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Abstract—The sixth generation (6G) wireless networks are
envisioned to feature wide-area coverage, diversified full-scenario
services, massive connections and dynamic heterogeneity, result-
ing in large-scale and complex network optimization problems.
Traditional model-based methods, while effective in simple
scenarios with precise mathematical models, struggle with high
computational intensity and long processing times in the realistic
and intricate applications of 6G. Pure data-driven deep learning
(DL) methods offer powerful approximation capabilities and
fast online inference but are hindered by insufficient datasets
and poor interpretability. To address these issues, knowledge-
driven DL integrates domain knowledge into neural networks,
combining the strengths of both model-based and data-driven
approaches. This survey systematically reviews knowledge-driven
DL in wireless networks from a novel perspective of the
knowledge integration approach. It provides a comprehensive
definition of domain knowledge in wireless networks and clarifies
the types of knowledge and their representations that can be
integrated into neural networks. Furthermore, a leading taxon-
omy of knowledge integration approaches in wireless networks
is proposed, encompassing the integration of domain knowledge
into neural network model selection, neural network model
customization, knowledge and data fusion architecture construc-
tion, loss function design, and hyperparameter configuration.
Based on this taxonomy, literature on knowledge-driven resource
allocation and signal processing is thoroughly reviewed. This
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survey aims to provide an insightful guideline for effectively
incorporating domain knowledge into neural networks in the field
of wireless communications, ultimately advancing efficient and
reliable intelligent 6G networks.

Index Terms—Domain knowledge, intelligent wireless
networks, knowledge-driven DL, neural networks.

I. INTRODUCTION

6G is envisioned to constitute the foundational infrastruc-
ture for a fully intelligent, immersive, and sustainable

digital world. It aims to deeply integrate communication,
computation, sensing, and native intelligence to support
seamless interactions between humans, machines, and envi-
ronments in real time. Building on this vision, the
International Telecommunication Union Radiocommunication
sector (ITU-R) has released six pivotal usage scenarios
for future 6G networks [1]. They consist of three evolu-
tionary scenarios from the fifth-generation (5G) networks,
i.e., immersive communication, massive communication, and
hyper-reliable and low-latency communication, and three
novel scenarios, i.e., ubiquitous connectivity, artificial intel-
ligence (AI) and communication, and integrated sensing and
communication. Accompanied by such sci-fi-like services,
more rigorous performance metrics are required, including
enhanced peak data rates, higher reliability, lower latency,
extensive coverage, denser connectivity, and accurate position-
ing, among others [2], [3]. To meet these requirements, 6G
networks are anticipated to flexibly manage multi-dimensional
cloud-network resources, like computing, storage, spectrum,
power and time, and innovatively propose cutting-edge sig-
nal processing technologies. Due to diversified services,
tailored requirements, massively connected nodes and multi-
dimensional resources, optimizing wireless networks in the 6G
era can be remarkably complex, which poses great challenges
for efficient optimization algorithm design. In the following
subsections, three kinds of methods to tackle wireless network
optimization problems are introduced.

A. Model-Based Theoretical Methods

In wireless communications, network optimization problems
are dominated by model-based methods, wherein problems
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are modeled and algorithms are designed based on commu-
nication theory and mathematical principles, referred to as
domain knowledge. With such domain knowledge summa-
rized and validated by scientists and engineers over several
decades, model-based methods are constructed by a series of
explainable logic rules and mathematical formulas, making
the network behavior understandable. As each step has a
solid mathematical basis, the performance of model-based
methods can be theoretically guaranteed, even in extreme
environments. One typical example is the water-filling power
allocation algorithm for the sum rate maximization in orthog-
onal frequency division multiplexing (OFDM) systems [4],
which is solved by the Lagrangian multiplier method and has
been proven to achieve the globally optimal solution. However,
there exists a performance gap between theoretical design and
practical application with model-based network optimization.
Firstly, when addressing intricate wireless optimization prob-
lems, model-based methods often rely on simplified and
idealized assumptions about communication systems [5], such
as Gaussian noise and linear system behaviors. While these
assumptions render the problems more manageable, they
frequently lead to imprecise system models and consequently
less than optimal solutions. Secondly, the iterative nature
inherent in most model-based methods induces overwhelming
computational complexity, particularly in the optimization of
large-scale networks. As a result, the online processing time
is considerably extended, making these methods fail to meet
the stringent low-latency demands of time-sensitive services
in 6G networks.

B. Data-Driven Deep Learning

Data-driven methods, represented by deep neural networks
(DNNs) or deep learning (DL), hold significant promise in
addressing the aforementioned challenges. In these methods,
a neural network with numerous learnable weight parameters
is constructed to establish a direct relationship between the
network environment (such as channel state information) and
optimal decisions (like power allocation), where these param-
eters are learned from massive labeled data. Compared with
model-based methodologies, the advantages of data-driven
approaches are manifold [6], [7]. Firstly, neural networks,
due to their universal approximation capability, can capture
complex relationships and dynamics that might be overlooked
or oversimplified in theoretical models. This allows data-
driven methods to efficiently address complex problems with
inaccurate or unknown analytical models. Secondly, after the
initial offline training phase, neural networks can provide
rapid online predictions and decisions, essential for real-time
applications in wireless networks. Achieving such a quick
online processing speed is challenging for most theoreti-
cal methods, although model-based iterative algorithms are
thoroughly understood. Owing to these strengths, data-driven
methods have been investigated and overviewed in wire-
less communications, ranging from channel state information
feedback [8] and wireless physical layer design [9], [10] to
wireless link quality estimation [11] and efficient resource
management [12], [13].

While offering notable benefits, the direct application of
pure data-driven DL to 6G wireless network optimization
remains challenging. Firstly, the intricate and dynamic nature
of wireless resource management involves multiple con-
straints, such as power limits, latency requirements, and
interference control, that are difficult to handle via con-
ventional neural networks. Secondly, the efficacy of neural
networks highly relies on the large volume of high-quality
data. Acquiring such datasets from real-world wireless
network environments is often time-consuming or even infea-
sible due to privacy concerns and labeling costs. Thirdly,
data-driven DL models often operate as “closed boxes,”
lacking interpretability and performance guarantees, which
severely limits their applicability in safety-critical wireless
scenarios like connected autonomous driving. These limita-
tions expose the shortcomings of current DL paradigms in 6G
networks and highlight the need to rethink how learning can
be enhanced under domain-specific constraints.

C. Knowledge-Driven Deep Learning and Related Work

To address these issues, a new paradigm is developed to
incorporate domain knowledge, the foundation of model-based
theoretical methods, into data-driven neural networks to benefit
from both approaches. This novel method is henceforth called
knowledge-driven DL, which constructs neural networks with
the guidance of communication-specific domain knowledge
garnered over decades, such as models, algorithms and unique
features of wireless networks. A typical example is the sum-
rate maximization problem in a large-scale device-to-device
(D2D) network, where knowledge of the graph-structured
topology motivates the use of graph neural networks (GNNs),
and knowledge of the weighted minimum mean-square error
(WMMSE) algorithm is also embedded via algorithm unfold-
ing, resulting in a knowledge-driven customized GNN model
named WUGNN [14]. By preserving the iterative structure of
WMMSE, WUGNN not only enables parameter learning from
data, but also inherits interpretability1 from the algorithmic
design [17]. As shown in Fig. 1, WUGNN achieves superior
sum-rate performance and millisecond-level inference latency,
demonstrating both scalability and real-time efficiency com-
pared with model-based and data-driven baselines. Besides, the
number of required training samples and learnable parameters
are also significantly reduced [18].

Due to its potential advantages, knowledge-driven deep
learning (DL) has received considerable attention across
multiple fields. In natural language processing (NLP) and
computer vision (CV), von Rueden et al. [19] proposed
a systematic framework for knowledge-driven DL, encom-
passing knowledge sources, representations, and integration
strategies. In physics, Meng et al. [20] introduced the concept
of physics-informed DL and reviewed knowledge integration
approaches tailored to physical systems. In the context of

1Unlike post-hoc explainability that interprets neural network models after
training, knowledge-driven DL belongs to ante-hoc explainability paradigm,
also referred to as intrinsic explainability, where interpretability is embedded
during model design or learning process [15], [16]. By enabling models to
be transparent and interpretable from the start, ante-hoc explainability is
particularly crucial in wireless networks with safety-critical requirements.
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Fig. 1. Performance evaluation of a knowledge-driven deep learning example
in wireless network optimization.

wireless networks, several related surveys have emerged. For
instance, She et al. [21] reviewed ultra-reliable low-latency
communication from the perspective of DL training method-
ologies, mentioning the potential of incorporating domain
knowledge without further structural analysis. Shi et al. [22]
surveyed DL for large-scale wireless optimization, where
knowledge-driven neural models are briefly introduced from
the perspective of optimization methods. A more relevant
attempt by Shlezinger et al. [23] categorized knowledge-driven
signal processing methods into model-aided and DNN-aided
DL. However, this division is conceptually ambiguous due to
the intertwined roles of data and models.

Based on a comprehensive review (summarized in Table I),
we observe that no existing survey has explicitly defined
communication-specific domain knowledge, nor clarified what
types of such knowledge can be embedded into neural
networks for wireless network optimization. While some
customized neural architectures have been discussed indi-
vidually, a unified and systematic taxonomy of knowledge
integration approaches for wireless network optimization is
still lacking. Knowledge integration taxonomies proposed in
other fields, such as NLP & CV [19] and physics [20],
can offer valuable insights, but often struggle to address
stringent physical communication constraints and embed rich
model-based methods inherent in wireless communications
into neural networks. This critical gap hinders researchers’
ability to develop knowledge-driven DL models suited to the
demands of intelligent 6G networks.

D. Our Contributions

Motivated by these observations, this survey provides a
comprehensive review of knowledge-driven deep learning

specifically tailored to wireless network optimization. It
systematically defines communication-specific domain knowl-
edge, categorizes its types and representations, and proposes
a unified taxonomy of knowledge integration approaches.
Guided by this taxonomy, typical examples and representative
literature in resource management and signal processing for
each knowledge integration approach are thoroughly ana-
lyzed, highlighting how domain knowledge can be effectively
embedded into neural networks to enhance interpretability,
generalization, and performance in wireless networks. Our
main contributions are threefold.

• Firstly, inspired by the philosophical definition of knowl-
edge, a creative definition of communication-specific
domain knowledge is given. This knowledge is broadly
divided into scientific and expert knowledge, with each
category presenting principal knowledge types and cor-
responding representations.

• Secondly, we propose a novel taxonomy of knowledge
integration approaches in wireless networks, based on
which components of the deep learning pipeline the
domain knowledge is integrated into and how it is
integrated into these components. This taxonomy covers
the integration of domain knowledge for neural network
model selection, neural network model customization,
knowledge and data fusion architecture construction,
loss function design, and hyperparameter configuration,
which offers a concrete guideline for the integration of
knowledge and neural networks.

• Thirdly, following the proposed taxonomy, the concept of
each knowledge integration approach is presented as well
as a typical example to illustrate how communication-
specific domain knowledge is integrated into neural
networks. Moreover, the literature on knowledge-driven
resource allocation and signal processing is reviewed.
Furthermore, several challenges and future directions are
discussed.

By clarifying what domain knowledge can be integrated
into neural networks and how, this survey aims to provide
fundamental principles or guidelines for designing knowledge-
driven wireless networks that fully leverage domain-specific
knowledge and advanced DL techniques. We hope that this
survey will facilitate future research in this evolving field,
ultimately leading to the development of more efficient,
reliable, and interpretable wireless communication systems.
Table II lists the main acronyms of this survey.

As shown in Fig. 2, the remainder of this survey is orga-
nized as follows. Section II gives a concept and taxonomy of
knowledge in wireless networks. Then, Section III describes
the concept of knowledge-driven DL and proposes a novel
taxonomy of knowledge integration approaches. Following this
taxonomy, Sections IV–VIII respectively provide a detailed
classification of each knowledge integration approach. In
each classification, the concept and a typical example of
the knowledge integration approach are given, as well as
relevant literature on wireless resource management and signal
processing. Finally, Section IX presents the future direc-
tions of knowledge-driven DL and Section X concludes this
survey.
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TABLE I
LISTS OF SURVEY PAPERS ON KNOWLEDGE-DRIVEN DL

Fig. 2. Road map of this survey.

II. THE CONCEPT AND TAXONOMY OF KNOWLEDGE IN

WIRELESS NETWORKS

In this section, we initiate by establishing a clear definition
of knowledge in the realm of wireless networks. Subsequently,
we classify this communication-specific domain knowledge
into two broad categories, i.e., scientific knowledge and
expert knowledge. In each category, more specific knowledge
types are presented in detail, as well as their respective
representations and typical examples.

A. The Concept of Knowledge in Wireless Networks

Knowledge is the cognition and summary of the human
exploration results about the physical world and the mental
world, which is discovered from the real world and then used
as principles to improve the world. Due to its abstract and gen-
eralization nature, it is not easy to define knowledge uniformly
and accurately. In the field of philosophical epistemology, the
concept of knowledge is the primary subject and is still a
controversial issue. One classic definition comes from Plato,
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TABLE II
LIST OF MAIN ACRONYMS

i.e., to qualify as knowledge, a statement must meet three cri-
teria: it must be justified, true, and believed [24]. Furthermore,
Michael Polanyi classified human knowledge into explicit and
implicit knowledge [25]. The former is expressed in written
words, diagrams, and mathematical formulas; the latter is not
expressed, like the knowledge in the act of doing something.
A more universal concept of knowledge is the cognition
and experience accumulation gathered by individuals through
practical activities aimed at changing the objective world. It
includes understanding the essence, properties, and states of
things as well as methods for solving problems.

In the field of AI, researchers devote themselves to making
computers understand, acquire, process and infer knowledge
like human beings. Towards this end, knowledge-based engi-
neering is proposed, of which expert systems consisting of

the knowledge repository and the inference engine are built to
imitate the reasoning ability of humans. In this circumstance,
knowledge usually describes the relationships between entities
in certain contexts, which is obtained via the analysis of
sets of information [26]. For the formalization, knowledge is
mainly represented by knowledge graphs with the structured
triplet form of “entity-relational-entity” [27]. Due to their
powerful semantic processing ability, knowledge graphs have
been widely adopted in intelligent search, intelligent question
answering, recommendation systems and decision-making.

Different from knowledge in the field of AI describing rela-
tionships between entities, knowledge in wireless networks is
more specialized and diversified. With a century’s exploration,
a large number of theoretical laws and practical experiences
have been discovered and justified in this field, which lays the
foundation for the rapid development of ubiquitous cellular
networks, satellite communication networks as well as ad-
hoc networks. This kind of knowledge has been and will
continue to be applied in wireless communication networks
to extract the network feature and then guide the network
optimization, including both the resource management and
the signal processing. In this survey, borrowing from the
philosophical definition of knowledge, we try to give a concept
of knowledge in the field of wireless communication networks
as follows.

Definition 1: Communication-specific domain knowledge is
technical theories and experiential cognition accumulated by
scientists and experts in the process of conceiving, construct-
ing, and optimizing wireless communication networks.

In general, communication-specific domain knowledge
involves two key aspects. During the modeling process, knowl-
edge is the cognitive description of attributes, relationships,
and the evolving laws of the network environment, user
entities, and service requirements. Examples include modeling
theories of wireless tasks like Markov decision processing,
and unique features of wireless networks like the spatial
correlation of wireless channels. During the decision-making
process, knowledge is the cognitive summarization of the
principles, algorithms, and theories applied in problem-solving
during the decision-making process. Examples include model-
based theoretical algorithms or solutions for wireless tasks like
zero-forcing precoding. Such knowledge can be employed to
inform the design of neural networks for wireless optimization
problems. For a detailed understanding of this communication-
specific domain knowledge, the following subsection presents
a summary of the taxonomy, including knowledge classifica-
tion and knowledge representation.

