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Abstract

This paper comprehensively reviews how operations research and optimization procedures
are applied to address challenges in wireless network communications. Key challenges
such as network topology design, dynamic task scheduling, and multi-objective resource
allocation are examined and systematically categorized. The revision focuses on litera-
ture published between 2023 and 2025, and covers topics such as flow optimization and
routing, resource allocation and scheduling, mobile and wireless network management,
network resilience and robustness, and energy efficiency. The works are selected using a
methodological approach ranging from the exact optimization methods, such as mixed-
integer programming, to heuristic/metaheuristic strategies and machine-learning-based
techniques. It is reported a comparative analysis in terms of computational efficiency, scala-
bility, and practical applicability. The main contribution is to highlight current research gaps
and open challenges, with particular emphasis on the integration of operations research and
artificial intelligence, especially in problems modeled using graphs and network structures.

Keywords: routing and flow optimization; resource allocation and scheduling in networks;
resilience and robustness optimization; wireless and mobile networks optimization; energy
efficiency in wireless networks

1. Introduction
Operations research (OR) is a mature field that accomplishes both nonlinear and linear

programming techniques using continuous and/or discrete variables. As such, it plays a
key role in supporting decision-making processes and optimizing the performance of com-
plex networks, particularly in engineering domains such as logistics, telecommunications,
healthcare and security, to name a few.

Network science addresses the analysis of complex systems, which are typically
modeled as graphs where nodes represent entities (nodes) such as base stations in a
wireless network, for example. The edges denote their interactions, links, or relationships
between nodes. As such, these modeling techniques are crucial to designing efficient
telecommunication infrastructures for digital communication networks.

During the past three decades, global telecommunication policies have primarily
aimed to improve economic efficiency by reducing government control, thus mitigating
risks related to conflict of interest and corruption [1]. However, recent trends show a
reversal with governments that are increasingly influencing through direct ownership of
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networks, thus expanding regulatory oversight to cover the broader digital economy and
politicizing issues such as content distribution and the use of novel technologies.

Notice that even when there is an increasing number of works dealing with opti-
mization in wireless networks, a well-structured comparative review that bridges classical
operations research (OR) techniques with recent AI-based methods is still lacking, particu-
larly in the context of 6G and beyond. Furthermore, most of the existing surveys focus on
learning-based methods, without connecting them to classical optimization foundations or
discussing their integration. This paper helps fill this gap by categorizing recent advances
(2023–2025) in network optimization from both perspectives (OR and AI), highlighting
synergies, trade-offs, and future opportunities.

Similarly, OR offers powerful mathematical programming techniques to address
optimization challenges: optimal routing and design of the required infrastructure and
location placement, which are critical to improving efficiency and minimizing operational
costs. For example, other technologies such as cyberphysical systems (CPS) and the Internet
of Things (IoT) have significantly transformed transportation systems (ITS), enabling
real-time vehicle-to-infrastructure (V2I) communication, which, in turn, improves traffic
management. However, these innovations still lack novel infrastructures to deal with the
huge demand using the new technologies.

This paper provides a comprehensive survey of recent contributions that apply OR and
optimization methods to the domain of network communications, particularly in the context
of 5G, 5G+, and emerging 6G technologies. The article reviews applications of operations
research and optimization methods applied in wireless network communications. Key
challenges such as network topology design, resource allocation, optimal routing, and
wireless network optimization for wireless networks using current and future 5G, 5G+, and
6G technologies are reviewed from 2023 to 2025, including flow optimization and routing,
resilience and robustness, resource allocation and scheduling, wireless and mobile network
optimization, and energy efficiency. Furthermore, the papers reviewed are categorized
based on exact methods such as mixed integer programming, heuristic approximations,
and machine learning-based techniques. Finally, a comparative analysis is provided in
terms of efficiency, scalability, and real-world applicability. This review’s main contribution
is to identify research gaps and open challenges, emphasizing the integration of operations
research and artificial intelligence methods in modern networks and between operations
research jointly applied with classical graph optimization problems.

Consequently, this work presents a structured literature review that combines com-
parative taxonomy and domain-specific analysis. Based on a systematic selection of recent
papers from 2023 to 2025, we position this contribution as a structured survey of optimiza-
tion techniques for modern wireless network design, particularly within the context of 6G
and beyond.

The structure of the paper is as follows. In Section 2, the motivation for integrating
operations research and optimization in network communications is presented, and the
methodology used to select relevant literature from 2023 to 2025 is presented. Section 3
introduces the theoretical foundations of optimization in network science. The latter in-
cludes classical OR models, heuristic and metaheuristic algorithms, and recent advances
in machine learning-based methods. In Section 4, the comparative insights and the lim-
itations observed are outlined. In addition, this section briefly attempts to draw insight
and identify methodological gaps based on existing reviewed material. Section 5 identifies
open challenges and future research directions, especially in bridging the OR-based and AI-
based approaches. Finally, Section 6 addresses benchmarking inconsistencies in reviewed
studies and proposes suggestions for standard evaluation practices. Lastly, it concludes the
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paper and offers future perspectives on the convergence of OR and network sciences in
next-generation networks.

2. Motivation and Importance of Operations Research in
Wireless Networks

Network optimization has become a hot research field due to the growing demand for
efficient resource allocation and high-performance devices such as laptops, mobile phones,
computers, and so on. Rapid data traffic requirements and the emergence of new technolo-
gies such as 5G, 5G+, and 6G have prompted researchers to explore several optimization
techniques, including mathematical programming, heuristic algorithms, and machine learn-
ing approaches. These methods can help improve network efficiency, minimize interference,
reduce delays, and optimize energy consumption altogether. Another relevant problem in
network optimization is designing new infrastructures. The examples in Figure 1 should
be considered for user-varying positions and high data rate demands scenarios.
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Figure 1. Network graphs graph topologies, from left to right: a ring, a star, and a minimum
dominating set topology, respectively.

Effective models ensure that users can be connected to the best network nodes at
different time slots, avoiding congestion and improving reliability. Robust optimization is
required to manage connectivity failures and fluctuations under uncertainty. Tools such
as [2] Mininet [3] plays a key role that is essential to simulate real-world scenarios and
validate optimization solutions. Particular attention has been paid to artificial intelligence.
For example, neural networks have been shown to have great potential to enhance decision-
making processes. However, mathematical models must be carefully designed to balance
computational costs and solution quality. A promising approach is the combination of deep
learning with classical optimization techniques. Moreover, integer linear programming
appears to be an excellent technique for problems related to base station location and
frequency assignment problems. Thus, research on network optimization is expected
to continue to evolve while integrating novel emerging technologies such as quantum
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computing and autonomous systems. These advances will certainly improve metrics such
as the efficiency, scalability, and resilience of modern communication networks.

Figure 2 presents a conceptual road showing how classical OR models continue to
support modern network communications. The diagram maps the relationship between
application domains such as wireless/mobile networks, routing, and resource scheduling,
and the foundational OR models often used to model these problems (e.g. facility location,
shortest path, knapsack). These models are then connected to core optimization techniques,
including exact methods (for example, MILP), metaheuristics (for example, PSO, GA),
graph-based models, and dynamic programming. From there, the framework links to
modern techniques such as deep reinforcement learning (DRL), neural networks, federated
learning, and graph neural networks (GNNs), which are now essential for solving large-
scale, uncertain, or real-time optimization challenges in 5G/6G and IoT networks. This
figure is useful because it highlights the continuity between classical theory and emerging
computational methods.

Figure 2. Conceptual framework linking classic operations research (OR) models to modern network
optimization problems and solution methods.

Consequently, it allows researchers to establish a bridge for researchers looking to
apply rigorous mathematical modeling while incorporating scalable, intelligent solution
approaches. It also emphasizes how future challenges, including scalability, uncertainty,
and explainability, can benefit from this combined perspective.

Methodology for Selecting Papers

To review the important literature on network optimization addressed with operations
research techniques, we mainly focus on research published between the years 2023 to 2025.
The selection process is carried out taking into account specific criteria while ensuring high-
quality and relevant journal articles. For this purpose, we search the well-known academic
journals of IEEE Xplore with up to around 60 papers containing the topics mentioned
above. These sources provided peer-reviewed articles from leading academic universities.
The search we did includes papers on mathematical programming, heuristic algorithms,
and machine learning applied to network optimization. More precisely, we recall our
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selection used categories, including routing and flow optimization, resource allocation
and scheduling in networks, resilience and robustness optimization, wireless and mobile
network optimization, and energy efficiency in wireless networks. Articles presenting
experimental results and simulations were also considered to validate the findings of
operations research techniques. As such, we collect some of the most relevant and up-
to-date research, with the aim of providing a comprehensive overview of optimization
techniques in network science. Finally, we mention that we prioritized papers published in
high-impact journals related to operations research, wireless networks, machine learning,
and artificial intelligence.

To improve methodological transparency, we clarify that the search was performed
with the following primary keywords: (“network optimization” OR “resource allocation”
OR “routing”) AND (“5G” OR “6G”) and (“machine learning” OR “reinforcement learning”
OR “operations research”, “Classical Graph optimization problems in 5 and 6G”) for the
period 2023–2025. Inclusion criteria required: (1) peer reviewed journal or conference pa-
per; (2) optimization applied to wireless/mobile networks; (3) presence of methodological
contribution (algorithm or model). The excluded criteria were: (1) tutorial or editorial;
(2) contributions purely theoretical or hardware layer with no optimization aspect; (3) du-
plicate results or short abstracts. A total of 60 papers were selected after applying these
filters. (See the self-explained Figure 3).

Initial Search on IEEE Xplore (2023 2025)
Keywords: 'network optimization', '5G', '6G', 'ML', 'RL', 'OR'

Total Records Identified: ~130 papers

After Title/Abstract Screening:
70 papers retained

Apply Inclusion Criteria:
 Peer-reviewed

 Optimization method included
 Network-focused

Apply Exclusion Criteria:
 Editorials, duplicates, hardware-only

 No optimization contribution

Final Papers Included in Review:
60 selected for full analysis

Figure 3. Flow chart of including and excluding criteria of the structure review paper.

In Tables 1–4, we present all articles that we reviewed in this article related to the
categories mentioned above. More precisely, in column 1, we put the reference of each
paper, in columns 2 and 3, we summarize the highlights of each paper and the solving
methods. Then, from columns 4 to 8, we report with a mark if the content of each article is
related to a specific category in each column.
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Table 1. Comparison and summary of related categories.

Ref. Highlight Solving
Method

Routing and
Flow
Optimization

Resource
Allocation and
Scheduling in
Networks

Resilience and
Robustness
Optimization

Wireless and
Mobile
Networks
Optimization

Energy
Efficiency in
Wireless
Networks

[1]
Role of governments in telecom
regulation and implications for
digital economy.

Policy analysis, comparison
of regulations.

[4]
ML and Swarm heuristic for
routing and scheduling improving
efficiency, security, and bandwidth

Reinforcement learning, greedy
iterative-particle swarm
optimization.

✓ ✓ ✓ ✓

[5]

Optimization for joint placement
of distributed processing units and
routing flows minimizing cost
subject to latency constraints.

Mixed-Integer Programming and a
heuristic method

✓ ✓ ✓ ✓

[6]
Deep reinforcement learning for
routing in LEO satellite networks

Deep reinforcement learning,
Markov decision process, adaptive
flow routing

✓ ✓ ✓

[7]
Multicommodity flow problem
where demands may exceed edge
capacities

Graph-based optimization,
multicommodity flow, control
mechanisms.

✓ ✓ ✓

[8]

Optimization model for the
placement of virtualized DU/CU
entities and routing of data flows
in 5G PXNs

Mixed-integer linear programming,
heuristic algorithms based on
problem decomposition and
iterative search.

✓ ✓ ✓ ✓

[9]
Optimización de flujos en TSSDN
para IIoT confiable y rápido.

FRER, modelado de
retraso/confiabilidad, optimización
y simulación.

✓ ✓ ✓

[10]
Fair bandwidth optimization
without degrading network
efficiency

Multi-objective optimization, QoS,
fairness, and efficiency in optical
networks

. ✓

[11] Task scheduling and resource
allocation in SAGIN networks

Deep reinforcement learning, cost
minimization, simulations in
aviation.

✓ ✓

[12] Scalable resource scheduling for
industrial wireless networks.

Shared path-based scheduling,
congestion-aware resource
allocation, and simulations.

✓ ✓ ✓ ✓

[13]
Multi-dimensional resource
optimization in distributed data
centers

Reinforcement learning, NES,
real-world workload simulations

✓ ✓

[14]
NIF scheduling for
interference-free mmWave
resource management

Joint scheduling, beamforming,
power allocation, and convex
optimization.

✓ ✓ ✓ ✓

[15]
Dynamic resilience assessment for
complex networked systems.

Four-factor measurement,
simulation, noise techniques. ✓

[16] Resilient energy system restora-
tion under uncertainties.

