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Abstract: In large-scale heterogeneous communication networks, routing optimization involves complex demands
such as high-dimensional state spaces, multiple constraints, and real-time dynamics. A quantum-classical hybrid com-
puting paradigm, leveraging quantum superposition and entanglement, offers a promising pathway to efficiently ad-

dress NP-hard routing problems. By analyzing representative routing scenarios, a modeling framework for quantum
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algorithms was outlined, and key technical obstacles in applying quantum approaches to network routing were system-
atically summarized. These include conflicts between structural constraints and model expressiveness, biases in multi-
objective formulations and delayed responses, the trade-off between diversity and convergence in high-dimensional
solution spaces, and limited generalization capability under dynamic conditions. To overcome these issues, several di-
rections were proposed: algorithmic expressiveness was enhanced through improved structural modeling, evolution-
ary design, and integrated scheduling strategies; computational accuracy and responsiveness were improved via multi-
objective optimization, modular decoupling, and tight quantum-classical interaction; convergence and diversity were
balanced through hybrid architectural design, evolutionary policy adaptation, and structural constraint management;
and adaptability and generalization in dynamic environments were boosted by incorporating meta-learning, task de-
composition, and structural transfer techniques. Furthermore, the co-development of quantum algorithms and hard-
ware architectures were advocated, paving the way for practical deployment of quantum computing in communication
networks within the NISQ era.

Key words: quantum computing, routing optimization, hybrid quantum computing, hybrid quantum-classical
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