B. The Taxonomy of Knowledge in Wireless Networks

To figure out what exactly communication-specific domain
knowledge consists of, as illustrated in Fig. 3, we broadly
classify knowledge into two categories, namely, scientific
knowledge and expert knowledge, which range from more
formal to less formal, or from explicitly validated to implic-
itly validated. Indeed, expert and scientific knowledge are
somehow interrelated, as the former can be formalized
through rigorous validation, while the latter often informs
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Fig. 3. The taxonomy of knowledge in wireless networks, including knowledge classification, knowledge representation and typical examples.

real-world engineering experience. This classification aims
not to divide them rigidly, but to distinguish their distinct
foundational basis, representational forms and functional roles
in knowledge-driven DL for wireless networks. Building on
this categorization, we further summarize the principal types of
knowledge within each category in this subsection. As knowl-
edge representation would decide the ease and approaches of
knowledge integration in neural networks, we also provide
detailed descriptions of the corresponding representations for
each type of knowledge, along with illustrative examples to
enhance clarity and comprehension.

1) Scientific Knowledge: Scientific knowledge aims to
establish universal laws that can theoretically explain the
operation mechanism of wireless networks, which is discov-
ered and demonstrated via rigorous scientific experiments or
mathematical reasoning. It is systematic and objective, and
widely accepted by the communication community. Typically,
scientific knowledge is explicitly represented in structured and
formal mathematical expressions, including formulas, algo-
rithms and probabilistic relations. In wireless communication
networks, scientific knowledge consists of theoretical trans-
mission laws, methodologies for modeling wireless networks
and theoretical solutions to wireless network optimization.

Theoretical Transmission Laws. Theoretical transmission
laws lay the foundation for wireless communications, which
are also the driving force for the continuous flourishing of
wireless networks. Thanks to the exploration of pioneer-
ing researchers, a systematic theoretical basis in wireless
communication networks has been constructed, consisting
of signals and systems, digital signal processing, principles
of wireless communications, information theory, and more.
Building on these foundations, a standard physical link can
be established between a transceiver pair, including chan-
nel encoding and decoding, modulation and demodulation,
multi-input multi-output (MIMO) precoding and receiver, and
channel estimation. In terms of representations, knowledge
concerning theoretical transmission laws is explicitly artic-
ulated in strict and formal mathematical formulas, which

are either equalities or inequalities to scalars, vectors, and
matrices. Typical examples of theoretical transmission laws
are Shannon’s three theorems and Nyquist sampling theorem,
where the most renowned formula is the channel capacity with
infinite block length, denoted as C = log(1 + S/N), with C,
S, and N respectively being the channel capacity, the signal
power, and the noise power.

Methodologies for Modeling Wireless Networks. To effec-
tively tackle practical problems encountered in wireless
communication networks, the primary task is to analyze and
abstract these problems as appropriate mathematical prob-
lems, adopting mathematical language, concepts and symbols.
Such knowledge about extracting essential contradictions from
complex real-world wireless networks and describing them as
suitable mathematical problems are referred to as methodology
for modeling wireless networks. Generally, practical problems
in wireless networks are modeled by mathematical theories,
such as probability and mathematical statistics, stochastic
process, optimization theory, game theory, graph theory and
so on. Apart from abstracting practical problems, modeling
methodologies also help to build simulation platforms or
digital twins of wireless networks to simulate their opera-
tion of wireless networks. During the modeling of wireless
network optimization problems, a series of related mathe-
matical formulas or probabilistic relations are derived based
on corresponding mathematical theories. For example, short-
time resource management or signal processing problems
with diversified quality of service (QoS) requirements are
modeled as optimization problems represented by mathe-
matical formulas, and long-term network behaviors, such as
queue management problems are modeled as Markov decision
processes represented by probabilistic relations.

Theoretical Solutions to Wireless Network Optimization.
With mathematically modeled wireless network optimization
problems, the subsequent procedure is to derive effec-
tive theoretical solutions. These are also usually achieved
according to mathematical theories, such as deterministic
optimization, stochastic optimization, game theory and so
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on. The scientific knowledge that describes such mathemat-
ical manipulations from network status (inputs) to decision
results (outputs) is known as theoretical solutions to wireless
network optimization. As with strict mathematical deriva-
tions in each step, theoretical solutions are interpretable and
can provide performance guarantees for wireless network
optimization, contributing to understanding the behavior of
wireless networks. Through decades of efforts, a plethora
of theoretical solutions have been accumulated for diversi-
fied network optimization problems, including system-level
resource management and link-level transmission strategy.
Typically, these theoretical solutions are represented by math-
ematical formulas and iterative algorithms [28], which are
respectively for simple problems with analytical solutions and
complex problems. Famous examples are the zero-forcing
(ZF) precoding scheme for MIMO transmission expressed as
formulas and the water-filling power allocation strategy for
OFDM systems expressed as iterative algorithms.

2) Expert Knowledge: Expert knowledge refers to practical
experience or intuition, summarized and validated by spe-
cialists or engineers in the field of wireless communication
networks. It is contextual and subjective, and often specific to
an individual’s experiences, perspectives and interpretations.
Although without theoretical verification, expert knowledge
is highly valuable for solving complex real-world problems
in wireless networks that require nuanced understanding and
decision-making. Compared with scientific knowledge, expert
knowledge is not easy to articulate and is usually represented
in relatively informal expressions. In wireless communica-
tion networks, expert knowledge includes empirical relations
among entities in wireless networks, network protocols, and
unique features of wireless networks.

Empirical Relations Among Entities in Wireless Networks.
Empirical relations among entities in wireless networks refer
to the observed and established relationships or patterns that
exist between various components or entities within wire-
less networks. Here, network entities can include network
infrastructure elements (like base stations and core network
functions), network users (like mobile devices and sensor
nodes), performance metrics (like rate and latency) and so
on, varying with analyzed problems. Then, relations among
these entities are derived from real-world experience and
semi-structured maintenance logs rather than theoretical or
mathematical models, which are crucial for understanding
how various network components affect each other in actual
operational environments. Generally, this relational knowl-
edge is represented by a structured knowledge graph G =
{V, E}, where vertices V and edges E respectively denote
entities and relations among these entities. The most famous
application of this empirical relational knowledge in wireless
networks is intelligent network operation and maintenance.
In this domain, a knowledge graph is constructed to map
out relationships among network elements, network con-
figurations, performance metrics and alarm indicators for
effectively handling network failure with knowledge reason-
ing. A specific case of such an application is the network
AI engine (NAIE) developed by Huawei, which employs
telecom knowledge graphs to empower automatic driving

networks [29]. Furthermore, relational knowledge is highly
valuable in wireless scenario recognition. In this context,
a knowledge graph is created, encompassing elements such
as the network environment, network users, and service
requirements to accurately recognize and classify different
scenarios with personalized demands. It is pivotal in adapting
network responses and strategies to align with the charac-
teristics and specific demands of each identified scenario,
leading to optimized network performance and enhanced user
experiences.

Network Protocols. In wireless communication networks,
network protocols are a set of standardized rules and guide-
lines that govern the transmission and reception of data
over wireless networks, which usually tailors to accommo-
date the unique characteristics of wireless mediums, such
as fast channel fading and user mobility. They define
how data is formatted, transmitted, and processed over the
network, involving both the theoretical techniques created
by researchers and the practical experiences of engineers.
As network protocols ensure interoperability, reliability, and
efficiency in communication, devices in a wireless network can
communicate seamlessly, regardless of disparities in design,
manufacture, or internal configuration. In terms of repre-
sentations, network protocols can be expressed as logical
rules, such as flowcharts or state diagrams, illustrating how
data moves through various stages of processing or how
the system transitions between different states in response
to certain events. Alternatively, they can also be abstracted
as knowledge graphs to depict intricate relationships among
various protocol components. Prominent examples of wireless
network protocols include the 3rd generation partnership
project (3GPP) mobile communication protocols, such as the
5G standards, and IEEE 802.11 series protocols like WiFi stan-
dards. In practical wireless networks, all network optimization
designs should adhere to the corresponding network
protocols to guarantee interoperability among different
devices.

Unique Features of Wireless Networks. Unique features of
wireless networks refer to characteristics or patterns that are
straightforwardly discovered through keen observations, sim-
ple data analysis, and a deeper understanding of the network’s
behavior and dynamics. These features represent the inherent
and crucial aspects of network behaviors and are instrumental
in enhancing the optimization of wireless networks. As the
captured network behaviors are often non-quantifiable, unique
features of wireless networks are best articulated by narrative
propositions. This form of representation, while perhaps less
formal compared with mathematical expressions, provides a
clearer and more comprehensible insight into the network’s
dynamics. Notable among these unique features are the tem-
poral correlation patterns found in wireless traffic, which
are crucial for predicting network load, managing bandwidth
allocation, and ensuring consistent quality of service across
different times and conditions. Another significant feature
is the graph-structured nature of wireless network topology,
which is vital for optimizing network coverage, minimizing
interference, and enhancing overall network resilience and
performance.
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Fig. 4. The pipeline of knowledge-driven DL. Compared with data-driven DL, knowledge-driven DL incorporates domain knowledge with suitable
representations into neural networks to select the training data, devise the neural network model, and customize the learning algorithm.

III. THE CONCEPT AND TAXONOMY OF

KNOWLEDGE-DRIVEN DL IN WIRELESS NETWORKS

With the definition of communication-specific domain
knowledge, in this section, we initially introduce the concept
of knowledge-driven DL in wireless communication networks.
Subsequently, based on a review of existing literature, we
present a comprehensive taxonomy of knowledge-driven DL,
specifically focusing on knowledge integration approaches.

A. The Concept of Knowledge-Driven DL in Wireless
Networks

In wireless communication networks, the widely adopted
methodology for applying knowledge in network optimization
is the model-based theoretical approach, which initially
models real-world problems with validated communication
theories and then addresses these problems using explain-
able mathematical theories like convex optimization and
game theory. Although with superior interpretability and
theoretical performance guarantee, the model-based approach
fails to effectively handle large-scale complicated network
optimization problems in the forthcoming 6G, owing to its
inaccurate modeling of complex relationships and long online
operation time. These challenges can be potentially tackled
by data-driven DL approaches, which statistically learn the
network optimization strategies from data via neural networks
with powerful universal approximation ability. Once the neural
network is well-trained offline, network optimization strategies
in different parameter configurations can be quickly inferred,
resulting in a fast online response speed. However, the “closed-
box” nature of neural networks with poor interpretability
prevents their widespread application in wireless communica-
tion networks.

To address the issues encountered by data-driven DL
approaches, a novel paradigm adopting knowledge for intelli-
gent wireless network optimization, called knowledge-driven
DL, is gaining traction. This approach explicitly incorporates
comprehensible prior knowledge to guide the construc-
tion and training of neural networks. The involved prior
knowledge in wireless communication networks, also termed
communication-specific domain knowledge, is distilled from
the unique attributes of network optimization issues and
formed in various representations, which has been summarized
in the previous Section III. A typical knowledge-driven DL

pipeline consists of four main components, i.e., the training
data, the neural network model, the learning algorithm and
domain knowledge, as illustrated in Fig. 4. Compared with
pure data-driven DL, additional domain knowledge is added
to the pipeline, which is represented in various forms, such as
knowledge graphs, iterative algorithms, probabilistic relations
and so on. When applying the knowledge-driven DL approach,
network optimization problems are first formulated as regres-
sion tasks, where the network status (inputs) is mapped to
optimization strategies (outputs) via neural networks. Then,
external domain knowledge is involved in selecting the training
data, devising the neural network model and customizing the
learning algorithm.

Definition 2: Knowledge-driven deep learning in wireless
networks refers to the deep learning method where addi-
tional communication-specific domain knowledge is explicitly
integrated to enhance the insufficient training data and to
guide the design of the neural network model and the
learning algorithms. Such integrated knowledge stems from
the cognitive description, analysis and summary of specific
problems in wireless communication networks, independent of
the original labeled training data, which is represented in the
form of mathematical formulas, theoretical algorithms/rules
and knowledge graphs, etc.

By explicitly incorporating domain knowledge with appro-
priate formal representations into all components of the
DL process, the knowledge-driven DL approach has the
strengths of both the model-based theoretical approach and
the data-driven DL approach. Firstly, the interpretability of
knowledge-driven DL is greatly improved, resulting in a
reduction in learnable parameters, a decrease in required
training data samples, and a lessening of the offline computa-
tional load. Secondly, as opposed to model-based theoretical
approaches that are heavily reliant on precise modeling, the
domain knowledge employed in knowledge-driven DL merely
provides a fundamental and generic characteristic of the
task. Any performance decline due to model inaccuracies
is offset by the universal approximation capabilities of DL.
Thirdly, knowledge-driven DL methods retain the rapid online
inference capabilities of neural networks, enabling them to
satisfy the demanding low-latency requirement of real-time
services in dynamic networks. Owing to these strengths
listed above, knowledge-driven DL is appealing in 6G
networks [30], [31].
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Fig. 5. The taxonomy of knowledge-driven DL in wireless networks. This novel taxonomy tailored to wireless network optimization is first proposed through
a comparative and iterative literature survey. It offers a structured framework for categorizing knowledge integration approaches and serves as a guideline for
the principled design of knowledge-driven intelligent wireless networks.

B. The Taxonomy of Knowledge-Driven DL in Wireless
Networks

In knowledge-driven intelligent wireless networks, beyond
identifying what domain knowledge to incorporate, a core
question is how to effectively embed such knowledge into neu-
ral networks. This survey provides a structured taxonomy of
knowledge integration approaches, illustrated in Fig. 5, which
is constructed based on which components of the DL pipeline
domain knowledge is integrated into, and how such integration
is achieved. Specifically, the taxonomy aligns with two key
components of the DL workflow, i.e., the neural network
model, which determines the learning capacity, and the learn-
ing algorithm, which directs the learning process. Within the
model component, domain knowledge can be incorporated
through model selection, model customization, the construc-
tion of knowledge–data fusion architectures and model-related
hyperparameter configuration. On the algorithm side, domain
knowledge can be embedded via algorithm-related hyperpa-
rameter setting and loss function design. Combining the two
hyperparameter setting schemes, the proposed taxonomy of
knowledge-driven DL in Fig. 5 integrates domain knowledge
into neural networks through neural network model selection,
neural network model customization, knowledge and data
fusion architecture construction, loss function design, and
hyperparameter configuration.

This taxonomy is developed through a broad and iterative
review of recent literature in wireless network optimization
and captures the prevailing approaches by which domain

knowledge has been systematically embedded into DL. It
provides a unified framework for understanding how domain
knowledge can be systematically integrated into deep learning.
Besides, the modular organization of the taxonomy allows
each integration approach to be applied or adapted inde-
pendently, facilitating its extension to future techniques and
cross-domain applicability. By organizing existing work into
this structured framework, the taxonomy not only reflects
the current landscape of knowledge-driven DL in wireless
networks but also serves as a foundation for the principled
design of knowledge-driven intelligent wireless networks.

In the following sections, we explore the detailed concepts
of each knowledge integration approach, providing typical
examples to illustrate how domain knowledge is integrated into
neural networks in wireless networks. For each approach, we
also offer a comprehensive review of the relevant literature,
highlighting the involved domain knowledge and specific
knowledge integration approaches that have been proposed in
the field. This review will focus particularly on knowledge-
driven resource management and signal processing, two
fundamental areas in wireless networks where deep learning
has been extensively utilized.