Bi-objective robust optimization,
mixed-integer conic programming. ✓

[17]
Resilient power network design
using ecological robustness.

Surprisal-based metric, stochastic
optimization, Taylor series
expansion.

✓

[18]
AI-driven power converter design
with enhanced adaptability.

Physics-in-architecture RNN, STAR
optimization methodology. ✓

[19]
RL-based BS optimization for
better coverage

Digital Twin + MARL
(OMAPPO-SSP). ✓ ✓ ✓

[20]
Adaptive energy use with realistic
battery models.

Distributed Lyapunov-based
optimization. ✓ ✓ ✓ ✓

[21] Charging utility maximization
under risk with CVaR model.

CVaR-based optimization and
submodular maximization.

✓ ✓ ✓ ✓ ✓

[22]
Energy slot prediction and
conservation for portable devices
using Naïve Bayes.

Prediction-based optimization
(Naïve Bayes) with PECT method. ✓ ✓ ✓

[23]
Joint AoI and energy optimization
using DLDQN in IIoE networks.

Deep reinforcement learning
(DLDQN) via MDP. ✓ ✓ ✓

[24]
Relay deployment to maximize
energy efficiency in EH-WSNs. PSO-GA hybrid metaheuristic. ✓ ✓ ✓ ✓

[25]
Cluster-head selection with data
prediction to improve energy
efficiency in WSNs.

Semi-decentralized prediction
method (SDPM). ✓ ✓ ✓
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Table 2. Continuation of comparison and summary of related categories.

Ref. Highlight Solving
Method

Routing and
Flow
Optimization

Resource
Allocation and
Scheduling in
Networks

Resilience and
Robustness
Optimization

Wireless and
Mobile
Networks
Optimization

Energy Efficiency
in Wireless
Networks

[26]
Renewable-energy-aware
dual-mode data gathering with
UAVs in rechargeable WSNs.

Life-expectancy-balance-based
strategy + hierarchical
decomposition.

✓ ✓ ✓ ✓

[27]

Low-complexity regularized routing
optimization (RRO) for
high-throughput, low-latency
wireless networks.

Regularized optimization with
distributed and centralized RRO
algorithms.

✓ ✓ ✓

[28]

Environment-aware traffic-power
flow optimization for coupled
power and transportation
networks (CPTNs)

Discrete choice modeling +
decentralized Gauss–Seidel
iterative optimization.

✓ ✓

[29]

Intelligent proactive routing in
MANETs using spatio-temporal
deep learning and directional
heat maps.

Spatio-temporal deep learning +
directional heat map (DHM) + path
optimization algorithm.

✓ ✓ ✓

[30]

Optimizing the delivery and
collection problem with
heterogeneous drones using
knowledge transfer and heuristics.

Transfer optimization with heuristic
operators (TOHO) + ensemble
genetic algorithm con
operadores heurísticos.

✓ ✓

[31]
Joint optimization of cell placement
and global routing in circuit design
using ILP.

ILP (Integer Linear Programming) +
Checkered Paneling +
Cluster-based Legalization

✓ ✓

[32]
Joint channel, power, and bandwidth
allocation in ISAC for Internet of Ve-
hicles.

Deep reinforcement learning
(DDPG + DQN) ✓ ✓

[33]

Dynamic link scheduling using
fuzzy-enhanced deep learning to
adapt to changing
wireless environments.

Fuzzy logic + deep
reinforcement learning ✓ ✓ ✓

[34]

Lyapunov-guided PPO scheduling
to guarantee jitter-bounded latency
for time-sensitive services and
throughput for real-time services.

Lyapunov optimization + proximal
policy optimization (reinforcement
learning) + stochastic
network calculus

✓ ✓ ✓

[35]

Intelligent dynamic resource
allocation and puncturing (IDRAP)
framework using deep
reinforcement learning (DRL) to
balance eMBB and URLLC
service requirements.

Deep reinforcement learning (DRL)
+ intelligent dynamic resource
allocation and puncturing (IDRAP)

✓ ✓

[36]

Adaptive semantic resource
allocation using semantic-bit
quantization (SBQ) and hybrid DRL
to optimize semantic
communication quality (SC-QoS)

Semantic-bit quantization (SBQ) +
hybrid deep reinforcement
learning (DRL)

✓ ✓ ✓

[37]

Integration of LSTM and PSO to
improve demand forecasting,
resource allocation, and cost
efficiency in supply
chain management

LSTM (deep learning) + particle
swarm optimization (PSO) ✓ ✓ ✓

[38]

LSTM for demand forecasting and
PSO for optimizing inventory,
transportation, and production in
resilient supply chain management.

Long short-term memory (LSTM) +
particle swarm optimization (PSO) ✓ ✓ ✓

[39]

IBNN model improves traffic
classification, especially for
encrypted data, balancing
complexity and preserving
relevant features.

Information bottleneck neural
network (IBNN) ✓ ✓ ✓

[40]

Byzantine-resilient online
decentralized meta-learning
algorithm using coordinate-wise
screening and centerpoint
aggregation to enable robust lifelong
learning across agents.

Meta-learning + byzantine-resilient
aggregation (coordinate-wise
screening + centerpoint
aggregation)

✓

[41]

Robust distributed learning via
DOT-ADMM algorithm, handling
online data changes, asynchronous
updates, unreliable communications,
and inexact computations in
multiagent settings.

Distributed optimization
(DOT-ADMM) + operator
theory + ADMM

✓ ✓

[42]

Integrated scheduling of wireless
power transfer and task offloading
in RMECN, balancing energy
efficiency, buffer and battery
stability using Lyapunov
optimization and game theory.

Lyapunov optimization + game
theory + dynamic battery modeling ✓ ✓ ✓ ✓

[43]

Joint optimization of federated
learning and analog model
aggregation over noisy wireless
channels with transmit power
constraints; proposes OMUAA and
OMUAA-DR algorithms.

Online optimization + over-the-air
aggregation + double regularization ✓ ✓ ✓ ✓
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Table 3. Continuation of comparison and summary of related categories.

Ref. Highlight Solving
Method

Routing and
Flow
Optimization

Resource
Allocation and
Scheduling in
Networks

Resilience and
Robustness
Optimization

Wireless and
Mobile
Networks
Optimization

Energy
Efficiency in
Wireless
Networks

[44]

Charging scheduling in WRSNs
considering obstacles using Fresnel
diffraction model, spatial-time
discretization, obstacle-aware
navigation, and optimized charging
spot/time selection to minimize
sensor failures.

Fresnel diffraction model +
spatial-temporal discretization +
obstacle-aware navigation +
optimization heuristics

✓ ✓ ✓ ✓ ✓

[45]

Joint optimization of low-altitude
relay placement and high-altitude
BS trajectory in 3-tier air-ground 6G
networks to maximize user coverage
under backhaul constraints.

Graph-based optimization (max
weighted independent set) +
bionic algorithms + deep neural
networks

✓ ✓ ✓

Table 4. Continuation of comparison and summary of related categories.

Ref. Highlight Solving
Method

Routing and
Flow
Optimization

Resource
Allocation and
Scheduling
in Networks

Resilience and
Robustness
Optimization

Wireless and
Mobile Networks
Optimization

Energy Efficiency in
Wireless Networks

[46]

Joint optimization of RIS
beamforming, transmit power,
and rendering capacity to
maximize QoE in multi-user
THz VR systems.

Objective function
transformation + alternative
optimization (AO)

✓ ✓

[47]

Digital twin-enabled wireless
powering scheme with
minimum interference AP
clustering (MIAC) to enhance
energy efficiency and spectral
performance in massive IoT
networks.

Mathematical modeling + digital
twin simulation + AP clustering
heuristic

✓ ✓ ✓

[48]

Energy-efficient semantic-aware
wireless network resource
allocation minimizing energy
consumption, optimizing
semantic communication.

Energy efficiency optimization +
semantic communication +
Closed-form global optimal
solutions

✓ ✓ ✓

[49]

Integration of PLC with WSN to
create a resilient utility network,
addressing challenges like
packet loss and interference.

PLC + WSN integration +
frequency-shift keying (FSK) ✓ ✓ ✓ ✓ ✓

[50]

Integration of PLC with WSN to
create a resilient utility network,
addressing challenges like
packet loss and interference in
remote control and
monitoring applications.

PLC + WSN integration +
frequency-shift keying (FSK) ✓ ✓ ✓ ✓ ✓

[51]

Optimization of packet size and
adaptive transmission
scheduling to enhance energy
efficiency and extend the
lifetime of WSNs for MVM.

Packet size optimization
(PSO-LEC) + ATS (TDMA/ATS) ✓ ✓ ✓ ✓ ✓

[52]

Joint optimization of grouping
strategy, antenna allocation,
sub-timeslot, and bandwidth to
maximize energy efficiency in
mmWave-based WPCNs.

Two-stage approach: TES for
grouping + Dinkelbach and
Lagrange dual for
EE optimization

✓ ✓ ✓

[53]

Bi-level optimization of
subsidized route allocation
leveraging herd effect to
minimize travel time and
subsidy costs in traffic networks.

Hybrid method: adaptive
genetic algorithm + partial
linearization

✓ ✓

[54]

SFSSA: A hybrid metaheuristic
for solving VRPSPDTW,
enhancing population diversity
and convergence, achieving
optimal results on
benchmark instances.

Hybrid metaheuristic: sparrow
search algorithm + sine cosine +
firefly + tent chaos

✓ ✓

[55]

SN-VNE: A
reinforcement-learning-based
virtual network embedding
algorithm for satellite-cloud
integrated networks, enhancing
QoS, acceptance ratio, and
resource utilization.

Reinforcement learning ✓ ✓ ✓

[56]

A novel multi-layer resource
allocation and task offloading
strategy for IoT in 5G-enabled
cloud–edge continuum
architectures, focusing on energy
efficiency and SLA compliance

Optimization (bin-packing +
offloading) ✓ ✓ ✓
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Tables 5 and 6 summarize key performance metrics explicitly reported by selected arti-
cles in our review. These include improvements in latency, energy efficiency, coverage, and
robustness under different network types. Furthermore, we identify whether each study
builds on classical graph-based optimization models. Although many works incorporate
graphs for modeling and solution design, several rely solely on data-driven or heuristic
approaches without clear topological formulations. This table helps to highlight trends,
such as the increasing use of reinforcement learning in routing and scheduling, and the
lack of consistent benchmarking across papers.

Table 5. Quantitative summary of selected papers and graph-based relevance (Part 1).

Reference Technique Metric Reported Value Network Type Opt. Focus Graph

[4] RL + SI Delay 12% reduction IoT/CPS Routing/Scheduling Yes

[5] MIP + Heuristic Cost and Latency Latency met under constraints 5G Xhaul Placement/Routing Yes

[6] DRL Throughput High throughput (LEO) Satellite Flow Routing Yes

[7] Multicommodity FL Throughput Capacity Data Net. Flow Optimization Yes

[8] MILP + Heur. Route Eff. Latency-constrained routing 5G CU/DU Placement Yes

[9] Sim. Model Latency/Rel. Performance in IIoT TSN Scheduling Yes

[10] Multi-obj. Fairness vs. Eff. Processing time 95% Optical BW Allocation No

[11] DRL System Cost Cost and drop rate SAGIN Task Sch./Alloc. Yes

[12] Sharing Path Congestion High efficiency Ind. IoT Scheduling Yes

[13] DRL Utilization Load balancing Data Ctrs. Scheduling Yes

[14] Convex Opt. Power Alloc. Interference-free resources mmWave Scheduling Yes

[15] Sim. Fmwk Resilience Multi-factor assessed Generic Resilience Yes

[16] Robust Conic Load Restore. Strong under uncertainty Energy Sys. Resilience Yes

[17] Stoch. Opt. Robustness Grid fault tolerance Power Grid Topology Design Yes

[18] STAR Opt. Conv. Robust. Adaptive converter Power Elec. Device Opt. No

[19] DT + MARL Coverage DT-SimNet improves Mobile Net. BS Optimization Yes

[20] Lyap. Opt. Energy Online energy optim. WPCN Scheduling No

[21] Heuristics Routing/Charge Robust recharging WSN Path Optimization Yes

[22] Naïve Bayes Delay/Loss Delay, info, loss WSN Energy Cons. No

[23] DLDQN AEE +25% (50+ devices) IIoE Joint Opt. Yes

[24] PSO + GA Lifespan WSN lifetime EH-WSN Relay Placement Yes

[25] Prediction Energy Energy-efficient Sensor Net. Scheduling No

[26] Hier. Opt. Data + Energy Dual-mode gathering WSN Data Collection Yes

[27] Reg. Opt. Lat./Th. Throughput, latency Wireless Routing Yes

[28] Game Theory Flow and Energy Coupled optimization CPTN Flow Opt. Yes

[29] Deep Learn. Routing Path prediction MANET Routing Yes

[30] Transfer Opt. Drone Routing Pickup/delivery UAV Routing Yes

[31] ILP Routing Wirelength VLSI Global Routing Yes

[32] DRL Lat. and Sensing Latency bound IoV ISAC Opt. Yes

[33] Fuzzy DRL Scheduling Adaptive link scheduling Wireless Scheduling No

[34] Lyap.PPO Latency Jitter-bounded Real-time Scheduling No

[35] DRL Res. Alloc. Resource balance 5G-NR Scheduling No

[36] Semantic Opt. QoS Semantic quality SCN Bit Allocation No
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Table 6. Quantitative summary of selected papers and graph-based relevance (Part 2).

