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Abstract The rapid development of the Internet accesses many new applications including real time
multi-media service, remote cloud service, etc. These applications require various types of service
quality, which is a significant challenge towards current best effort routing algorithms. Since the
recent huge success in applying machine learning in game, computer vision and natural language
processing, many people tries to design “smart” routing algorithms based on machine learning
methods. In contrary with traditional model-based, decentralized routing algorithms (e.g. OSPF),
machine learning based routing algorithms are usually data-driven, which can adapt to dynamically
changing network environments and accommodate different service quality requirements. Data-driven
routing algorithms based on machine learning approach have shown great potential in becoming an
important part of the next generation network. However, researches on artificial intelligent routing
are still on a very beginning stage. In this paper we firstly introduce current researches on data-driven
routing algorithms based on machine learning approach, showing the main ideas, application scenarios
and pros and cons of these different works. Our analysis shows that current researches are mainly for
the principle of machine learning based routing algorithms but still far from deployment in real
scenarios. So we then analyze different training and deploying methods for machine learning based
routing algorithms in real scenarios and propose two reasonable approaches to train and deploy such
routing algorithms with low overhead and high reliability. Finally, we discuss the opportunities and
challenges and show several potential research directions for machine learning based routing

algorithms in the future.
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Router 3

(a) Decentralized ML-based routing control system

Centralized
Controller

Router 3

(b) Centralized ML-based routing system

Fig. 9 Comparison between decentralized and centralized machine learning based routing control system
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