IV. KNOWLEDGE-DRIVEN NEURAL NETWORK

MODEL SELECTION

Knowledge-driven neural network model selection, as
depicted in Fig. 6, employs domain knowledge to choose
a suitable neural network from a variety of existing ones,
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Fig. 6. The knowledge-driven neural network model selection.

such as recurrent neural networks (RNNs), convolutional
neural networks (CNNs) and GNNs. Each of these models is
particularly suited to tasks with specific characteristics, such as
temporal dependencies or graph-based relationships. Among
them, multi-layer perception (MLP) is often treated as a
general-purpose baseline without explicit prior knowledge. By
aligning the model structure with task characteristics through
domain knowledge, this selection process can lead to improved
inference performance, enhanced interpretability, and better
scalability [32]. In wireless networks, such knowledge mainly
belongs to unique features of wireless networks in expert
knowledge and stems from an in-depth understanding and
empirical recognition of tasks, which is portrayed by narra-
tive propositions. According to the literature review, wireless
network features, like the widespread temporal correlation and
graph-structured network topology, are involved in wireless
tasks to respectively inform the appealing RNN and GNN
models. In the following, the concept of knowledge-driven
RNN and CNN selection is respectively explored, along with
detailed examples provided for each. Additionally, the relevant
literature on knowledge-driven wireless resource management
and signal processing is reviewed and the involved knowl-
edge and knowledge integration approach are summarized in
Table III.

A. Knowledge-Driven RNN Selection

1) Concept: Knowledge-driven RNN selection refers to
employing domain knowledge regarding temporal correlations
presented in wireless networks to select RNNs as the right
model. In wireless networks, aspects like network traffic,
available spectrum, and wireless channel environments change
over time but exhibit intricate temporal dependencies. Due
to excelling in learning long-term temporal dependencies
from sequence data via cell states and control gates, RNNs,
especially long short-term memory (LSTM) networks, have
become attractive choices for tasks involving long-term tem-
poral correlations to enhance performance and efficiency.

2) Typical Example: Consider an LSTM-based mobile traf-
fic prediction as an example. In wireless networks, mobile
traffic patterns gradually fluctuate over time, exhibiting strong
temporal correlation. By separating each time step as a
sequential point, mobile traffic data becomes a correlated time
series. Inspired by knowledge of such temporal correlation, as
illustrated in Fig. 6(a), RNN, especially LSTM, is selected as
the most suitable neural network model for predicting future
mobile traffic based on historical data [33]. With its cell states
and control gates, LSTM can effectively capture long-term
dependencies in the data, enabling accurate predictions over
extended periods. As demonstrated in [33], a modified LSTM
with sparsely connected neurons lowers computational costs
while maintaining prediction accuracy.

3) Related Literature Review on Wireless Resource
Management: In intelligent wireless resource management,
tasks such as traffic prediction and long-term resource allo-
cation often exhibit strong temporal correlations due to the
dynamic nature of wireless networks. To effectively address
these tasks, models must capture the evolving patterns over
time to achieve accurate predictions and efficient resource
allocation. LSTM, known for its ability to handle sequential
data and long-term dependencies, is an ideal choice for
managing these time-varying tasks.

With the ability to capture the temporal dependency, LSTM-
based wireless traffic prediction has been widely investigated,
which assists in proactively allocating the required resources.
For the prediction of the overall traffic in telecommunication
networks, a modified LSTM with stochastic connected neurons
is proposed in [33], which is of sparse property to a certain
degree and reduces the computing cost without sacrificing
the prediction accuracy. To reduce the required training
samples, a meta-learning framework with LSTM for mobile
traffic prediction in wireless networks is also devised [34].
Then, the per-user traffic prediction is conducted via LSTM
to dynamically adjust the parameters of the discontinuous
reception scheme [35]. Besides, the traffic prediction for
specific services is also investigated. In [36], the LSTM-
based voice traffic prediction is proposed and validated on
a real-world dataset, which exhibits better accuracy on base
stations’ Erlang. In [37], the traffic of machine-type devices
is predicted via LSTM to adaptively configure the wake-up
signal technology for energy saving.

Another popular application of LSTMs in wireless com-
munication networks is long-term resource management. To
minimize the average age of information in ad hoc networks,
the user scheduling problem in [38] is transformed as a time-
series classification problem and tackled by the bidirectional
LSTM to deal with the time-varying network state. To improve
the network throughput in multi-channel HetNets with dif-
ferent access control protocols, a novel deep reinforcement
learning (DRL)-based access policy is proposed [39], where
the underlying temporal correlation of spectrum states is
exploited via LSTM to predict the spectrum utility. For the
computing offloading, the computing offloading and resource
allocation problem in Fog networks is formulated as a par-
tially observable Markov decision problem and solved by
the deep recurrent Q-network [40], where the LSTM is to
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TABLE III
KNOWLEDGE-DRIVEN NEURAL NETWORK MODEL SELECTION

reason the probability of the real state from historical global
observations by capturing the underlying knowledge about
temporal correlation. Considering the dynamic load in edge
networks, a deep-Q network-based distributed task offloading
strategy is put forward in [41] to reduce the long-term
expected cost estimated via LSTM to exploit the temporal
correlation. Furthermore, LSTM has also been adopted in
network slicing [42], uncrewed aerial vehicle (UAV) trajectory
optimization [43] and other long-term resource management
problems to capture the temporal property.

4) Related Literature Review on Wireless Signal
Processing: In the physical layer of wireless communications,
some key tasks, such as signal detection with inter-symbol
interference (ISI), channel decoding of convolutional code
and channel state information (CSI) prediction, demonstrate
distinct time dependence. Such characteristics can be
well exploited by sequence-structured neural network
models, specifically RNNs and LSTM networks, to enhance
performance. In light of this, RNN-based wireless signal
processing works have been investigated.

For signal detection, the multi-path effect of wireless
channels leads to the ISI between adjacent symbols, which
introduces time dependence among received symbols. Hence,
Farsad and Goldsmith [44] elected LSTM, excelling in deal-
ing with time sequence, as signal detection architecture to
counteract severe ISI. Specifically, they deployed a sliding
bidirectional LSTM-based intelligent signal detector, which
can not only consider the future symbol observations during
the current symbol detection, but also handle the symbol
of arbitrary lengths. Experiments revealed that the proposed
detector, informed by the time dependence of the received
symbols, outperforms the Viterbi detector and neural network
detectors proposed previously. Owing to the outstanding
performance, other RNN-based signal detectors are also
designed in [45], [46], [47], [48] to conquer the ISI.

For channel encoding and decoding, convolutional coding
inherently introduces temporal correlation in the encoded

sequence, leveraging the past and present input bits to gen-
erate each encoded output bit. This sequence’s time-related
characteristics can be exploited in the channel decoder for
error detection and correction. To better capture such temporal
correlation and enhance the reliability of wireless commu-
nications, the RNN architecture is adopted in the intelligent
channel decoder [49]. It has been demonstrated that carefully
crafted and trained RNNs can effectively decode convolu-
tional codes and turbo codes transmitted over additive white
Gaussian noise channels.

Besides, the wireless channel exhibits significant tempo-
ral correlation, mainly influenced by user mobility, which
can facilitate CSI prediction by leveraging historical data to
forecast future channel states accurately. Due to the abil-
ity to capture long-term dependencies in time-series data,
researchers have employed LSTM networks for more accurate
and reliable predictions of dynamically changing wireless
channel conditions. Specifically, an inventive online CSI
prediction scheme is proposed in [50], which adopts the LSTM
network to process historical data for channel prediction.
Simulation results demonstrated that it not only speeds up the
generation of CSI predictions but also ensures their remarkable
accuracy. Similarly, Wang et al. [51] improved the tradi-
tional CSI feedback network by incorporating LSTM into its
architecture, named CsiNet-LSTM. By capturing the temporal
correlation via LSTM, CsiNet-LSTM not only heightens the
quality of CSI recovery but also ensures a more optimal
balance between compression ratio and complexity.

5) Design Guideline: The key procedures to select RNN as
the neural network model are summarized as follows. i) Verify
that the target task involves sequential data and has temporal
dependency. ii) Select the suitable RNN variant, typically
LSTM, and proceed with training.

B. Knowledge-Driven GNN Selection

1) Concept: Knowledge-driven GNN selection refers to
employing domain knowledge regarding graph-structured
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spatial network topology to select GNNs as the right model.
In wireless communication networks, the network topology
consisting of multiple communication links naturally forms
a graph in the space domain, where each node is only
interdependent among its connected adjacent nodes. Due to
user mobility, the graph structure-based network topology,
including the number of nodes and the connecting rela-
tions among nodes, is always dynamic. By incorporating
such knowledge concerning dynamic graph-structured features
of network topology into the neural network model, GNN
is capable of effectively handling a majority of wireless
tasks with better scalability and lower training complex-
ity [13], [83], [84]. Furthermore, another important prior
knowledge broadly existing in wireless tasks, known as the
permutation equivalence (PE) property, can also be exploited
by GNN. This property implies that while the ordering
of the outputs for each node changes following the input
order, the actual values of the corresponding outputs remain
unchanged [85]. Taking into account both the graph-structured
spatial geometry of network topology and the permutation
equivalence property of wireless tasks, GNN exhibits enhanced
scalability and can effectively manage dynamic multiuser
wireless tasks.

2) Typical Example: We take the GNN-based power
allocation as an example. Consider a device-to-device com-
munication scenario with multiple transceiver pairs, as plotted
in Fig. 6(b). By treating each transceiver pair as a node and
the interference link as an edge, the network topology can be
modeled as a graph. Leveraging this graph-structured network
topology knowledge, GNN is selected as the right neural
network model for the power allocation problem to maximize
the system sum rate [53]. With the ability to aggregate
information from neighboring nodes, GNN scales effectively
with network size, capturing both local and global depen-
dencies, which is ideal for complex, dynamic environments.
Consequently, it offers robust, adaptive power allocation with
fast online inference, as verified by experimental results
in [53].

3) Related Literature Review on Wireless Resource
Management: In wireless resource management, many
multiuser tasks naturally form a spatial graph-structured
network topology. By embedding this structural feature
into neural network models, GNNs can effectively capture
the complex interactions between nodes in the network.
Consequently, GNNs have been widely applied to a range
of tasks, including power allocation, link scheduling, and
network slicing.

For the power allocation problem, a number of works have
tried to adopt various types of GNN to lower the complexity
and enhance the scalability in large-scale networks. With
the same graph model as the described example, in [53],
Y. Shen et al. showed that large-scale resource allocation
problems including the power allocation and beamforming
design problem, which satisfy PE properties, can be effec-
tively handled by message passing GNN (MPGNN) with
better scalability, fewer training samples and high compu-
tational efficiency. Such benefits are further proved from

the theoretical perspective. In particular, as compared with
MLP, MPGNN converges O(n log n) times faster, has O(n)
times less error [54], and requires O(n2) times less train-
ing samples [55], where n is the number of nodes. By
showing the equivalence between MPGNN and distributed
algorithms, GNN is also proved to achieve near-optimal
network performance [53], [55]. With a similar GNN-based
framework, the joint channel and power allocation problem in
D2D networks is investigated in [56]. Unlike the homogeneous
K-user interference channel scenario or D2D networks, the
power allocation problem in multi-cell multi-user networks
satisfies both network-level and cell-level PE properties, and
the formulated graph consisting of different types of links is
heterogeneous. To concurrently incorporate this prior knowl-
edge into the neural network structure, a heterogeneous graph
neural network with a parameter sharing scheme, abstracted
as passing GNN, is proposed in [57], [58] to learn the
optimal power policy with lower sample complexity. For
the joint user association and power allocation problem in
heterogeneous ultra-dense networks, the local validity and
correlation attenuation of network topology is embedded into
the neural network architecture and then a heterogeneous
bipartite graph neural network is constructed to enjoy the
scalable character in large-scale user scenarios [59]. As users
in fully decentralized ad-hoc networks have different working
clocks, an asynchronous aggregation GNN is proposed in [60]
to learn the optimal power allocation. Furthermore, a random
edge graph neural network is also proposed to investigate the
fast power allocation in D2D networks [61], [62].

In addition, GNN has been utilized to solve the link
scheduling problem in wireless ad-hoc networks. By modeling
the interference relationship between wireless links in ad-hoc
networks as a conflict graph similar to [86], a distributed link
scheduler with GNN-based topology-aware node embedding is
proposed in [63] to solve the maximum weighted independent
set problem. Owing to leveraging the topological information,
the proposed link scheduler has better network performance,
good generalizability and lower complexity in networks with
tens of wireless links. To tackle the multi-hop network flow
problem in wireless ad-hoc networks involving the routing
selection and the non-interfering link scheduling, a dynamic
topology-aware DL framework is developed in [64], where the
structure-level network topology information is incorporated
into node and edge embedding vectors via GNN. With such
a topology-aware representation, the proposed framework
is robust over diversified network typologies and scenario
deployments.

Due to the excellent representation of graph-structured
network topology, GNN is also applied in network slicing that
maps the virtual network function forwarding graph (VNF-
FG) to the substrate networks with various typologies. For
the virtual network embedding, a GNN-assisted reinforce-
ment learning framework is proposed in [65] to efficiently
place the nodes and links of NVF-FG on nodes and links
of practical networks. To make the proposed framework
scalable, both the per-VNF embedding and the global sub-
strate network embedding are conducted via GNN in the
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state representation. Considering the practical restrictions in
wireless networks, a virtual network embedding algorithm
and a joint network slicing and routing algorithm based on
DRL and GNN are respectively developed in [66] and [67],
where GNN is to extract the dynamic network topology
and resource attributes. With the given VNF-FG placement,
a GNN-empowered resource allocation algorithm for each
VNF is investigated [52]. In the proposed algorithm, GNN
is to extract the intertwined relationships among slices so
that the end-to-end delay of multiple network slices can
be reduced over various network topologies and parameter
settings.

4) Related Literature Review on Wireless Signal
Processing: In wireless signal processing, the interactions
among multiple users or transceiver antennas inherently
form a graph structure. By capturing these relationships and
interdependencies, GNNs can dynamically adapt to changes
in the network structure, offering robust performance even
as the network evolves. Therefore, GNNs have been adopted
in various wireless signal processing tasks, such as MIMO
precoding and signal detection.

For precoding tasks, the multi-user (MU) multi-input single-
output (MISO) communication setup is depicted as a graph,
where each base station (BS) antenna and each user are
represented as vertices, and the channels between them act
as edges. Based on this graph, a GNN-informed full-digital
precoding method is proposed in [68] to maximize the sum
rate. Compared with CNN, the proposed GNN is more
suited to the precoding task, achieving superior sum rates
and lower training complexity with the same amount of
training data. Similarly, a GNN-based intelligent beamforming
strategy aiming at sum rate maximization is also investigated
in an intelligent reflecting surface (IRS)-assisted MU-MISO
scenario [69], which directly maps the received pilots and user
locations to the beamforming vectors to reduce the number of
required pilots.

For MIMO signal detection, the detection process of
iterative message passing (MP) algorithms can be regarded
as information interaction based on a graph, where each
antenna at the transceiver is a vertex and each link among
them is an edge. Inspired by this knowledge, GNNs, capa-
ble of embedding the graph-structured topology into neural
networks and accelerating online processing, have become
attractive neural network models for signal detection. In [70],
a novel GNN-based MIMO detector combining both GNN and
belief propagation algorithm is proposed for massive MIMO
systems, which has a lower computation cost. In [71], a GNN-
aided multiuser MIMO (MU-MIMO) detector is developed
to achieve the near maximum likelihood performance across
various configurations. Besides, GNN-based detectors are also
investigated for MIMO-turbo receivers [72] and high-speed
systems [73].

5) Design Guideline: The key procedures for selecting
GNN as the neural network model are outlined as follows.
i) Ensure that the target task involves graph-structured data,
such as wireless network topology. ii) Select the relevant GNN
model and initiate the training process.