Reference Technique Metric Reported Value Network Type Opt. Focus Graph

[37] Analytics+ ML SCM Resil. Supply-chain resilience SCM Resource Alloc. No

[38] Design Opt. Robustness V2X data flow V2X Data Routing Yes

[39] IBNN Classification Encrypted traffic class. Networks Traffic Learning No

[40] Meta-Learning Robustness Byzantine-resilient Dist. Sys. Learning No

[41] DOT-ADMM Learning Distributed online learning Networks Learning No

[42] Lyap.Game Energy Consumption MEC Scheduling Yes

[43] Online Opt. Aggregation Edge FL aggregation Edge Learn. Aggregation No

[44] Fresnel Model Failure Rate Sensor failures WSN Charging Path Opt. Yes

[45] Graph+Bionic Coverage User coverage 6G Relay Planning Yes

[46] AO Opt. QoE THz VR QoE THz/RIS-VR QoE Opt. No

[47] DT + Heuristic Energy/Spectrum Massive IoT efficiency IoT Energy + Coverage Yes

[48] Closed-form Energy Semantic energy SWN Resource Opt. No

[49] PLC+WSN Resilience Energy control Smart Grid Topology Yes

[50] MAC Protocol Energy Bit-mapping energy WSN MAC Opt. No

[51] Joint Opt. Delay and Lifetime Scheduling, life WSN Scheduling No

[52] Lag.TES Energy EE in mmWave WPCNs mmWave WPCN Joint Opt. No

[57] ML Fram. Scalability 6G-scale applicability 6G Large-scale Opt. No

In the following, we discuss and explain the related theoretical background concerning
the different categories of each article reported in Tables 1–4. Subsequently, this study
focuses on the operations research background. Finally, we discuss future gaps between
reported papers regarding classic operations research models that can be incorporated and
adapted, which can be addressed as future research.

3. Basics of Optimization in Network Research
Optimization is an important tool that improves the efficiency and performance of

wireless networks, transportation, and computer networks, just to name a few [58] (see the
references in the tables reported above). The main goal here is to find the best solution that
maximizes or minimizes the objective function in an optimization problem. An example
can be when optimizing a routing problem; in this case, it is possible to determine the most
efficient path for data to traverse the network, avoiding congestion and delays.

Another important concept corresponds to the topic of resource allocation. Networks
often have limited resources, typically in terms of bandwidth capacity and power. Therefore,
optimizing resource allocation undoubtedly helps in efficiently assigning resources to meet
the user demands. This is very important in modern networks (5G, 5G+, and 6G), where
the number of user devices and the amount of data to be transmitted grow rapidly.

Scheduling is another area of optimization. Tasks or data flows must be efficiently
scheduled to ensure that resources are used to avoid conflicts on many networks. For
example, consider a cloud computing network where tasks must be scheduled on available
servers in such a way that the waiting times are minimized and the throughputs are simul-
taneously maximized. Network optimization usually involves the use of mathematical
formulations and algorithms to solve these types of models. These procedures commonly
include linear programming, integer programming, and heuristic methods that have an
inherent computational cost to solve them optimally or nearly optimally. This allows re-
searchers and decision makers to develop models that can represent the complex behavior
of networks. In particular, the basics of optimization in network research deal with im-
proving network performance. Consequently, minimizing delays, maximizing throughput,
or managing resources efficiently is part of the game. Since networks continuously grow
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and become more and more complex, it is clear that optimization approaches, including
modeling and solution procedures, play a key role while ensuring that these systems work
under optimal conditions.

3.1. Commonly Used Approaches of Optimization Techniques in Network Communications

Optimization is essential in a variety of fields in communications, and there are mul-
tiple approaches to solving complex network problems. In this subsection, we discuss
several domains in which optimization and network sciences have been applied together.
Linear and integer programming help address problems with linear constraints and integer
variables. In addition, metaheuristics such as genetic algorithms (GA), particle swarm
optimization (PSO), tabu search, and simulated annealing, among others, aim to approx-
imate suboptimal solutions [59,60]. Similarly, machine learning-based optimization is
an emerging approach that combines the power of machine learning with optimization
to solve problems in several engineering domains. We further discuss graph-based net-
work representations for routing, flow optimization, resource allocation and scheduling in
networks, bandwidth allocation in communication networks, task scheduling in cloud net-
works, resilience and robustness optimization, wireless and mobile networks, and energy
efficiency in wireless communications.

3.1.1. Linear and Integer Programming

A linear program is a mathematical modeling approach that is used to optimize
(maximize or minimize) a linear objective function subject to linear constraints. In general,
a linear programming problem can be formulated as follows [61]:

max or min c1x1 + c2x2 + · · ·+ cnxn (1)

s.t: a11x1 + a12x2 + · · ·+ a1nxn ≤ b1 (2)

a21x1 + a22x2 + · · ·+ a2nxn ≤ b2 (3)

x1, x2, . . . , xn ≥ 0 (4)

where (x1, x2, . . . , xn) is the decision vector of the variables and (c1, c2, . . . , cn) are the coef-
ficients of the objective function. The entries in the input matrix a = (aij) and b = (bi) for
all i ∈ {1, . . . , n} and j ∈ {1, 2} in this particular example represent the constraint coeffi-
cients. Notice that integer programming is a nonconvex variant of a linear programming
problem in which some or all of the variables are constrained to take integer values. This
is utilized in many situations where the decision variables cannot be equal to fractional
values. For example, when buying countable objects such as two or three televisions or
laptop computers. The mathematical formulation of a mixed integer linear programming
problem is similar to that of the model (1)–(4), but with the additional condition that

xi ∈ Z, ∀i ∈ {1, 2, . . . , n} (5)

Notice that these constraints transform the model (1)–(4), (5) into a nonconvex problem
hard to solve. This can be easily proven by the discrete nature of the feasible space.

3.1.2. Quantum-Inspired Optimization in Network Communications

Quantum computing is also another interesting approach that offers methods to solve
combinatorial optimization problems emerging in 6G networks. A first example algorithm
is the quantum approximate optimization algorithm (QAOA), which solves problems
such as max-cut, routing, and resource allocation by encoding them as Hamiltonians on
qubits. Secondly, variable quantum eigensolvers (VQEs) also optimize energy functions
in network flow formulations. Similarly, Quantum annealing, implemented in platforms
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like D-Wave, has also been applied for facility location and graph partitioning problems,
taking advantage of its capability to explore large solution spaces more efficiently than
classical heuristics. Although these techniques are still in the early stages of being applied
to communication networks, these hybrid quantum-classical algorithms have gained in-
creased attention. In particular, to solve resource allocation problems restricted in dense
and dynamic 6G edge environments [62–64].

3.1.3. Metaheuristics

Metaheuristics are suboptimal optimization techniques used to deal with complex
feasible set search and optimization problems where the exact solutions are prohibitive to
find in a reasonable CPU time due to the high dimensionality, linearity, or nonlinearity of
the optimization problems. Unlike classic methods, such as linear or integer programming,
metaheuristics do not guarantee that an optimal solution will always be obtained. However,
they do offer good quality approximate solutions in significantly less computational effort.
Some classic metaheuristic algorithms can be described as follows.

• Genetic algorithms: This algorithm is based on the evolution of natural selection.
GA simulates a biological evolutionary process that includes selection, crossover,
and mutation. These algorithms start and work on the search using a population
of solutions initially that evolve during execution time to improve the quality of
the solution obtained so far. In many cases, GA allows for the obtaining of optimal
or near-optimal solutions, which makes them a good candidate to consider for real
network problems.

• Particle swarm optimization: Similarly to GA, PSO is bioinspired by the social be-
havior of birds or fish. More precisely, this algorithm optimizes a set of interacting
solutions, which are called particles that move around the search space to find the best
possible solution. Each particle adjusts its position based on its experience and that of
its neighbors.

• Taboo search: This algorithm utilizes a memory of recent past solutions and avoids
visiting them again to avoid repetitions. The memory used is usually known as the
“Taboo List” and is used to efficiently guide the search space, with the hope of finding
better solutions within each iteration.

• Simulated annealing: It is based on the physical process of decreasing the temperature
during the execution time of some material. The algorithm explores the solution space,
allowing, from time to time, the acceptance of a worse current solution to escape from
local optimal solutions.

Each of these procedures can be adapted to the nature of particular optimization
problems for different areas of application. In Algorithms 1–4, we depict the pseudocode of
a generic GA, PSO, taboo search, and simulated annealing, respectively.

Algorithm 1: Genetic algorithm.
Input: Random initial population
Output: Best solution found

1 while Ending criteria not true do
2 Evaluate the quality of each solution ;
3 Select parents for crossover based on their quality in the objective functions;
4 Cross parents to generate offspring;
5 Apply random mutations to the offspring;
6 Replace the population with the offspring;
7 end
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Analogously to GA, the particle swarm optimization procedure simulates the social
behavior of birds to explore the solution space. Using this approach, each particle represents,
at the beginning, a solution point, which is adjusted while taking into account its history
and the history of the complete swarm.

Taboo search is another efficient metaheuristic that keeps a record of previously
explored solutions, marking them as Taboo to avoid revisiting them. This allows focus on
promising areas.

Algorithm 2: Particle swarm optimization.
Input: Initial population with positions and random velocities
Output: Best solution obtained

1 while Ending criteria not true do
2 for each particle do
3 Evaluate the quality of the particle;
4 Update according to the quality of the particle;
5 Update the particle’s best position;
6 Update the global best particle position;
7 Update all the particles’ velocities and positions;
8 end
9 end

Algorithm 3: Tabu search.
Input: Initial solution
Output: Best solution obtained

1 while Ending criteria not true do
2 Generate neighborhood of solutions;
3 Select the best non-tabu solution;
4 Update the tabu memory;
5 Replace the current solution with the best found;
6 end

Simulated annealing is also a bioinspired algorithm based on the physical process of
cooling a metal. Here, the system is allowed to change to worse solutions with a probability
that gradually decreases over time.

Algorithm 4: Simulated annealing.
Input: Initial solution, initial temperature
Output: Best solution obtained

1 while Ending criteria not met do
2 Generate a new neighboring solution;
3 Calculate the energy difference between solutions;
4 if the new solution is better or with some probability then
5 Accept the new solution;
6 end
7 Decrease the temperature;
8 end
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3.1.4. Machine-Learning-Based Optimization

Machine learning using optimization mixes novel optimization techniques with ma-
chine learning formulations to solve complex problems in dynamic and uncertain environ-
ments. Traditional optimization procedures are usually not as effective in adapting when
changing rapidly or handling large, high-dimensional amounts of data, making ML-based
procedures attractive to incorporate. Consequently, the joint use of neural networks and
optimization, and also support vector machines (SVM), can help substantially in these two
independent approaches. These learning methods can be used to find patterns in the data
and provide the necessary solutions for problems that are too complex for classic tech-
niques. In the following, a basic structure of the algorithms used in machine learning-based
optimization is presented [65,66].

Recent advances have also shown the potential of reinforcement learning techniques
in highly dynamic environments such as edge computing and multiaccess edge computing
networks (MECNs) [67]. In these settings, network nodes must make decentralized and
latency-sensitive decisions for allocating heterogeneous resources, such as CPU cycles,
memory, and bandwidth, under uncertainty and high mobility. DRL-based frameworks
have been proposed to dynamically load tasks, optimize service latency between distributed
nodes, and manage energy consumption. Techniques such as proximal policy optimization
(PPO) and deep Q-networks (DQN) are increasingly used to model resource allocation as a
sequential decision-making problem in MEC [68]. The ability of RL agents to learn optimal
policies in time without requiring full knowledge of the system is useful for scalability and
adaptive resource management in edge-based architectures.

3.2. Taxonomy of Optimization Approaches in Network Communications

To better understand how optimization techniques are being applied in modern
network communication problems, we built a taxonomy based on the papers reviewed in
this article. This taxonomy classifies each paper according to:

• The type of network problem being addressed (e.g., routing, scheduling, and
energy efficiency).

• Procedures used to solve the problems: exact methods like classical optimization (e.g.,
MILP), or suboptimal approximation methods such as heuristics/metaheuristics (e.g.,
genetic algorithms), or machine learning and reinforcement learning techniques.

Our aim here is to provide the reader with a clear view of what types of techniques
are most common for each problem type and to identify areas that are either well studied
or underexplored. Table 7 summarizes these findings.

