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Abstract

This paper explores traffic engineering (TE) for large-scale
Low-Earth-Orbit satellite constellations. While there is rich
prior work on TE algorithms for global cloud wide-area net-
works (WANSs), they are designed for static network topolo-
gies and often require significant computation time for large-
scale networks. Such limitations make existing WAN TE al-
gorithms unsuitable for large-scale satellite networks which
rapidly change topology and require computing optimal traf-
fic allocation under stringent latency constraints.

We present SaTE, a low-latency TE algorithm for large-
scale satellite networks, computing traffic allocation at mil-
lisecond latency. SaTE formulates a heterogeneous graph to
model the TE problem, adapting to dynamic satellite topolo-
gies. By removing redundant graph relations, SaTE reduces
computational latency, allowing the graph to be efficiently
learned by a graph neural network that leverages GPUs to
rapidly infer traffic allocations. SaTE also exploits the simi-
larity of satellite network topologies and the geospatial dis-
tribution of traffic demands to facilitate model training. We
evaluate SaTE through extensive data-driven simulation on
today’s largest satellite constellation, Starlink with 4236 satel-
lites. Our results show over a 23.5% improvement in satisfied
demand with an average TE runtime of 17 ms, achieving a
2738% speedup compared to commercial solvers.
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1 Introduction

Satellite networks have experienced rapid growth in recent
years [3], providing high-speed internet [66], direct-to-phone
services [12], as well as IoT connectivity for applications like
global asset tracking [21] and precision agriculture [41]. The
scale of these satellite networks has significantly evolved;
for example, Starlink, serving 3 million users, has deployed
over 6,000 satellites and plans to expand to 12,000 [50].

As constellations grow and traffic demands from users
surge, satellite networks must carefully allocate traffic be-
tween satellite nodes to enable high-throughput services. Ex-
isting traffic allocation methods for satellite networks, such
as congestion avoidance [16, 56, 64] and Quality of Service
(QoS) constraints [4, 14, 46] based routing, often create con-
gestion and hotspots in the network due to their distributed
nature [17, 51]. Similar issues in terrestrial WANs have driven
recent advancements in centralized traffic engineering (TE)
algorithms [1, 29, 55, 61, 73, 78], which computes traffic al-
location along preconfigured paths as a global optimization
problem to achieve goals like maximizing overall through-
put. While software-defined networking (SDN) for satellites
paves the way for applying these TE algorithms to satellite
networks [5, 43, 83], the dynamic nature of satellite networks
presents challenges to existing TE algorithms.

(1) Frequent Topology Changes: Unlike the static topol-
ogy of terrestrial WANS, the topology of LEO satellite net-
works (e.g., Starlink) changes frequently, ranging from sec-
onds to as fast as every 70 ms (Sec. 2.3.1). These changes
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make configured network paths quickly obsolete, often out-
pacing even a few seconds of TE computation time (Sec.
2.3.2), causing considerable throughput degradation. (2) Traf-
fic Fluctuations: user-facing network traffic experiences sub-
second dynamics [23], while traffic predictions can natu-
rally be erroneous [61]. These factors necessitate real-time
reaction from TE systems to handle instantaneous traffic
fluctuations. However, existing TE algorithms cannot meet
both dynamics. Commercial solvers [24] and heuristic meth-
ods [1, 29, 55, 73] exhibit polynomial or higher complexity
in TE computation as network scale increases, taking min-
utes to compute—too slow to keep up with fluctuating traffic.
Recent learning-enabled TE solutions provide fast TE com-
putation on static WANSs [61, 78], but their trained models
are tied to a single topology and require hours of re-training
for each change—impractical for the vast number of vary-
ing topologies in satellite networks. Thus, there remains a
gap for a low-latency TE solution adaptable to fast-changing
topologies and dynamic traffic in satellite networks.

We present SaTE, a low-latency TE algorithm designed
for dynamic satellite constellations. At the core of SaTE is a
novel satellite TE graph design that models the entire TE prob-
lem, enabling the use of graph neural network (GNN) layers
alone to rapidly compute TE and adapt to frequent changes
in topology and traffic. In addition, SaTE facilitates its model
training by exploiting the structural similarity of satellite
topologies and the geospatial distribution of user-facing traf-
fic demands, significantly reducing the size of the training
dataset while generalizing well to unseen topologies. Our de-
tailed evaluation on a simulated 4236-nodes Starlink constel-
lation, reveals that SaTE achieves a 2738 improvement in
computational latency compared to commercial solvers [24].

SaTE aims to compute TE for large-scale satellite networks
with low latency. Existing GNN-based TE [78] relies on graph
designs that capture only partial TE components (e.g., link
connectivity) and require dense neural networks (DNNs)
layers to model essential relations like traffic demands and
path associations. However, DNN layers require fixed input
dimensions, fail to generalize to unseen topologies, necessi-
tating frequent retraining. To address this, SaTE formulates
a heterogeneous graph! that models the entire TE problem.
This design eliminates the need for DNN layers, allowing
GNNs to learn and solve TE entirely. This approach gen-
eralizes to unseen topologies and accommodates dynamic
changes in key satellite TE components, such as varying in-
put dimensions for network paths and traffic demands. SaTE
also reduces computational latency by removing redundant
relations from the graph. The simplified graph is then used
to build an attention-enabled GNN for traffic allocation.

1A heterogeneous graph represents different types of entities and relations.
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Figure 1: Satellites are interconnected via ISLs and com-
municate with users through spot beams, providing In-
ternet access via gateway stations. The network states
are monitored and managed by a control center, where
TE computation is performed. This paper focuses on
developing low-latency TE algorithms to compute traf-
fic allocations across end-to-end paths.

Additional considerations in SaTE are training feasibility
and effectiveness. For constellations with thousands of nodes,
each training data point and its corresponding graph require
memory (e.g., 335 GB for Starlink) far exceeding GPU capac-
ity [59]. Moreover, distributing the training of a single graph
across multiple GPUs with performance guarantees remains
an open challenge [79, 82]. SaTE addresses this issue by prun-
ing non-contributory elements from the TE input, leveraging
the sparsity in global distribution of satellite users [7, 49, 69],
as satellites over sparsely populated areas (e.g., deserts) of-
ten have no traffic demand, leaving many paths idle. This
input pruning is enabled by our graph design, which allows
the use of GNN layers alone, unlike prior works relying on
DNN s that require fixed-sized inputs. Another challenge is
the vast number of varying topologies for Starlink. Covering
all possible topologies risks overfitting [81] and high training
overhead. Instead, SaTE explores the similarity of satellite
topologies—while the satellites” geometric positions change
as they orbit the Earth, certain network topologies remain
similar or isomorphic. Thus, we develop a topology prun-
ing method that reduces the number of training data points
required while maintaining SaTE’s performance. By combin-
ing these pruning methods, SaTE condenses the dataset size,
making training feasible while reducing training overhead.

We evaluate the feasibility of SaTE through extensive data-
driven simulations on Starlink [18], with 4236 satellites?. Qur
evaluation includes scenarios where Starlink satellites are
solely linked with space lasers (as they currently operate
with over 10000 lasers [37, 66]) and scenarios where they

2Qur simulation is based on the four completed orbital shells already
launched by SpaceX, for which reliable orbital parameters are publicly
available. We chose not to include satellites from incomplete orbital shells,
as the lack of a consistent topological structure makes it difficult to model
and evaluate those configurations accurately.
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are partially linked with ground relays. We generate traffic
matrices for 3 million satellite users globally, with fluctuating
traffic across services such as voice, video, and file transfer,
and varying overall traffic loads (e.g., arrival intensity). The
trained model of SaTE is evaluated on unseen topologies and
traffic flows. Our results reveal that:

e SaTE achieves 17 ms computational latency® in solv-
ing Starlink’s TE problems, improving by 2738% over
commercial solvers [24].

o SaTE satisfies at least 11.0% more traffic demand in Star-
link, outperforming state-of-the-art methods [24, 35, 55,
78] by over 23.5%.

o SaTE demonstrates generalizability across various scales
of satellite networks, tested on unseen topologies and
traffic from the trained model.

Contributions: SaTE’s core contributions include:
e A low-latency TE computation solution for dynamic
large-scale LEO satellite constellations.
o A dataset pruning technique that significantly reduces
the training dataset volume, facilitating model training.
o Detailed evaluation of SaTE performance on a simulated
mega-constellation, Starlink.

2 Background and Motivation
2.1 Primer on Satellite Networks

This paper focuses on non-geostationary satellite constel-
lations that implement inter-satellite links (ISLs). Examples
include Iridium [48] with radio-frequency links, and Star-
link using space lasers (up to 200 Gbps [68]) across over
4,000 satellites [37], with some scenarios using "bent-pipe"
links [28, 58] (ground relays linking close satellites). His-
torically, satellite communication relied solely on ground
stations; requiring satellites to wait until they were within
range of ground stations for data relay. ISLs [28, 34, 53] now
enable direct satellite-to-satellite communication, forming
an independent switched network—a satellite network. Our
work focuses on in-space end-to-end communication scenar-
ios, where traffic is transmitted through multiple satellite
hops. Fig. 1 shows a typical satellite network architecture.