C. Other Knowledge-Driven Neural Network Model
Selection

In addition to temporal correlations and graph-structured
network topology, other features of wireless networks can
guide the selection of appropriate neural network models,
such as CNNs, encoder-decoder architectures, and attention
mechanisms, for specific tasks. A prime example is the use
of CNNs for wireless signal processing, driven by the domain
knowledge about spectral and spatial correlations of wireless
channels in Euclidean space. These correlations, resulting
from multi-path propagation and the presence of multiple
antennas at the transceiver, make CNNs particularly well-
suited due to their ability to capture local dependencies
and patterns in multi-dimensional data. Leveraging this prior
knowledge, numerous studies have utilized CNNs to improve
the performance of wireless signal processing tasks, including
channel estimation and precoding.

In channel-related applications, Wen et al. [74] developed
CsiNet, a method that uses CNNs to exploit knowledge
regarding spatial-frequency channel correlation in massive
MIMO-OFDM systems, for efficient CSI feedback. Simulation
results demonstrate that the proposed CsiNet is capable of
reconstructing CSI with notably enhanced quality, particularly
in areas of low compression. Similarly, a spatial-frequency
CNN is proposed in [76] for the channel estimation in
millimeter-wave massive MIMO-OFDM systems, informed by
knowledge concerning natural spatial and frequency chan-
nel correlations. As compared with the non-ideal minimum
mean-square error estimator, the proposed estimator offers
superior performance and reduced complexity. Inspired by
the pioneering works, a series of subsequent studies have
also adopted CNN for channel feedback [75] and channel
estimation [77], [78].

For MIMO precoding tasks, prior knowledge of chan-
nel spatial correlation also guides the selection of CNNs.
In [79], [80], a CNN framework for the joint precoder
and combiner is proposed, which can effectively han-
dle incomplete channel matrices, leading to a robust and
efficient hybrid precoding solution. By leveraging knowl-
edge of inter-user interference correlation, Jiang et al. [81]
utilize CNN attention layers for the precoder design in
mmWave MIMO systems. Their proposed low-complexity,
attention-based hybrid precoding outperforms existing DL-
based methods in achieving a higher sum rate. Similarly,
a novel CNN-based hybrid precoding approach in mmWave
massive MIMO systems is investigated in [82]. This research
introduces a new combiner neural network architecture that
can predict RF combining vectors directly from the received
CSI, leading to significant precoding performance improve-
ment with hardware limitations and imperfect CSI.

D. Summary and Discussion

Knowledge-driven neural network model selection is well-
suited for tasks with strong structural priors, such as temporal
dynamics in traffic prediction or spatial correlations in non-
Euclidean spaces, as commonly found in graph-structured
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Fig. 7. The neural network model customization. The orange boxes and lines denote the integrated domain knowledge. In the substructure design of neural
networks, knowledge is embedded in the output layer. In the whole structure design of neural networks, iterative algorithms are unfolded as interpretable
layer-wise neural networks. In structure-oriented composite neural networks, structural knowledge inspired by model-based methods are maintained to connect
neural network blocks.

wireless topologies. It implicitly integrates domain knowledge
by selecting neural network models (e.g., RNNs, GNNs)
whose structural properties naturally align with task-specific
characteristics. This approach enhances performance and gen-
eralization, particularly in scenarios with limited training data.

V. KNOWLEDGE-DRIVEN NEURAL NETWORK MODEL

CUSTOMIZATION

Compared with NLP or image recognition in the field
of computer science, wireless optimization problems present
greater complexity due to intricate constraints, a scarcity
of labeled data, and stringent reliability demands. To tackle
these challenges, communication-specific domain knowledge
can be utilized to tailor original neural network models to
appropriate ones, improving interpretability and adaptivity.
As a consequence, the number of required training data
samples is reduced and the computation burden in the offline
training is relieved. According to the literature review in
the field of wireless communications, as illustrated in Fig. 7,
neural network model customization can be divided into three
categories, i.e., the substructure design of neural networks,
the whole structure design of neural networks and structure-
oriented composite neural network construction. Following
this categorization, the subsequent subsections introduce the
concept of each approach, accompanied by a specific exam-
ple. Furthermore, the relevant literature on knowledge-driven
wireless resource management and signal processing will be
reviewed, highlighting the involved knowledge and knowledge
integration approaches, as outlined in Table IV.

A. The Substructure Design of Neural Networks

1) Concept: The substructure design of neural networks,
depicted in Fig. 7(a), incorporates domain knowledge into the

local structure of neural networks, such as the output layer or
the activation function, to make the outputs adhere to some
properties. In wireless communications, network optimization
tasks usually come with resource constraints that existing
basic neural network models can not effectively manage. This
challenge can be mitigated by integrating communication-
specific domain knowledge into the output layer of neural
networks, which guarantees that the outputs generated by
neural networks fall within the feasible region of the target
problem. The integrated knowledge stems from methodologies
for modeling wireless networks and the understanding of con-
straints in tasks, often represented by mathematical formulas.

2) Typical Example: An illustrative example of this
approach is adopting the special projection function in the
output layer to handle a constrained MISO beamforming
problem. Specifically, consider a downlink multicast MISO
scenario, where a BS equipped with N antennas simultane-
ously serves M single-antenna users. Let w and hm denote
the beamforming vector and channel from BS to user m. The
power minimization problem with each user’s signal-to-ratio
(SNR) constraint is formulated as

max
w∈CN

|w‖22 (1a)

s.t.
|hH

mw |2
σ2m

≥ γm , ∀m ∈ {1, . . . ,M }, (1b)

where σ2m and γm respectively denote the received noise
power and the SNR threshold of user m.

Due to the nonconvex constraint (1b), this problem is
typically addressed by the semi-definite relax (SDR) technique
with high computational complexity. Applying DL can signifi-
cantly reduce the online processing complexity, but a challenge
lies in ensuring that beamforming meets SNR constraints.
Through theoretical analysis via the complementary slackness
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TABLE IV
KNOWLEDGE-DRIVEN NEURAL NETWORK MODEL CUSTOMIZATION

Fig. 8. A knowledge-driven projection function for multicast beamforming.

condition, it is evident that optimal beamforming lies on the
boundary of the feasible region. Inspired by this knowledge,
the beamforming vector is represented as w = tŵ , where the
scaling variable t is a function of ŵ to ensure all constraints in
(1b) are met, with at least one active. As illustrated in Fig. 8,
a knowledge-driven substructure design of neural networks
is proposed in [87], incorporating a customized projection
function t(ŵ) defined in (2) as the output layer to deal with
the infeasible and nonoptimal outputs. Simulation results show
that the proposed knowledge-driven DL extremely outperforms
the SDR technique in both the system performance and the
online processing time.

t(ŵ) =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

1
|hH

m ŵ |2
σ2m

≥ γm , ∀m,

max
m∈{1,...,M}

√
σ2mγm

|hH
m ŵ |2 Otherwise.

(2)

3) Related Literature Review on Wireless Resource
Management: In resource management, ensuring that
networks’ decisions align with the systems’ constraints and
requirements is very critical. To achieve this, the substructure
design of neural networks has been applied in wireless power
allocation tasks, where domain knowledge regarding a deep
understanding of resource constraints is integrated into the
output layer of the neural networks.

To address the downlink multicell power allocation problem
for sum rate maximization with per-user rate constraints
and per-BS power constraints, a novel DNN framework is
proposed [88], [89]. Within this framework, a knowledge-
driven output block is added following the conventional DNN
to project the results onto the feasible domain, which is
devised based on a geometrical interpretation of the per-user
rate constraints. Benefiting from the embedded knowledge
block, the proposed DNN framework can effectively deal with
the model mismatch problem between training and testing
datasets. In [90], a new activation function at the output layer
is designed based on the softmax to make the learned power
maximize the sum rate while satisfying the sum power con-
straint. For the power allocation problem in energy-efficient
predictive video streaming transmission, a safety layer, which
is derived in closed form by exploiting the knowledge about
the transitions of the user’s buffer state, is added as an
additional output layer of the original neural network to satisfy
the QoS constraint that the video segment is downloaded
before being played [91]. In [92], to minimize the time-
average learning efficiency of the aggregated global model for
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over-the-air federated learning, a knowledge-driven learning
algorithm is proposed for the power allocation and the receive
normalizing factor selection, where an additional output layer
inheriting the structure of the analytical expression of the
transmission power is added behind a DNN.

4) Related Literature Review on Wireless Signal
Processing: In wireless signal processing, domain knowledge
embedded in the substructure of neural networks often
originates from the comprehensive understanding of tasks,
such as the uplink-downlink duality, the structure of the
optimal solution to a problem and the smart transformation
of basic signal processing constraints. Such knowledge is
usually incorporated as the differentiable output layer of
neural networks, which can reduce the learnable parameters
or generate solutions strictly within the feasible region. Owing
to these benefits, customized substructure design of neural
networks has been initially applied in MIMO beamforming
problems.

In [93], a knowledge-driven DL framework for MISO
downlink beamforming is proposed, which includes a neural
network for feature extraction and a knowledge-embedded
output layer for beamforming recovery. Specifically, for the
downlink signal to interference plus noise ratio (SINR) balanc-
ing problem and transmission power minimization problem,
there exists a theoretically demonstrated uplink-downlink
duality, which indicates that the downlink beamforming can
be derived based on the uplink transmission power in an
analytical expression. Hence, the corresponding beamforming
learning problem can be converted into an uplink power
mapping problem with a beamforming recovery layer. Then,
informed by the structure of the optimal beamforming vector
derived from power allocation vectors, the same framework
can also be applied to the downlink sum-rate maximization
problem [93], [94]. In this application, the neural network is
only required to predict two low-dimensional power allocation
vectors, which are subsequently used in the knowledge-driven
output layer to analytically recover the high-dimensional
beamforming vectors. Compared with existing algorithms,
this proposed framework achieves a good balance between
performance and complexity. Another notable work is the
integration of discrete constraints within the output layers of
neural networks for simultaneous antenna selection and hybrid
beamforming, as explored in [95]. Particularly, a probabilistic
subsampling technique and a tailored quantization function are
implemented in the output layers of the antenna selection and
hybrid beamforming networks, respectively. These adaptations
maintain differentiability while adhering to the antenna selec-
tion and analog beamformer constraints, enhancing both the
performance and computational efficiency. In [96], to satisfy
the module-1 constraint for the analog beamformer, a novel
Lambda layer related to the Euler function is added at the
output layer.

5) Design Guideline: The primary steps to design a
knowledge-driven neural network substructure are given as
follows. i) Conduct a thorough analysis of the target problem
to uncover key insights (i.e., domain knowledge) that can help
reformulate constraints or reveal the underlying structure of the
solution. ii) Utilize the identified insights to customize specific

components of the neural network, such as the activation
function or output layer, ensuring they align with the problem’s
requirements. iii) Verify that the designed substructure is
differentiable and train the entire neural network in an end-to-
end manner.

B. The Whole Structure Design of Neural Networks

1) Concept: The whole structure design of neural networks
employs communication-specific domain knowledge to com-
pletely devise novel neural networks, tailored to particular
tasks. The most representative approach of this category is
the algorithm unfolding creatively proposed by Greger and
LeCun [163], which embeds knowledge regarding proven
iterative algorithms into the whole structure of neural
networks. Essentially, as shown in Fig. 7(b), algorithm unfold-
ing takes a classic iterative algorithm, derived from theoretical
solutions to network optimization, and unfolds it into a
sequence of mathematical operations over a set number of
iterations. By treating each iteration of the algorithm as a
layer of a neural network, a customized neural network model
can be constructed, which mirrors the structure and logic
of the original algorithm. This approach also enables the
fixed parameters in the algorithm to be flexibly learnable
parameters in the neural network, thus infusing the neural
network model with adaptability while preserving the inter-
pretability of the iterative algorithm. Owing to these benefits,
algorithm unfolding has been widely adopted across a range
of wireless network tasks that have a wealth of theoretical
iterative algorithms.

2) Typical Example: We take intelligent signal detection
as an example, where a tailored neural network, DetNet, is
unfolded by the projected gradient descent algorithm [117].
For a communication link between Nt -antenna transmitter and
Nr -antenna receiver, the observed signal at the receiver is
expressed as y = Hx + n , where x ∈ XNt is the vector
of transmitted symbols with X denoting the finite set of
constellation points, H ∈ C

Nr×Nt is channel matrix and n ∈
C
Nr ∼ CN (0, σ2INr

) is the noise vector with σ2 being the
noise power. To detect the signal at the receiver, the maximum
likelihood (ML) decoder is formulated as

x̂ = argmin
x∈XNt

‖y −Hx‖22. (3)

Due to the NP-hard nature of problem (3) caused by the
finite-alphabet constraint x ∈ XNt , a classical iterative pro-
jected gradient descent algorithm (outlined in Algorithm 1) is
proposed to address it with manageable computational com-
plexity, where PX (·) is the nonlinear projection operator
into X .

To further reduce the online processing time, knowledge
regarding the projected gradient descent (PGD) algorithm is
integrated to design a customized neural network via the
algorithm unfolding approach. Specifically, in Algorithm 1,
each iteration is a linear combination of the x̂ t , HH y and
HHHx̂ t followed by a non-linear projection. By involving
this knowledge in each layer of DNN and treating the step size
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Fig. 9. A knowledge-driven intelligent signal detector via algorithm unfolding.

Algorithm 1 Project Gradient Descent Algorithm for Signal
Detection

1: Initialize step size λ;
2: for t = 0, 1, ... do
3: Update z t = x̂ t + 2λtHHHx̂ t − 2λtHH y ;
4: Update x̂ t+1 = PX (z t );
5: end for
6: return x̂ = x̂ t+1.

λ as a learned parameter, the structure of knowledge-driven
DetNet, shown in Fig. 9, is formulated as

z l = ReLu
(
W l

1

((
I + λt2H

HH
)
x̂ l − λl1H

H y
)
+ b l1

)
,

(4)

x̂ l+1 = Soft Sign
(
W l

2z
l + b l

2

)
, (5)

where θ = {W l
1,W

l
2, b

l
1, b

l
2, λ

l
1, λ

l
2}Ll=1 is the trainable

parameters and L is the total number of layers. The exper-
iments reveal that, when provided with sufficient training
examples, DetNet outperforms conventional MIMO detection
algorithms based on approximate message passing and semi-
definite relaxation.

3) Related Literature Review on Wireless Resource
Management: In wireless resource management, domain
knowledge, including theoretical algorithms and their proper-
ties, is often incorporated to fully tailor the neural network
structure. This approach, with the advantages of improving
interpretability and reducing computational complexity, has
been first applied to power allocation problems through a
comprehensive neural network structure design.

As the most typical knowledge-driven neural network struc-
ture design approach, algorithm unfolding, constructing layers
of neural networks by borrowing iterations of iterative algo-
rithms, has been initially applied to wireless power allocation
problems. For the sum rate maximization problem in wireless
ad-hoc networks, the classical power allocation algorithm is
the iterative WMMSE algorithm. To simultaneously embed the
graph-structured network topology into neural networks for
scalability enhancement, WMMSE-unfolded GNNs have been
extensively investigated. In [97], [98], a WMMSE-inspired
GNN in ad-hoc networks is proposed, which learns key param-
eters of the WMMSE algorithm with GNN without unfolding
iterations in the WMMSE algorithm as layers in GNN. To

align the GNN architecture with the algorithm itself [164],
a novel GNN architecture based on the unfolding of the
WMMSE algorithm is constructed in [18], which consists of
three neural network modules to mimic the three variables’
update in the WMMSE algorithm. For each variable update,
the adjacent information collection process is implemented
via the aggregation function of GNNs. As demonstrated in
the simulation, this architecture enhances the representation
of the GNN and reduces the sample complexity. Owing to
these benefits, other model-based algorithms like successive
convex approximation (SCA) for the sum energy efficiency
maximization [99] and decentralized gradient descent [100]
are also unfolded as GNNs.

