�erent modality outputs

generated by the model. Explicit rules can be designed to ensure that the multimodal outputs do not con
ict with
each other, thereby improving the overall consistency and interpretability of the model.

� Specialized post-processing rules can be designed based on the unique characteristics of each modality. For
instance, for visual content, explicit rule-based image quality assessment algorithms can be applied to detect and
correct potential visual defects. For audio, standards for audio clarity and speech naturalness can be used for
evaluation and enhancement. For text, grammar checks, and fact consistency veri�cation can be applied. These
modality-speci�c post-execution enhanced methods enable more accurate detection of quality issues within the data
of each modality.

(2) For time-series models, there are the following.
� Explicit rules can be used as evaluation standards to validate the output. By conducting compliance checks

on the time-series predictions or decisions generated by the modeland applying necessary corrections based on
the constraints given by these explicit rules, we can ensure that the outputs meet prede�ned requirements. These
methods can be combined with self-consistency checks to ensure that the corrected results not only comply with
the explicit rules but also maintain internal logical consistency.

� On the other hand, by comparing the output with patterns and tre nds in historical data, potential errors or
biases can be identi�ed and adjusted accordingly. By integrating orcomparing the model results with structured
historical data, we can calculate a con�dence score for the output to assess the reliability of the inference. This
method not only improves the accuracy of time-series forecastingbut also helps reduce errors caused by data
anomalies or model biases. By combining explicit rule-based evaluations and historical data veri�cation, post-
execution enhanced methods can signi�cantly enhance the performance of time-series models, ensuring the reliability,
accuracy, and consistency of their outputs in real-world applications.

Accuracy of knowledge. Di�erent domains often involve massive and heterogeneous knowledge sources, and a
common challenge among explicit knowledge enhancement of all modelsis how to retrieve and select truly relevant
and high-value knowledge during inference, while avoiding interference from noisy information. If the retrieval
process lacks accuracy and a dynamic updating mechanism, it may lead to outdated or invalid knowledge being
used. Thus, there are two directions to ensure accuracy.

(1) Research can focus on domain-speci�c adaptive retrieval algorithms and knowledge �ltering mechanisms,
combining natural language processing and information retrieval techniques. These methods can dynamically adjust
the retrieval scope and depth based on the query context, ensuring the precise selection of knowledge most relevant
to the current task from a vast knowledge base. By incorporatingattention mechanisms and relevance scoring,
knowledge sources can be ranked in multiple dimensions, prioritizing high-quality information that is most relevant
to the task at hand. Additionally, by introducing a knowledge timeliness evaluation module, the system can identify
and �lter outdated information, ensuring that the model receives the latest knowledge.

(2) A multi-layered knowledge fusion architecture can be built to unify the representation and processing of
structured knowledge, explicit rules, and unstructured knowledge. This architecture can capture the interrelation-
ships between knowledge at di�erent levels and include a knowledge con
ict detection mechanism. When con
icting
knowledge is encountered, the architecture can make reasonablejudgments and select the most reliable knowledge
sources as references.

7 Conclusion

The use of models for analysis and decision-making has become widespread in �elds such as basic sciences, medical
sciences, and industrial applications. In these domains, knowledge-enhanced models play a crucial role in incorpo-
rating domain-speci�c knowledge and improving model accuracy. This review has reviewed the related technologies
of explicit knowledge-enhanced models and provided a detailed introduction and de�nition of explicit knowledge. By
exploring the di�erent stages of model inference (i.e., pre-execution, in-execution, and post-execution), this review
has o�ered a systematic synthesis of how language models, multimodal models, and time-series models interact with
di�erent types of knowledge to enhance model performance. Thisreview aims to help researchers with various model
needs understand knowledge-enhancement methods. Finally, thereview discusses domain-speci�c applications and
future research directions for explicit knowledge-enhanced models. It highlights four key areas that require further
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attention: knowledge enhancement through explicit rules, table-based augmentation, post-execution enhancement,
and knowledge accuracy. These research directions will o�er valuable insights for further expanding the depth and
breadth of explicit knowledge-enhanced model applications, drivingadvancements across various domains.
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