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Abstract

Routing in Low-Earth-Orbit (LEO) satellite networks is more complex than terrestrial routing due to rapid topology
changes, multi-hop load balancing, and real-time decision constraints. State representation is crucial for DRL-based
routing, and the graph-structured nature of satellite topology has led most prior studies to adopt GNNs.. From the
perspective of inference speed and embedded deployment, however, CNNs with fixed-size inputs can be more
favorable.. We compare the two representations in an identical DQN environment. While GNNs achieved 15.2%
higher throughput than CNNs, CNNs achieved an inference latency of 2.84 ms, which was approximately 56.5%
lower than that of GNNs. This study provides design guidelines for applying CNNs and GNNs under the studied
experimental conditions and confirms a trade-off between routing throughput and inference speed.
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Table 1. Reward-variable normalization

Symbol Variable Normalizer Range
D Residual capacity | initial capacity (500) | [0, 1]

d Propagation delay | max delay (280 ms) | [0, 1]

h Hop count max hops (2) [0, 1]
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F 3. GNN = Ty
Table 3. GNN node features

Idx Feature Description

0 dst_marker Destination one-hot

1 src_marker Source one-hot

2 at Normalized latitude

3 lon Normalized longitude
4-7 cap NSEW N'SEM link residual capacity
8-9 battery/req Battery / Request progress

10 path_indicator Node indicator (per-path)

" fall Failed link indicator

12 bottleneck Per—path bottleneck capacity

13 load Within-timestep load ratio

14 frend Inter-timestep load trend

15 usage_ema. Usage EMA (history)
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