Furthermore, properties derived from theoretical algorithms
can also be incorporated into the structure of neural networks.
To avoid the large computation load on devices brought by
conventional deep neural networks, in [101], a lightweight
reinforcement learning architecture guided by structural prop-
erties derived from the optimal power allocation strategy is
established in energy harvesting communication networks.
Specifically, the monotonicity of the optimal policy as well
as the upper and lower bound for the output of the policy
network is theoretically proved. This knowledge is embedded
by constructing the neural network with the piecewise linear
calibration and interpolation method [102], which are capable
of shaping the function approximator with various desirable
structural properties. As expected, the proposed lightweight
DRL outperforms existing methods.

4) Related Literature Review on Wireless Signal
Processing: In wireless signal processing, the involved
domain knowledge in whole neural network structure design
usually stems from model-based theoretical algorithms. The
knowledge embedding process is mainly achieved by the
innovative algorithm unfolding approach. By preserving the
fundamental structure of theoretical iterative algorithms,
algorithm unfolding offers both interpretability and rapid
online inference. Therefore, it has been widely adopted in
wireless signal processing tasks with classical model-based
iterative algorithms, including beamforming design, signal
detection, channel estimation, and joint channel estimation
and user activity detection.

(a) In beamforming design, the classical WMMSE algorithm
proposed by Shi et al. [103], aiming to maximize the weighted
system sum rate subject to the transmission power constraint,
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has been embedded into different neural network models.
To reduce online processing time and keep interpretability, a
general framework of iterative WMMSE-unfolded customized
DNN is developed in matrix form for the multi-user MIMO
scenario [104], [105], [116]. Within this framework, the non-
linear matrix inversion operation in the original WMMSE
algorithm is also approximated by its first-order Taylor expan-
sion and corresponding learnable matrices to avoid high
computational complexity. In [106], [107], another matrix-
inverse-free WMMSE informed DNN is proposed for the
multi-user MISO scenario, where the update of the beamform-
ing vector with matrix inverse operation is replaced by PGD
and unfolded as a PGD-inspired neural network. Furthermore,
a customized GNN with the unfolding of WMMSE is devised
in [108] for the multi-cell multi-user MIMO scenario. As
both the knowledge of the iterative WMMSE algorithm and
the graph-structured network topology are embedded, the
proposed WMMSE-unfolded GNN exhibits a low number of
trainable parameters.

In addition to the WMMSE algorithm, other iterative
algorithms, are also embedded in the structure of neu-
ral networks to design the intelligent beamforming matrix
for various performance metrics. In [109], the gradient
descent algorithm for the sum rate maximization is unfolded
as a layer-wise residual neural network to devise adap-
tive beamforming vectors. In [110], an iterative penalty
dual decomposition algorithm for the hybrid beamform-
ing design in mmWave communications is unfolded as
a customized layer-wise DNN to maximize the spectrum
efficiency. Then, for two timescale beamforming in IRS-
assisted wireless communication systems, WMMSE-based and
fractional programming-based short-term active beamforming
algorithms are respectively unfolded as customized DNNs
in [111], [112] and [113] to facilitate the calculation of the
gradient for the long-term passive beamforming. Moreover,
iterative algorithm-involved deep unfolding neural networks
are investigated for the finite-alphabet precoding [114], [129]
and the max-min multicast beamforming design [115].

(b) In signal detection, a series of model-based iterative
detection algorithms have been developed based on the
ML and the maximum a posteriori (MAP) criteria. These
algorithms, originally designed under the assumption of an
ideal Gaussian channel, face limitations in adapting to the
more complex and realistic non-Gaussian environments. To
overcome this issue and speed up online processing, novel
knowledge-driven intelligent detectors are proposed via the
algorithm unfolding approach, which deeply incorporates the
explainable classical algorithms into the structure of neu-
ral networks. For ML-oriented MIMO signal detectors, a
series of optimization-based iterative algorithms are unfolded
as customized neural networks. A tailored neural network
inspired by the PGD algorithm, referred to as DetNet, was
proposed in [117]. By involving the iterative process of the
PGD algorithm in DNN and treating step sizes as learnable
parameters, DetNet outperforms conventional MIMO detection
algorithms in the experiments. Similar PGD-unfolded neural
networks are also proposed to detect the signal in massive
overloaded MIMO channels [118], [119], imperfect MIMO

systems [120], and multilevel modulation systems [121].
In addition, the alternating direction method of multipliers
(ADMM)-based iterative algorithm is also unfolded as a struc-
tured DNN, named ADMM-Net, to solve the MIMO detection
problem [122], [123]. Motivated by the theory of iterative soft
thresholding algorithms, MMNets, an unfolded adaptive neural
network for MIMO signal detection, is proposed for both i.i.d
Gaussian channels and arbitrary channels [124].

For MAP-oriented signal detectors, the interactive relation-
ship between antennas in the transceiver is modeled as a
probabilistic graph, where the log-likelihood ratios messages
are iteratively passed [125]. The resulting algorithms, called
MP-based iterative algorithms, have also been unfolded as
neural networks. By unfolding the belief propagation algo-
rithm, a general knowledge-inspired DNN architecture for
MIMO detection is introduced [126], [127], where correc-
tion factors, consisting of damping, re-scaling, and offset
factors, are learned parameters. Then, the expectation prop-
agation algorithm, which approximates posterior beliefs with
exponential family distributions, is integrated into DNN as
EPNet in the Turbo-MIMO receiver to detect the MIMO
signal [128]. To further reduce the complexity, the structure
of the signal detector in [129], [130] is obtained by unfolding
the orthogonal approximate MP (OAMP) detector, referred to
as OAMPNet. To avoid the operation of matrix inversion in
the detector, the conjugate gradient descent [131] is adopted
in OAMPNet to construct a novel signal detector [132], [133].
All these algorithm-unfolded intelligent signal detectors show
fast online inference time and better adaptation for dynamic
channel environments.

(c) In channel estimation, the compressive sensing theory is
applied by exploiting the channel sparsity of MIMO systems
in the space domain. Based on the known orthonormal basis,
the MIMO channel estimation is to recover a sparse channel
vector from received pilots, which is a sparse linear inverse
problem [134] and can be solved by MP-based iterative
algorithms and optimization-based iterative algorithms. To
reduce online computational complexity and achieve real-
time channel estimation, several works have been carried
out to unfold these algorithms as tailored layer-wise neural
networks. For the approximate MP (AMP) algorithm con-
taining a linear estimator and a nonlinear shrinkage function,
learned denoising-based AMP neural networks are proposed
in [135], [136], where the original nonlinear shrinkage func-
tion in AMP is unfolded as denoising CNN. To further
enhance the accuracy, multiple-measurement-vector learned
AMP networks are proposed, where the shrinkage function
is approximated as the nonlinear activation function [137],
especially the soft thresholding function [138] and the
Gaussian mixture function [139]. Moreover, the expectation
maximization algorithm, another kind of MP algorithm derived
based on the MAP criteria [140], is also involved in the
structure of neural networks for channel estimation in MIMO
systems [141], [142], [143]. For optimization-based iterative
algorithms, a recursive least square (LS) algorithm-unfolded
neural network for channel estimation in massive MIMO
systems is proposed [144], which has low computational
complexity and signaling overhead. With the off-grid channel
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model, a novel ADMM-informed neural network structure is
constructed to improve the channel estimation accuracy in
millimeter wave systems [145]. To make the number of iter-
ations required for convergence vary with channel conditions,
a creative neural network framework with adjustable depth
is devised in [146], where extra halting scores are involved
in each layer to adaptively control the number of network
layers. With this framework, both the iterative shrinkage
threshold algorithm (ISTA) and the PGD unfolded adaptive
neural networks are developed for channel estimation [146].

(d) In joint channel estimation and user activity detection
for Internet of Things (IoT) networks with massive devices,
the grant-free random access protocol is adopted to reduce
the access delay [165], where IoT devices can initiate data
transmission without any coordination with the BS and then
the BS jointly performs channel estimation and active user
identification before signal detection. As only a small fraction
of massive devices are active at a time, the joint channel
estimation and user activity detection is a group-sparse channel
recovery problem, which can be modeled as the group least
absolute shrinkage and selection operator problem. Similar
to the channel estimation problem in MIMO systems, the
formulated problem can be solved by MP-based iterative algo-
rithms [166], [167], [168] and optimization-based iterative
algorithms [169], [170], [171]. For MP algorithm-unfolded
neural networks, by constructing the group-sparse channel
recovery problem as a factor graph [172], iterative MP-based
sparse Bayesian learning is unfolded as a tailored DNN to
reduce the online processing time and improve the estimation
accuracy [147], [148]. Besides, AMP-unfolded deep neural
networks are proposed in [149], [150], [151] to concurrently
detect the user activity, the delay and estimate the chan-
nel for the asynchronous massive connectivity problem. For
optimization algorithm-unfolded neural networks, by inherit-
ing the structure of the ISTA algorithm, three ISTA-informed
neural networks are proposed in [152], which exhibit better
adaptability to dynamic environments.

5) Design Guideline: The application of the algorithm
unfolding to design the whole structure of neural networks
consists of the following steps. i) Identify an iterative algo-
rithm for the target problem. ii) Determine the learnable
parameters in the algorithm like the stepsize and fix the
number of iterations. iii) Design each layer of the neural
network by mimicking each iteration of the algorithm and train
it in an end-to-end fashion. In this way, both the structure
of the iterative algorithm and the powerful fitting ability
of the neural network are maintained, resulting in enhanced
performance and efficiency.

C. Structure-Oriented Composite Neural Networks

1) Concept: In structure-oriented composite neural
networks, a novel neural network consisting of multiple
neural network blocks is constructed, where these blocks
are interconnected by the underlying structure of theoretical
model-based methods, referred to as structural knowledge.
This type of neural network, guided by structural knowledge, is
crafted for tasks that are addressed by algorithms represented

Fig. 10. An AM structure inspired composite neural network for multi-
variable optimization problems.

as flow diagrams connecting multiple sub-algorithmic blocks.
Following the sequential and parallel connectivity of these
blocks and substituting the handcrafted sub-algorithm in each
block with a distinct neural network, a structure-oriented
composite neural network can be built as Fig. 7(c). Due to
adhering to the flow structure of model-based algorithms,
structure-oriented composite neural networks exhibit good
interpretability as well as fast online inference. Furthermore,
different from model-based multiblock algorithms optimizing
each block with local objectives, the resulting composite
neural networks are trained from a global perspective, having
the potential to get rid of locally optimal solutions.

2) Typical Example: To reap the benefits above, a
structure-oriented composite neural network is proposed
in [153] to deal with nonconvex optimization in wireless
networks. Consider a general problem formulated as

min
(W ,X )∈W×X

F (W ,X ) (6)

where F : W×X → R is a nonconvex function. Traditionally,
this problem is tackled with an alternating minimization (AM)
algorithm, which iteratively optimizes each variable (e.g., W
and X ) while keeping the other fixed. Mathematically, starting
by W 0 ∈ W , W and X in the t-th iteration are updated via

X t = argmin
X∈X

fW t−1
(X ) (7)

W t = argmin
W∈W

fX t−1
(W ) (8)

where fW t−1
(X ) and fX t−1

(W ) respectively correspond to
W and X with the other variable fixed. Each subproblem
is addressed by a model-based algorithm like the gradient
descent method.

However, AM often converges to a local optimum. To
improve on this, a structure-oriented composite neural network
proposed in [153] adopts the AM structure (referred to as
structural knowledge) but replaces handcrafted algorithms for
each subproblem with dynamic neural network layers, as
shown in Fig. 10. In this model, the k-th layer of the neural
network is expressed as

X l = LayerXl (W l−1) (9)

W l = LayerWl (X l ) (10)

where the number of layers is fixed with l = L. Unlike AM
optimizing subproblems with local objective functions, this
neural network is designed to optimize a global function across
all layers, leading to enhanced performance.
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3) Related Literature Review on Wireless Resource
Management: In wireless resource management, structure-
oriented composite neural networks are usually adopted to
handle complicated non-convex resource allocation problems
involving multiple coupled variables. Traditionally addressed
with alternating iterative algorithms, these problems now can
be tackled by retaining the flow of iterative algorithms while
replacing manual blocks with adaptive neural networks.

When applying the structure-oriented composite neural
network stated in the typical example to the power alloca-
tion problem in downlink networks, the proposed framework
outperforms the WMMSE algorithm in terms of the network
rate and the inference time [155]. Besides, this framework is
also adopted for task offloading in vehicular networks [156].
Similarly, a joint relay deployment, channel allocation and
relay assignment problem in UAV-aided D2D networks is tack-
led by an algorithmic structure-aware neural network [157],
where the alternating iterative structure of the theoretical
algorithm is maintained and each sub-problem is solved via
a dynamic neural network. In addition, a creative neural
network with an iterative structure is devised to learn the
power allocation in cellular systems [158], where each iterative
layer consists of a model function represented by the for-
mula of data rate and an updated network represented by a
neural network. As the convergence of this proposed iterative
structure-oriented neural network can be theoretically proved,
the required training samples are considerably reduced.

4) Related Literature Review on Wireless Resource
Management: In wireless signal processing, structural knowl-
edge mainly stems from the conventional block-wise
transceiver design principles and the structural framework of
model-based signal processing algorithms. Drawing inspira-
tion from such knowledge, structure-oriented composite neural
networks have been initially applied in block-wise transceiver
design and multi-user signal detection.

The block-wise design principle of the transceiver in wire-
less communications refers to that baseband signal processing
is implemented block by block, primarily composed of chan-
nel encoding, and precoding at the transmitter, and channel
estimation, signal detection and channel decoding at the
receiver. This block-wise design does indeed have theoretical
foundations such as Shannon’s law, which dictates that the
maximum efficiency of any communication channel can be
more easily approached in a block design by optimizing
individual blocks to handle their part of the signal processing
chain as efficiently as possible. It also enhances the flexibil-
ity and efficiency of the communication networks. Drawing
inspiration from this design principle, block-wise intelligent
receivers have been investigated. In [159], [160], structural-
oriented composite neural networks are created for the OFDM
receiver, composed of two neural network blocks respectively,
for channel estimation and signal detection. Compared with
the pure closed-box receiver, the proposed knowledge-driven
block-wise neural network approach achieves much better bit
error rate performance in all cases. In [173], a knowledge-
driven neural network architecture is designed for signal
detection, including a signal classifier, a channel feature
extractor, a signal feature extractor and an additional link

discriminator. Due to mirroring the block structure adopted in
classical communication receivers, the proposed knowledge-
driven signal detector achieves superior detection accuracy
with less data.

To meet millisecond-level response requirements, structural-
oriented composite neural networks have been employed to
tackle complex non-convex signal processing tasks, such as
MU-MIMO signal detection, offering strong interpretability
and fast online inference. In [161], by borrowing the structural
framework of the iterative soft interference cancellation (SIC)
algorithm and replacing the hand-crafted algorithmic blocks
with neural networks, N. Shlezinger et al. proposed a structural
knowledge-driven neural network, abstracted as deepSIC, for
MU-MIMO signal detection. Simulation results demonstrate
that DeepSIC can accurately detect the signal with lim-
ited training samples without the linear channel assumption.
Similarly, a neural network architecture inspired by belief
propagation algorithms is constructed in [162] to decode
the linear channel codes, effectively lowering computational
complexity.

