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ABSTRACT
Satellite–Terrestrial Integrated Networks (STINs) are a key part of 5G-Advanced and new 6G non-terrestrial networks. They connect the world by combining LEO, MEO, and GEO satellite constellations with ground-based infrastructure. But routing is very hard because of highly dynamic topologies, different link characteristics, and large-scale networks. This makes traditional protocols and topology-agnostic learning methods less useful. This review analyses topology-aware learning-based routing for STINs, concentrating on Graph Neural Networks (GNNs) and hybrid GNN–Reinforcement Learning (GNN–RL) frameworks. By modelling STINs as graphs that change over time, these methods clearly show how relationships and multi-hop interactions work, which are important for routing that can grow and change. Comprehensive analyses are conducted on classical routing, non-topology-aware reinforcement learning, purely GNN-based methodologies, and hybrid GNN–RL architectures, emphasising their merits and drawbacks in dynamic satellite–terrestrial contexts. We also look at hierarchical and multi-agent extensions, as well as current datasets and evaluation methods. Finally, important open problems related to scalability, non-stationarity, and real-world use are found, and future research directions that fit with new 6G non-terrestrial network standards are laid out.
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1. INTRODUCTION
Satellite–Terrestrial Integrated Networks (STINs) have become an important part of the architecture of 5G-Advanced and 6G non-terrestrial networks (NTNs). They make it possible for satellite constellations to connect with terrestrial access and core networks, allowing for seamless global connectivity. STINs want to support widespread broadband access, ultra-reliable low-latency communications, and huge connectivity for underserved and remote areas by combining Low Earth Orbit (LEO), Medium Earth Orbit (MEO), and Geostationary Earth Orbit (GEO) satellites with ground infrastructure (Kodheli et al., 2021). However, combining space and ground segments creates new problems at the network layer, especially for routing, because the topologies are always changing, the link characteristics are different, and the network is very large (Liu et al., 2023).

STINs are different from regular terrestrial networks in that their topologies change all the time, but quickly. This is because of satellite orbital motion, the establishment of dynamic intersatellite links (ISLs), and the fact that satellite–ground visibility changes over time. These traits present significant challenges to traditional routing mechanisms that depend on relatively unchanging graph assumptions and regular link-state updates. In large LEO constellations, routing tables can become out of date quickly due to frequent changes in the topology. This can cause more signalling overhead, less optimal path selection, and route instability (Chen et al., 2025). Consequently, routing in STINs must adjust to both traffic fluctuations and ongoing structural modifications in network connectivity.

To tackle these challenges, learning-based routing methodologies, especially reinforcement learning (RL) and deep reinforcement learning (DRL), have garnered increasing attention for satellite and integrated networks. Reinforcement learning (RL) methods let agents learn routing policies by having them interact with the environment. This means that they can change as the network changes without needing clear analytical models (Zhu et al., 2021). Despite this, a lot of current RL-based routing schemes use state representations that don't depend on topology and use flat feature vectors like queue lengths, link delays, or local traffic statistics. These representations work well in small or static situations, but they don't show the relational and multi-hop dependencies that are common in STINs. This makes them hard to scale, slow to converge, and not very useful for networks of different sizes or configurations (Roth et al., 2024).

As a result, being aware of topology has become a key need for smart routing in STINs. From a graph-theoretic standpoint, STINs can be effectively represented as time-evolving graphs, with nodes symbolising satellites, gateways, or terrestrial routers, and edges denoting communication links that change dynamically and possess diverse attributes. By explicitly including this graph structure in routing decisions, algorithms can think about things like neighbourhood relationships, path diversity, and global connectivity patterns. These are things that flat-state learning methods don't usually do (Wu et al., 2021). This understanding has led to a greater interest in Graph Neural Networks (GNNs), which are made to work with graph-structured data and learn topology-aware representations through message passing and neighbourhood aggregation.

Recent research has shown that GNN-based routing frameworks and hybrid architectures that combine GNNs with RL greatly improve routing performance in dynamic satellite and integrated networks by making them more general, robust, and scalable (Xu et al., 2024; Hu et al., 2024). In these kinds of hybrid frameworks, GNNs are often used to turn the changing network topology into small embeddings that RL agents can then use to improve long-term routing policies. This combination is especially appealing for STINs, where routing choices have to take into account both structural dependencies and making decisions in a sequence when there is uncertainty.