Table 7. Taxonomy of optimization approaches by problem category and solution technique.

Category Classical OR Methods
(e.g., MILP, LP) Heuristic/Metaheuristic Approaches Machine Learning/DRL

Approaches

Routing and flow optimization [5,7,8,31] [4,5,21,24,25] [6,19,29,35]

Resource allocation and scheduling [5,8,10,14,31] [4,12,14,37,38] [11,13,32–34,36]

Resilience and robustness optimization [15–17,28] [18,24] [40–42]

Wireless and mobile networks optimization [5,8,14,31] [24,26,27,30] [19,33,43,45]

Energy efficiency in wireless networks [10,17,28,31] [22,25,26,37,51] [19,20,23,42,43,48]

From Table 7, we can observe some interesting patterns: Table 7 reports several impor-
tant trends. Firstly, traditional optimization techniques (e.g., linear or integer programming)
are still preferably used in problems related to routing and infrastructure design. For ex-
ample, p-median or flow-based models. However, metaheuristic approaches are preferred
in areas such as energy-efficient routing and wireless sensor networks, especially when
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exact methods are too computationally intensive. On the other hand, machine learning
and reinforcement learning techniques are preferable for dynamic settings in 6G networks,
resource allocation with uncertainty, and edge computing domains.

It is also worth mentioning that resilience optimization and energy-aware systems
remain relatively underexplored using classical OR methods. This highlights future op-
portunities for research. In summary, the taxonomy in Figure 4 constitutes a useful ex-
ample bridge between well-established OR models and emerging AI-based strategies.
The latter offers valuable guidance for new researchers to address modern network
optimization challenges.
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Energy Efficiency
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Figure 4. Visual taxonomy of optimization techniques by category, summarizing the number of
papers applying classical OR, heuristics, and ML/DRL methods as classified in Table 7.

Based on the taxonomy summarized in Table 7, the following sections focus on hybrid
learning optimization frameworks that illustrate how these techniques are applied in
real-world network scenarios.

3.3. Predict-And-Optimize

A generic algorithm to predict and take the best decision, optimizing simultaneously,
can be explained as follows. Of course, with this algorithm, it is possible to observe real
outcomes, update the dataset, and retrain the predict-and-optimize Algorithm 5 using
Algorithm 6 to improve future predictions. In particular, Neural networks are machine
learning models that can learn from non-linear data and optimize solutions through an iterative
process of weight tuning. Training a neural network (NN) involves minimizing a loss function
to find the optimal weights, as shown in Algorithm 6.

Support vector machines are a supervised approach to classification and regression
that seeks to find an optimal hyperplane that separates classes with maximum margin. In
the context of optimization, SVMs seek the optimal class separation margin in the feature
space. Here, a generic algorithm is presented in Algorithm 7 to perform each of the required
steps within SVM.
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Algorithm 5: Predict-and-optimize.
Input: Collect historical data related to your problem
Output: Best solution obtained

1 while Ending criteria not met do
2 Train a machine-learning model (e.g., linear regression, random forest, neural

network) to predict important parameters (such as demand, costs, and
delivery times).;

3 Use the trained ML model to predict inputs needed for an optimization model.;
4 Formulate an optimization problem (e.g., linear programming, integer

programming, convex optimization) using predicted parameters.;
5 Solve the optimization problem to make the best decision based on the

predictions.;
6 if the current solution is satisfactory for current predictions then
7 Accept the new solution;
8 Continue;
9 end

10 end

Algorithm 6: Optimization with NN.
Input: Initial input parameters
Output: Optimal weights of the neural network

1 while Ending criteria not met do
2 Calculate the output of the neural network with the current weights;
3 Calculate the error or loss function;
4 Propagate the error backward through the network (backpropagation);
5 Update the weights using an optimization algorithm such as gradient descent;
6 end

Algorithm 7: Optimizing with SVM.
Input: Training data set (X, Y), regularization parameter C
Output: Optimal separation hiperplane

1 while Ending criteria not met do
2 Calculate the margin of separation between classes;
3 Maximize the margin while minimizing classification errors;
4 Update model parameters;
5 end

Notice that the NN approach iteratively adjusts the weights using methods such as
gradient descent, while in backpropagation, the weights are adjusted to minimize the
loss function. On the other hand, the SVM approach is first used for classification and
regression, and then it is optimized to find the position of a hyperplane while maximizing
the margin of separation between different classes. In optimization, the goal is thus to find
the hyperplane that best divides the data with the largest possible margin.

3.4. Types of Network Models

Networks are fundamental to optimizing and analyzing real complex systems. Usually,
these studies are represented by using graphs composed of vertices and links that connect
some of the nodes. In turn, this allows one to facilitate the analysis and optimization
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of networks. Depending on the structural evolution of networks over time, they can be
classified as static, where the structure remains unchanged, or dynamic, where nodes and
connections change over time. In general, in terms of optimization, there are centralized
and distributed approaches, where a single node or entity makes global decisions, or
where multiple nodes cooperate to find local solutions that optimize the system as a
whole. Network models play a key role in optimizing and analyzing real complex systems.
The representation of networks using graphs allows the modeling of various real-world
problems in different domains such as communication, transportation, and social networks.
Several fundamental optimization problems in graph theory are highly relevant to network
science and operations research. In the following, we present and describe some key models
and their mathematical formulations, which could be easily adapted to 5G, 5G+, and 6G
technologies to further contribute to the domain of future network sciences [59,61].

Maximum Clique Problem

Given a graph G = (V, E), with a set of vertices V and a set of links E, the maximum
clique problem consists of finding the largest subset of vertices S ⊆ V such that all vertices
in S are pairwise connected. Its mathematical formulation is as follows.

max ∑
i∈V

xi (6)

subject to: xi + xj ≤ 1, ∀(i, j) ∈ E, (7)

xi ∈ {0, 1}, ∀i ∈ V (8)

where xi is a binary decision variable equal to 1 if node i ∈ V is selected as part of the
clique and 0 otherwise.

Maximum Independent or Stable Set Problem

The maximum independent set problem consists of finding the largest subset of
vertices S ⊆ V such that no two vertices in S are adjacent. In this formulation, xi is a
binary variable equal to 1 if node i is included in the independent set and 0 otherwise. Its
formulation is as follows.

max ∑
i∈V

xi (9)

subject to: xi + xj ≤ 1, ∀(i, j) /∈ E, (10)

xi ∈ {0, 1}, ∀i ∈ V. (11)

Notice that there exists a strong relationship between the two optimization problems: the
maximum clique and the maximum independent set problems. The first one finds the
maximal clique over all possible cliques in the graph. The second one finds the maximal
independent set among all independent sets of the same graph. Surprisingly, finding a
maximal clique is equivalent to finding a maximal clique in the same complement graph.
Both problems have proven to be NP-hard.

p-Median Problem

This is another interesting classic graph optimization problem. It can be described as
follows: given a graph G = (V, E) with demand points V and p candidate facility locations,
and a set of edges E, the p-median problem aims to find optimal locations to place or install
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p facilities out of |V| to minimize the total weighted distance between demand points and
customers to each facility. The formulation can be written as follows:

min ∑
i∈V

∑
j∈V

dijxij (12)

subject to: ∑
j∈V

xij = 1, ∀i ∈ V (13)

xij ≤ yj, ∀i, j ∈ V (14)

∑
j∈V

yj = p (15)

xij, yj ∈ {0, 1}, ∀i, j ∈ V (16)

In problem (12)–(16), (12) minimizes the total distances between customer i ∈ I and facility
j ∈ J. The latter is performed using the binary variable x = (xij) and the symmetric distance
matrix d = (dij) for all i ∈ I and j ∈ J. In this model, xij is a binary variable equal to 1 if
the client node i is assigned to the facility j, and yj is 1 if the facility j is opened. Then, the
constraints (13) ensure that each customer is assigned to a unique facility node. Similarly,
constraints (14) impose that a customer i ∈ I can only be assigned to a unique and open
facility node j ∈ J. Next, the constraint (15) guarantees that the sum of facilities should be
equal to p. Finally, the constraints (16) denote the domain of the decision variables.

Facility Location Problem

This problem appears as a variant of the p-median problem by introducing a fixed
cost f = ( f j) for all j ∈ J, i.e., for the open facility at location j. The rest of the variables and
parameters retain the same meaning as in the p-median model, including xij and dij. Then,
the goal is to minimize the total installation and assignment cost without specifying a fixed
number of facilities. The formulation is as follows:

min ∑
j∈V

f jyj + ∑
i∈V

∑
j∈V

dijxij (17)

subject to: ∑
j∈V

xij = 1, ∀i ∈ V (18)

xij ≤ yj, ∀i, j ∈ V (19)

xij, yj ∈ {0, 1}, ∀i, j ∈ V (20)

In model (17)–(20), the objective function (17) minimizes the installation cost and the total
distance between customers and open facilities. The only difference from the p-median
problem is that model (17)–(20) does not impose a fixed input parameter p of the facilities.
The rest is analogous to the p-median and thus self-explanatory.

Minimum Spanning Tree

The Minimum Spanning Tree (MST) problem aims to connect all nodes in a connected
graph with the minimum total edge weight without forming cycles in the output solution
of the problem. Given an input connected graph G = (V, E). In this model, xij is a binary
variable equal to 1 if the edge {i, j} ∈ E is selected in the spanning tree and 0 otherwise.
The parameter wij represents the cost or weight associated with the edge {i, j}. The term
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E(S) denotes the subset of edges whose both endpoints lie within the subset of nodes
S ⊂ V. One of its formulations can be written as [61]:

min ∑
{i,j}∈E

wijxij (21)

subject to: ∑
i,j∈E

xij = |V| − 1, ∀i ∈ V (22)

∑
{i,j}∈E(S)

xij ≤ |S| − 1, ∀S ⊂ V, |S| ≥ 3 (23)

xij ∈ {0, 1}, ∀{i, j} ∈ E (24)

This is an exponential formulation due to the exponential number of subtour elimination
constraints in (23). The objective function (21) minimizes the total connectivity costs of
the output solution tree. Finally, the constraints (23) avoid cycles in the tree solution ob-
tained. Another related problem is known in graph optimization as the traveling salesman
problem (TSP).

Traveling Salesman Problem (TSP)

The TSP aims to find a Hamiltonian cycle consisting of the largest cycle that unites all
nodes of the input connected network. The Hamiltonian cycle should be the shortest route
that visits each node of the graph exactly once and returns to the starting point. Similarly to
MST, there are several equivalent formulations in the literature [61]. The problem requires
an input graph G = (V, A) where A denotes a set of arcs instead of edges. Consequently,
for each edge {i, j} in E, we replace each edge by the two arcs (i, j) and (j, i) in A. In
this model, xij is a binary variable equal to 1 if the arc (i, j) ∈ A is part of the tour and 0
otherwise. The parameter dij represents the travel cost or distance from node i to node j.
The set A(S) corresponds to the arcs whose endpoints are both within a subset S ⊂ V. To
be coherent, in the following we also present an exponential formulation.

min ∑
(i,j)∈A

dijxij (25)

subject to: ∑
i∈V|(i,j)∈A

xij = 1, ∀j ∈ V (26)

∑
i∈V|(j,i)∈A

xji = 1, ∀j ∈ V (27)

∑
(i,j)∈A(S)

xij ≤ |S| − 1, ∀S ⊂ V, |S| ≥ 2 (28)

xij ∈ {0, 1}, ∀(i, j) ∈ A (29)

In model (25)–(29), the objective function (25) minimizes the total cost of connectivity.
Constraints (26) and (27) ensure that each node has one incoming and one outgoing
arc. Constraints (28) avoid cycles except for the size cycle |S| = |V|, thus forming the
Hamiltonian cycle.

Notice that all these formulations are classic graph optimization models from the
operations research domain. Consequently, they provide many opportunities to construct
new novel modeling approaches for the generic field of network science. In particular, for
future wireless communication networks. They can be adapted to problems in the domains
of 5G, 5G+ and 6G communications, transportation networks, logistics, and supply chain
management. The maximum clique and maximum independent set are classic models that
can be used and adapted for all the above-mentioned infrastructures required in social
networks, bioinformatics, and so on. Similarly, p-median and facility location problems are
key models to enrich the domains of optimizing infrastructures in wireless networks. The
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minimum spanning tree has been used and can be used for many other modern network
design topologies for communication and energy optimization problems. Finally, TSP is a
fundamental problem for ring infrastructures in communications, logistics, and planning.

Recently, advances in graph neural networks (GNNs) have offered powerful tools for
dynamic network modeling in 6G environments [69]. Despite static graph optimization,
GNNs enable the learning of node and edge representations over time, allowing real-
time adaptations to changing topologies, device mobility, and stochastic interference.
Many architectures, such as graph attention networks (GATs), spatial-temporal GNNs,
and message passing neural networks (MPNNs), have been applied to predict routing,
resource allocation, and user association in mobile networks. Similarly, processing network
graphs under uncertainty, such as fluctuating connectivity or unreliable links, can benefit
from probabilistic graph models, robust GNN training, and Bayesian graph learning
techniques. These methods complement traditional OR models by providing learning-
based adaptability in dynamic and uncertain 6G scenarios [70–73].