5) Design Guideline: The design of structure-oriented
composite neural networks consists of the following steps.
i) Identify a well-defined algorithm with a structured flow
that connects multiple sub-algorithms (e.g., AM structure)
suitable for addressing the target problem. ii) Preserve the
overall algorithm structure and substitute the handcrafted
sub-algorithmic components with learnable neural network
modules. iii) Train the designed composite neural network
either end-to-end or by optimizing each neural network block
individually.

D. Summary and Discussion

Knowledge-driven neural network model customization
offers a principled way to embed domain knowledge, such
as algorithmic structures, constraint formulations, and system
insights, directly into neural network design. Three main cus-
tomization approaches are proposed. (1) Substructure design
incorporates knowledge at the component level (e.g., activa-
tion functions or output layers) without altering the overall
architecture. It is particularly effective for tasks with explicit
mathematical constraints or output structures, such as con-
strained beamforming and power control, to make the outputs
adhere to feasible regions. (2) The whole structure design
targets problems with established iterative solutions, like signal
detection or channel estimation. This approach unfolds clas-
sical algorithms (e.g., PGD, WMMSE) into layer-wise neural
architectures, preserving interpretability while allowing train-
able flexibility. Thirdly, structure-oriented composite networks
are suited for multi-block or joint optimization tasks, where the
solution can be decomposed into interrelated modules. Inspired
by block-wise strategies (e.g., alternating minimization),
each module is implemented as a dedicated neural
component, supporting modular training and system-level
transparency. Together, these approaches enable models that
are more interpretable, constraint-aware, and sample-efficient,
especially in complex or resource-constrained wireless
environments.
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Fig. 11. The knowledge and data fusion architecture.

VI. KNOWLEDGE AND DATA FUSION ARCHITECTURE

CONSTRUCTION

In knowledge and data fusion architecture, model-based
theoretical methods, referred to as knowledge modules, and
data-driven neural networks, referred to as data modules, are
explicitly working in collaboration to solve the same problems.
For wireless network optimization problems, the integrated
knowledge in this category primarily stems from scientific
knowledge, especially the theoretical solutions to network
optimization, expressed in mathematical formulas and iterative
algorithms. According to the connectivity of knowledge and
data modules, as illustrated in Fig. 11, knowledge and data are
fused in serial or parallel mode, where two types of modules
operate successively and concurrently, respectively. Generally
speaking, the serial mode is primarily used for tackling com-
plex multi-dimensional optimization problems or improving
decision accuracy, whereas the parallel mode is more suited for
enhancing the robustness of simpler problems. In the following
subsections, the concepts and typical examples of both modes
are presented, along with a review of the relevant literature on
wireless resource allocation and signal processing. An outline
of the review is summarized in Table V.

A. Knowledge and Data Fusion in Serial Mode

1) Concept: In the serial mode, the knowledge and data
modules operate in sequential order to collectively solve
the target problems. Based on whether knowledge and data
modules address identical sub-problems, the serial mode
includes two structures: i.e., the mixing structure and the

Fig. 12. A mixed serial knowledge and data fusion architecture for the joint
user association and power allocation problem.

refinement structure. In mixing structures, as Fig. 11(a) shows,
knowledge and data modules respectively address different
sub-problems with distinct properties, capitalizing on their
inherent strengths. The underlying concept involves divid-
ing the original complex problem into several interrelated
sub-problems, each addressed by either knowledge modules
or data modules. Typically, sub-problems that have optimal
analytical solutions or low-complexity theoretical algorithms
are managed with knowledge modules, while those with
high-dimensional and challenging-to-model mapping relation-
ships are handled by data modules. Consequently, mixing
structures have proven efficient in solving complicated non-
convex resource management problems in wireless networks.
In contrast, refinement structures, depicted in Fig. 11(b), adopt
knowledge modules to initially offer approximate solutions
based on generalized theoretical models. The subsequent data
module then refines these solutions by leveraging real-world
data. The utilization of initial solutions generated by knowl-
edge modules significantly decreases the number of training
data samples required for data modules. In wireless commu-
nication networks, refinement structures are widely employed
in signal processing tasks, especially channel estimation and
signal detection, where a wealth of theoretical algorithms is
available to provide initial solutions.

2) Typical Examples: For the mixed structure in serial
mode, the joint user association and power allocation
problem [174] serves as an example. In a scenario where
several base stations serve multiple users, maximizing the
worst-case user rate involves nonlinear mixed integer program-
ming. Solving it with the model-based AM algorithm, which
alternates between user association and power allocation, is
time-intensive. Given the combinatorial complexity of user
association and the achievability of deriving optimal power
allocation through linear programming, a hybrid framework
fusing DNN and domain knowledge is proposed. As shown in
Fig. 12, this framework uses a DNN to handle the complex
user association (data module) and a model-based approach
for optimal power allocation (knowledge module) in turn.
The experimental results verify that the proposed framework
performs competitively with the AM algorithm and achieves
superior time efficiency, particularly in scenarios with a large
number of users.
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TABLE V
KNOWLEDGE AND DATA FUSION ARCHITECTURE CONSTRUCTION

Fig. 13. A refined serial knowledge and data fusion architecture for channel
estimation.

For the refinement structure of the serial model, a knowl-
edge and data fusion architecture is proposed for channel
estimation in massive MIMO systems [181]. In this architec-
ture, as shown in Fig. 13, the classical LS channel estimator
(knowledge module) provides an approximate solution, which
is then refined by a denoising convolutional neural network
(data module). By combining the strengths of both modules,
this architecture outperforms other model-based and data-
driven channel estimators.

3) Related Literature Review on Wireless Resource
Management: In wireless resource management, the mixing
structure in the serial model is frequently used to tackle
complex multi-dimensional resource allocation problems. This
approach breaks down the problems into interdependent sub-
problems, assigning each to either a knowledge or data
module. By leveraging both theoretical algorithms and data-
driven neural networks, the mixing structure has found broad
application in areas like multi-cell user association, radio
access network (RAN) slicing, and edge computing.

For multi-cell user association problems, as stated in the
typical example of the mixed structure, a hybrid framework
fusing domain knowledge and DNN is designed in [174],
where a deep neural network addresses the user association
problem, followed by a convex optimization for the power
allocation problem. To realize a practical user association and
frequency selection scheme in multi-cell networks, a hybrid
algorithm combining convex optimization and user association
criteria modification with data-driven cell-specific offsets is
presented [175]. For the interference coordination in multi-cell
networks, a DNN-based base station muting scheme followed
by a rule-based user association algorithm is proposed [176].
To achieve a better trade-off between the model accuracy and
the communication cost in federated learning over wireless
networks, an iterative knowledge and data fused framework

is proposed [188], where the edge association at the cloud
server is tackled by DRL and the resource allocation at the
base station is handled by convex optimization.

For emerging topics, to design an optimal radio access
network (RAN) slicing policy considering the traffic density
and the system cost, a dynamic knowledge and data fused
algorithm is proposed [177]. In particular, the formulated con-
strained RAN slicing problem is decoupled into an outer-layer
resource allocation sub-problem and an inner-layer workload
distribution sub-problem, which are respectively tackled by
data-driven DRL and knowledge-driven convex optimization
theory. In [178], a knowledge and data fused algorithm is
developed in industrial IoT to improve the long-term accu-
racy of collaborative DNN, where a knowledge-driven edge
computing resource allocation is embedded in a data-driven
DRL algorithm deciding the task offloading. As expected,
the average service delay is considerably reduced while the
task inference accuracy is guaranteed in a high probability.
A similar iterative framework involving domain knowledge
and neural networks has also been investigated in energy
harvesting IoT networks [179] and virtual reality streaming
transmission over wireless networks [180].

4) Related Literature Review on Wireless Signal
Processing: In wireless signal processing, the refinement
structure in serial mode is widely used to refine solutions
from classical model-based algorithms with idealized
assumptions, like LS-based channel estimators and ZF-based
MIMO detectors. This approach uses two cascade modules:
knowledge modules first generate preliminary solutions, and
data modules refine them using real-world data. By leveraging
rough solutions as inputs, the need for large training samples is
reduced, making this structure particularly effective in various
applications, especially the MIMO receiver.

Similar to the typical example of the refinement struc-
ture, [182] explores an enhanced MIMO detector that
explicitly combines the maximum likelihood detector algo-
rithm with the data-driven deep convolutional neural networks.
This hybrid approach significantly lowers the computational
complexity typically associated with conventional detectors
that rely on the joint distribution of interference signals.
Then, knowledge-driven fusion architectures for joint channel
estimation and signal detection have been developed for
MIMO-OFDM systems [159], [183] and uplink MU-MIMO
systems [184]. In these architectures, knowledge of LS-based
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channel estimators and ZF-based MIMO detectors is respec-
tively utilized to enhance the performance of the corresponding
subsequent data-driven modules. Additionally, the knowledge-
driven refinement structure is applied for joint channel
estimation and user activity detection in massive machine-type
communications [185]. This structure combines model-based
sparse signal recovery algorithms, like ADMM and AMP,
with data-driven neural networks in a concatenated operation,
resulting in improved estimation or detection accuracy with
lower computational complexity.

5) Design Guideline: For the mixed serial knowledge and
data fusion architecture, the main design outlines are given as
follows. i) Devise an algorithm that tackles the target problem
by splitting it into several interrelated subproblems, which
can be addressed separately. ii) Allocate knowledge modules
for subproblems with optimal analytical solutions or low-
complexity theoretical algorithms, and assign data modules
to handle subproblems with high-dimensional or difficult-to-
model relationships. ii) Train the final neural network either
end-to-end or by optimizing each module individually.

For the refined serial knowledge and data fusion archi-
tecture, the main design steps are given in the following.
i) Identify a model-based algorithm (i.e., knowledge module)
as the initial solution to the target problem. ii) Use the output
from the knowledge module as input to a data module for
further solution refinement. iii) Train the data module to
improve overall performance.

B. Knowledge and Data Fusion in Parallel Mode

1) Concept: Parallel mode, shown in Fig. 11(c), the other
operation approach of the knowledge and data fusion architec-
ture, allows knowledge and data modules to work concurrently
and independently to address the same target problem. The
final output is a powerful combination of solutions resulting
from both modules, formulated according to specific rules.
This mode not only ensures the robustness and reliability of
the entire system but also provides a fail-safe by establishing
a backup system, where each module can compensate for
the potential shortcomings of the other. The parallel oper-
ation and mutual backup system are particularly beneficial
in unstable or unpredictable communication environments,
where one module’s output may be less accurate or reliable
due to unforeseen changes or disturbances. In essence, it
maximizes the advantages of both model-based and data-
driven methods, ensuring optimal performance even under
less-than-ideal channel conditions.

2) Typical Example: For the knowledge and data fusion in
parallel mode, we take a teacher-student learning framework
proposed in [186], [187] as an example. In this framework,
as shown in Fig. 14, a teacher block (knowledge module)
represented by explainable theoretical algorithms and a student
block (data module) represented by dynamic DRL concur-
rently and separately solve the targeted problem. After the
comparison in the confidence check module, the student
neural network mimics the better advice of the teacher block
via the reward shaping to improve the solution. The final
output combines solutions derived from these two modules,

Fig. 14. A parallel knowledge and data fusion architecture to enhance
solution robustness.

enhancing the reliability and robustness of solutions. This
parallel teacher-student framework has been applied in load
balancing and transmission control protocol (TCP) congestion
control problems, exhibiting more stable performance in a
dynamic environment.

C. Summary and Discussion

Knowledge and data fusion architectures aim to jointly
leverage the strengths of expert knowledge and data-driven
learning by structurally integrating them within neural
networks. This design philosophy is particularly valuable when
either knowledge or data alone is insufficient to achieve robust
or generalizable performance. Such architectures improve
adaptability and reduce data dependency. Two representative
designs, i.e., serial and parallel modes, are widely used in
wireless systems depending on task characteristics. (1) In
the serial mode, knowledge and data modules are connected
sequentially. This approach is well-suited for multi-stage
tasks or problems with coarse model-based solutions, where
knowledge modules and data-driven modules either address
distinct but interrelated subproblems or operate sequentially,
with knowledge modules providing coarse solutions that are
subsequently refined through learning. Serial structures reduce
the search space and improve learning efficiency. (2) Parallel
mode processes domain knowledge and data streams indepen-
dently, fusing their outputs through adaptive mechanisms such
as confidence weighting. It is particularly effective in uncer-
tain, non-stationary, or partially observable environments. This
enhances system robustness and fail-safety.

VII. KNOWLEDGE-DRIVEN LOSS FUNCTION DESIGN

Knowledge-driven loss function involves domain knowledge
to re-devise loss functions of neural networks for better learn-
ing performance. In addition to conventional label-based terms
that are functions between fitted results and true labels, like
mean square error and cross-entropy, communication-specific
domain knowledge is incorporated in loss functions as addi-
tional label-free terms. The involved knowledge here usually
comes from methodologies for modeling wireless optimization
tasks and a comprehensive understanding of these tasks, rep-
resented by mathematical formulas. This integrative approach
empowers neural networks to synthesize learning from both
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TABLE VI
KNOWLEDGE-DRIVEN LOSS FUNCTION DESIGN

experimental data and theoretical knowledge, thereby enhanc-
ing their generalization and adaptive capabilities. In wireless
communication networks, the knowledge-driven loss function
primarily consists of the constraint-specific loss function and
the feature-specific loss function. According to this catego-
rization, the following subsections present the concept of
each approach, along with a specific example. Additionally,
the relevant literature on knowledge-driven wireless resource
management and signal processing will be reviewed, which is
outlined in Table VI.

A. Constraint-Specific Loss Function

1) Concept: The constraint-specific loss function incor-
porates knowledge regarding the inherent constraints of
optimization problems into loss functions to guide the learning
process. Its main purpose is to ensure that the outcomes of
neural networks adhere to the practical constraints, which is
achieved by adding constraints as label-free loss functions and
penalizing any violation of these constraints. This knowledge
integration approach provides an effective way to handle
wireless network problems with complicated constraints via
powerful neural networks.

2) Typical Example: A specific example of adopting the
constraint-specific loss function in wireless communication
networks is primal-dual learning. Consider a general variable
optimization problem formulated as

max
x

J (x ,h) s.t. gi (x ,h) ≤ 0, ∀i ∈ {1, . . . , I }, (11)

where x and h are respectively the variable and the envi-
ronment’s status; J (·) and gi (·) are respectively the objective
function and constraints. By introducing a non-negative dual
variable λ, problem (11) can be theoretically addressed by
Lagrangian duality techniques. This method converts the

constraints as additional linear penalty terms in the objective
function and alternatively updates primal variable x and dual
variable λ.

Inspired by knowledge of Lagrangian duality techniques to
handle constrained problems, primal-dual learning is proposed
in [189]. Specifically, the original variable optimization
problem is first reformulated as the following functional
optimization problem

max
f (h)

J (f (h),h) s.t. gi (f (h),h) ≤ 0, ∀i ∈ {1, . . . , I }. (12)

Here, input h is mapped to the output x via function f (·),
casting it as a regression task. Then, following the steps of
Lagrangian duality techniques, the primal function is updated
via a DNN with a constraint-specific loss function, which is
expressed as

f ∗(h) = argmax
f (h)

J (f (h),h) + λH g(f (h),h)
︸ ︷︷ ︸

Constraint−specific term

,(13)

with g(·) = [g1(·), . . . , gI (·)]H . Meanwhile, dual variables λ

are updated successively with fixed DNN parameters until con-
vergence. It has been formally demonstrated in [190] that the
duality gap of statistically constrained optimization problems
is small if the DNN model parameters are sufficiently dense.

3) Related Literature Review on Wireless Resource
Management: In wireless communication networks, resource
management problems are always formulated as mathematical
optimization problems with several constraints, which are hard
to be directly handled by neural networks. To move this
obstacle, constraint-specific terms are additionally added to the
loss function to penalize the violation of the constraints.