Even with these improvements, the current literature is still disjointed, with studies that use different system assumptions, topology models, learning architectures, and evaluation methods. Furthermore, the majority of existing surveys examine STINs from overarching architectural or standardisation perspectives, providing insufficient analysis of the relative advantages and disadvantages of topology-aware learning-based routing methodologies. This review fills this gap by looking closely and systematically at routing intelligence in STINs, with a focus on topology-aware methods that use GNNs and hybrid GNN–RL frameworks. This review seeks to elucidate contemporary research trends, pinpoint unresolved challenges, and delineate promising avenues for future investigations into intelligent routing within next-generation satellite-terrestrial networks by conceptualising STIN routing as a dynamic graph learning problem. Fig. 1 shows how Satellite–Terrestrial Integrated Networks are set up as a whole.
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Fig. 1. Overall Architecture of a STIN

2. SATELLITE–TERRESTRIAL INTEGRATED NETWORKS AS DYNAMIC GRAPH SYSTEMS

2.1 Architectural Overview of Satellite–Terrestrial Integrated Networks
The space and ground segments of STINs are tightly linked so that they can provide seamless end-to-end connectivity. The space segment usually has LEO, MEO, and GEO satellite constellations that are connected by inter-satellite links (ISLs). The ground segment has gateway stations, terrestrial backhaul, and access networks (Giordani et al., 2020). LEO satellites have low latency and high spatial reuse, but they also change the topology quickly. GEO satellites, on the other hand, cover a wide area and have relatively stable connections, but they take longer to send and receive signals. Kodheli et al. (2021) said that routing in STINs must work across different layers with different mobility patterns, latency profiles, and control timescales.

2.2 Graph Modelling of STINs
From a network-theoretic point of view, STINs can be thought of as time-varying graphs, with nodes standing for satellites, gateways, or terrestrial routers and edges standing for communication links whose availability and properties change over time (Ekici et al., 2022). Edge weights usually represent delay, capacity, or reliability, while node features may represent traffic load or energy limits. Because satellites can move around, the connectivity graph changes all the time, which means that either snapshot-based or time-expanded graph representations are needed. This graph abstraction gives us a single way to represent the spatial relationships, multi-hop dependencies, and cross-layer interactions that are common in STIN routing problems (Wu et al., 2021). Figure 2 shows this even more clearly.
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Fig. 2. STIN as a Time-Evolving Graph Model

2.3 Routing Challenges Arising from Dynamic Graphs
As shown in Fig. 3, the fact that STINs can change makes routing more difficult in a number of ways. Frequent changes in topology cause links to be available only sometimes and paths to be possible only at certain times, which makes static shortest-path computation useless (Zhang et al., 2023). Large constellation sizes make signalling overhead and state-space complexity worse, and partial observability makes it harder for individual nodes to get global topology information (Liu et al., 2023). These factors together make it hard for traditional routing protocols to scale, stay stable, and adapt. This is why learning-based and topology-aware routing methods that can reason over changing graph structures are becoming more popular.
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Fig. 3. Routing Challenges Induced by Dynamic STIN Topologies

3. CLASSICAL AND NON–TOPOLOGY-AWARE LEARNING-BASED ROUTING

3.1 Classical Routing in Satellite and STIN Environments
Classical routing methods for satellite and satellite-terrestrial integrated networks are mostly based on terrestrial link-state and distance-vector protocols, which have been changed to work with satellite mobility and long propagation delays (Ekici et al., 2022). Many people have used shortest-path algorithms like Dijkstra and its variations with either periodically updated topology information or precomputed routing tables based on deterministic orbital models. These methods can take advantage of the fact that satellites move in a predictable way, but they require a lot of extra signalling and have trouble keeping routes optimal in large LEO constellations where link availability and traffic conditions change quickly (Kodheli et al., 2021). In addition, classical routing usually sees the network as a static or almost static graph, which makes it less able to respond to temporary congestion and failures.