Satellite constellations are organized into orbital shells—
distinct layers of satellites each operating at specific altitudes.
For instance, Starlink’s four shells are at altitudes of 540, 550,
560, and 570 km. These shells form the network topology
that connects satellites both within the same shell and across
different shells. As satellites orbit, the network topology
varies, mainly induced by two types of connections:

(1) Links within the same shell: Within each shell, each
satellite usually connects with four neighbors: two on the

3The time to compute the optimal traffic allocation.
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Figure 2: Network topology refers to the physical con-
nectivity structure formed by satellites and links. (a)
shows a grid of satellites within a single orbital shell,
all at the same altitude, interconnected via ISLs, e.g.,
lasers. (b) and (c) show a two-shell constellation, with
cross-shell links formed by (b) lasers or (c) ground re-
lays using RF.

same orbit (intra-orbit links) and two on adjacent orbits
(inter-orbit links), as shown in Fig. 2 (a). The intra-orbit links
are generally more stable and rarely change, while inter-orbit
links are deactivated when satellites reach high latitudes due
to the excessive viewing angles between satellites in neigh-
boring orbits [11], leading to changes in network topology.
For Starlink, these links operate on space lasers.

(2) Cross-shell links: Satellites in different orbital shells
can be interconnected via two primary methods, each de-
picted in Fig. 2 (b & c). The first method involves direct
laser links that connect satellites across different orbital
shells. These links frequently re-pair due to the relative mo-
tion among satellites located in separate shells [44]. The
second method connects satellites through ground station
relays, known as "bent-pipe" links [47], which are commonly
utilized when direct laser systems are not yet fully opera-
tional [28, 58]. These ground relay-based radio-frequency
links undergo frequent changes as non-geostationary satel-
lites rapidly move relative to the ground.

2.2 Primer on Traffic Engineering

Centralized TE [76] is a well-established concept that has
been extensively researched and deployed in production
WANS [30]. The TE workflow shown in Fig. 3, involves a
control center that periodically gauges traffic demands (by
a bandwidth broker [35]), computes traffic allocation, and
translates the results into router configurations deployed
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Figure 3: Workflow of Traffic Engineering.

through SDN [6, 19, 36]. Central to TE is an optimization
algorithm that computes the allocation of the traffic demand
across preconfigured network paths, aiming to optimize a
TE objective, such as maximizing overall throughput. We
outline a typical satellite TE workflow as follows:

(1) Traffic Matrix Acquisition: Satellite users must estab-
lish connections prior to data transmission to facilitate the
allocation of channel resources (e.g., beam time slots). This
procedure typically involves authentication by the control
center, which can also be leveraged to estimate traffic de-
mands based on traffic types and service-level agreements.
Examples are provided in Appendix D. The aggregated de-
mands form a traffic matrix, with each entry representing
total authorized demand between specific satellite pairs.

(2) Topology Determination: Satellite network topologies
change over time but are predefined by satellites” designated
orbits. A satellite topology refers to the network’s connectiv-
ity structure. The TE control center monitors satellite coordi-
nates and network state [32] in real time, adapting to subtle
changes in the topology. Thus, the topology is determined
in advance of TE computation.

(3) Network Path Preconfiguration: Traffic paths (e.g.,
from source A to destination B) are precomputed based on the
determined network topology. Network operators use rout-
ing algorithms and configure these paths with techniques
like MPLS labels [22, 55, 78] prior to TE computation.

(3) TE Computation: With the traffic matrix, topology, and
paths as inputs, the TE algorithm computes the optimal allo-
cation for each traffic flow across its candidate paths. The TE
objective, defined by the operator, typically aims to achieve
goals such as maximizing throughput. The mathematical
formulation of TE is detailed in Appendix A.

(4) Traffic Rule Distribution and Loading: Traffic allo-
cation results are converted into traffic rules for onboard
satellites switches. These rules are distributed to satellites
via the control center and propagated through ISLs with
minimal delays. Satellites then compile and load the rules
into their flow tables.
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Scope of The Work: The paper focuses on the TE com-
putation step within the broader TE workflow (Fig. 3). The
workflow operates periodically over fixed time intervals,
with the duration primarily determined by the runtime of
TE computation step. While other steps in the workflow
typically take within sub-second timescales®, traditional TE
computation methods [1, 22, 29, 38, 55] require several min-
utes to even hours for large-scale networks with thousands
of nodes. This creates a runtime bottleneck in the workflow,
resulting in significant bandwidth waste and delays in traf-
fic allocation adjustments (as discussed in Sec. 2.3.2). Our
goal is to develop low-latency TE algorithms designed for
large-scale, dynamic satellite networks.

2.3 Dynamics and Implications for TE

2.3.1 How Long Does A Topology Hold?

Changes in network topology are induced by changing
ISLs due to the relative motion between satellites and asyn-
chronous movement of the satellites relative to Earth. Here,
we provide an analysis of the Topology Holding Time (THT),
which measures how long a topology remains unchanged.
We focus our analysis on Starlink with 4236 satellites.

Topology Generation for Starlink: We generate the topol-
ogy snapshots for Starlink based on FCC specifications [18].
A) Each Starlink satellite connects with four neighbors within
the same shell using lasers, see Fig. 2 (a). These ISLs remain
stable and only break when the satellites reach high latitudes
larger than 75°. B) Each satellite also connects with the near-
est satellite in neighboring shells, forming cross-shell links.
Our analysis includes two scenarios with different types of
cross-shell links deployed: (B.1) Cross-shell links via lasers:
Each satellite connects to the nearest satellite in adjacent
orbital shells via lasers (see Fig. 2 (b)). The link remains un-
til the distance exceeds 2,000 km. (B.2) Cross-shell links via
ground relays: Each satellite connects to the nearest ground
relay using RF (see Fig. 2 (c)). The link remains until the
satellite is at an elevation angle lower than 25° relative to
the ground relay [18]. Ground relays are globally deployed
at 222 real-world locations [49].

THT Analysis: We sample 40,000 consecutive topology
snapshots every 12.5 ms. THT is measured as 12.5k ms, where
k is the number of sampled intervals in which the topology
remains unchanged. Fig. 4 (a) shows the CDF of THT, with a
maximum of around 700 ms and an average of 70 ms. Cross-
shell link types do not significantly impact THT.

4Less than 174 ms for rule distribution (i.e., sending traffic rules from the
control center to satellites, as detailed in Appendix D), 56 ms for path
calculation (Sec. 4), and approximately 100 ms for satellites to update their
flow tables with the received rules [75].
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Figure 4: (a) Average THT for the four-shell Starlink
constellation is 70 ms. (b) Configured paths (e.g., short-
est paths) become invalid over time due to changes of
ISLs. Within 150 seconds, over 56% of 14,941 configured
paths in Starlink become obsolete. (c) Longer intervals
result in significant link exclusion and waste.

2.3.2  Implications.

(1) Implication of Topology Changes: Traditional TE
computation for large-scale networks with thousands of
nodes often requires several minutes to solve, creating a run-
time bottleneck in the periodic TE workflow and delaying
subsequent rounds. Then, many configured paths become
outdated over time during a TE workflow round, as shown in
Fig. 4 (b). To ensure performance, TE computation considers
only ISLs that remain consistent during the computation run-
time. However, longer computation times result in greater
link exclusion and substantial bandwidth waste.

To quantify this impact, we analyze 40,000 consecutive
topology snapshots of Starlink sampled every 12.5 ms. For
a given interval (i.e., 12.5k ms), we retain only ISLs present
in every snapshot. We then calculate the ratio of excluded
ISLs to the total number of potentially changing ISLs (a num-
ber primarily contributed by cross-shell links), with results
shown in Fig. 4 (c) for intervals ranging from 12.5 ms to 250 s.
We note that longer intervals result in a significant fraction
of ISLs becoming outdated and excluded. This underscores
the importance of low-latency TE computation to reduce
link exclusion and bandwidth waste.

(2) Implication of Traffic Fluctuations: Networks serve
user-facing traffic, which fluctuates over time. These fluctu-
ations prevent pre-allocation of traffic, requiring TE alloca-
tion to be computed rapidly in response to received traffic
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demands. Longer computation times delay adjustments, as
traffic demand may shift significantly during the period.

Motivation for Faster TE Computation: Frequent topol-
ogy changes and fluctuating traffic demands in satellite net-
works demand low-latency TE algorithms. Faster TE com-
putation can shorten the workflow interval, mitigate the
exclusion of ISLs caused by topology changes and enable
timely traffic allocation adjustments. This motivates the de-
velopment of SaTE, designed to compute TE at low latency.

2.4 Applying ML to Satellite TE

Scalability Challenges: Solving TE for satellite networks
with thousands of nodes is a large-scale optimization chal-
lenge, involving NP-hard linear programming. Existing heuris-
tic methods [1, 22, 29, 38, 55, 71, 73] typically require minutes
or even hours to compute solutions. Commercial solvers [24]
take 46 seconds for Starlink (see Sec. 5.1), which far exceeds
the THT shown in Fig. 4 (a). Consequently, many precon-
figured network paths become obsolete due to changes in
topologies, leading to degraded network performance.

