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Intelligent Network Technical Trends for Ensuring Information Freshness
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ABSTRACT

In next-generation communication networks, maintaining the freshness of information has
emerged as a critical requirement, alongside traditional metrics such as latency and throughput.
While conventional network designs focus on maximizing transmission efficiency or minimizing
delay, they often overlook the timeliness of the received data. This report emphasizes the growing
importance of information freshness, quantified by metrics such as Age of Information (Aol),
and explores intelligent network architectures designed to optimize it. We present key freshness
metrics, including average Aol, peak Aol, Aol violation probability, and Age of Incorrect Information,
and examine their applicability across various network scenarios. The study also investigates
reinforcement learning-based scheduling strategies that adapt to dynamic environments, with
specific applications in cellular, sensor, and unmanned aerial vehicle networks. Our analysis
demonstrates that intelligent algorithms, particularly those using deep reinforcement learning, are
effective in managing resource constraints and optimizing update timing to preserve information
freshness.
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