3.2 Reinforcement Learning–Based Routing Approaches
Reinforcement learning (RL) has been investigated as an alternative to traditional routing because of its capacity to modify routing decisions through engagement with a dynamic environment. In RL-based routing, agents learn rules that connect the network states they see to forwarding actions. The goal is to improve long-term performance metrics like latency, throughput, or packet delivery ratio. Deep Q-Networks (DQNs) and policy-gradient methods are two types of DRL techniques that have been used in both satellite-only and satellite–terrestrial situations. These techniques are more adaptable than static routing schemes (Zhu et al., 2021; Zhang et al., 2023). These methods lessen the need for explicit topology dissemination and can better adapt to changing traffic patterns than traditional methods.

3.3 Limitations of Non–Topology-Aware Learning Methods
Even though they can be used in many different ways, many RL-based routing methods use topology-agnostic state representations that depend on local metrics like queue lengths, link delays, and neighbour statistics. These flat representations do not show the relational structure and multi-hop dependencies that are common in STINs. This makes them less scalable and less generalisable as the network size grows, as Liu et al. (2023) point out. Large constellations often have unstable training and slow convergence because the state space grows too quickly and the environments change too quickly. Additionally, policies acquired in one network configuration frequently fail to transfer efficiently to alternative constellation arrangements or traffic conditions, underscoring the necessity for explicit topology-aware learning mechanisms (Roth et al., 2024). Figure 4 shows the comparison. 
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Fig. 4. Flat State Representation vs. Topology-Aware Representation


4. Graph Neural Networks for Topology-Aware Networking

4.1 Fundamentals of Graph Neural Networks
GNNs are a type of deep learning model that works directly on graph-structured data by using information about how nodes are connected and how they relate to each other. Most GNN architectures use a message-passing model, where each node learns topology-aware representations by repeatedly gathering data from its neighbours. GNNs use stacked aggregation layers to get both local and global structural properties of the graph. This lets them generalise across graphs of different sizes and shapes (Wu et al., 2021). These traits make GNNs great for communication networks, where performance depends on interactions between multiple hops instead of just link metrics. Figure 5 shows how messages are passed in GNN.

4.2 GNNs in Communication Networks
GNNs are being used more and more to solve networking problems like routing, controlling congestion, predicting traffic, and allocating resources. GNN-based models can learn policies that adapt to changes in structure without needing hand-crafted features by encoding network topology and link attributes into node or edge embeddings (Scarselli et al., 2009). GNNs have been demonstrated to enhance scalability and robustness in dynamic network environments, particularly when network size or connectivity fluctuates over time, in contrast to conventional machine learning and reinforcement learning methodologies (Rusek et al., 2020).
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Fig. 5. Message-Passing Mechanism in a Graph Neural Network
4.3 Applications of GNNs in Satellite and Space Networks
In satellite and space networks, GNNs have been used to figure out how to route traffic between satellites, guess how the network will look, and choose paths that are aware of traffic. Their ability to understand how satellites are related to each other in space makes it possible to learn well across different constellation shapes and orbital arrangements. Recent research indicates that GNN-based routing models surpass topology-agnostic approaches in extensive LEO networks, yielding enhanced latency and stability amidst frequent topology alterations (Xu et al., 2024; Xiao et al., 2023). 

4.4 Limitations of Pure GNN-Based Routing
Even though they have some benefits, pure GNN-based routing methods usually only work with snapshot-based inference and don't have clear ways to optimise decisions over time (Liu et al., 2023). Most GNN models work with static or discretised graph snapshots, which makes it hard to take into account the time-dependent and delayed rewards that are common in routing problems. Also, GNN inference by itself doesn't deal with trade-offs between exploration and exploitation or policy adaptation when traffic isn't stable. These constraints necessitate the amalgamation of GNNs with reinforcement learning to facilitate sequential, topology-aware routing decisions in dynamic STIN environments (Wu et al., 2021).

5. Hybrid GNN–Reinforcement Learning Frameworks for STIN Routing

5.1 Motivation for Hybrid GNN–RL Models
To route in STINs, you need to know about the topology and be able to make decisions in order. GNNs encode network structure and relational dependencies well, but they don't have ways to optimise and control things over time (Xu et al., 2024). RL, on the other hand, allows for policy optimisation by interacting with a changing environment. However, it doesn't work well when topology information isn't clearly modelled because it doesn't scale or generalise well. Rusek et al. (2020) emphasised that hybrid GNN–RL frameworks integrate these synergistic advantages by employing GNNs to produce topology-aware state representations that inform RL-based routing decisions, thus enhancing stability and scalability in dynamic STIN contexts, as illustrated in Fig 6.
[image: ]
Fig. 6. Hybrid GNN–Reinforcement Learning Routing Framework for STINs