Acceleration via Machine Learning: ML offers oppor-
tunities to overcome TE computation bottlenecks via GPU
parallelization. Recent studies [23, 61] use deep neural net-
works and multi-agent reinforcement learning to accelerate
TE in terrestrial WANSs but struggle with topology changes
in satellite networks, requiring frequent retraining follow-
ing topology changes. In contrast, model architectures like
GNNs are well-suited for learning from graph-structured
data with dynamic connectivity (e.g., topologies). Advanced
GNNs, like graph attention networks (GATs), are particularly
adept at handling variable-sized inputs and generalizing to
unseen graphs [9, 72]. This capability presents a promising
opportunity to address the challenges of satellite TE.

Limitations of Existing GNN-Based TE Solutions: How-

ever, recent GNN-based TE approaches [78] are hamstrung

for satellite networks due to their design of the input graph.

Specifically, their graphs only represent how individual links

(e.g., direct connections between nodes) are used in the con-

figured paths that span source-destination pairs. While this

relation can be learned using GNN layers, the graph [78] fails
to represent essential TE relations, such as the paths tied to
traffic demand. This critical relation is not captured by the
graph and instead requires additional learning layers, such
as DNN. Consequently, their models, consisting of GNN and

DNN layers, introduce the following limitations:

e Limited Generalization: As topologies change, the DNN
layers trained to process embeddings from a specific set of
paths cannot generalize to preconfigured paths in topolo-
gies that are not part of the training dataset (referred to as



SIGCOMM 25, September 8-11, 2025, Coimbra, Portugal

“unseen” topologies). This requires extensive re-training
(e.g., 6-10 hours [78]) whenever the topology changes.

Memory Challenges: DNN layers require fixed-sized in-
puts, which means all preconfigured paths for each source-
destination pair must be explicitly represented as inputs to
the DNN. In Starlink, with 4,236 satellites and 10 precon-
figured paths per source-destination pair, a single DNN
input has a path dataset of size 263 GB, exceeding com-
mercial GPU memory. The fixed dimensions prevent the
application of flexible pruning techniques, like those devel-
oped by SaTE (Sec. 3.4). These limitations make existing
learning-based TE approaches struggle to address the scale
and dynamics of satellite networks.

3 SaTE - Satellite TE
3.1 Overview

SaTE aims to achieve low-latency TE computation, enabling
rapid adaptation to frequent topology changes and fluctuat-
ing traffic demands in satellite networks. To achieve this, we
transform classic TE optimizations into an inference process
of neural networks, which can be accelerated by GPU, lever-
aging modern deep learning frameworks. The key enabler
of SaTE is a graph representation that models the satellite
TE problem. The graph is then used to build a GNN frame-
work. To make training on commercial GPUs feasible, SaTE
introduces a topology pruning method as well as a traffic
and path pruning approach, as shown in Fig. 5. The paper
addresses the two main challenges in SaTE’s design:

(1) Satellite Graph Design and Learning: Our solution
must design a graph that captures the changing interconnec-
tivity in satellite network topologies. Existing approaches
[33, 78] construct graphs based solely on the physical inter-
connectivity, serving as inputs to GNN layers. However, they
miss crucial correlations between traffic flows and feasible
paths—key for solving TE. To compensate for this, existing
methods rely on additional DNN layers, but this combination
of GNN and DNN struggles to generalize to dynamic and
unseen topologies, requiring frequent retraining. SaTE ad-
dresses this by formulating a heterogeneous graph that com-
prehensively represents all elements and relations critical to
the satellite TE problem. This graph enables the use of GNN
layers alone, allowing the model to generalize to dynamic
changes in the graph (e.g., topology, traffic demands, and
paths) and even entirely unseen graphs, thereby alleviating
the need for frequent retraining with each topology change.
Furthermore, SaTE reduces the number of relations within
the graph to remove computational redundancy and enhance
inference latency. Sec. 3.2 and 3.3 detail our approach.

(2) Dataset Pruning: The size of the input to the GNN
modules increases quadratically with the number of satellites.
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Figure 5: Overview. SaTE applies pruning to topologies,
traffic matrices, and paths—all of which constitute the
inputs to the GNN. The GNN computes traffic alloca-
tion (e.g., distributing 100 Mbps onto preconfigured
paths from satellite A to B) to optimize TE objectives,
such as maximizing overall throughput.

For example, Starlink, with its 4,236 satellites, generates a
data point of 335 GB for TE computation, which exceeds the
memory capacity of GPUs [59]. While multi-GPU training is
an active field of study, efficiently distributing and computing
a singular data point and its corresponding graph across
multiple GPUs remains an open question [79, 82]. Instead,
SaTE prunes massive input data to make it feasible to train its
model on a single GPU. Further, the vast number of varying
satellite topologies makes the training challenging as well.
Sec. 3.4 addresses these challenges. We note that the pruning
step is not merely an optional optimization, but a necessary
precondition for scalable training and inference.

3.2 Satellite Graph Modeling

In this section, we describe how SaTE designs a heteroge-
neous graph representation tailored for satellite networks.

Graph Design: A graph essentially represents a relational
mapping (i.e., edges) between elements of interest (i.e., nodes)
and serves as the input for any GNN model. Previous works
construct graphs to represent computer networks solely
from physical interconnectivity and associated preconfig-
ured paths [78], relying on additional DNN layers (e.g., an
MLP) that limit their ability to generalize to changing topolo-
gies. In contrast, SaTE constructs a heterogeneous satellite
TE graph to represent the entire TE problem. This graph
captures changes in topology, time-varying traffic matrices,
and path reconfigurations. These dynamics can then be mod-
eled by GNNs, which leverage their inherent generalization
capabilities to adapt even to unseen topologies.



SaTE: Low-Latency Traffic Engineering for Satellite Networks

(/ i R1: connects

R2: crosses R3: transports

connects

@

from/to

accesses

allocated to !

transports

crosses

contains

(a) (b)
Figure 6: (a) Heterogeneous satellite TE graph. (b)
SaTE’s simplified satellite TE graph.

The satellite TE graph includes the following key elements:
(1) Satellite — denotes the end nodes of ISL, including satellites
and potentially ground relays when "bent-pipe" links are
used; (2) Traffic — denotes traffic demands from users; (3)
Path - specifies the route taken by traffic from a source to
a destination satellite; (4) Link — connects two satellites via
ISL. We then specify the relations among these elements: e.g.,
satellites inter-connect each other; each path crosses chains
of satellites from a source to a destination, being able to
transport network traffic; each path contains a group of links.
Fig 6 (a) details all possible relations in the graph.

Graph Reduction for Enhanced Computational Latency:

GNNs learn complex dependencies and interactions within
a graph using message passing [26], where neighboring ele-
ments exchange and aggregate information based on specific
relations to update their embeddings (i.e., vector representa-
tions). However, SaTE’s satellite TE graph contains multiple
heterogeneous elements and relations, typically requiring
distinct message passing for each relation type (e.g., con-
nects, contains). As the number of distinct message passing
increases, so does the computational latency of the GNN.
Therefore, SaTE must simplify its heterogeneous graph.

To address this, SaTE reduces redundancy within the
graph by eliminating unnecessary relations while retain-
ing all essential information for TE computation. For ex-
ample, the "access" relation between Satellite and Traffic is
redundant because it is implicitly covered by the “crosses”
and “transports” relations. Specifically, the “crosses” relation
connects Path to Satellite, indicating which satellites are tra-
versed by each preconfigured path. Similarly, the “transports”
relation connects Path to Traffic, capturing the allocation of
traffic demands to paths. Together, these relations enable
message passing from Traffic to Satellite via Path, ensuring
that satellites receive traffic-related information without re-
quiring a direct “access” edge. In addition, the representation
of Link can be merged into the "connect” relation, with its
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link incorporated into the weight of the "connect" relation, fa-
cilitating the use of edge-weighted attention mechanism [40].
SaTE retains the Satellite element due to the dynamic nature
of satellite interconnections, which frequently break and
reform. Thus, this time-varying relation—where satellites
connect with each other—must be explicitly modeled and
learned by the GNN. Fig. 6 (b) shows the simplified satellite
TE graph. This simplification reduces the learning complex-
ity, leaving three types of relational pairs: (R1) Inter-Satellite
connections; (R2) Path-Satellite; and (R3) Path-Traffic.

3.3 Learning the Graph

Our discussion so far has covered how SaTE formulates a
comprehensive yet simplified satellite TE graph to adapt to
changing topologies and other TE elements while reducing
computational redundancy. This graph serves as the input
for graph neural networks, which are designed to learn rep-
resentations of graph-structured data [72].

SaTE’s simplified satellite TE graph includes three distinct
types of relations (R1, R2, R3, as shown in Fig. 6 (b)). To han-
dle this heterogeneity [70], SaTE uses three GNN modules,
each applied to process a type of relation. The architecture for
all GNN modules is based on the graph attention network [9],
which dynamically prioritizes the importance of neighbor-
ing nodes during information aggregation. This allows the
neural network to focus on the most relevant connections in
the graph, reducing the influence of irrelevant relations. The
three GNN modules sequentially aggregate and propagate
information according to their respective relations, as shown
in Fig. 7. Through this sequential structure, embeddings up-
dated by one module are passed to the next, capturing inter-
dependencies across embeddings and facilitating complex
inference through multiple layers of abstraction.