Static Versus Dynamic Networks

In general, networks can be categorized as static or dynamic. In the former case, this
occurs when the topology remains constant over time. In the latter case, the nodes and
edges evolve, which directly influences the optimization strategies. Examples of both
types of networks include mobile telecommunications networks, social networks online,
autonomous vehicle systems, and many others. Below, we present two classic mathematical
formulations to better illustrate how the time dimension can be incorporated in operations
research problems involving networks: the dynamic shortest path problem and another
one for the dynamic facility location problem.

Dynamic Shortest Path Problem (DSPP)

The dynamic shortest path problem consists of finding the shortest path in a network
where the edge weights change over time. Formally, given a graph G = (V, E) with time-
dependent edge costs cij(t), the main goal is to minimize the travel cost between a source
s and a destination d. In this formulation, xij is a binary variable equal to 1 if the arc (i, j)
is selected in the path and 0 otherwise. The parameter cij(t) denotes the time-dependent
cost of arc traversing (i, j) at time t. The node s represents the source and d the destination.
The set A is the set of directed arcs derived from the network topology. The model can be
written as follows:

min ∑
(i,j)∈A

cij(t)xij (30)

subject to: ∑
j∈V|(i,j)∈A

xij − ∑
j∈V|(j,i)∈A

xji =


1, if i = s,

−1, if i = d,

0, otherwise,

∀i ∈ V (31)

xij ∈ {0, 1}, ∀(i, j) ∈ A (32)

where the objective function (30) minimizes the changing costs. The remaining constraints
are static and determine the flow to be directed in such a way that the shortest path is
obtained [59,61].

3.5. Centralized and Distributed Optimization

Observe that network optimization using graph theory allows us to deal with the fun-
damental problems in communications. Notice that over time, networks can be static, which
means that the topology remains fixed or dynamic due to mobility, failures, or network
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movements. In addition, note that network optimization can be used in a centralized or
distributed manner. In centralized optimization, a single global entity makes decisions with
full access to the data, guaranteeing that the optimal solution will be obtained, although it
can be computationally expensive and not easily scalable.

Distributed optimization, on the other hand, allows us to make decisions from mul-
tiple agents cooperating simultaneously, making the network more robust and scalable.
Although it may require efficient communication between nodes. An example of a more
dynamic network can be represented with a time-indexed graph Gt = (Vt, At), where Vt

and At change their coordinates and connection links at each time step t. Following the
idea of a typical dynamic shortest path problem, it can be formulated as follows.

min
T

∑
t=1

∑
(i,j)∈At

cij(t)xij(t)

subject to: ∑
j∈Vt |(i,j)∈At

xij(t)− ∑
j∈Vt |(j,i)∈At

xji(t) = bi(t), ∀i ∈ Vt, ∀t

xij(t) ∈ {0, 1}, ∀(i, j) ∈ At, ∀t

In this dynamic formulation, xij(t) is a binary variable equal to 1 if arc (i, j) is used at time
t and 0 otherwise. The cost function cij(t) represents the time-dependent cost of traversing
the arc (i, j) at time t, and At denotes the set of available arcs at time t. Similarly, Vt is the set
of active nodes at time t, and bi(t) is the net flow demand at node i at time t. Optimization
is performed on a finite time horizon T.

Distributed Optimization

Distributed optimization uses many nodes to update their decisions on time using
local information and communication with their neighbors. A distributed problem for
resource allocation can be formulated as follows.

min ∑
i∈V

fi(xi) + ∑
(i,j)∈E

gij(xi, xj)

subject to: xi = ∑
j∈N(i)

wijxj, ∀i ∈ V

x ∈ [0, ∞)|V|

where the variable xi is the decision at node i, N(i) is the neighborhood of i, and wij denotes
the communication weights in a cooperative algorithm. The input parameter fi(xi) can be
a non-linear function related to the cost of installation, depending on the decision variable
x. Similarly, gij(xi, xj) can be associated with resource allocation costs depending on the
decision variables xi and xj. Next, wij denotes the communication weight used in the
consensus constraint. A consensus approach is a distributed method in which local nodes
make decisions based on communication with their neighbors, useful in decentralized
networks such as blockchain. or software-defined networks (SDN).

3.6. Lessons Learned and Technique Limitations

Several important lessons and limitations can be observed from optimization tech-
niques based on the reviewed work.

For example, classical optimization approaches such as linear and integer program-
ming are still commonly used for structured problems, including routing and facility
location, since these methods offer solid mathematical foundations and guarantee op-
timal solutions. However, they do not scale to large networks and often require long
computational efforts in terms of CPU time to be solved optimally.
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Metaheuristic methods such as genetic algorithms (GA), particle swarm optimization
(PSO), and tabu search are commonly used when exact methods are too slow. These
methods are more flexible and provide good quality solutions in complex environments
like wireless sensor networks in reasonable CPU time efforts. However, they do not
guarantee optimality and their performance often depends on careful parameter tuning.

Machine learning (ML) and deep reinforcement learning (DRL) techniques are increas-
ingly popular for problems that involve uncertainty, high-dimensional data, and dynamic
conditions, such as those found in 6G, IoT, and edge computing. These techniques can
adapt in real time and learn from data. However, they require large training datasets, high
computational resources, and often lack interpretability.

In general, we observe that classical methods are underused in areas like resilience and
robustness optimization. This suggests a research opportunity that combines the theoretical
strength of operations research with the adaptability of modern AI methods. In summary,
each family of techniques has its own strengths and weaknesses. Understanding these
trade-offs is key to selecting the best method for each network optimization problem.

3.7. Observed Gaps in Benchmarking and Poor Consistency Across Reviewed Works

Tables 1–6 present a solid classification of recent works using OR and AI techniques.
However, an important limitation observed is the lack of standardized benchmarking and
consistent evaluation procedures. For example, several works report significant improve-
ments in latency and energy efficiency. However, these metrics are measured using different
numbers of nodes in the networks considered, different traffic models, or simulation en-
vironments. Consequently, individual works such as [4,11,23] claim performance gains
using reinforcement learning or deep learning; their results are not directly comparable
due to differing experimental settings and baseline experiments. Moreover, some works
rely on established classical formulations (e.g. MILP or ILP) as benchmarks [5,8], but many
others do not report comparisons with standard baselines. The latter makes it difficult to
assess the true advantages of the proposed approaches. To address this gap, we suggest the
potential use of a minimal comparative framework in future studies, perhaps including:

• Same network topologies (for example, ring, tree, random graphs with 100 to
500 nodes).

• Standardized metrics (e.g., end-to-end delay in ms, energy per bit in µJ, task drop
rate %).

• Clear reporting of computational cost (e.g., run-time, number of iterations).
• Baseline algorithms (e.g., MILP from [59], PSO from [60] or rule-based heuristics).

Although the scope of this review is not to enforce a benchmarking standard, we
emphasize that such a framework would be highly beneficial for reproducibility and to
evaluate the progress of hybrid OR-AI techniques in various applications related to 6G.
Finally, public simulation platforms such as Mininet [3] or solver tools such as CPLEX [2]
can also contribute to comparable experiments, provided that their use is clearly docu-
mented. Shared datasets and open code repositories would also support the transition from
theoretical modeling to practical, scalable deployment in next-generation networks.

As illustrated in Figure 5, even when similar metrics, such as latency improvement,
are reported in recent studies, the lack of standardized conditions, such as network size,
baseline methods and traffic models, prevents a meaningful comparison. This further
reinforces the urgent need for a shared benchmarking framework to support reproducibility,
fair evaluation, and methodological transparency in the field of network optimization.
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Figure 5. Illustrative comparison of latency improvement metrics across three selected
papers [4,10,23], highlighting inconsistency in benchmark settings (e.g., network size and baseline
type). This visual supports the argument regarding the need for standardized evaluation.

To support future comparative studies, we propose the following minimal benchmark-
ing framework for optimization in wireless networks.

• Network topologies: Use standard graphs such as ring, tree, and random topologies
with sizes ranging from 100 to 500 nodes.

• Evaluation metrics: Report latency (ms), energy per bit (µJ), and task drop rate (%)
using consistent baselines.

• Computational reporting: Include CPU time, iteration counts, and convergence thresh-
olds.

• Baseline methods: Compare against classical models (e.g., MILP, PSO) and simple
heuristics.

These elements can help promote reproducibility and fair comparison among AI and
OR-based optimization methods, as shown in Table 8.

Table 8. Proposed benchmarking elements for future comparative studies.

Element Description

Network topologies Use standard structures (ring, tree, random) with node sizes 100–500

Evaluation metrics Latency (ms), energy/bit (µJ), task drop rate (%)

Baseline methods MILP, PSO, rule-based heuristics

Computational cost Runtime, number of iterations, convergence behavior

3.8. Resource Allocation and Scheduling in Networks

Resource allocation and scheduling in networks are important problems in distributed
systems. In particular, telecommunications, cloud computing, and sensor networks aim
to efficiently distribute bandwidth, power, and processing times among several nodes,
minimizing costs, and maximizing network bit rates.

Bandwidth Resource Allocation in Communication Networks

Let G = (V, E) represent a network with a set of nodes V and a set of user edges E
representing links with limited bandwidth B = (Bij). The goal of the optimization problem
is to assign the bandwidth where the variable xij represents the amount of bandwidth
allocated to the link (i, j), and di is the minimum bandwidth demand for node i, thus
ensuring the required capacity constraints. In this model, ui is a binary variable that
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indicates whether node i is active or not. The parameter Bij denotes the total capacity of
the link (i, j) in the network graph. A generic model can then be written as

max ∑
i∈V

ui

subject to: ∑
j∈V

xij ≥ diui, ∀i ∈ V

∑
(i,j)∈E

xij ≤ Bij, ∀(i, j) ∈ E

0 ≤ xij ≤ Bij, ∀(i, j) ∈ E

ui ∈ {0, 1}, ∀i ∈ V

The variables in this model can be defined as

• ui ∈ {0, 1}: Binary variable for each node i. ui = 1 if the node i is activated or selected.
ui = 0 if the node i is not active.

• xij ≥ 0: Non-negative variable for each edge (i, j) ∈ E. Represents the flow or
allocation from node i to node j, which is bounded from above by Bij.

Finally, the objective function maximizes the maximum number of active nodes. The
constraints ∑j∈V xij ≥ diui for all i ∈ V ensure the minimum demand for each activated
node. Next, the constraints 0 ≤ xij ≤ Bij for all {i, j} ∈ E ensure that the links are
not saturated.

Task Scheduling in a Cloud Network

The set of tasks T needs to be assigned to a set of servers S to minimize the overall
completion time in a cloud computing system. Consider that the processing times pts for
tasks ts on the server s are limited by the amount of capacity Cs of each server. Then, a
mathematical formulation can be written as follows.

min max
s∈S

∑
t∈T

ptsxts

subject to: ∑
s∈S

xts = 1, ∀t ∈ T

∑
t∈T

ptsxts ≤ Cs, ∀s ∈ S

xts ∈ {0, 1}, ∀t ∈ T, ∀s ∈ S

In this model, xts is a binary variable equal to 1 if the task t ∈ T is assigned to the server
s ∈ S. Generic models of this type can provide a solid reference for solving real-world
resource allocation and scheduling problems in networked systems. In particular, this
model minimizes the worst bandwidth allocation while ensuring that each user’s demand
is met within the network’s capabilities. Another example is a model that minimizes
the total task completion time by efficiently distributing tasks across servers with limited
capacity in a cloud task scheduling situation. In particular, in this model, the binary variable
xts ∈ {0, 1} indicates if the task t ∈ T is assigned to server s ∈ S or not. The parameter pts

represents the weight or cost of allocating the task t to the server s, and Cs is the maximum
capacity of the server s. The objective function goal is thus to minimize the worst charge
accumulated among all servers. This can be expressed as min max{s∈S} ∑t∈T ptsxts. The
first constraint ensures that each task t is assigned to a unique server. The second ensures
that the sum of the weights of the tasks assigned to a server does not exceed the capacity Cs.
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Resilience and Robustness Optimization

Resilience and robustness optimization in networks focus on designing optimal in-
frastructures capable of dealing with failures and attacks while simultaneously ensuring
service. Resilience is the quality of the network’s ability to recover from disruptions. At
the same time, robustness guarantees the capacity to maintain network operation under
difficult conditions. As such, graph-based models help optimize these relevant aspects by
minimizing the impact of failures against strategic attacks, connectivity, and functionality.