5.2 Architectural Patterns of GNN–RL Integration
Most GNN–RL routing frameworks use one of three architectural patterns. The most common one is where a GNN acts as a state encoder, turning the network graph into node or edge embeddings that an RL agent uses to choose an action. Other designs include training GNN and RL components together from start to finish or decentralised multi-agent architectures where each node follows a local GNN–RL policy based on partial observations. Zhang et al. (2023) Centralised training with distributed execution is often used to find a balance between training speed and deployment ease in large-scale STINs.

5.3 Representative Applications in STIN Routing
Hybrid GNN–RL techniques have been utilised for inter-satellite routing, cross-layer path selection, and traffic-aware routing within integrated satellite–terrestrial environments. Recent research indicates substantial performance improvements compared to traditional routing and independent reinforcement learning methods regarding end-to-end latency, packet delivery ratio, and convergence speed (Hu et al., 2024). GNN-based encoders allow policies trained on one constellation size or topology to work with new network configurations, which is very important for STIN to work in real life (Xu et al., 2024).

5.4 Comparative Perspective
Hybrid GNN-RL approaches converge faster, are more robust to changes in topology, and scale better as the size of the network grows than topology-agnostic RL approaches. Hybrid models outperform pure GNN inference in the long term by explicitly optimising routing policies over time. Liu et al. (2023) observed that these advantages are accompanied by heightened computational complexity and training overhead, underscoring the necessity for efficient model design and streamlined inference for onboard satellite deployment.

6. HIERARCHICAL AND MULTI-AGENT EXTENSIONS

6.1 Multi-Agent Learning in STIN Routing
Because STINs are so big and spread out, routing decisions are often made locally at satellites or gateways based on only a few observations of the network. This has led to the use of multi-agent reinforcement learning (MARL), in which several agents learn how to route data in a coordinated way by interacting with each other in a decentralised way. In STIN settings, MARL facilitates scalable routing management and diminishes reliance on global state distribution (Zhang et al., 2023). Nonetheless, non-stationarity resulting from simultaneous agent learning and restricted observability presents a considerable challenge, frequently resulting in unstable convergence and suboptimal coordination in the absence of explicit topology-aware representations (Roth et al., 2024).

6.2 Hierarchical STIN Architectures
As shown in Fig. 7, STINs have a hierarchical structure by nature. GEO, MEO, and LEO satellite layers work over different spatial extents and timescales, while terrestrial networks provide relatively stable backhaul connectivity (Giordani et al., 2020). Hierarchical routing architectures take advantage of this structure by splitting routing decisions across layers. This lets higher tiers do long-term planning while lower tiers do quick, local adjustments. Kodheli et al. (2021) say that this kind of decomposition makes calculations easier and makes systems more scalable, but it does require that lower-level topology and state information be properly abstracted to higher-level controllers.

6.3 Role of Topology-Aware Learning in Hierarchical Routing
Using GNNs for topology-aware learning is a natural way to create hierarchical abstraction in STIN routing. GNN-based embeddings can condense detailed topology data into small representations that help with decision-making at multiple levels (Liu et al., 2023). When combined with hierarchical or multi-agent RL, these representations make it possible to coordinate routing policies across satellite layers while still being able to grow and change. Even though the first results are promising, there are still open research problems with training complexity, cross-layer coordination, and real-time deployment (Xu et al., 2024).
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Fig. 7. Hierarchical and Multi-Agent Topology-Aware Routing in STINs

7. DATASETS, EVALUATION METHODOLOGIES, AND BENCHMARKING PRACTICES

7.1 Simulation-Based STIN Datasets
Because there isn't a lot of real-world measurement data, most studies on STIN routing use simulation-based datasets made with orbital mechanics models and network simulators. Some of the most common tools are STK-based orbital models, NS-3 satellite extensions, and custom graph generators that mimic changing inter-satellite and satellite-ground connectivity (Jiang et al. 2023). These datasets usually include models of satellite mobility, link intermittency, and traffic demand, but they often have very different constellation sizes, traffic assumptions, and update granularities, which makes it hard to compare studies.

