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ABSTRACT 

 
Graph Neural Networks (GNNs) provide a powerful framework for knowledge inference over relational data, offering 

significant advantages for Artificial Intelligence-empowered Intelligent Engineering Systems (IES). Grounded in systems 

engineering, cyber-physical systems (CPS) theory, and information-theoretic principles of structured message passing, this 

review examines how GNNs enhance inference capabilities to drive IES evolution. GNNs enable four key transitions: from 

standardized to personalized manufacturing through relational configuration reasoning; from reactive to proactive prediction 

via multi-hop inference on system graphs; from manual to autonomous control by learning dynamics on interaction topologies; 

and from isolated to integrated ecosystems through cross-domain dependency modeling. Applications are illustrated in fault 

diagnosis and predictive maintenance, process optimization and quality control (knowledge graphs for interdependent 

parameter inference), and human-machine collaboration (interaction graphs for operational efficiency). While GNNs deliver 

superior relational generalization, challenges remain in graph construction quality, scalability, interpretability, and physics 

integration. Future directions include hybrid neuro-symbolic and physics-informed architectures. GNNs thus constitute a 

pivotal advance for robust, structure-aware knowledge inference in complex engineering systems. 
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1. INTRODUCTION 

Intelligent Engineering Systems integrate physical processes with computational intelligence to achieve adaptability and 

optimization in domains such as smart manufacturing and energy networks. These systems exhibit complex interdependencies 

that render conventional vector-based models inadequate for knowledge inference—the derivation of new insights from 

relational structures. Graph Neural Networks address this gap through iterative message passing, enabling end-to-end learning 

on graph topologies that represent component couplings, process flows, and knowledge relations [1]. Comprehensive surveys 

of the field further establish their advantages for structured data [2]. Graph representation learning supplies the foundational 

theoretical basis for these approaches [3], while inductive frameworks enable generalization to previously unseen system 

configurations [4]. Foundational architectures such as Graph Convolutional Networks underpin the analysis [5]. 

 

2. The Theoretical Foundation of Artificial Intelligence and Intelligent Engineering Systems 

2.1 The Connotation and Characteristics of Intelligent Engineering Systems 

Intelligent Engineering Systems are complex socio-technical constructs that combine sensing, computation, and actuation for 

autonomous operation and optimization. Rooted in systems engineering theory, they emphasize holism, hierarchy, and 

emergent behaviors arising from subsystem interactions. In CPS terms, IES feature tight coupling between physical dynamics 

and cyber elements, generating high-volume data alongside sparse explicit relational knowledge. Information-theoretic 

challenges center on extracting maximal relevant information while managing entropy across interconnected states. GNNs 

align directly with these characteristics by representing entities as nodes and couplings as edges, providing a native substrate 

for inference that respects topological organization. 

 

2.2 The Theoretical Logic of Artificial Intelligence Empowering Engineering Systems 

AI empowerment in IES evolves from statistical pattern recognition toward relational knowledge inference. Traditional models 

impose Euclidean biases unsuited to engineering interdependencies. GNNs introduce relational inductive bias via localized 

message passing and neighborhood aggregation, formalized through learnable update functions that propagate information 

across graph structures. This mechanism supports inductive generalization to novel configurations, extending beyond 

transductive embeddings. Attention mechanisms in GAT dynamically weight informative relations [6]. Neuro-symbolic 

reasoning frameworks further integrate logical structure with neural propagation, enhancing reliability in engineering contexts 

[7]. 
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3. The Transformation Path of Intelligent Engineering Systems Mode Driven by Artificial Intelligence 

GNN-enhanced inference accelerates four interconnected transitions by exploiting relational structure for accurate, 

generalizable reasoning. 

3.1 Transition from Standardized Production to Personalized and Flexible Manufacturing 

GNNs model product variants, process steps, and compatibility relations as attributed graphs, performing link prediction and 

node classification to infer feasible personalized configurations. In electronics assembly, GNNs on bill-of-materials and process 

knowledge graphs enable rapid inference of viable production sequences for new variants, supporting flexible reconfiguration 

with reduced manual engineering. 

 

3.2 Transition from Reactive Response to Proactive Prediction and Optimization 

GNNs perform multi-hop reasoning over temporal and causal graphs derived from sensor and process data. Message passing 

propagates early indicators across connected components, supporting prediction of downstream effects. In shop-floor 

scheduling, GNNs combined with reinforcement learning infer system-wide impacts of local decisions, shifting optimization 

from reactive rules to proactive, globally informed strategies. 

 

3.3 Transition from Manual Operation to Autonomous Intelligent Control 

GNNs represent multi-agent and human-machine ensembles as interaction graphs, learning coordinated policies through 

message passing that respects physical and informational couplings. Embedded in digital twins, they enable real-time inference 

and closed-loop control [8]. The relational inductive bias facilitates generalization across similar system topologies, enhancing 

robustness in autonomous operation. 

 

3.4 Transition from Isolated Systems to Integrated Cyber-Physical Ecosystems 

GNNs encode multi-layer heterogeneous graphs spanning physical assets, cyber networks, and human elements, enabling 

holistic inference of cross-domain impacts. In smart factories, GNNs support ecosystem-level tasks such as cascading-risk 

assessment by reasoning over full relational topologies. This graph-native approach embeds systems-engineering principles 

directly into inference, advancing practical CPS realization. 

 

4. Applications of Artificial Intelligence in Intelligent Engineering Systems 

4.1 Application in Intelligent Fault Diagnosis and Predictive Maintenance 

GNNs represent machinery as graphs with nodes as sensors or components and edges as physical or statistical couplings. 