Resilient Network Design

The following model ensures that the network remains operational after the failure of
a subset of critical connections. In this model, xij is a binary variable equal to 1 if the link
(i, j) is included in the resilient design.

min ∑
{i,j}∈E

wijxij (33)

subject to: ∑
{i,j}∈S

xij ≥ 1, ∀S ∈ C (34)

xij ∈ {0, 1}, ∀{i, j} ∈ E (35)

where C represents the set of all possible connection failures, ensuring that at least one
path remains in good condition. The variable x = (xij) for all {i, j} ∈ E equals one if the
edge {i, j} is still operating; otherwise it equals zero. The input matrix w = (wij) denotes
the cost of choosing the edge {i, j} ∈ E. Constraints (34) ensure that any subset S ∈ C is
considered. Finally, constraints (35) are domain constraints for the decision variables.

Robust Network Design Against Attacks

This model minimizes the worst-case connectivity loss when an adversary removes a
set of critical nodes. In this robust optimization model, yi is a binary variable equal to 1 if
node i remains functional under attack and 0 otherwise. The parameter k represents the
minimum number of nodes that must fail for a subset S to be considered compromised.
The set A contains all vulnerable or critical subsets S ⊆ V that are evaluated under attack
scenarios. The model is

max ∑
i∈V

yi (36)

subject to: ∑
i∈S

yi ≤ |S| − k, ∀S ∈ A (37)

yi ∈ {0, 1}, ∀i ∈ V (38)

where A denotes all possible attack scenarios. The idea in this model is to simply maximize
the total number of remaining nodes while in an attack a ∈ A, k nodes have been removed.
This is achieved by the constraints (37). Finally, the constraints (38) define the domain of
the decision variables. These models provide a structured framework to make the network
resilient and robust against failures and strategic attacks.

3.9. A Practical Framework Connecting Classical OR Models with 5G/6G Networks

Classical optimization models, including the p-median, facility location, and spanning
tree, have been widely studied in OR. As can be observed, their adaptation to 6G networks
requires a clear bridge between theory and modern challenges. In this subsection, a simple
and effective framework is proposed that allows researchers to connect classic OR problems
with practical applications in modern wireless networks.
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This framework consists of three main layers. The first is concerned with classical OR
models, including classical formulations such as the minimum spanning tree, the maximum
clique, the location of the facility, and p-median problems. Assume that these models repre-
sent the mathematical foundation and structure. Subsequently, in the second layer, consider
5G/6G network problems together with their real-world specific requirements and con-
straints, such as ultralow latency, dynamic mobility, stochastic channel behavior, massive
device density, and energy efficiency. These key specific elements of future technologies en-
rich traditional OR models with more realistic assumptions. Finally, layer three corresponds
to the modern solution techniques for solving the novel formulations. They can be deep
reinforcement learning (DRL), graph neural networks (GNNs), federated learning, and/or
digital twin simulations, among others. As such, it is possible to complement OR models
by improving scalability, learning capabilities, and real-time adaptation. Consequently,
this three-layer structure helps to clearly understand how classical OR tools are still very
useful for modern network design and optimization. Figure 6 visually summarizes this
idea. This figure below indicates to researchers the new paradigm for reusing and adapting
existing OR techniques in combination with modern AI and learning tools to address the
new requirements of 5G/6G systems.

It also helps practitioners see the value of classical models in new contexts while
staying open to hybrid and data-driven approaches.

Figure 6. The three layers approach to connect classical OR modeling with 5G/6G network optimization.

3.10. Wireless and Mobile Networks Optimization

The optimization of wireless and mobile networks is highly relevant for improving
the efficiency and performance of real-time communications. Since users are constantly
moving and signal conditions vary, these aspects pose challenges in terms of coverage, re-
source allocation, and interference management. Since mathematical formulations consider
dynamic user locations, frequency assignments, and network management, they play a key
role in ensuring the quality of service. In addition, the network infrastructure, such as the
location of the base station or the routing of the data transmission route, is also crucial in
the performance of mobile and 6G networks.

Power Control in Wireless Networks

Power control in wireless networks seeks to determine the optimal transmission power
for each node to minimize interference while maintaining communication quality. In this
formulation, Pi denotes the transmission power of node i. The parameter αij models the
level of interference caused by node i on node j, while βij represents the gain or attenuation
factor of the channel between i and j. The value γj is the minimum signal threshold required
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at the receiver node j to maintain acceptable quality. The power for each node is limited
between Pmin and Pmax. It is stated as

min ∑
i∈V

∑
j∈V

αijPiPj (39)

subject to: ∑
i∈V

βijPi ≥ γj, ∀j ∈ V (40)

Pi ≥ Pmin, Pi ≤ Pmax, ∀i ∈ V (41)

In model (39)–(41), the objective is to minimize the power interaction between each pair of
nodes i, j ∈ V. Here, the parameter αij denotes the channel gain between each pair of nodes.
Constraints (40) ensure that a minimum power is required for each node j ∈ V. Finally,
the constraints (41) indicate that each power node Pi for each i ∈ V should be between
parameters Pmin and Pmax.

Base Station Location Problem

In the base station location problem, the goal is to optimize the location of base
stations while providing user coverage to mobile users. It also considers the constraints
for maintaining available resources and coverage areas. In this formulation, yi is a binary
variable equal to 1 if a base station is installed at candidate location i ∈ V, and xij is equal
to 1 if the user j ∈ U is served by the station i. The parameter fi denotes the installation
cost on site i. The set V contains potential base station sites, and U represents the set of
users requiring service. It is stated as

min ∑
i∈V

fiyi (42)

subject to: ∑
i∈V

xij = 1, ∀j ∈ U (43)

xij ≤ yi, ∀i ∈ V, ∀j ∈ U (44)

yi ∈ {0, 1}, ∀i ∈ V (45)

xij ∈ {0, 1}, ∀i ∈ V, j ∈ U (46)

In model (42)–(46), the objective function is to minimize the installation costs fi for each
i ∈ V, which is achieved using the binary variable yi for all i ∈ V. All users u ∈ U must be
assigned to a particular and unique facility i ∈ V. All of this is ensured by the remaining
constraints, which are equal to the facility location problem previously explained. Thus,
we omitted the detailed explanation of each of the constraints here.

3.11. Energy Efficiency in Wireless Networks

Since data traffic and connectivity demands increase, it is essential to design algorithms
and models that minimize energy consumption while maintaining the quality of service. In
the following, we present two examples of modeling power allocation in wireless networks
and network resource allocation, respectively.

Resource Power Allocation in Wireless Networks

In wireless networks, power allocation is essential to improve efficiency while main-
taining the quality of service at high levels. The problem can be formulated as an optimiza-
tion problem to minimize total power consumption. In this model, Pi is the transmission
power of node i ∈ N, where N is the set of transmitting nodes. The variable SNRi repre-
sents the signal-to-noise ratio at node i, and γ is the minimum required SNR threshold for
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reliable communication. The parameter hi denotes the channel gain between node i and its
receiver. Consequently, the following optimization problem can be stated.

min ∑
i∈N

Pi (47)

subject to: SNRi ≥ γ, ∀i ∈ N (48)

Pi =
hi

SNRi
, ∀i ∈ N (49)

Pi ≥ 0, ∀i ∈ N (50)

where the total power consumption is minimized in the objective (47). Next, constraints (48)
ensure that the signal-to-noise ratio of each node i ∈ N must be greater than or equal to a
predefined threshold γ. Then, the constraints (49) indicate that the power of each node can
be calculated as shown in the ratio formula where hi denotes channel gain. Finally, each
power must be nonnegative, which is achieved by the constraints (50).

Network Resource Allocation

This model considers the problem of resource allocation in a multicell wireless network
where the goal is to maximize energy efficiency by assigning bandwidth and power to
users, also ensuring fair distribution. In this model, Ri denotes the transmission rate of
node i ∈ N, and Pi is its associated transmission power. The objective is to maximize global
energy efficiency, defined as the total rate per unit of power. The function f (Ri) maps
each rate to its required power, typically based on channel characteristics or modulation
schemes. The parameter B is the total available bandwidth or the aggregate rate budget for
the network. The model is stated as

max ∑
i∈N

Ri
Pi

(51)

subject to: ∑
i∈N

Ri ≤ B (52)

Pi = f (Ri), ∀i ∈ N (53)

Ri ≥ 0, Pi ≥ 0, ∀i ∈ N (54)

The objective function (51) maximizes the sum of the total capacities Ri over the sum of
the total powers Pi of each node i ∈ N. Next, constraints (52) limit that the sum of the
total capacity should not exceed the value B, which is the total available bandwidth in
the network. The generic constraints (53) illustrate the relationship between capacity and
power. Finally, the constraints (54) ensure that the capacity and power variables must
be nonnegative.

3.12. Practical Limitations in the Revised Optimization Techniques

However, we notice that many works report high-level performance metrics for la-
tency, energy efficiency, and throughput. It is relevant to take into account real-world
deployment scenarios, which often impose important limitations that are not always consis-
tently addressed in the literature. It was already mentioned above that exact optimization
approaches, including MILP and ILP, although mathematically rigorous, are known to suf-
fer from poor scalability [5,59]. These methods are computationally expensive and become
intractable for large-sized instances, making them difficult to apply for a real large-scale 6G
topology involving hundreds of nodes and dynamic user profiles. Secondly, metaheuristic
and AI-based methods are often trained in simulated environments with fixed assumptions.
Even when they outperform classical methods in several benchmarks [11,57], they also
require extensive computational resources, in particular during training steps, and may lack
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generalization, taking into account different network conditions or hardware constraints.
Finally, transferability remains an open issue. Optimization models consider specific net-
work configurations such as star, mesh, or dynamic edge networks and rarely include a
sensitivity analysis to test their robustness across varying topologies or failure scenarios.

As a consequence, these limitations underscore the need for hybrid approaches to
balance model tractability and learning flexibility, and for benchmarking protocols that
account for both solution quality and computational costs.

4. Comparative Insights and Observed Limitations
Although the paper successfully compiles a wide range of recent research efforts in

network optimization, covering routing, scheduling, energy efficiency, and robustness, the
comparative analysis of these works remains limited. This section attempts to gain insight
and identify methodological gaps based on the existing reviewed material (see Tables 1–6).

4.1. Technique Comparison by Category

An inspection of Tables 1–4 reveals that deep reinforcement learning (DRL) is a
recurring technique, particularly in energy sensitive scheduling and resource allocation
tasks (e.g., [11,23,34,42]). In contrast, classical mixed-integer linear programming (MILP) is
primarily used in early-stage topology design and routing problems (e.g. [5,8]). However,
no explicit performance comparison is offered across these approaches. Consequently, this
limits our understanding of when a method is preferable in practice.

4.2. Benchmarking and Reproducibility

Again, even when several of the revised papers report percentage improvements
(e.g., 12% latency reduction in [4], or 95% improvement in processing time in [10]), few
provide details on instance sizes or computational times. The absence of shared bench-
mark data sets or standardized simulation environments hinders reproducibility and fair
comparison between existing methods. Moreover, some methods reduce their analytical
clarity as they rely only on simulation or machine learning frameworks without any formal
formulation [22,39,43].

4.3. Gaps in Methodological Transparency

Despite the strong relevance of data-driven approaches, several articles do not report
parameter sensitivity, training time, or limitations. DRL-based works, in particular, tend to
lack interpretability or convergence analysis. On the other hand, while classical OR models
(e.g., p-median, MST, TSP) offer provable guarantees, they are often dismissed in large-scale
dynamic settings without evaluation of their hybrid potential with learning-based methods.

4.4. Implications

Clearly, these gaps pose opportunities and future challenges in integrating classical
optimization models with modern AI techniques using an intelligent framework while
simultaneously preserving interpretability and scalability. In addition, creating a unified
benchmarking framework would also enhance the comparability and practical applicability
of future research works.

Although the previous sections presented a comparative analysis of methods and limi-
tations, we now shift the focus to open research questions and future directions, particularly
how operations research can be extended and hybridized to meet emerging 6G demands.

A close review of the algorithm side reveals several particularities. For example,
particle swarm optimization (PSO) often struggles in high-dimensional search spaces or
highly constrained problems, whereas genetic algorithms (GA) or tabu search offer better
diversity preservation and constraint satisfaction. Deep-reinforcement learning (DRL)
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methods, while powerful, suffer from training instability due to delayed rewards, non-
stationarity of the environment, and sparse feedback in long-horizon tasks. These issues
are particularly relevant in network scheduling and routing. Although recent advances
have been made, DRL frameworks often require significant tuning, large training sets,
and lack the formal guarantees offered by mixed integer linear programming (MILP) in
terms of optimality. In scenarios involving hard constraints (e.g., capacity limits, integer
assignments), MILP remains preferable due to its exactness, interpretability, and robustness.
In particular, when used in offline or deterministic settings.

5. Open Challenges and Future Research for Modeling and Solving
Methods: Joining Network Science and Operations Research

In this section, the opportunities of combining network science with classic OR prob-
lems in the form of open challenges and future research directions for novel formulations
and solving approaches are discussed. In particular, recent articles from 2023 to 2025 on
each related topic of energy efficiency in wireless networks, routing and flow optimization,
resilience and robustness optimization, resource allocation and scheduling, wireless and
mobile network optimization, and methods for solving these problems are discussed and
referenced in the recent literature (see Tables 1–4).