Embedding Initialization: We empirically select the em-
bedding dimension to be 768 for nodes and edges in the
simplified satellite TE graph (Fig. 6 (b)). As shown in the
table of Fig. 7, each embedding is initialized by multiplying
its respective TE input with a 1 X 768 learnable weight matrix
W, randomly initialized at the start. For example, node em-
beddings of satellites (NE1) are initialized using the number
of a satellite’s neighbors; while edge embeddings (e.g., EE1)
are initialized with the link capacity. Link or satellite failures
are handled by setting the corresponding capacities to zero,
which is inherently supported by the GNN design.

Inference through Message Passing: SaTE stacks multi-
ple GNN layers in each module to iteratively update the ini-
tialized embeddings. A layer’s input consists of a set of node
embeddings {0; € R?|i € N} where N is the node set and a
set of edge embeddings e; ; for all related nodes (e.g., an edge
exists between the graph nodes of two connected satellites in
the ‘GNN for R1’ module). Each layer computes a weighted



SIGCOMM 25, September 8-11, 2025, Coimbra, Portugal

QO Satellite Node © Path Node Q Traffic Node

GNNLayer ~NE! EEt NE2 EE2  NE3  EE3

| — Xjp
5 e | MLP-based
assing O D
ecoder
GNN for R1 GNN forR2  GNN for R3

Definition Initialization
NE1 Satellite Embedding Wie1 - #Neighbors
NE2 Path Embedding Wie2 - Path Length
NE3 Traffic Embedding Wies - Traffic Demand
EE1 WEee; - Link Capacity
EE2 Edge Embedding Wee: - Node’s Position
EE3 Wees - #Candidate Paths

Figure 7: SaTE’s graph is learned by a GNN framework
with three modules, each processing a relation shown
in Fig. 6 (b). The table summarizes the initialization of
node (NE) and edge (EE) embeddings.

average of the embeddings of the neighbor nodes and related
edges, followed by a nonlinear function LeakyReLU(-)), to
produce a new set of node embeddings {v] € R?|i € N}:

K
’ k k k
U; H(")s'vi"' ( Z aj,i(@n-vj+®e~ej,i) s
k=1\ jer(i)

0] — LeakyReLU(v;),

1)

where «, © are learned attention scores and weights, r(i)
denotes neighbors of node i, and || denotes vector concatena-
tion. A detailed description of these parameters is provided
in Appendix F. Within the framework, embeddings are up-
dated sequentially across three GNN modules: ‘GNN for R1’
module computes satellite embeddings. ‘GNN for R2’ module
updates satellite and path embeddings concurrently to mu-
tually enhance their representations. ‘GNN for R3’ module
refines path embeddings and traffic embeddings together.
Finally, an MLP decoder computes the traffic allocation x;,,
which represents the amount of traffic j assigned to path p.

Correction for Constraint Violation: Neural networks
including GNNs are inherently soft constraint models, mean-
ing they approximate solutions but do not strictly enforce
hard constraints during optimization. For example, they can-
not guarantee that the total bandwidth allocated to a flow
will not exceed its demand or that traffic allocation will re-
main within link capacity limits. As a result, the computation
outcome x;, may violate TE constraints. To address this, we
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trim overloaded traffic, ensuring the final TE solution is fea-
sible. Evaluation results in Sec. 5 account for this trimming.

Training Method: We train the GNN model using super-
vised learning, with ground-truth labels for traffic allocation
generated by the commercial solver Gurobi [24]. These la-
bels are obtained by solving the TE problem with the same
set of inputs, including traffic demand, network topology,
and paths, ensuring alignment with SaTE’s input data. Dur-
ing training, we iteratively calculate the loss between the
label x;.‘p and the traffic allocation x;, computed by SaTE.
The loss is backpropagated to update all model parameters:
attention scores a, weights ©, and embedding initialization
matrices W in each message passing layer. The loss function
and hyperparameter are detailed in Appendix B.

3.4 Dataset Dimension Pruning

The input size to the GNN model increases quadratically with
the scale of satellite constellations. Mega-constellations like
Starlink, with thousands of satellites, result in large-sized in-
puts. For example, Starlink, with its 4,236 satellites, generates
a data point of 335 GB. This includes a 4,236x4,236 float traf-
fic matrix (72 GB), where each element specifies the demand
between source-destination pairs, and a 4,236x4,236 path
matrix with 10 preconfigured paths per entry (263 GB). This
total size far exceeds typical GPU capacity (e.g., 80 GB on
an NVIDIA A100 [59]). While multi-GPU training is being
explored, training a single data point and its correspond-
ing large graph across multiple GPUs with performance
guarantees remains an open challenge [79, 82]. Furthermore,
mega-constellations exhibit numerous varying topologies,
and training on all possible topologies risks overfitting and
incurs high training overhead.

Existing GNN-based TE approaches rely on DNN layers
to model key relations to TE [78], but these layers require
fixed-sized input dimensions. Furthermore, these DNN layers
cannot generalize to dynamic and unseen topologies, requir-
ing frequent retraining. In contrast, in Sec. 3.2 and 3.3, SaTE
introduces a graph design that models the entire TE problem
and is learned solely by GNN layers. By leveraging attention-
enabled GNN [72], SaTE can process variable-sized inputs,
enabling traffic and path pruning. Additionally, the inductive
learning capabilities of GNNs [9] allow SaTE to generalize
to unseen topologies, enabling training on a small set of rep-
resentative topologies instead of all possible snapshots. This
section details two pruning strategies:

Traffic & Path Pruning: SaTE prunes the traffic and path
matrices by leveraging the uneven distribution of satellite
users [65, 66]. While the entire satellite network provides
global coverage, some satellites often receive zero traffic,
especially when passing over sparsely populated areas such
as deserts [7]. Thus, we retain only the non-zero elements
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Network  Path Dataset Volume Traffic Dataset Volume Total
Scale Original  Pruned Original Pruned _ Reduction
66 0.014 1.1E-04 2.9E-10 7.52E-09 132x
369 0.91 1.9E-03 3.8E-06 3.51E-08 481x
1584 30.45 6.4E-03 4.3E-05 5.57E-08 4751x
4236 335.72 0.015 2.8E-04 1.66E-07 22381x

Table 1: The average volume of one data point (unit:
GB). Volume reduction is achieved by pruning.

in the traffic matrix and exclude idle paths with zero traffic
input from the training dataset. Such pruning still preserves
the spatial dynamics of satellite networks by recording the
source and destination of each traffic demand, thus main-
taining representational fidelity. Table 1 shows that pruning
reduces Starlink data volumes by up to 22,381X, shrinking a
data point from 335 GB to 15 MB.

The pruning method is applicable only to fully GNN-based
frameworks. It cannot be applied to hybrid models with
DNN:s. This is because DNNs require fixed-size and position-
specific input structures, and a model trained on a specific
pattern of non-trivial traffic matrix entries cannot generalize
to new patterns where the positions of active entries differ.

Topology Pruning : SaTE leverages the fact that certain
satellite network topologie snapshots are similar or isomor-
phic as satellites orbit the Earth. Instead of traversing all pos-
sible topology snapshots, we train the model on a small set
of representative topologies with diverse structures, where
the set size can be customized. Specifically, our empirical
study in Sec. 5.3 shows that when trained with 512 represen-
tative topologies for Starlink, the model can already outper-
form state-of-the-art approaches. Appendix E details how
we extract those representative topologies from a large set of
snapshots using Determinantal Point Process sampling [42].

4 Implementation and Evaluation

SaTE Software: SaTE is implemented in Python, trained
and deployed on Microsoft Azure with an NVIDIA A100
GPU, 24 cores, and 220 GB memory. SaTE’s model uses traf-
fic matrix, network topology, and ten pre-calculated shortest
paths between each source-destination pair to compute opti-
mal traffic allocation. We implemented a satellite trajectory
emulator to generate realistic network topologies based on
orbital parameters from FCC official specifications [18]. Since
Starlink has not disclosed its traffic traces or per-country
gateway distribution, we developed an in-house satellite net-
work simulator to produce traffic matrices for evaluation.
This work does not raise any ethical issues.

Starlink Constellation: Based on the orbital parameters
from FCC specifications [18], we emulate satellite trajectories
using the open-source orbital mechanics emulator [63]. The
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emulation replicates the largest actively operating satellite
constellation as of April 2024: Starlink (Phase 1), with 4,236
satellites. These satellites are distributed across four orbital
shells, as detailed in Table 4 in Appendix G.

Starlink Topology: We generate the topology snapshots
for Starlink based on the emulated satellite trajectories. As of
March 2024, Starlink has been operating over 10,000 lasers [67,
68]. Additional details about ISLs, including the conditions
under which they form and break, are provided in Sec.2.1
and 2.3.1. Our evaluation presents results for two scenarios
with different types of cross-shell links. All links via lasers
and ground relay have a capacity limit of 200 Mbps®.