Message passing aggregates evidence to infer fault states and propagation paths. In rotating machinery fault diagnosis, GNNs 

applied to vibration feature graphs capture multi-fault relational patterns more effectively than independent sensor models, 

improving localization accuracy. Predictive maintenance in equipment clusters further leverages interaction graphs to infer 

degradation propagation. GAT variants dynamically emphasize critical sensor relations. CPS security applications demonstrate 

GNN utility for relational anomaly inference in interconnected infrastructures [8]. 

4.2 Application in Intelligent Process Optimization and Quality Control 

GNNs model process flows and parameter interdependencies as knowledge graphs, inferring optimal settings or quality 

outcomes through relational reasoning. In chemical batch processes, GNNs on reaction graphs predict yields and detect subtle 

drifts by propagating features along dependency chains, supporting integration with digital-twin simulators for closed-loop 

adjustment. 

 

4.3 Application in Intelligent Human-Machine Collaboration and Operational Efficiency Enhancement 

GNNs model collaboration networks of operators, robots, and tasks as heterogeneous graphs, inferring optimal allocations and 

interaction patterns. In flexible assembly cells, GNNs on human-robot-task graphs predict bottlenecks and recommend 

reallocations, enhancing situational awareness and throughput beyond isolated agent models. 
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5. Challenges and Prospects of Artificial Intelligence Empowering Intelligent Engineering Systems 

5.1 Current Main Challenges 

Graph construction remains critical yet non-trivial; inaccurate topologies from raw engineering data propagate errors into 

inference. Scalability issues arise with large graphs, including over-smoothing and high computational cost that hinder real-

time edge deployment. Interpretability deficits persist despite attention mechanisms, limiting trust in safety-critical 

applications. Data scarcity and domain shift constrain generalization, while integration with physics-based models requires 

explicit constraint mechanisms absent in purely data-driven GNNs. 

 

5.2 Prospects for Future Development Trends 

Future development will emphasize hybridization and specialization to overcome current limitations. Neuro-symbolic GNNs 

that embed logical rules or ontological constraints promise more reliable and explainable inference. Physics-informed variants 

that incorporate differential equations or conservation laws directly into aggregation or loss functions will substantially improve 

extrapolation and physical consistency, which is essential for CPS applications. Dynamic and temporal extensions will better 

capture evolving topologies and time-dependent relations in live engineering systems. Scalability advances, including 

hierarchical pooling, graph sampling, and distributed or federated training, will enable deployment on plant-scale or ecosystem-

scale graphs while preserving privacy. Multi-modal fusion architectures that integrate textual documentation, visual inspection 

data, and time-series signals with graph structures will enrich contextual inference. Edge-optimized and quantized 

implementations, coupled with high-speed networking, will support low-latency autonomous control loops. Explainability 

techniques focused on subgraph extraction and counterfactual reasoning will help build operator trust in safety-critical 

environments. Over the longer term, domain-adapted graph foundation models are expected to enable rapid few-shot adaptation 

across diverse engineering configurations, advancing IES toward greater autonomy, resilience, and human-AI symbiosis. 

 

6. Conclusion 

Graph Neural Networks substantially enhance knowledge inference in AI-empowered Intelligent Engineering Systems by 

leveraging relational inductive bias and message-passing mechanisms aligned with the topological nature of these systems. 

They facilitate the identified operational transitions and deliver value in fault diagnosis, process optimization, and 

collaboration, as illustrated by sensor-graph applications in machinery health monitoring and knowledge-graph reasoning in 

production systems. Persistent challenges in construction fidelity, scalability, and physical integration require continued 

hybridization. With principled advancement, GNNs will play a central role in creating more intelligent, resilient, and adaptive 

engineering systems. 



DIKEA 2024                                                                                                                 Series of Conferences Journal 

4 

 

REFERENCES 

 
[1] Zhou, J., Cui, G., Hu, S., Zhang, Z., Yang, C., Liu, Z., Wang, L., Li, C., & Sun, M. (2020). Graph neural networks: A 

review of methods and applications. AI Open, 1, 57–81. https://doi.org/10.1016/j.aiopen.2021.01.001 

[2] Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., & Yu, P. S. (2021). A comprehensive survey on graph neural networks. 

IEEE Transactions on Neural Networks and Learning Systems, 32(1), 4–24. 

https://doi.org/10.1109/TNNLS.2020.2978386 

[3] Hamilton, W. L. (2020). Graph Representation Learning. Morgan & Claypool Publishers. 

https://doi.org/10.2200/S00980ED1V01Y202001AIM045 

[4] Liu, S., Cuenca Grau, B., Horrocks, I., & Kostylev, E. V. (2021). INDIGO: GNN-based inductive knowledge graph 

completion using pair-wise encoding. In Advances in Neural Information Processing Systems (NeurIPS 34). 

[5] Kipf, T. N., & Welling, M. (2017). Semi-Supervised Classification with Graph Convolutional Networks. In International 

Conference on Learning Representations (ICLR). 

[6] Veličković, P., Cucurull, G., Casanova, A., Romero, A., Liò, P., & Bengio, Y. (2018). Graph Attention Networks. In 

International Conference on Learning Representations (ICLR). 

[7] Schlichtkrull, M., Kipf, T. N., Bloem, P., van den Berg, R., Titov, I., & Welling, M. (2018). Modeling Relational Data 

with Graph Convolutional Networks. In The Semantic Web (ESWC 2018) (Lecture Notes in Computer Science, Vol. 

10843, pp. 593–607). Springer. https://doi.org/10.1007/978-3-319-93417-4_38 

[8] Yasaei, R. (2023). Graph Neural Network for Integrated Circuits and Cyber-Physical Systems Security. Doctoral 

dissertation, University of California, Irvine 