5.1. Energy Efficiency in Wireless Networks

The revised papers in this domain deal with several relevant topics in wireless net-
works, the Internet of Things, optimizing energy and resources, and the application of
advanced techniques such as machine learning to solve complex problems. Many of these
topics are related directly to classic problems in operations research, offering great op-
portunities to develop novel formulations and solution approaches to use traditional and
modern knowledge.

Reduction of energy consumption is one of the main goals in several
works [20,22,23,42,52,56]. In references [42], the authors formulate minimization energy
problems in a distributed manner. Reference [20] focuses on minimizing the expected
total energy consumption in the long term in wireless networks. For this purpose, the
authors consider models for efficient batteries that vary in time. Ref. [56] addresses the
assignment of resources and handles the optimization of tasks in computing continuum
environments, taking into account failed tasks and the necessary resources using explicit
heuristic algorithms, which are classic for the well-known approximation bin-packing
problem [56]. Energy efficiency and age of information (AoI) are also studied jointly in
wireless personal communication networks (WPCNs) [23].

These assignment and resource problems can be aligned directly with classic allocation
of resources, such as bin packing, which consists of assigning tasks or user resources with
limited capacities, or with scheduling problems, which allow determining the sequence
order and execution time of tasks on different machines. Similarly, optimizing power and
bandwidth assignment [52] or with aggregation of frames to minimize energy usage [22].
These problems also fall into this category of classifications.

Reference [24] is devoted to the deployment of relays to ensure connectivity and
improve the energetic efficiency and useful life of energy-based wireless sensor networks
(EH-WSN) while discussing the optimal location of relays [24]. This is related to facility
location problems, such as base station installations, relays, chargers, or access points. On
the other hand, the covering problem or the dominating classic set of structures consists of
selecting a minimum set of nodes to cover and monitor a predefined area or set of nodes of
the network. The requirement of WSN scalable architectures highlights the relevance of
these models and deployments [49]. Reference [21] addresses the mobile charging problem
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while simultaneously focusing on optimizing the routes to ensure the robustness of the
system. The work mentions the heuristics of the TSP as related to routing optimization.

Notice that recall of aerial vehicle (UAV) data [26] or mobile charging [44] inherently
involves routing problems similar to TSP or more general vehicle routing problems (VRP),
where the objective might be to minimize the distance traveled, maximize the energy
collected or the data collected, or ensure that all nodes are visited before their batteries
run out.

Networks are often modeled using graph theory. Refs. [14,26] proposes a scheduling
methodology that takes advantage of the directional characteristics of beams in mmWave
networks to avoid interference, using graph theory for beam scheduling and intercell
interference avoidance. Problems such as interference avoidance or user clustering in
wireless networks can be formulated as graph coloring, maximum clique, or maximum
independent set problems, where nodes (users, beams) are clustered or selected based on
their compatibility (or incompatibility, in the case of interference).

The paper by [57] provides a systematic review of how ML is applied to solve op-
timization problems in 6G wireless networks. Techniques such as deep reinforcement
learning (DRL) are used for stochastic optimization, graph neural networks (GNNs) for
structured optimization, and federated learning for distributed optimization. Ref. [56] also
mentions the use of DRL for energy-efficient optimization in edge inference.

Here lies a key combination point: classical IoT models (such as TSP, facility location,
bin packing, and graph problems) can provide the mathematical structure to define a
problem (e.g., finding the optimal route, best placement, most efficient assignment). Then,
modern ML and optimization techniques (such as DRL, distributed algorithms, approxima-
tion algorithms, or the specific scheduling and resource allocation techniques presented in
the other papers) can be used as solution methods, especially for large-scale, dynamic, or
uncertain problems, where exact classical methods might be computationally prohibitive.
For example, a DRL algorithm could learn a routing policy for a mobile charger (by solving
a dynamic VRP/TSP instance) based on the current state of the sensor batteries, or a GNN
could optimize beam assignment (by solving a graph problem) in real time.

The reviewed articles address fundamental problems in wireless networks, IoT, and
energy system operations, such as energy optimization, resource allocation, infrastructure
deployment, and mobility management. These problems have a natural anchor in classical
operations research models, including facility location, TSP, bin packing, and graph-theory
problems. The advanced techniques discussed, particularly distributed optimization and
machine learning-based approaches, not only address the limitations of classical methods
in complex and dynamic environments but also offer powerful new tools for solving
underlying IoT formulations, paving the way for more efficient and intelligent management
of future networks.

5.2. Routing and Flow Optimization

Beyond energy-related challenges, another central pillar in modern networks is effi-
cient routing and flow optimization, which is deeply rooted in classical combinatorial prob-
lems and has gained renewed interest with the rise of AI-based solvers. The investigated
articles in Tables 1–4 cover a variety of topics related to communication networks, trans-
portation, supply chain management, and physical systems design, with an emphasis on the
optimization and the use of advanced procedures, including artificial intelligence and ma-
chine learning [4,19,30,37,39,57]. Many of these papers focus on routing, resource allocation,
and location problems, which are key topics in operations research. This includes routing
in wireless and wired communication networks [5,6,20,29], sensors networks [21,24,44],
and in the physical design of integrated circuits (global routing) [31]. Multi-commodity
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flow routing [7] and low-latency constrained routing [5] are also discussed as problems.
These topics have a direct connection to classical OR models. In particular, with the shortest
path problem, which can be solved optimally by algorithms such as Dijkstra and A*, and
network flow problems, including multi-commodity flow [31,44]. The formulation of these
problems usually adopts the form of pure integer linear programming (ILP) or mixed
integer linear programming (MILP), which are standard OR tools [5,8,31].

In the context of transportation systems, problems such as network flow manage-
ment [53], vehicle routing [30,54], and the interaction between energy and transportation
networks [28] are considered. Vehicle routing with simultaneous pickup and delivery
with time windows (VRPSPDTW) [54] is an example closely related to the TSP and its
generalizations, such as the VRP. The management of electric vehicle demand and the
optimization of charging also fit this field [28,44]. The placement of distributed processing
units (DU) in xHaul networks [5], the deployment of relay nodes in sensor networks [24],
and the movement of cells in the physical layout of circuits to improve routing [31] are
also studied. These problems are analogous to facility location problems or variants of the
p-median problem, where the objective is to select the best location for a set of facilities to
satisfy demand locations, often minimizing costs or distances. Various techniques are used,
from ILP/MILP-based methods [5,8,31] and LP relaxation [7] to heuristics [5] and meta-
heuristics, such as genetic algorithms [54] and particle swarm optimization [37]. The use
of AI/ML is promising, being applied for optimization [4,19,57], demand prediction [37],
traffic classification [39], or to guide heuristic algorithms [30]. Similarly, bilevel optimiza-
tion is also used to model complex interactions [28,53]. The integration of these areas with
classical OR models is clear. Notice that routing and flow problems are direct extensions of
shortest-path, max/min flow, and multicommodity flow problems. Other classic graph-
and set-OR models can offer complementary modeling approaches, such as the minimum-
spreading tree. Although not explicitly mentioned for network construction, cable length
optimization [31] is related to minimization of the total connection of the MST. It could
be relevant for designing low-cost networks that guarantee connectivity between points.
The problems of maximum clique and maximum independent set can also be useful for
identifying groups of entities, such as nodes, links, or tasks that are either completely
compatible (clique) or completely incompatible (independent set). The latter can serve as
an information decision in resource allocation or route planning to avoid interference or
conflicts. Finally, the dominating set problem, facility location, or coverage optimization
problems allow finding a minimal set of nodes that dominates or covers all other nodes
(e.g., a minimal set of charging points or relays for network coverage) could be modeled as
a dominating set problem.

Notice that many of these works demonstrate how complex problems in networks,
transportation, and physical systems are addressed by a variety of optimization approaches,
usually formulated as OR problems (ILP, MILP) or solved with algorithms (heuristics, ML-
based). Many of them have deep roots in classical OR models such as network flow, TSP,
VRP, and facility location. AI and ML are emerging powerful tools to improve the solution
of these problems, either by predicting key parameters or by developing more efficient
optimization methods for large-scale and dynamic environments. The connection to graph
models such as MST, clique, independent set, and dominating set, although not always
explicit in the authors’ terminology, underlines the combinatorial nature of these problems
and the potential to apply or adapt these classical analytical frameworks.

5.3. Resource Allocation and Scheduling in Networks

The references in this topic discuss technologies such as 5G, 6G, mmWave, WSN, and
IoT, as well as transport systems and logistics. They also consider the theoretical design
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of very large-scale integration (VLSI) systems. In general, common topics include the
optimization of resource allocation, routing, and planning in complex static and dynamic
networks. Not surprisingly, we notice that many of these problems have a correlation with
classic operations research models.

In the domain of wireless networks, several works focus on the efficient allocation
of resources such as spectrum, power, and time. For example, co-existence problems
of different services in 5G are studied, optimizing the allocation of resource blocks and
power [35]. Link scheduling in device-to-device (D2D) communications [33] or user- and
beam scheduling in mmWave networks [14] aims to maximize objectives such as data
rate or minimize transmitted power, while simultaneously handling interference. These
problems can often be modeled using concepts from graph theory. For example, user
scheduling in a wireless network can be viewed as selecting a set of feasible transmissions
that do not interfere with each other. If we represent transmissions as nodes and an edge
between two nodes indicates interference, then the problem of finding the maximum set
of simultaneous compatible transmissions is directly related to the problem of finding a
maximum independent set in the interference graph [33]. Analogously, if the goal is to
select a subset of links to maximize some value, such as the total rate subject to constraints,
this is close to variants of the knapsack problem. In addition, infrastructure placement,
such as baseband units (BBUs) [8] or relay nodes in sensor networks [24], is a clear example
of facility location problems, which allow one to determine the best locations for a limited
number of resources to efficiently serve demand, usually minimizing costs or latency.
Routing is crucial for the Internet of Things. Multi-commodity routing and flow problems
are also addressed, including variants [7]. These problems are directly related to the models
of maximum flow and multi-commodity flow. Optimization of routing in coupled power
and transport networks (CPTNs) [28] or network flow management considering traveler
behavior [53] are modern extensions that add complexity to traffic assignment problems in
transport networks.

Vehicle routing problems, such as the vehicle routing problem with simultaneous
pickup and delivery and time windows (VRPSPDTW) [54] or drone routing for delivery
and pickup [30], are direct variants of the classic traveling salesman problem and the vehicle
routing problem, extended to include real-world complexity including time windows and
simultaneous loading and unloading operations. The routing of the shortest path is another
fundamental classic graph problem for the IoT [27].

In VLSI physical design, cell routing and location are critical operations [31]. The
routing is often modeled as a 3D graph where the nodes represent regions with limited
capacity and the edges represent possible connections between regions [31]. The problem
of routing connections between pins while avoiding capacity violations and optimizing
the goal of wiring length, while maintaining the legality of cell placement, is explicitly
formulated as an integer linear programming problem [31]. This demonstrates a straightfor-
ward, modern application of operations research formulations for solving complex design
problems. Similarly, references on chain supply management consider the coordination of
a complex network of entities [37]. On the other hand, demand forecasting uses machine
learning techniques to optimize components such as inventory management, transporta-
tion, and production planning [37]. Optimization of resource allocation in [37] using
particle swarm optimization is an example of how optimization techniques are applied to
problems traditionally addressed with OR models.

Several classic and important problems in graph optimization can be described as
the minimum spanning tree, which can be very useful in the domain of low-cost net-
work infrastructure design and to guarantee connectivity in networks [25,44]. Similarly,
the vertex cover related to the maximum independent set problem can be relevant for
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detecting the minimum number of nodes, that is, base stations or access points. The dom-
inating set problem is also related to finding a dominant subset that covers all nodes of
the network. This allows controlling the whole network and making the network robust
against failures [9]. Continuing, the problem of maximum clique can be useful in detecting
groups of users or links while operating simultaneously without interference. It is also
important to note that while the problems are based on classic OR models, the solutions
proposed in the sources often incorporate advanced techniques due to the large scale and
dynamism of modern networks, for example, ILP [5,8,31], bilevel programming [28,53], con-
vex programming [14,57], genetic algorithms [24,54], particle swarm optimization [37,54],
ant colony-based algorithms [37,54], routing heuristics [5,30,54], and graph-based solving
methods [31]. The integration of artificial intelligence for the tasks of recognizing inter-
ference patterns [33], network optimization [13,19,55], and routing policy learning [55]
is also crucial. The application of transfer learning to accelerate optimization in routing
problems [30,57] is also studied.