Other Constellations: To evaluate SaTE’s performance on
various network scales, we simulate additional constellations:
(1) Iridium: A constellation of 66 satellites in a single shell
at 781 km altitude, using Ka-band ISLs [34]. (2) Mid-Sized
Constellations: By retaining only the first two orbital shells of
Starlink and reducing the number of orbital planes by factors
of 8 and 2, we created two mid-sized constellations with
396 and 1584 satellites, serving as intermediaries between
Iridium and full-scale Starlink.

Satellite Traffic Matrices: Our simulations place 3 million
globally distributed users and 1000 gateways based on pop-
ulation density [20], with adjustments using a smoothing
factor to account for remote areas (detailed in Appendix G).
Traffic flows include user-to-user services such as voice and
video, and gateway-to-user traffic, where users access Inter-
net data through gateways. Traffic is routed directly through
satellite links, with users and gateways directly connected
to satellites. The traffic parameters are detailed in Table 2.
In each 1-second interval®, a Poisson process with traffic
intensity A (flows per second) generates new flows between
randomly selected user pairs or between a gateway and a
user. This process introduces stochastic fluctuations in traf-
fic generated. The parameter A controls traffic loads. Each
flow’s traffic demand is associated with the satellites directly
connected to the user or gateway and is represented as a
demand between the corresponding satellite pair. The traffic
matrix is generated by aggregating the total demands of both
new and ongoing flows between each satellite pair. Uplink
and downlink capacities are set to 50 Mbps per connection.

Path Calculation: 10 shortest paths are precomputed per
satellite pair for routing. Instead of recalculating all paths ev-
ery interval, only those impacted by topology changes—such
as newly consistent ISLs or removed links—are updated. This
incremental approach detailed in Appendix C updates fewer

>We intentionally scaled down both bandwidth and the number of flows
proportionally to avoid the overhead of managing the lifetimes of numerous
flows. It does not affect the validity of our findings, as our primary focus is
on evaluating relative performance trends rather than absolute throughput.
®Tridium uses 20-second intervals due to much slower topology changes.
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Business Type Demand Duration
Voice 64 Kbps? 1 to 10 minutes
Video 8 Mbps® 5 to 30 minutes

File Transfer 50 Mbps 26 to 130 minutes®

a. G.711 standard b. Typical bitrate of 1080P videos
c. Duration corresponds to file transfers of 10 to 50 GB

Table 2: Traffic Flow Parameters

than 2% of paths per second, with an average computation
time of 56 ms.

Training and Testing Datasets: We train separate models
for different satellite constellations. For each constellation,
we collect 10,000 time-varying topologies at an 1-second
interval as satellites move and associate them with fluctuat-
ing network flows at various levels of traffic intensity. We
maintain a training to testing data size ratio of 4:1. For all
experiments, the testing dataset consists of completely un-
seen topologies and traffic matrices from the trained model.
After applying traffic and path pruning and topology prun-
ing (Sec. 3.4) on the initial training dataset, we train SaTE
on a reduced set of representative topologies and their cor-
responding traffic matrices.

Objectives and Baselines: Our default objective is to max-
imize total throughput, with Appendix H.2 focusing on min-
imizing maximum link utilization (MLU). We compare SaTE
against six competing schemes: (1) Gurobi [24]: a commer-
cial solver widely used in TE computation, (2) POP [55]: a
resource allocation method that decomposes a network into
fractions with 1/k capacities and execute sub-allocation with
a part of flows in each fraction for faster TE. (3) ECMP with
Water Filling [35]: a scheme equally allocates traffic to short-
est paths with equal hops until the paths are saturated. (4)
Satellite Routing [56]: a backpressure-based routing approach
for satellite networks and other intermittently connected
networks [51, 64]. We compare only performance for this
scheme, not computational latency, since its computation is
distributed across the routers rather than on a centralized
controller. (5) Teal [78]: a GNN-based TE method known
for its fast inference performance in WANS. (6) HARP [2]: a
GNN-based TE method for changing topologies.

Performance Metrics: We focus on two critical metrics:

o Computational Latency: The time required to compute
the optimal traffic allocation for a given network topol-
ogy, paths, and traffic matrix.

o Satisfied Demand: The percentage of total demand met
(throughput divided by total traffic demand). We mea-
sure satisfied demand in online settings, accounting for
TE computation delays, where the current traffic allo-
cation remains in effect until the new one is computed.
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This online metric highlights the impact of computa-
tional latency on real-world network performance.

5 Results
5.1 Computational Latency vs. Scales

Method: In this experiment, we evaluate the computational
latency versus the number of satellites, considering time-
varying topologies and fluctuating traffic demands with vary-
ing intensities. Our experiments cover scales with up to 4,236
satellites, the largest actively operating constellation as of
April 2024. For SaTE and learning-based baselines Teal [78]
and HARP [2], we train a separate model for each constella-
tion scale. Other heuristic baselines are directly applied. We
note that Teal [78] cannot fit into GPU memory when scaling
to Starlink, as it requires over 335 GB per data point. Due
to its graph design, our proposed dataset pruning method
(83.4) cannot be applied. Therefore, we compare SaTE with
Teal at scales of 66, 176, 396, and 528 satellites.

Results: Fig. 8 (a) shows the computational latency vs. var-
ious constellation scales: Iridium (66 satellites), Mid-Size 1
(396), Mid-Size 2 (1584), and Starlink (4236). As expected,
the latency of the baselines increases significantly with the
number of satellites, while SaTE maintains low and nearly
constant inference latency across scales. This is because
SaTE’s graph design makes computational latency primarily
dependent on the number of heterogeneous graph relations—
reduced in Sec. 3.2—and the number of GNN layers. In con-
trast, Teal’s latency increases with scale because its input
cannot be pruned, as its fully-connected neural network de-
sign requires traffic and paths between all source-destination
pairs, incurring significant computational overhead. Harp—
dedicated to MLU minimization under far fewer constraints
than SaTE’s throughput-maximizing problem—suffers from
4x higher latency than SaTE because its edge-path embed-
ding transformer’s computational complexity scales with
network size. In addition, HARP is not inherently adaptable
to throughput maximization. Other baselines suffer from
high algorithmic complexities, leading to significantly longer
latency as the network scales up. Overall, SaTE achieves the
lowest average latency of 17 ms at the largest scale—Starlink—
which is 2738X, 1462%, and 1013 — 5230x faster than Gurobi,
POP, and ECMP with WF, respectively. For Mid-Size 1, SaTE
outperforms Teal by 28X. Fig. 8 (b) shows the CDF of SaTE’s
computational latency across various scales. The slight in-
crease in computational latency at larger scales is due to
model memory expansion and access overhead, a common
GNN-related issue [74]. Overall, the low computational la-
tency achieved by SaTE enables effective TE that can adapt
to the fast changes in topologies and traffic.
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Figure 9: (a) SaTE trains faster than [78] [2], with better
scalability as constellation size increases. (b) SaTE’s
model converges over 512 representative topolgoies.

5.2 Training Overhead

Method: We evaluate the training time of SaTE across var-
ious scales and compare it to the learning-based baselines,
Teal and HARP. In this experiment, SaTE and HARP are
trained to generalize to changing topologies, while Teal is
trained on a single, static topology at scales of 66, 176, 396,
and 528 satellites—scales Teal can handle. All of them are
trained under the same hardware environment.

Results: Fig. 9 (a) shows the training time vs. constellation
scales. SaTE outperforms Teal by 1.06x (0.284 h/0.268 h) in
Iridium (66 satellites) and by 2.8x (6.28 h/2.25 h) in Mid-
Size 1 (396 satellites). Additionally, SaTE achieves a 1.7x
improvement over HARP (8.7 h/5.1 h) in Starlink. Teal’s
training time increases rapidly with constellation scale, and
its model is limited to a single topology. HARP experiences
training slowdowns at scale, as its edge-path embedding
transformer exhibits computational complexity that grows
with network size. In contrast, SaTE’s training time grows
much slower while producing a model that generalizes to
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changing topologies. This reduced overhead is due to SaTE’s
simplified TE graph design and its ability to reduce input
data volume, resulting in more effective GPU parallelism.

5.3 Impact of Topology Pruning

Method: We study the impact of topology pruning by com-
paring the satisfied demand tested on 2,000 unseen topolo-
gies and traffic matrices, using models trained with varying
# of representative topologies (up to 512). We evaluate the
satisfied demand achieved by the trained model on the 4236-
satellite Starlink under high traffic intensity (500 flows/s).

Results: Fig. 9 (b) shows the satisfied demand as we train
SaTE across different sized datasets. SaTE shows strong per-
formance with as few as 128 data points across the tested
scenarios. The model experiences diminishing returns in per-
formance as the number of data points is increased, with 512
data points achieving more than 99% of the performance of
a model trained on 8000 randomly selected data points. This
highlights how topology pruning reduces # of data points
for effective training without compromising performance.

5.4 Satisfied Demand vs. Traffic Intensity

Method: We evaluate traffic allocation performance on Star-
link using satisfied demand in online settings, accounting for
TE computational latency. As detailed in Sec. 4, the existing
traffic allocation remains active until a new one is computed.
For SaTE, this occurs every second, while for other baselines,
it occurs at intervals corresponding to their average compu-
tational latency shown in Fig. 8 (a), specifically 47 s, 25 s, and
54 s for Gurobi, PoP, and ECMP with WF. Experiments are
conducted on Starlink with two cross-shell link scenarios:
lasers and ground relays. We consider four levels of traffic
intensity: 125, 250, 375, 500 flows/s, representing the average
number of arriving flows per second.