7.2 Performance Metrics
Metrics like end-to-end latency, packet delivery ratio, throughput, and routing stability are often used to measure how well STINs route traffic (Goteti & Reddy, 2025). Learning-based studies also talk about how fast convergence happens, how rewards change over time, and how strong policies are when the topology changes. In satellite scenarios, energy use and control overhead are becoming more important because of limited resources on board. But the way metrics are defined and reported is very different, which makes it hard to compare routing methods objectively (Muzammal et al., 2022).

7.3 Benchmarking Challenges
Li et al. (2025) said that one of the biggest problems with testing topology-aware routing methods is that there aren't any standard benchmarks or reference datasets. Inconsistent performance claims are often caused by differences in constellation models, traffic patterns, and simulation assumptions. Additionally, numerous learning-based studies utilise oversimplified baselines that inadequately represent cutting-edge routing protocols (Veres, 2025). Setting up open datasets, shared evaluation scenarios, and reproducible benchmarks is still very important for moving forward with research on smart STIN routing (Mondragon Guadarrama et al., 2025).
8. Open Research Challenges and Future Directions
Even though there has been a lot of progress in topology-aware learning for STIN routing, there are still some problems that need to be solved. One major problem is scaling up to mega-constellations, where thousands of satellites make high-dimensional graphs that change quickly (Chen et al. 2025). GNN-based models make it easier to generalise, but their high computational cost and message-passing overhead may make it hard to use them in real time, especially on satellite platforms with limited resources. Creating lightweight and distributed learning architectures is still an area of research that needs to be explored.
 
Another big problem is that learning environments aren't always the same. In STINs, both the way the network is set up and the way traffic flows change all the time, which goes against the stationary assumptions that many reinforcement learning algorithms are based on. This frequently results in unstable training and diminished performance during deployment. Adding prediction-aware learning, continual learning, or meta-learning methods could make the system more stable in these situations (Alegre et al., 2021).

There is still not enough research on hierarchical and cross-layer coordination. Early research has examined hierarchical reinforcement learning and multi-agent frameworks; however, efficient coordination among satellite layers and between space and terrestrial segments continues to be an unresolved issue (Kolakowski et al., 2025). For scalable multi-layer routing control, you need topology-aware abstractions that find the right balance between decision granularity and computational efficiency.

The absence of standardised datasets and benchmarking frameworks persists in obstructing objective assessment and reproducibility. Setting up open STIN routing benchmarks that take into account real-world mobility, traffic patterns, and failure scenarios is important for fair comparison and the growth of technology. Aligning with new 3GPP NTN standards will make future research even more useful (Chen et al., 2025).

Lastly, deployment limitations like processing limits on the device, energy use, and communication overhead need to be carefully thought about. One of the biggest problems is still figuring out how to make performance gains in simulations work in the real world. This requires working together to design learning algorithms and satellite system architectures.

9. CONCLUSION
This review has looked at routing in STINs from the point of view of topology-aware learning. It has also talked about the problems with classical and topology-agnostic learning-based methods in satellite-terrestrial environments that are very dynamic and large-scale. In framing STINs as time-evolving graph systems, the review highlighted the need for routing decisions to explicitly account for structural dependencies, multi-hop interactions, and heterogeneous network layers. The survey revealed that although reinforcement learning offers adaptability to fluctuating network conditions, its efficacy is limited by flat state representations and inadequate generalisation. Graph Neural Networks get around these problems by letting you make structured, topology-aware representations that work with networks of different sizes and shapes. Hybrid GNN–RL frameworks emerge as a promising solution, combining relational awareness with long-term policy optimization and demonstrating superior performance in dynamic satellite and integrated network scenarios. The review also found major problems with scalability, non-stationarity, hierarchical coordination, benchmarking, and putting things into practice in the real world. To solve these problems, we need to make progress in lightweight graph learning, continuous and hierarchical learning systems, and standardised evaluation frameworks that are in line with the new 6G and 3GPP NTN standards. In general, topology-aware learning is an important part of making intelligent routing possible in future STINs. This review aims to be a reference for researchers and practitioners who are working on scalable, robust, and deployable routing intelligence for next-generation satellite-terrestrial networks. It does this by bringing together current research trends and pointing out areas that need more work.
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Figure 5: Message-Passing Mechanism in a Graph Neural Network
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Figure 3: Routing Challenges in Dynamic STIN Topologies
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