In summary, current research on networks and systems, as presented in the references,
considers complex planning, routing, and resource allocation problems that have a strong
conceptual connection with classic operations research models. The main distinction lies in
the scale, dynamic nature of the problems, and the application of advanced computational
techniques, including artificial intelligence, machine learning, and metaheuristics, to find
feasible and efficient solutions. Operations research provides the fundamental modeling lan-
guage and theoretical basis for understanding and formulating these modern challenges.

5.4. Resilience and Robustness Optimization

Concerning the topics of routing and flow problems, the references explore optimiza-
tion formulations to determine efficient routes. For example, reference [7] focuses on
multicommodity flow problems, detailing linear programming-based approaches, proce-
dures concerning multiplicative weight update and permutation routing, and rounding
techniques. highlighting the applicability of flexible packing frameworks for scenarios
where flows are divided into a few routes or links [7]. The adjustment of routes through
optimization considers factors such as signal range and congestion [29]. The latter allows
for path splitting while minimizing routing cost and maximizing throughput in software-
defined networks [9].

Designing and network planning include decisions related to component location
and capacity allocation. Reference [5] formulates a processing unit (DU) location and
flow routing problem as an integer optimization problem to minimize costs, using a path
selection sub-problem. Ref. [5] addresses the design of a resilient power grid using
nonlinear mixed-integer programming, focusing on ecological robustness and the inherent
ability to tolerate disturbances. In reference [17], the robust resilience of systems against
disturbances is addressed. In particular, Ref. [17] investigates the improvement of resilience
in power grid emergencies. Although [15] proposes a dynamic technique to achieve
resilience in complex systems, including recognition of network components. For energy
systems, integrated resilience is also studied using optimization [16].

Reference [33] addresses D2D link scheduling, mentioning approaches based on sup-
port vector machines with graph kernels and fuzzy logic, as well as graph neural networks
and reinforcement learning. Ref. [14] proposes a generalized methodology for scheduling
in mmWave networks, jointly designing user, beam, and power allocation scheduling in
multiple domains [14]. Resource allocation in NFV and cloud environments is addressed
in [13] using RL-based approaches to balance resource utilization and reduce requirement
blocking. The schedule of loads in rechargeable wireless sensor networks is also consid-
ered [44]. The sources show applications of GNN and RL for link scheduling [33]; neural
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networks (LSTM, CNN, attention) for traffic classification [39]; and RL for data routing and
task allocation [4], cloud resource scheduling [13] and computational offloading [34]. Ref.
[41] addresses collaborative learning in distributed networks. The combination of LSTM
for demand forecasting and particle swarm optimization for resource allocation in resilient
supply chain management is presented in [37].

Scheduling or allocation of wireless resources can be viewed as finding a maximum
independent set of links in an interference graph [33]. However, subsets of mutually enhanc-
ing nodes can be related to the maximum coupling. Network resilience and vulnerability
are inherently analyzed using graph theory for connectivity [15], or fault propagation [17].
Observe that, for protection purposes, the detection of critical infrastructures involves
finding dominating sets. However, multi-commodity flow problems [7] can help balance
the flow of data through the network. Next, shortest-path algorithms, such as Dijkstra or
A*, mentioned in [44], are essential for many routing decisions. Finally, route planning
for mobile agents, such as chargers in sensor networks [21], or data collection [26], can be
formulated as variants of the travel salesman problem or vehicle routing problems.

The network topology design, or its resilient version [17], has similar fundamental
components to the minimum tree construction to ensure connectivity at the lowest cost.
However, future problems frequently involve capacities and flows that require more com-
plex network models. Artificial intelligence and machine learning models can help improve
the OR approaches. The machine learning approach can help improve the accuracy of the
input data for optimization models [37]. However, metaheuristics [8] can help in finding
near-optimal solutions. In addition, the reinforcement learning approach is particularly
efficient for dynamic scheduling and routing problems where optimal policies and pre-
dictions must be learned through interaction with the environment [4,13,34]. Notice that
the combination of machine learning predictions with OR models serves as a platform for
powerful frameworks for data-driven decision making.

In summary, research relies heavily on mathematical and algorithmic formulations,
frequently formulated as optimization problems having forms that are close to the classic
OR. In addition, integration with artificial intelligence and machine learning can be seen as
essential new tools for handling the data scale, uncertainty, and dynamic nature of future
networks. The latter suggests that the synergy between robust theoretical OR frameworks
and predictive and learning capabilities will be essential and fundamental to address
resilience, efficiency, and optimization challenges.

5.5. Wireless and Mobile Networks Optimization

The references collected related to the topic of wireless and mobile network optimiza-
tion explore several factors of resource optimization and management in modern and
future wireless networks, including 5G, wireless sensor networks, mobile ad hoc networks,
vehicular networks, and satellite networks. A frequent topic is to efficiently assign resources
such as spectrum, power, and designing optimal strategies for tasks such as scheduling and
routing, subject to several constraints and objectives. Examples of both are energy efficiency,
low latency, high reliability, and throughput maximization [14,20,22,23,32,35,42,56].

Current articles show a trend towards modeling these problems as mathematical
optimization models [5,8,35]. On the other hand, there is growing interest in mixing
machine learning, deep learning, and deep reinforcement learning techniques to deal with
the complexity and dynamic nature of these problems [4,19,33,35,36,39,55,57].

As many network problems are combinatorial and can be represented using graph
theory [4,14,41,55], it turns out that the connection between the topics considered in the
reviewed articles and the classic OR models is profound.
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Problems such as the placement of distributed processing units in 5G networks [5]
or the placement of relays in wireless sensor networks [24] fit directly into the framework
of facility location or p-median problems. These classic models seek to find the optimal
locations for a set of facilities to serve a set of clients by minimizing connection, or operation
costs, and/or maximizing coverage and connectivity. The papers formulate these problems
as optimization, which aligns with the OR approach. Similarly, data or flow routing is a
central topic [4–6,24,26,27,29]. In WSNs, distributed node data collection can be modeled as
an efficient routing problem that could involve variations of the travel salesman problem for
a mobile entity (such as a charger [21,44] or data collector) or the construction of a minimum
spanning tree for energy-efficient data aggregation [24]. Finding the lowest-cost or lowest-
latency path [5,27] is a classical shortest-path problem (e.g., Dijkstra’s algorithm [27,44]).

Link scheduling and interference management in wireless networks [14,33] are
strongly related to the problem of a maximum independent set. If links are modeled
as vertices of a graph and an edge is added between two vertices if the corresponding links
interfere, then selecting a set of links that do not interfere simultaneously is equivalent
to finding an independent set in this graph. The goal of maximizing throughput might
involve finding a weighted minimum independent set. The maximum clique problem
identifies groups of links that interfere with each other. In sensor networks or IoT, selecting
a minimal subset of nodes to monitor or control the rest of the network can be modeled as
the dominant set problem. This can be relevant for the design of energy-efficient clustering
protocols. Similarly, machine learning and reinforcement techniques are not only used to
solve optimization problems such as resource allocation or routing that would traditionally
be addressed by IoT [19,35,55], but they can also predict key parameters for an IoT model,
i.e., link quality [33] or traffic demand [39]. Finally, learning high-performance heuristics
for large-scale IoT problems where exact solvers are computationally prohibitive [8] can be
adapted in real time to changing network conditions, something static IoT models are not
designed to do.

A relevant direction for wireless and mobile 6G networks is to use reinforcement
learning in edge computing environments. As such, multi-access edge computing net-
works (MECNs) demand low-latency, real-time decisions over heterogeneous resources,
taking into account computation, memory, and bandwidth. (See, for example, [42,43]) that
have explored DRL-based task offloading and scheduling strategies under these condi-
tions. These approaches allow distributed learning agents to dynamically allocate tasks,
optimize latency and throughput, and respond to network congestion and device mo-
bility, while preserving energy efficiency. As such, reinforcement learning provides an
adaptable and scalable toolset for heterogeneous resource coordination in edge-based
network infrastructures.

5.6. Connecting Optimization Techniques to 6G Challenges

Our review covers a wide range of optimization approaches, highlighting the impor-
tance of 5G/6G as a guiding force for future networks. Some key 5G/6G technologies
are only softly addressed. For example, the digital twin and multi-agent reinforcement-
learning approaches discussed in [19] relate to user-base station interactions and dynamic
environments, which are relevant for large-scale mobile optimization and potentially for
massive MIMO systems. Similarly, edge computing and resource scheduling, including
uncertainty, are discussed in [42]. Although federated learning in wireless aggregation
is discussed in [43]. These works are promising for 6G paradigms, yet technologies such
as ultra-reliable low-latency communication (URLLC), reconfigurable intelligent surfaces
(RIS), and scalable multi-antenna (massive MIMO) optimization models are not analyzed
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in depth. These areas remain essential for future research, especially when bridging OR
with emerging AI-based optimization in the 6G context.

6. Conclusions and Future Research
This review has analyzed more than 50 recent works that consider optimization chal-

lenges for modern network communications. Specifically, we focus on the intersection
between classical operations research techniques and emerging artificial intelligence meth-
ods. We have mainly observed that through a brief taxonomy-based classification and
comparative tables, classical OR approaches, like mixed integer programming, remain
strong for infrastructure design and routing, whereas metaheuristics and deep learning-
based methods dominate in dynamic, data-intensive and real-time scenarios typical of
5G/6G networks.

Key findings show a growing shift toward reinforcement learning and hybrid predic-
tive optimization models, particularly in wireless resource allocation and energy-aware
applications. However, there are persistent gaps, such as limited integration of classic
models (e.g., facility location, MST) in the latest AI-driven frameworks and a lack of unified
benchmarks across studies.

Concluding the article, they can be highlighted several promising research areas can
be highlighted.

• Integration of classic graph-based optimization modeling approaches with deep-
reinforcement-learning in federated or decentralized settings;

• Improving interpretability and robustness of AI-based methods subject to uncertainty;
• Developing standard evaluation benchmarks for reproducibility and crossing-comparisons;
• Exploring hybrid optimization frameworks combining learning with exact solvers in

a scalable and explainable manner.

To conclude, we observe that the bridge between traditional OR and modern AI
in network sciences is not only viable but necessary for the optimal management and
complexity of next-generation communication systems. Consequently, we believe that
future research should try to combine the theoretical rigor of OR with the adaptability and
scalability of AI to develop robust, efficient, and intelligent networks.

Although this review collects and organizes performance metrics from several recent
works, we do not include our reproducible benchmarks or experimental replications. In
future work, we plan to build comparative visualizations and test selected methods under
the same conditions to better evaluate their strengths and limitations. This would help
validate the insights discussed and support more solid conclusions.

Several other novel technologies still merit greater attention in future research, in
addition to the topics discussed previously. Graph neural networks (GNNs) constitute a
powerful example of structured network data learning and appear promising for routing,
clustering, and topology inference. Similarly, federated learning (FL) has become relevant
for decentralized optimization in privacy-sensitive or bandwidth-limited situations. Thus,
enabling collaborative model training without central data aggregation. Finally, explainable
AI techniques are critical to interpret complex model decisions. Integrating these directions
into future 6G architectures may improve both performance and transparency.
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Abbreviations
The following abbreviations are used in this manuscript.

RL/DRL (Deep) reinforcement learning
MARL Multi-agent reinforcement learning
SI Swarm intelligence
MIP/MILP (Mixed-integer) linear programming
Heur. Heuristic/meta-heuristic algorithm
Convex Opt. Convex optimization
Multi-obj. opt. Multi-objective optimization
Reg. Opt. Regularised optimisation
Lyap. Lyapunov-based control/optimisation
DOT-ADMM Distributed online tracking–ADMM
PSO/GA Particle swarm/genetic algorithm
TES Two-stage exhaustive search (paper-specific)
STAR Robust converter optimization (paper-acronym)
DT/DT-SimNet Digital twin/its simulator variant
AO Opt. Alternating optimization
Transfer Opt. Transfer-learning-based optimization
IBNN Information bottleneck neural network
Fuzzy DRL DRL enhanced with fuzzy-logic rules
DLDQN Double-layer deep Q-network
AEE Age-energy efficiency metric
ISAC Integrated sensing and communication
QoE/QoS Quality of experience/service
BW Bandwidth
BS Base station
FL Federated learning
MAC Medium-access control
IoT/IIoT/IIoE (Industrial) Internet of Things/Everything
CPS Cyber-physical system
WSN/EH-WSN (Energy-harvesting) wireless sensor network
WPCN Wireless-powered communication network
MEC/RMECN (Rechargeable) Multi-access edge computing network
5G Xhaul 5G packet fronthaul/backhaul
SAGIN Space–air–ground integrated network
TSN Time-sensitive network
LEO Low-earth-orbit satellite network
CPTN Coupled power–transportation network
MANET Mobile ad-hoc network
UAV Unmanned aerial vehicle network
VLSI Very-large-scale integration (chip routing)
IoV Internet of Vehicles
SCN/SWN (Semantic) communication/wireless network
SCM Supply-chain management
THz/RIS-VR Terahertz band with reconfigurable intelligent surface for VR
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PLC Power-line communication
6G Sixth-generation wireless networks
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