Results: Fig. 10 (a & b) show the online satisfied demand
versus traffic intensity. Overall, SaTE achieves the highest
online satisfied demand, with an average improvement of
23.5% (via lasers) and 46.6% (via ground relays) over the re-
spective best-performing baselines [24, 35] across various
intensities, satisfying 11.0% (via lasers) and 17.7% (via ground
relays) more traffic demand. We also observe that satisfied
demand decreases as traffic loads increase due to the succes-
sive saturation of link capacity (200 Mbps). The distributed
Satellite Routing performs the worst under heavy load, due
to the lack of a holistic network view. Since Teal isn’t feasible
on Starlink, we compare SaTE with Teal on 396 satellites.
SaTE outperforms Teal by an average of 17.4% (via lasers)
and 19.8% (via ground relays) shown in Fig. 10 (c), attributed
to SaTE’s heterogeneous satellite TE graph design.
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Figure 10: SaTE’s performance across various traffic intensity and scales: (a & b) In Starlink, SaTE outperforms
the respective best-performing baseline [24, 35] by an average satisfied demand improvement of 23.5% (via lasers)
and 46.6% (via ground relays). (c) In Mid-Size 1, where Teal can be trained, SaTE shows an improvement of 17.4%
(via lasers) and 19.8% (via ground relays) over Teal [78]. (d) Separate models trained on each scale maintain robust
performance, while a model trained on 396-scale shows generalization to other scales.

While SaTE optimizes total throughput, we discuss the
achieved throughput for individual flows in Appendix H.4. In-
deed, some flows experience partial satisfaction—a common
limitation of centralized TE algorithms focused on global
objectives. Mechanisms like fairness [22] or resource reser-
vation [76] could enhance critical flow performance. Appen-
dix H.1 evaluates offline performance without accounting
for TE computation delay’s impact on throughput. In offline
mode, SaTE achieves near-optimal demand, slightly below
Gurobi [24], but outperforms all baselines online with its 17
ms computation. We also evaluate the impact of link fail-
ures on throughput performance (Appendix H.3) and SaTE’s
applicability to different TE objectives (Appendix H.2).

5.5 Model Generalization Across Scales

Method: We previously trained separate models for each
scale and tested them on unseen topologies and traffic matri-
ces within the same scale. Now, we evaluate SaTE model’s
ability to generalize across scales by testing a model trained
on one scale with different numbers of satellites. This can be
useful for constellations undergoing gradual expansion (e.g.,
launches), decommissioning, unexpected node failures, or
orbital maneuvers. Specifically, we train a model on 396 satel-
lites and test it on various scales, comparing its performance
with models trained on each scale using the ratio of satisfied
demand relative to the optimal offline allocation [24] without
considering its TE computation delay.

Results: Fig. 10 (d) shows SaTE’s performance across differ-
ent scales. Models trained separately on each scale maintain
robust performance, achieving over 80% of the optimal offline
allocation. While the 396-satellite model applied to other
scales shows a slight decline—averaging 18.2%, 6.3%, and
15.9% lower for scales of 66, 1584, and 4236, respectively—it
still improves satisfied demand by 3.8% (via lasers) and 23.2%
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(via ground relays) over the respective best-performing base-
lines in Starlink with 4236 satellites. Overall, a model trained
on a single scale shows generalization across unseen scales,
enabled by SaTE’s satellite graph design, which allows the
entire TE problem to be modeled and solved using GNNs
alone, leveraging their inductive learning capabilities. The
observed performance decline also suggests the need to re-
train the model on the up-to-date constellation state, when
feasible, to maintain optimal performance.

6 Related Work

Traffic Engineering and Fast Computation: With the de-
velopment of software-defined networking (SDN), network
operators can steer traffic and orchestrate resources from
a global network view and perform online traffic control
through programmable switches based on P4 [8, 39, 62]. Cen-
tralized TE solutions that use heuristic algorithms [29, 38,
71, 73] outperform conventional approaches in performance
metrics, including throughput [1, 55] and link utilization [35].
As network scales increase, commercial solvers [24] require
minutes, even hours to compute TE for thousands of nodes.
Some TE approaches [1, 22, 55] tackles this by decomposing
TE into sub-problems with reduced complexity [60]. How-
ever, these methods fail to achieve low computational latency
for mega-constellations due to their polynomial increase in
complexity as the network scales. While recent learning-
based approaches [2, 23, 61, 78] accelerate TE for WANs via
GPU parallelization, some require costly retraining when
network topologies change, while others are not inherently
designed for throughput maximization [2]—our primary TE
objective. In contrast, SaTE rapidly computes throughput
maximization for topology-changing mega-constellations.

Routing and Traffic Engineering for Satellite Networks:
Recent routing protocols for satellite networks are more
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efficient than Dijkstra, calculating feasible routes by lever-
aging the grid structure of satellite networks and ISL dis-
tances [15, 45]. For constellations without direct ISLs, rout-
ing using ground relays has also been explored [27, 28]. Lay-
ered on top of routing, existing TE solutions for satellite
networks manage the traffic flows on feasible routes by ap-
plying QoS constraints [4, 14, 17, 46] or congestion avoid-
ance [16, 51, 56, 64]. However, these approaches lack cen-
tralized control and do not explicitly optimize for desirable
network characteristics. [33] adopts the same graph design as
[78], facing similar scalability and frequent retraining issues.
In contrast, SaTE introduces a TE algorithm designed for
low-latency computation and generalization to large-scale,
dynamic satellite constellations.

7 Discussion and Limitations

Fine-tuning Considerations: As shown in Sec. 5.5, SaTE’s
model trained on a specific scale has the potential to gener-
alize to other scales, with slight performance degradation.
To further improve performance in such cases, appropriate
fine-tuning using techniques like curriculum learning [25]—
which incrementally trains the model with data from other
scales—may be considered. This is particularly relevant for
companies gradually expanding their satellite networks.

Starlink’s Workflow Interval:
that Starlink operates on a globally synchronized 15-second
workflow interval for periodic network reconfigurations [52]
However, this interval corresponds to the frequency of control-
plane operations—including routing updates and policy re-
configurations—which is longer than the physical stability
duration of the link topology, as observed in Fig. 4 (a). If
the 15-second interval is applied to the ISL-enabled scenario
considered in this paper, approximately 10-20% of ISLs be-
come unstable or are excluded, as illustrated in Fig. 4 (b).
By significantly reducing the computation bottleneck with
an average runtime of 17 ms, SaTE offers the potential to
shorten this interval and improve network performance.

Centralized Control in Satellite Networks: SaTE’s TE
computation operates within the centralized SDN for satel-
lite networks [6, 19, 36], where satellites are managed by a
centralized control center [5, 43, 83]. While the bandwidth
required for control messages in such frameworks poses
challenges, especially for constellations with thousands of
satellites, Starlink’s planned laser links (up to 200 Gbps)
provide sufficient capacity for traffic rule distribution. Addi-
tionally, strategies like improved controller placement [13],
multi-controller load balancing [31], and edge-assisted traffic
control [10, 77] can further mitigate bandwidth overhead.

Recent studies reveal
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8 Conclusion

This paper presents SaTE, a low-latency TE algorithm de-
signed for dynamic, large-scale satellite constellations. We
present an analysis of how frequently topology changes in a
large and dense satellite constellation with over thousands
of nodes. We present a graph design that comprehensively
models the satellite TE problem, and is learned solely using
GNN layers, enabling fast TE computation without relying
on additional DNN layers that may restrict its generalizabil-
ity. SaTE then develops a dataset pruning method to make
model training feasible on commercial GPUs. We present
extensive data-driven simulation results of SaTE on Starlink.
This work does not raise any ethical issues.
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A Appendix: TE Model in Satellite
Networks

Based on the notations listed in Table 3, the optimization
problem of TE can be expressed as

maximize U = Z Z Xfp (2.a)
feF: pePr

subject to Z Z Qpexrp < Ce, Ve  (2.b)
feF: pePr
Z Z Xpp <CHP¥n (2.)
fiftnpePs (2)
D D xpp<Cinvn (24)
fiflnpePy
> xpp < dp,Vf (2.€)
PEPr

variables x¢, > 0,Vf,p 2.f)

where U represents network throughput, #; includes all
ongoing flows at time ¢ and #r represents all feasible paths
for flow f, where a path p € Py is a sequence of links
that connects the source and destination nodes of flow f.
The objective function (2.a) can be adapted to accommodate
different TE strategies. Two common examples include:

Do x
Min-Max Link Utilization: min max Z Z pe—fp,
e C.
feF: pePr

Maximize Network Utility: max Z ug( Z Xfp),
feTt

®)

PEPr

depending on the network operator’s objectives. Constraint
(2.b) ensures that the allocated traffic on each ISL does not
exceed its capacity. Constraint (2.c) limits the total data rate
to satellite n to its uplink capacity, where f T n indicates that
flow f accesses satellite n via its uplink. Constraint (2.d) sim-
ilarly applies to the downlink. Constraint (2.e) ensures that
the allocated bandwidth to a flow does not exceed its demand,
preventing resource over-provisioning and waste. In satellite
networks, the uplink and downlink capacities depend on
several factors, including the multiple access mechanism, an-
tenna settings, and distance, implying that constraints (2.c &
d) can be extended to more complex physical layer formulas.
It is important to note that SaTE focuses solely on network
layer optimization.

