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Abstract: To address the mismatch between space-to-ground resources supply and demand
caused by the diversified traffic requirements of communication terminals in the beam-hopping
satellite system, as well as the challenge of limited energy resources of machine-type devices in
upward transmission, a resource adaptation scheme is proposed based on a multi-agent soft actor-
critic(MASAC) approach utilizing maximum entropy reinforcement learning. Firstly, a two-stage
transmission system model is constructed to investigate the synergistic effect of beam-hopping
and non-orthogonal multiple access (NOMA) on the basis of the space-to-ground resource
mismatch problem. Additionally, an energy harvesting and collection mechanism is introduced to
optimize the relationship between terminal device energy harvesting and signal transmission. On
this basis, a multi-objective optimization problem is established for beam-hopping pattern
selection, time slot allocation, and rate and power control by integrating the uplink and downlink
transmission processes. MASAC maximum entropy reinforcement learning is employed for
optimization, obtaining an optimal joint control strategy. Experimental results show that the
proposed scheme can effectively allocate resources for space-to-ground resource matching and
meet the signal transmission requirements of energy-constrained machine terminals. Compared
with the benchmark algorithm, the proposed algorithm exhibits superior performance.
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