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Abstract: Space-air-ground integrated networks (SAGIN) establish a multi-dimensional communication architecture by synergistically
coordinating satellites, aerial platforms, and terrestrial facilities. The inherent characteristics of dynamic topologies and heterogeneous
computing resources within this architecture present novel challenges for routing mechanisms. In response to this complex scenario, re-
inforcement learning (RL) has emerged as a prominent research focus for addressing computing-aware routing problems, owing to its
robust environmental adaptability and intelligent decision-making capabilities. This paper systematically reviews and investigates the
application of RL in computing-aware routing. It analyzes the core design principles from the dual perspectives of algorithmic para-
digms and optimization objectives. Finally, this paper deeply analyzes and prospectively identifies the key challenges that RL faces in
the context of SAGIN environments.
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