The network performance largely depends on the choice
of objective function. There is a long-standing trade-off be-
tween efficiency (e.g., total throughput) and fairness in TE.
Some operators aim to maximize throughput, while others
prioritize fairness by employing log-based objectives. The
concavity of the log function inherently limits any single
flow from monopolizing resources, offering a soft fairness
guarantee.
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Symbol Description

.5 Flow and flow set at TE slot ¢
0 Pr Path and candidate path set of f

Xfp Bandwidth allocated to flow f on path p

Dy Relation between path p and link e. If path p

contains e, @y = 1; otherwise, Dpe =0

C. ISL capacity

ct Up-link capacity of satellite n

Cdn Down-link capacity of satellite n

Table 3: List of Key Notations

The traffic and path pruning technique described in Sec. 3.4
does not affect the correctness of the TE formulation. Specif-
ically, the pruning removes only trivial traffic entries, i.e.,
source-destination pairs with zero demand. For such pairs,
the allocated flow must be 0 by definition—it contributes
neither to bandwidth usage nor to the optimization objec-
tive (e.g., total throughput). Mathematically, removing such
variables and their associated constraints—including the cor-
responding candidate paths—does not change the feasible
region, the optimal solution, or the optimal objective value
of the TE problem. Therefore, passing the pruned traffic ma-
trix and path set to the GNN leads to solving a smaller but
equivalent TE problem.

B Appendix: Training the GNN Model

We construct a blend of supervised learning and penalized
optimization to guide the model toward optimal traffic allo-
cation. By balancing the ratio factors Agoyw and Apajance, SaTE
is able to solve the constrained TE optimization problem
with the guidance of a reference value (i.e., the loss function
in supervised learning, Lupervised). The mixed loss function
is defined as:

—Aflow - total_flow + }; @; - over_flow;

5

L= Lsupervised +

Abalance * Aflow * total_demand

)

In this mixed loss function, total_flow represents the sum
of allocated traffic bounded by constraints, and over_flow;
represents the overloaded traffic that exceeds the capacity
of each link.

Our approach of combining supervised learning and penal-
ized optimization enables SaTE to learn from the reference
value while being guided by the penalty term for constraint
violations. To mitigate the common issues associated with

©

where

. [ utilization;
a; = exp |min | ———, (5)
capacity;
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deeper GNNs—such as over-smoothing and vanishing gra-
dients—we incorporate residual connections into our GNN
modules.

To optimize the associated hyperparameters, we deter-
mined Afiow, Abalances a1d @may through grid search. For select-
ing the number of message-passing layers in each module, we
determine it based on inference time rather than validation
performance. Specifically, we use the minimum number of
layers possible without incurring performance degradation.
The rationales are that: 1) Our main focus is low inference
latency which does not discriminate between training or
testing dataset, and more importantly 2) As satellite datasets
share similar topological structures (as we have mentioned in
our topology pruning section), we performed only minimal
hyperparameter tuning to avoid creating test-like feedback
loop.

C Appendix: Shortest Paths in Multi-Shell
Satellite Constellations.

Training GNNs in mega-constellations like Starlink is time-
consuming using traditional k-shortest path algorithms (e.g.,
Yen’s algorithm[80]) due to their polynomial complexity rel-
ative to node scales. On the Starlink topology with 4236
satellites, pre-computing 10 shortest paths for each source-
destination pair can take hundreds of seconds, leading to
days of computation for just a thousand pairs. To enable fast
computing, we design a rapid shortest path algorithm tai-
lored to the multi-shell grid structure of mega-constellations
like Starlink.

Intra-Shell Paths: In the grid topology of each shell, we
label each satellite by its (orbit number, intra-orbit satellite
number) coordinate (see Fig. 11 (a)). For two satellites with
coordinates (x1,y;) and (xz,y2), the minimum number of
hops is the Manhattan distance |x; — x| + |y1 — y2|. Up to
k= (|x1*X2|+\y1*yz|
[x1=x2|
be computed. For example, in Fig. 11 (a), the three possible
paths in Shell 1 from (4,2) to (2,1) are (4,2) — (3,2) — (2,2) —
(2,1), (4,2) — (3,2) — (3,1) —> (2,1) and (4,2) — (4,1) — (3,1)
— (2,1).

Inter-Shell Paths: Finding candidate paths in multi-shell
scenarios involves three steps. In Fig. 11 (a), assume the
source is (2,2) in Shell 2 and the destination is (2,1) in Shell 1.
First, a recursive algorithm finds the nearest satellite to the
source among all nodes in Shell 2 that have a cross-shell link
to an intermediate node in Shell 1, returning (3,2). Second,
we compute up to k paths with the minimum hops from the
intermediate node (i.e., (4,2)) to the destination. Third, we
concatenate one shortest intra-shell path from the source
to (3,2) in Shell 1 and the k shortest intra-shell paths from

) paths with the minimum hops can then
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(4,2) to the destination in Shell 2, minimizing hops on higher
shells with sparser links to avoid congestion.

O 1st-level
O 3rd-level

@ Source

Shell2 @ 2nd-level

(b)

Figure 11: (a) An example of multi-shell satellite grids.
(b) An example of the recursion algorithm.

The recursion algorithm successively traverses the satel-
lites with an m-hop distance from the source during the
m'™-level recursion, as shown in Fig. 11 (b). Since cross-shell
links via lasers are dense, the algorithm typically returns a
result after traversing a few levels. However, when using
cross-shell links via ground relays, the algorithm is less effi-
cient at finding the nearest satellite connected to a ground
station due to the limited locations of ground relays (primar-
ily on land). In this case, we directly calculate the distances
to satellites connected to ground stations and select satellite
a with the minimum hops to the source. The complete path
is then obtained by concatenating the path from the source
to «, the ground station f§ connected to a, the satellite y in
the destination shell that connects to §, and k shortest paths
from f to the destination.

When the destination is in a higher shell, the algorithm
works similarly: we find the nearest satellite « to the desti-
nation with a cross-shell link (or links) to an intermediate
node f in the source shell. We then determine intra-shell
paths from the source to § and concatenate them with the
path from « to the destination.

Impact on Communication Delay: The communication
latency experienced by users primarily depends on path de-
lays, which are influenced by routing and access strategies,
as illustrated in Fig. 12. We endeavor to have both communi-
cation parties access the same layer of satellites to promote
stabler path delays. An in-depth discussion on routing and
access strategies is beyond the scope of this paper.
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Figure 12: For two typical users at Frankfurt and Singa-
pore, the path delay differs across two access strategies:
1. Users can access any visible satellites; 2. End users of
a connection access satellites in the same orbital shell.

D Appendix: Supplementary Details in
Satellite TE

In the TE workflow described in Sec. 2.2, the control cen-
ter acquires the traffic matrix and distributes the computed
traffic rules to satellite nodes.

Leveraging the traffic information collected during the
connection establishment procedure, the control center can
estimate bandwidth demands as follows:

o For persistent flows (e.g., VoIP, video streaming, file
transfers): The control center can infer bandwidth re-
quirements from communication types and standards.
For example, VoIP using the ITU-T G.711 standard typ-
ically requires 64 kbps. The control center can then
aggregate such demands between each satellite pair.

e For background flows: The average bandwidth needed
before a specified deadline (if any) can serve as the
demand indicator.

e For bursty flows (e.g., image transmission during a chat):
These can preempt bandwidth from background flows.
Given their typically small volume, their demand can
be implicitly accounted for without explicit prediction.

Unlike traffic matrix acquisition, traffic rule distribution
requires message propagation between the control center
and satellites, and its duration is determined by the network’s
maximum round-trip time. For Starlink, assuming the control
center is located in Houston, the time required for traffic
demand acquisition and rule distribution is calculated based
on the geographical positions of satellites and the control
center. The control center interacts with satellites via ISLs
and direct satellite links. Propagation delays are computed by
dividing the distance of each ISL or direct link to the control
center by the speed of light. The total end-to-end delay for a
satellite is the sum of delays along the shortest path between
the control center and the satellite.

The distribution of traffic rules incurs this propagation
delay. Messages from satellites directly connected to the
control center are sent directly, while those from remote
satellites are relayed through multiple ISL hops. For Starlink’s
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Figure 13: It takes less than 174 ms to distribute traffic
rules to 4236 Starlink satellites.

4,236-satellite constellation, the propagation delays range
from 2.3 ms to a maximum of 174 ms (see Fig. 13). This results
in a sub-second timescale for both traffic matrix collection
and rule distribution, which is significantly shorter than
traditional TE computation times that can take minutes or
even hours.