For resource management problems with complicated con-
straints, primal-dual learning is a widely used DL approach,
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as demonstrated in the example. By offering an effective way
to manage general complex constraints, this approach has
been applied to many wireless resource allocation problems,
such as probabilistic constrained power allocation prob-
lems for video streaming transmission [191], joint power
and bandwidth allocation for ultra-reliable and low-latency
communications [192], and power allocation problem with
statistical constraints in ad-hoc networks [62]. Furthermore,
to avoid the class-imbalanced issue in interference coordina-
tion problems with multi-class classification, a min-max loss
function is designed and the corresponding neural network is
trained via primal-dual learning [193].

For resource management problems with simple linear sum-
mation constraints, constraints are approximately converted as
activation functions in the loss function. In [194], a novel
constraint-specific loss function is developed to tackle a bilevel
min-max problem that aims to achieve fairness among data
samples. Specifically, the inner maximization problem with
linear summation constraint is analytically approximated by
a softmax function, and thus the original bilevel problem
becomes a minimization problem with smooth compositional
loss function, which can be directly optimized via unsuper-
vised learning. In [92], to guarantee the average sum power
constraint, the ReLU function is adopted to convert the con-
straint into an additional term in the loss function. In [99], the
knowledge that the weighted sum energy efficiency objective
is monotonically non-decreasing concerning the maximum
power in constraint is incorporated into the loss function
by adding additional hinge loss to penalize violations from
monotonicity.

4) Design Guideline: To design a constraint-specific loss
function, the primary steps are outlined as follows. i) Identify
whether the constraints of the target problem are simple linear
summation forms. ii) If yes, directly convert such constraints
as activation functions in the loss function, based on a
comprehensive understanding of the problem. iii) If not, adopt
primal-dual learning to linearly add the complex constraints
in the loss function.

B. Feature-Specific Loss Function

1) Concept: Feature-specific loss function involves domain
knowledge, especially the unique features of a problem, to
develop tailored loss functions that enhance the learning
process. Such knowledge, often derived from a comprehensive
understanding of target problems and wireless communica-
tion networks, is expressed as mathematical formulas. In
deep reinforcement learning, such a customized loss function
is often referred to as feature-specific or knowledge-driven
reward shaping, serving an analogous role to the loss function
in supervised learning by guiding the learning process. It
leverages domain knowledge to create immediate rewards or
refine existing ones, helping address the challenge of reward
sparsity in DRL. Adapting loss functions or reward functions
based on feature-specific features can lead to fast convergence
and improved results.

2) Typical Example: As an example of feature-specific
reward shaping, consider the user scheduling problem of a

Fig. 15. A potential function for knowledge-driven reward shaping in the
user scheduling problem.

downlink communication scenario, where a BS serves K users
with queued packets. At each time slot t, users are scheduled
based on queue state information (QSI) and CSI to meet
strict delay requirements for time-sensitive packets. This long-
term scheduling problem is tackled by DRL, where the state
is the environment denoted as S (t) = {QSI,CSI} and the
action is the binary user scheduling denoted as A(t) =
{x1(t), . . . , xK (t)}. To ensure packets’ delay stays within
dk (t) ∈ [Dmin,Dmax], the reward is defined as R(t) =
∑K

k=1 rk (t), where

rk (t) =

{
− log(εk (t)) xk (t) = 1 & dk (t) ∈ [Dmin,Dmax]

0 Otherwise,

(14)

with εk (t) being the decoding error probability. Due to the
requirement on delay jitter, BS can receive a positive reward
only when the user is scheduled strictly within dk (t) ∈
[Dmin,Dmax]. When dk (t) < Dmin, the instantaneous reward
is 0 regardless of the schedule. This leads to a severe reward
sparsity issue, making it challenging for DRL to explore
correct actions without environmental feedback.

To handle this issue, feature-specific reward shaping involv-
ing unique problem characteristics is adopted in [195]
to generate non-zero instantaneous feedback in each slot.
Specifically, the target scheduling policy is only to schedule
users with dk (t) ∈ [Dmin,Dmax]. Via a comprehensive under-
standing of this target policy and the considered scheduling
problem, when dk (t) < Dmin, a linearly increasing non-zero
reward can guide BS to gradually improve the scheduling
probability until dk (t) falls in its target zone. Informed by
this knowledge, a potential function Ψ(dk (t)), as illustrated in
Fig. 15, is defined and a shaped reward of user k is accordingly
reformulated as

r̂k (t) = rk (t)−Ψ(dk (t)) + γΨ(dk (t + 1)), (15)

where γ is a fixed parameter close to 1. When dk (t) < Dmin,
rk (t) = 0 no matter whether the user is scheduled or not. If the
user is not scheduled, then dk (t+1) = dk (t) and −Ψ(dk (t))+
γΨ(dk (t+1)) > 0, generating a positive reward. If the user is
scheduled, then dk (t+1) < dk (t) and −Ψ(dk (t))+γΨ(dk (t+
1)) < 0, generating a negative reward. Therefore, the feedback
of the feature-specific reward is summarized as

r̂k (t)

⎧
⎨

⎩

	 0 xk (t) = 1 & dk (t) ∈ [Dmin,Dmax]
> 0 xk (t) = 0 & dk (t) < Dmin

< 0 xk (t) = 1 & dk (t) < Dmin.
(16)
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With knowledge-involved reshaping, as verified by experiment
results in [195], the non-zero instantaneous reward guides the
learning algorithm toward desirable behaviors more efficiently,
ultimately improving both learning speed and policy quality
in dynamic environments.

3) Related Literature Review on Wireless Resource
Management: In wireless resource management, feature-
specific loss functions, also known as feature-specific reward
shaping, are widely used in reinforcement learning. By lever-
aging domain knowledge to generate timely rewards or refine
them, this approach addresses reward sparsity, accelerates
training speed, and improves policy quality. As a result,
feature-specific loss functions have been initially adopted in
DRL-based wireless resource management.

For time-sensitive traffic with strict requirements on delay,
in addition to the stated example, the knowledge-involved
instantaneous reward is also generated in [196]. Here, the
large action space of the fine-grained microservice orches-
tration problem is decomposed into several intermediate
low-dimensional actions in small decision epochs and the cor-
responding intermediate mathematical rewards are artificially
designed with the understanding of the target policy to improve
the learning efficiency. For packet-routing problems in ad-
hoc networks with sparse end-to-end rewards, the knowledge
concerning the system’s dynamics is exploited to generate
an intermediate reward for each hop to boost the learning
speed [197]. For resource allocation and trajectory design in
UAV-assisted cellular networks, to make the long-term fairness
throughput decomposable in each epoch, an entropy-like
fairness indicator is introduced to generate a real-time reward
for fairness throughput [198]. To improve the robustness of
DRL, a teacher-student framework is proposed in [186], [187],
where the knowledge regarding theoretical algorithmic rules
in the teacher network is injected into the DRL-based student
network by incorporating the teaching data into the reward of
DRL. Experiment results show that the proposed framework
achieves more stable performance in a dynamic environment
when applied in adaptive video streaming, load balancing and
TCP congestion control.

4) Related Literature Review on Wireless Signal
Processing: In wireless signal processing, feature-specific loss
functions fully leverage domain knowledge concerning unique
problem characteristics or a comprehensive understanding of
the problem to enhance the supervised learning process. These
features are typically expressed as mathematical formulas,
allowing the loss functions to be tailored accordingly. Due to
their effectiveness in improving learning performance, feature-
specific loss functions have been adopted across various
signal processing problems, such as CSI feedback and signal
detection.

In frequency-division duplexing (FDD) systems, it is
observed that the magnitudes of downlink CSI demonstrate
strong correlations with other CSIs, such as uplink CSI and
adjacent users’ CSI, due to similar environmental propagation
characteristics. However, the phases of different CSIs are
highly sensitive to even minor changes in frequency and
location. To leverage this side information in the intelligent
downlink CSI feedback, dual feedback frameworks assisted

by correlated CSI magnitudes are constructed, wherein magni-
tudes and phases of downlink CSI are encoded and recovered
separately. Within these frameworks, a novel magnitude-
dependent polar-based loss function is introduced in [199],
inspired by expert knowledge that phases associated with
larger CSI magnitudes play a more vital role in CSI recovery.
This customized loss function compresses significant CSI
phases based on the corresponding CSI magnitudes, resulting
in more precise feedback and improved recovery of CSI in
massive MIMO systems. To further enhance the CSI feedback
efficiency, a DL architecture for joint magnitude and phase
encoding with a modified loss function is proposed in [200].
The authors introduced the sine mean absolute percentage
error as the new loss function, specially designed to capture
the underlying joint distribution between CSI phases and
CSI magnitude. For intelligent signal detection in grant-free
scenarios with massive devices, a tailored multi-loss function
is designed in [201]. This function combines weighted modu-
lation symbol reconstruction loss with user activity detection
loss, both of which are developed from stochastic signal
analysis. Owing to embedding theoretical knowledge into
the loss function, the proposed approach achieves significant
reliability gain.

5) Design Guideline: Key procedures to design a feature-
specific loss function are listed as follows. i) Perform a
comprehensive analysis of the target problem to identify
unique features (i.e., knowledge) that can effectively reshape
the loss function. ii) Incorporate these identified features into
the formulation of a tailored loss function, such as knowledge-
inspired immediate reward generation. iii) Utilize the newly
designed loss function to steer and enhance the learning
process of the neural network.

C. Summary and Discussion

Knowledge-driven loss function design embeds domain
knowledge directly into the training objective, offering a
flexible way to steer neural network optimization. This
approach is particularly effective for wireless tasks with
complex constraints or limited supervision, where stan-
dard losses are insufficient to capture such requirements.
Involving knowledge-driven label-free terms leads to improved
performance and training efficiency, especially in con-
strained or weakly supervised settings. Two major types
are constraint-specific and feature-specific loss functions.
(1) Constraint-specific loss functions are designed for tasks
with explicit complex constraints, such as power constraints,
interference constraints or QoS requirements. Domain knowl-
edge is expressed mathematically (e.g., via Lagrangian penalty
terms) and integrated into the loss to penalize constraint
violations, thereby ensuring that outputs remain feasible
without requiring post-processing or projection. (2) Feature-
specific loss functions apply to tasks where characteristics,
such as sparsity and periodicity, are critical to performance
but not captured by labels. These features are represented
via custom loss terms, e.g., sparsity-inducing norms, which
guide the network toward representations aligned with critical
domain properties and enhance training efficiency. This is
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useful in weakly supervised settings like reward shaping
in DRL.

VIII. KNOWLEDGE-DRIVEN HYPERPARAMETER

CONFIGURATION

With the designed neural network models and loss func-
tions, hyperparameters, such as the number of layers, the
initialized weights, the learning rates, and so on, also sig-
nificantly impact the performance and the training process
of neural networks. Traditionally, hyperparameters are prede-
termined empirically or through exhaustive searches, which
consume substantial computational resources and incur high
training costs. The approach of knowledge-driven hyper-
parameter leverages domain knowledge to predetermine a
subset of these settings, thereby potentially speeding up the
training process and enhancing the model’s robustness. In
wireless communication networks, the domain knowledge
involved in the hyperparameter configuration generally stems
from scientific knowledge and unique features of wireless
networks, respectively conveyed as mathematical formulas and
narrative propositions. Based on the existing literature review,
knowledge-driven hyperparameter configuration in wireless
communication networks primarily includes the model-related
hyperparameter setting and the algorithm-related hyperparam-
eter setting. Following this categorization, the subsequent
subsections introduce the concepts and provide examples for
each approach, along with a review of related literature on
wireless resource management and signal processing. The key
details from the literature review are summarized in Table VII.

A. Model-Related Hyperparameter Setting

1) Concept: In the knowledge-driven model-related hyper-
parameter setting of neural networks, domain knowledge is
involved in deciding the input and output in neural networks
as well as the width and depth of neural networks, and so
on. Such knowledge usually stems from theoretical solutions
to wireless network optimization or a deep understanding
of target problems, expressed in mathematical formulas or
narrative propositions. The input and output design in wireless
communication networks includes the incorporation of new
inputs and the dimensionality reduction of either inputs or
outputs in neural networks. The new input incorporation is
adopting expert knowledge to identify vital information for
specific tasks and adding it as additional input to neural
networks to enhance the learning performance. The dimension-
ality reduction involves scientific knowledge to equivalently
transform the original learning tasks into new learning tasks
with fewer inputs and outputs, thereby accelerating the con-
vergence in the training process. This approach is particularly
useful in wireless resource management problems handled
by deep reinforcement learning, which theoretically reshapes
and simplifies the state (i.e., input) and action (i.e., output)
spaces to circumvent the “curse of dimensionality” issue.
Furthermore, the width and depth of neural networks can also
be tailored for specific tasks.

2) Typical Example: A typical example of the model-
related hyperparameter setting is uplink CSI-aided downlink

Fig. 16. Uplink CSI aided downlink CSI feedback in massive MIMO FDD
systems.

CSI feedback in massive MIMO FDD systems. Here, downlink
CSI at the BS is obtained via user feedback, but excessive
CSI overhead may consume too much bandwidth and degrade
spectrum efficiency. To address this, an encoder-decoder
framework is commonly used to compress CSI at the user end
and recover it at the BS intelligently. Additionally, the bidirec-
tional reciprocity of the FDD channel, as highlighted in [203],
reveals a strong correlation between uplink and downlink CSI
magnitudes, stemming from the shared signal propagation
environment. This knowledge motivates the use of uplink CSI
to improve downlink CSI recovery. Consequently, innovative
encoder-decoder architectures for downlink CSI feedback in
FDD systems have been developed in [199], [200], [203], as
shown in Fig. 16, where the magnitude of uplink CSI is
integrated as an input to enhance downlink CSI recovery.
Simulation results confirm that this addition significantly
improves the channel recovery precision.

3) Related Literature Review on Wireless Resource
Management: In resource management of wireless com-
munication networks, the configuration of model-related
hyperparameters is dominated by the knowledge-driven inputs
and outputs design of neural networks, which focuses on
incorporating domain knowledge to theoretically refine neural
networks’ inputs and outputs. This approach finds its most
significant application in DRL-based resource management
problems, where the action space and decision variables are
high-dimensional. By employing scientific knowledge, like
the analytical solution for a part of actions or theoretically
equivalent problem simplification, complex resource man-
agement problems can be transformed into more tractable
forms with simplified states and actions. Consequently, the
dimensionality of the state and action spaces is substantially
reduced, effectively mitigating the “curse of dimensionality”
and speeding up the training process.

Specifically, in [195], a knowledge-aided DRL for downlink
scheduling is proposed, where a joint user schedule and
resource block allocation scheme is conducted considering
the channel state information and the queue state. To address
the issue of the large action space, the number of allocated
resource blocks is directly calculated by the theoretical for-
mula of decoding error probability if a user is selected, and
the BS only needs to determine which users to schedule.
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With the involvement of knowledge regarding the theoretically
derived number of allocated resource blocks, the action space
of the scheduling problem is considerably reduced and the
convergence rate becomes extremely faster. In [91], [202], a
predictive power allocation policy for energy-efficient video
streaming is devised with the assistance of theoretical knowl-
edge. In particular, by exploiting the knowledge regarding the
distribution of small-scale fading and deriving the optimal
closed-form power allocation policy for any given average data
rate, the state and action are respectively designed as low-
varying average channel gain and average data rate, instead
of the instantaneous channel gain and fast-varying power
allocation. This equivalent transformation significantly reduces
the decision frequency and hence avoids the huge signaling
overhead. Furthermore, by decomposing the system’s dynam-
ics into known parts with theoretical state transition probability
and unknown parts, the post-decision state is involved in DRL
and the high-dimensional action-value function is estimated
via a low-dimensional function, which considerably reduces
the number of learned parameters. To reduce the high dimen-
sional action space for online microservice orchestration in IoT
networks, the large action space in each timestamp is decou-
pled into several small decision epochs with each epoch taking
two simple intermediate actions and returning corresponding
smaller rewards [196], which also solves the reward sparsity
problem and greatly improves learning efficiency.