Unlike traffic matrix acquisition—which leverages the in-
herent access control mechanism to obtain demand informa-
tion—traffic rule distribution incurs additional traffic over-
head. Suppose there are m concurrently active node pairs,
each associated with k candidate paths of average length
E;. Then, the total number of rules is approximately mkE;.
Given the sparse distribution of satellite users, m increases
slowly with network scale. Moreover, since E; usually scales
as O(In(n)) due to the logarithmic diameter property of ran-
dom graphs [57], the total overhead scales as O(mk In(n)),
which remains negligible compared to the total link band-
width of O(n) (typically for O(n) ISLs in a constellation of n
satellites).

E Appendix: Dataset Pruning Based on
Topology Similarity

Since the dataset size for traffic engineering can reach into

the millions, a procedure is needed to prune the dataset to

allow for efficient training. By pruning based on topology

similarity, we enable learning from a diverse, but representa-

tive dataset. The dataset is pruned in the following manner:

e Graph to vectorized representation. To enable further
processing, a convenient representation for each topol-
ogy needs to be created. We utilize Graph2Vec [54]
to generate a fixed size vector representation for each
graph. This vectorized representation summarizes the
graph substructures, which collectively form the graph.
Two different graphs with similar topologies, and con-
sequently similar graph substructures, will have a sim-
ilar vectorized representation.

o Determinantal Point Process sampling. To generate a
representative and diverse dataset based on the vec-
torized representation, we use Determinantal Point
Process (DPP) to sample graphs from the vectorized
representations. By maximizing the determinant of
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the kernel matrix derived from these vectors, DPPs en-
sure that the sampled subsets include a broad range of
graph topologies. Maximizing the determinant entails
searching for a set of maximally linearly independent
vectors, which corresponds to searching for diverse
network topologies. This approach guarantees that the
sampled subset represents a comprehensive and varied
portion of the dataset, reflecting its overall diversity.

Given the dataset to be pruned formed by n topology
graphs {Gy, . . ., Gn} where each G; represents a topology,
Gi = (V}, &;) the following procedure is followed:

e Using Graph2Vec, the dataset of topology graphs is
transformed into a vector representation using f : G =
(V, &) - R4 for a fixed dimensionality d. In our work,
we use d = 128.

e Using Determinantal Point Process, the dataset is re-
duced to a manageable size by sampling from the trans-
formed dataset, {f(G1),...,f(Gn)} to a fixed sized
dataset of {f(Gs,), ..., f(Gs.)} where k is an appro-
priately picked value. We pick a sufficiently large value
for k such that the number of chosen topologies gives
a well-trained model.

e Finally, the graphs corresponding to sampled vector-
ized representations form the topologies for the train-
ing dataset: {Gs,, ..., Gs, }.

F Appendix: Message Passing Mechanism

The detailed update formula of a general embedding denoted
by v; is shown in (6).

K
k k k
( Z aj,l-(®n " 0j +®e . ej,i) s
k=1\ jer(i)

v « LeakyReLU(o;),

’
v; < O -v; +

(6)

where © represents the learnable weight matrices for trans-
forming features of the node (s = self), neighboring nodes
(n = neighbor), and edge features (e = edge). K attention
heads are utilized, and || denotes the concatenation operator.
a}" ; denotes learnable attention coefficients, which are uti-
lized to weigh the influence of neighboring nodes. They are
calculated as:

af-’ ; = softmax; (LeakyReLU(

™)

T k k k
a |0, -0 || 0, -0; | O -ejif))
with a corresponding to a learnable vector.

G Appendix: Satellite Orbits, User
Locations, and Traffic Matrix

The satellite trajectory emulation of Starlink in this paper
replicates the largest actively operating satellite constellation
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Altitude | Inclination Orbital Satellltgs

planes | per orbit
Iridium 781 km 86.4° 6 11
Shell 1 | 540 km 53.2° 72 22
. Shell 2 | 550 km 53.0° 72 22
Starlink "} 113 | 560 km | 97.6° 6 58
Shell 4 | 570 km 70° 36 20

Table 4: Orbital Parameters for Starlink and Iridium

as of April 2024: Starlink (Phase 1), with 4,236 satellites. The
orbit parameters are listed in Table 4.

To evaluate SaTE'’s performance on various network scales,
we also emulate trajectories of more satellite constellations:
(1) Iridium: A constellation of 66 satellites in a single shell
at 781 km altitude, using Ka-band ISLs [34]. (2) Mid-Sized
Constellations: By retaining only the orbital shell 1 and 2 of
Starlink and reducing the number of orbital planes by factors
of 8 and 2, we created two mid-sized constellations with
396 and 1584 satellites, serving as intermediaries between
Iridium and full-scale Starlink.

We generate user and gateway locations based on the
uneven global distribution of population. The Earth’s surface
is divided into 360x180 grids, each spanning 1° in latitude
and longitude. The proportion of users in each grid, denoted
as a, is calculated by:

Population Density in Grid @ + y

Y, (Population Density in Grid & + )’

« ®)
where a smoothing factor y to enhance user representation
in sparsely populated areas. Using this distribution, the traf-
fic generator separately places 3 million Starlink users and
1,000 gateways across grids according to p,. Users and gate-
ways are generated in separate runs, following the same
population-based distribution. Traffic flows are randomly
generated for user-to-user and user-to-gateway communica-
tion, following a Poisson arrival process with a total traffic
intensity of A. The traffic intensity between grids « and S
is Apapp, aligned with user distribution. Traffic intensity is
adjusted to evaluate TE performance under varying traffic
loads.

H Additional Performance Evaluation

H.1 Offline Performance of Baselines

In the offline setting, we eliminate the impact of computa-
tional latency to focus solely on the quality of the traffic
allocation. This idealized scenario assumes that SaTE and
the baselines compute traffic allocation instantaneously.

In addition, SaTE records the second-highest offline sat-
isfied demand, 12.8% (with laser) and 12.3% (with ground
relays) lower than the theoretical upper bound [24]. It’s im-
portant to note that while SaTE delivers near-optimal perfor-
mance in offline mode, it outperforms all other baselines in
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Figure 14: SaTE’s offline performance on satisfied de-
mand across various traffic intensity for Starlink.
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Figure 15: (a) SaTE outperforms the baseline [55] in
minimizing MLU by 21% using lasers and 13% using
ground relays. (b) 1% link failures lead to less than 5.2%
loss.

online scenarios due to its ultra-low-latency of about 17 ms.
The performance gap between SaTE and the upper bound
achieved by Gurobi arises from multiple factors, including
post-correction adjustments and model degradation on un-
seen inputs. Bridging this gap represents a central goal for
the future development of our framework.

H.2 Max Link Utilization

So far, we've trained SaTE to maximize throughput. We fur-
ther evaluate SaTE’s applicability in minimizing Max Link
Utilization (MLU), which represents the bandwidth required
on ISLs to accommodate all traffic demands, with lower MLU
values being preferred by network operators. We train SaTE
to minimize MLU in Starlink and evaluate its performance
across various traffic intensities. SaTE outperforms the base-
line [55] by 24.5% (via lasers) and 9.3% (via ground relays),
as shown in Fig. 15 (a). Additionally, SaTE exhibits an MLU
gap of 16% (laser links) and 13% (ground relays) compared to
the baseline [2], which employs a targeted MLU-optimized
design. This gap arises because we directly repurpose our
throughput-maximizing GNN’s objective function for MLU
minimization, potentially retaining redundant components
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Figure 16: (a) Some satellite pairs fulfill their input traf-
fic demands, while others need additional mechanisms
to grantee high-priority traffic. (b) Users experience a
relatively stable service in a with a median CV of less
than 0.12.

not perfectly suited for the simpler, less-constrained MLU
optimization problem.

H.3 Impact of Satellite Link Failures

Method: We evaluate the performance of SaTE under sud-
den satellite link failures, which may result from hardware
errors or trajectory deviation. We randomly induce link fail-
ures in Starlink at rates of 0.1%, 1%, and 5% per TE interval,
making 1.2%, 8.7%, and 18.6% configured paths invalid. SaTE
then allocates traffic to the remaining paths.

Results: Our model is capable of handling link failures;
however, as expected, link (or node) failures can degrade
overall throughput. Fig. 15 (b) shows the average loss (%) in
satisfied demand induced by link failures. We observe that
the loss remains below 5.2% without any rerouting when
the link failure rate is under 1%. The results indicate that
SaTE is adaptive to link failures, even those not encountered
during training. We further note that the link failure rate of
5% corresponds to 250 concurrent laser-link failures or 115
concurrent ground-relay based link failures within 1 second
across the network, which is fairly rare in practice.

H.4 Flow-level Insights

Flow-level Insights: While SaTE optimizes global through-
put, we discuss the performance of individual flows between
satellite pairs to reflect individual user performance. This
analysis focuses on the ratio of allocated traffic to traffic
demand for individual node pairs at a traffic intensity of
125 flows/s. Fig.16 (a) presents the CDF of flow-level satis-
fied demand across all satellite pairs with non-zero demand.
Over 30% of satellite pairs fully meet their traffic demands,
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while others achieve partial satisfaction—a common limi-
tation of centralized TE algorithms prioritizing global ob-
jectives. Mechanisms like fairness [22] or resource reser-
vation [76] could improve performance for critical flows.
Fig. 16 (b) shows the coeflicient of variation (CV) of flow-
level satisfied demand over various time spans, showing sta-
ble performance with slight CV increases over longer spans
due to network dynamics and traffic shifts.
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