4) Related Literature Review on Wireless Signal
Processing: In wireless signal processing, domain knowledge
regarding unique features revealed by expertise and a
throughout understanding of tasks can be involved to guide the
setting of hyperparameters. This approach not only improves
the interpretability of neural networks but also has the potential
to produce superior outcomes. Consequently, model-based
hyperparameter settings informed by domain knowledge are
increasingly being applied in CSI feedback.

In addition to incorporating new input for intelligent down-
link CSI feedback in FDD systems, as described in the
example, CNN kernel sizes are also adjusted to better suit
CSI feedback tasks. Specifically, CsiNet in [204] adopts a

7×7 CNN kernel to handle the CSI sparsity in the angular-
delay domain, as larger kernels are advantageous for sparser
areas. Besides, CSI sparsity varies not only across different
scenarios but also within different areas of a single CSI
sample. Motivated by this knowledge, the CRNet architecture,
proposed in [205], employs convolutional layers with varying
kernel sizes, providing multiple resolutions to improve CSI
feedback effectiveness.

5) Design Guideline: Major steps to configure model-
related hyperparameters are given in the following. i) Examine
the target problem in-depth to uncover key insights, such
as equivalent problem simplification or important auxiliary
information, that motivate the optimal configuration of the
neural network, including input and output dimensions. ii) Use
the gained insights to fine-tune the neural network size and
architecture accordingly. iii) Proceed with training the adjusted
neural network to ensure effective learning and performance.

B. Algorithm-Related Hyperparameter Setting

1) Concept: In the knowledge-driven algorithm-related
hyperparameter setting of neural networks, prior knowledge
is involved to determine and tune the initial parameters of
neural networks, the weighted coefficients in loss functions,
the learning rates and so on. The involved knowledge often
originates from theoretical solutions to wireless network
optimization or a deep understanding of target problems,
typically formulated in mathematical formulas or narrative
propositions. With the guidance of such knowledge, these
hyperparameters are somewhat interpretable, thereby speeding
up the training process and yielding robust performance.

2) Typical Example: In signal processing problems solved
through algorithm unfolding [17], the initial parameters of
unfolded neural networks can be inherited from theoreti-
cal iterative algorithms, known as domain knowledge. This
approach achieves a significant improvement over traditional
random initialization methods. It ensures that the neural
networks have a solid foundation based on theoretical under-
standing, making the training process more stable and the
model more reliable from the outset.
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3) Related Literature Review on Wireless Resource
Management: According to the relevant literature, algorithm-
related hyperparameter settings in wireless resource
management, informed by domain knowledge, include weight
parameters in neurons and the weighted coefficients in
loss functions. By leveraging properties of target problems,
knowledge-driven hyperparameter design enhances training
efficiency and has been effectively applied in tasks such as
power allocation problems.

In wireless resource management, one kind of algorithm-
related hyperparameter setting is the knowledge-driven weight
parameter design in neural networks. This design is pivotal
because the principal goal of neural networks is to learn an
optimal set of weight parameters that link neurons across
successive layers, ultimately forming a mapping converting
input features to desired outputs. With the scale of neural
networks increasing, the number of weight parameters to
be determined becomes huge, imposing a substantial com-
putational burden and prohibitively long training time. To
circumvent this challenge in wireless resource management,
domain knowledge concerning the intrinsic properties of wire-
less tasks can be leveraged to significantly reduce the weight
parameters. Specifically, a widely observed property known
as PE indicates that the output ordering changes with the
input order, while the values of corresponding outputs remain
unchanged. Leveraging this knowledge, J. Guo et al. identified
a special weight matrix structure in MLPs applicable to a
broad range of wireless tasks [206]. That is, for tasks with
the PE property, the weight parameters of MLP related to
each PE unit are identical. Thus, a parameter-sharing scheme
is proposed to considerably reduce the number of weight
parameters to be determined, thereby decreasing the training
complexity. Considering the same property, C. Sun et al.
found that ranking PE units in descending order based on
their magnitudes can further reduce the required training
samples [85].

In addition to the weight parameter design in neural
network models, for wireless resource management problems
addressed by primal-dual learning, the weighted coefficients
in constraint-specific loss functions are also inspired by
theoretical methods. To elaborate, in primal-dual learning,
non-negative dual variables, i.e., the weighted coefficients
λ in (13), are introduced to convert the constraints of the
problem as additional linear penalty terms in the loss function.
This strategy is informed by Lagrangian duality techniques,
which provide a theoretical basis for both the learning
of the neural network with the newly defined loss func-
tion and the subsequent theoretical updates to the weighted
coefficients. As obeying the basic mathematical principle of
Lagrangian duality techniques, the adjustment of weighted
coefficients in primal-dual learning is precise and meaningful,
contributing to better learning performance in dealing with
constrained resource management problems [190]. Therefore,
this approach has been applied in probabilistic constrained
power allocation for video streaming transmission [191], joint
power and bandwidth allocation for ultra-reliable and low-
latency communications [192], and power allocation with
statistical constraints in ad-hoc networks [62].

4) Design Guideline: Key steps for configuring algorithm-
related hyperparameters are outlined in the following.
i) Investigate the target problem to uncover insights that guide
the choice of critical hyperparameters like initial weights and
learning rates. ii) Use the discovered insights to appropriately
configure the neural network’s related hyperparameters. iii)
Train the neural network with the configured settings.

C. Summary and Discussion

Knowledge-driven hyperparameter configuration incor-
porates communication-specific insights to configure
model-related and algorithm-related parameters. Compared
with traditional trial-and-error tuning, this approach helps
improve convergence efficiency, reduce sample complexity,
and enhance overall performance. Two representative
approaches are model-related and algorithm-related hyper-
parameter configurations. (1) Model-related hyperparameter
setting is best suited for high-dimensional tasks where
theoretical problem transformation or discovered auxiliary
knowledge can guide structural simplifications, like network
width, depth, input and output. This helps mitigate the
“curse of dimensionality” and significantly accelerates
convergence while boosting model accuracy. (2) Algorithm-
related hyperparameter setting is effective for tasks with
theoretical underpinnings or empirical insights. By initializing
parameters, weighting loss terms, or tuning learning rates
based on domain principles (e.g., from classical algorithms
or primal-dual optimization), this approach improves training
stability and solution quality.

IX. CHALLENGES AND FUTURE DIRECTIONS

By embedding domain knowledge into neural networks, as
the literature reviewed in this survey indicates, knowledge-
driven DL methods can effectively combine the interpretability
of model-based theoretical approaches with powerful univer-
sal approximation capabilities and rapid online inference of
neural networks. Despite these attractive benefits, substantial
advancements are still required to enhance current tech-
niques for reliable intelligent wireless network optimization
in complicated 6G networks. To broaden the scope of its
applications in future wireless communication systems, this
section will explore several challenges and potential future
research directions.

A. Knowledge-Driven DL to Handle Complex Constraints

Neural networks are originally developed for NLP and CV,
which typically involve no constraints. However, in the field
of wireless communications, both resource management and
signal processing tasks generally have multiple complex con-
straints, such as the minimal rate requirement, the maximum
tolerable delay, the maximum allowable sum power, and so on.
Mathematically, these constraints in wireless networks often
take the form of quadratic, logarithmic, and fractional func-
tions and other complicated non-convex functions. In the era of
5G beyond and 6G, due to the diversified QoS demands, highly
dynamic communication typologies, extensive coverage areas
and multi-dimensional heterogeneous resource orchestration,
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the constraints tend to be more intricate [207]. To address
these challenges, some cutting-edge knowledge-driven DL
approaches have attempted to embed simple constraints like
linear constraints or those with clear geometric interpretations
as the additional output layers of neural networks, aiming
to project the outcomes to feasible regions. While significant
advancements have been made, current knowledge-driven DL
techniques primarily succeed in problems with relatively
simple constraints. The quest to develop reliable knowledge-
driven DL approaches that can rigorously meet any nonlinear
constraint remains a significant and ongoing challenge, par-
ticularly in the realm of wireless network optimization with
stringent QoS requirements.

B. Interpretability and Performance Guarantees of
Knowledge-Driven DL

While recent data-driven DL methods have shown remark-
able performance in the field of NLP and CV, their practical
application in wireless network optimization is still limited
due to their “closed-box” nature and poor theoretical foun-
dation. By embedding explainable communication-specific
domain knowledge, especially theoretical knowledge that
is both explainable and analytically rigorous, into neural
networks, knowledge-driven DL can significantly enhance the
interpretability of neural networks. A particularly promis-
ing knowledge-driven DL method is the deep unfolding
approach, which designs customized neural networks based
on the structure and procedures of iterative algorithms.
The resulting knowledge-embedded neural networks inherit
both the fast online inference of neural networks and
the interpretability of model-based algorithms. Nonetheless,
a comprehensive understanding of the mechanism of
knowledge-driven DL is still unattainable. Additionally, unlike
model-based approaches with analytical tractability and robust
performance, knowledge-driven DL struggles to offer rig-
orous performance guarantees. Consequently, to effectively
implement knowledge-driven DL in scenarios requiring highly
reliable QoS, such as industrial Internet of Things environ-
ments, more comprehensive theoretical research into the inner
workings of neural networks is required. Such understanding
will not only clarify the behavior of intelligent wireless
communication networks but also point out potential directions
for enhancing network performance.

C. Knowledge-Driven Generative AI and Large Language
Models for Wireless Networks

Recently, generative AI [208], [209], [210], [211], repre-
sented by large language models (LLMs) and ChatGPT [212],
has achieved extraordinary breakthroughs in various domains,
particularly in NLP tasks such as conversations, reasoning,
and text generation. With their ability to capture nuanced
patterns and contextual relationships via billions of param-
eters pre-trained on massive datasets, these models have
demonstrated remarkable capabilities in understanding and
generating human-like text. Although the deployment of LLMs
often brings computational and storage overhead, emerging
techniques such as cloud-edge collaborative frameworks [213]
and distributed inference mechanisms [214] have shown

promise in alleviating these burdens. Given these advances,
it is worthwhile to unlock the potential of LLMs in address-
ing the sophisticated optimization problems in future 6G
wireless networks. However, several limitations exist when
applying LLMs in wireless network optimization. One sig-
nificant issue of LLMs is their tendency to hallucinate,
producing outputs that resemble human responses but lack
factual accuracy [215], [216]. This is because LLMs gen-
erate responses by predicting the next word in a sequence
based on statistical patterns in the training data, rather than
through an understanding of the real world. As a result,
LLMs may create information that seems credible but is
actually incorrect, often violating physical laws and real-world
constraints when addressing complex problems in wireless
networks. This discrepancy between LLM outputs and actual
constraints renders LLM-generated solutions unreliable for
optimizing wireless networks. Another major issue is that
most LLMs are initially designed to accept plain textual
data as input, which hinders their ability to directly process
and understand other data modalities. In wireless networks,
inputs for networking algorithms come in various forms, such
as time-series network traffic and graph-structured network
topology data. These forms are significantly different from
plain text, creating a fundamental mismatch. Consequently,
LLMs struggle to effectively interpret and process the diverse
and complex inputs required for networking tasks.

To tackle these limitations, it is crucial to empower LLMs
with communication-specific domain knowledge, adapting
them to optimize wireless systems effectively. This makes
knowledge-driven LLMs a promising and emerging research
direction. To align the outcomes of LLMs with the physi-
cal realities and practical constraints of wireless networks,
one potential solution is fine-tuning LLMs using specialized
datasets and tailored loss functions. A notable example is a
specialized dataset containing 10,000 questions and answers
on wireless networks, as described in [217]. During the fine-
tuning phase, customized loss functions can be designed to
incorporate human feedback, providing iterative improvements
and ensuring that the LLM’s outputs align with expert knowl-
edge and practical requirements. Given that tuning LLMs with
billions of parameters is both time-consuming and compu-
tationally intensive, another effective approach is to embed
knowledge-inspired neural network modules either before or
after the LLMs and train only these modules during fine-
tuning [218]. Pre-located modules can act as multimodal
encoders to handle the diverse input information in networking
tasks effectively, while post-located modules can generate
accurate and contextually appropriate responses for specific
networking scenarios. While these solutions offer promising
directions, extensive pioneering research is still needed to
design reliable knowledge-driven LLMs for various network
tasks, balancing computational cost and performance accuracy.

D. Practical Application and Standardization of Neural
Networks in Wireless Networks

Up to now, the majority of the literature on both knowledge-
driven and data-driven DL methods in wireless networks is
predominantly within the realm of academic research, focusing
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on exploring all possible advantages these technologies may
offer. For their successful and seamless deployment in real-
world wireless networks, several key factors need to be
taken into account. The primary concern is the compatibility
of neural networks with existing wireless communication
protocols and architectures. Wireless networks are complex
systems composed of various technologies that have evolved
over decades. Integrating neural networks involves ensuring
that they can work within the constraints of current network
protocols, potentially requiring adjustments in both wire-
less network architectures and neural network deployments.
Furthermore, the practical hardware limitations of mobile
devices should be considered. Mobile devices, particularly
those in mobile and IoT contexts, are often constrained by bat-
tery life. Neural networks, especially DL models, are typically
resource-intensive. Optimizing these models to operate with
minimal energy consumption while maintaining performance
is crucial for their sustainability and practicality in wireless
applications. Thirdly, the collaboration of neural network
models across different manufacturers, involving secure data
sharing, joint model training and inference, is an important
factor to consider when applying neural networks in the field
of wireless communications.

To advance the real-world deployment of intelligent wireless
networks, both the 3GPP and IEEE 802.11bn have initiated
relevant standardization efforts. In its 18th release, 3GPP
introduced a study item focused on the use of AI for the new
radio air interface, which explores the integration of AI at
the physical layer, particularly for tasks such as localization,
beam management, and CSI feedback [219]. Similarly, IEEE
802.11bn is exploring AI applications in distributed channel
access, seamless roaming, and multiple access point coordina-
tion [220]. While these standardization efforts attempt to tackle
the practical issues previously discussed, the process is still
in its infancy stage, with only a limited number of use cases
thoroughly investigated to date. For the successful realization
of intelligent wireless networks, extensive work is needed in
areas like developing a universal AI framework, establishing
user-network collaboration mechanisms, and managing the AI
model lifecycle including model activation, deactivation, mon-
itoring, switching, and updating. Along with these functional
modules, it is crucial to develop related signaling and network
protocols that will support data collection, model inference,
and performance monitoring.

X. CONCLUSION

In this paper, a comprehensive overview of knowledge-
driven DL in wireless networks has been presented, focusing
on the innovative angle of knowledge integration. To begin
with, a clear definition of domain knowledge specific to
wireless networks has been provided, and the various types
and representations of knowledge that can be incorporated
into neural networks have been offered. Additionally, a novel
classification framework for knowledge integration approaches
within wireless networks has been proposed, which includes the
incorporation of domain knowledge into neural network model
selection, neural network model customization, architecture

construction for knowledge and data fusion, loss function
design, and hyperparameter configuration. According to this
taxonomy, an in-depth review of the literature on knowledge-
driven resource allocation and signal processing has been
conducted. Finally, several challenges and future directions have
been discussed. We aim for this survey to assist researchers in
identifying the appropriate methods to leverage prior knowledge
for the design of 6G intelligent communications.
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