
An Experimental Study of Congestion Control in
LEO Satellite Networks

Mihai Mazilu∗, Aiden Valentine∗, Ian Wakeman∗† and George Parisis∗
School of Engineering and Informatics, University of Sussex∗ Zhejiang Gongshang University†

{m.mazilu, a.valentine, ianw, g.parisis}@sussex.ac.uk

Abstract—Low Earth Orbit (LEO) satellite networks introduce
unique congestion control (CC) challenges due to frequent
handovers, rapidly changing round-trip times (RTTs), and non-
congestive loss. Developing effective transport for these envi-
ronments requires a clear, comparable understanding of the
performance profiles of both state-of-the-art Internet CC and
emerging LEO-tailored designs, yet producing such profiles is
challenging because LEO dynamics make experiments difficult
to control, reproduce, and interpret. To address this, we conduct
an emulation-driven evaluation of CC schemes in LEO networks,
combining realistic orbital dynamics via the LeoEM framework
with targeted Mininet micro-benchmarks that isolate specific
conditions. We evaluate representative algorithms from three
classes: loss-based Cubic, model-based BBRv3, and learning-
based approaches Vivace and Astraea, alongside LEO-tailored
SaTCP and LeoCC, across diverse scenarios. Results show that
(1) handover-aware schemes can reclaim bandwidth but often at
the cost of increased latency; (2) BBRv3 sustains high throughput
with modest delay penalties, yet adapts slowly to abrupt RTT
shifts; (3) learning-based schemes underperform under dynamic
conditions, despite strong resistance to non-congestive loss; and
(4) fairness degrades markedly under RTT asymmetry and mul-
tiple bottlenecks, particularly for human-designed CC schemes.
These findings highlight limitations of today’s CC approaches
and help inform the design of LEO-specific schemes.

I. INTRODUCTION

Low Earth Orbit (LEO) satellite networks consist of thou-
sands of interconnected satellites that form a global mesh
orbiting around Earth. With an expected total bandwidth reach-
ing hundreds of terabits per second, their capacity will rival the
cumulative throughput of modern fibre-optic infrastructure [1].
Free-space laser links enable high-speed inter-satellite commu-
nication, operating in a vacuum at speeds approximately 47%
faster than in optical fibre cables [2]. As a result, LEO satellite
networks can support lower latency communications than in
terrestrial networks for distances greater than about 3000 km
[2]. Deploying the IP stack in these networks requires careful
consideration when sizing network buffers and deploying data
transport protocols and congestion control (CC) algorithms so
as not to increase latency through packet queues. For example,
loss-based CC algorithms, such as Cubic [3], fill network
buffers, particularly when operating in conjunction with large
buffers [4], [5]. Even delay-based schemes, such as bottleneck
bandwidth and round-trip time (BBR), operate with high buffer
occupancy when multiple flows coexist [6].

More broadly, LEO satellite networks present considerable
challenges in the design of effective data transport and conges-

tion control, given the dynamic nature of the topology, routing
paths [2], and rain fade [7]. These, in turn, result in (1) non-
congestive latency variation and loss, (2) transient hotspots
with associated latency inflation and packet loss, and (3) soft
and hard handovers.

Existing LEO constellations commonly employ a +Grid
topology [8], in which each satellite maintains four fixed
laser inter-satellite links (ISLs): two to satellites in adjacent
orbital planes and two to the nearest neighbours within the
same plane. While these ISLs are fixed, the access links
between satellites and ground stations or user terminals change
continually as satellites move overhead [4]. This continual
re-association triggers frequent handovers that can interrupt
ongoing transmissions and induce packet loss [9]. At the
same time, satellite motion changes the end-to-end propagation
distance, both between satellites and between satellites and the
ground, leading to non-congestive delay variation; when paths
instead follow a bent-pipe (BP) structure, these latency swings
can be amplified [10], [11]. Routing decisions further interact
with this dynamism: shortest-path routing over the LEO mesh
can concentrate traffic onto a subset of links, creating tran-
sient hotspots (especially along high-demand corridors shaped
by uneven user distributions) that inflate queuing delay and
increase loss [1], [12]. Finally, rain fade can cause signal
attenuation, resulting in slower data rates, increased latency,
or temporary service interruptions [7].

Various handover-aware transport solutions have been pro-
posed to mitigate the disruption caused by frequent han-
dovers. Broadly, these approaches aim to detect (or antici-
pate) handover events and adapt the sender’s behaviour to
avoid excessive non-congestive loss. SaTCP [9] and Star-
QUIC [13] freeze the congestion window around handover
periods, whereas the latest development, LeoCC [14], takes
a more dynamic approach by explicitly accounting for LEO-
induced path reconfigurations and resetting stale bottleneck
estimates so the sender can quickly re-tune its rate to the new
delay/capacity conditions. Although effective for the specific
handover scenarios they target, these designs often come with
drawbacks that have not yet been explored.

We argue that a clear understanding of how different classes
of CC algorithms behave across the multiple challenges of
LEO networks is necessary to achieve high performance and
efficient use of network resources. Previous work has identified
several pitfalls in evaluating CC algorithms [5], [15] such as
not exercising CC, focussing on a narrow set of performance978-3-903176-82-9 © 2026 IFIP



metrics, and evaluating CC in a limited range of network
parameters. To date, there have been limited studies of CC in
LEO satellite networks. Experiments with NewReno, Vegas,
Cubic, and BBRv1 have been carried out on simulated LEO
satellite paths [4], [16]. Similarly, BBRv1, BBRv3, Cubic,
and SaTCP [9] have been studied with emulated single-
path, single-flow scenarios [9], [13], focussing primarily on
handover-aware enhancements to TCP and QUIC. A broader
spectrum of approaches have been explored in [14].

In this paper, we advance the study of how existing
congestion-control algorithms perform in LEO satellite net-
works. We evaluate loss-based schemes (TCP Cubic [3] and
SaTCP [9]), model-based schemes (BBRv3 [17] and LeoCC
[14]), and contemporary learning-based approaches, includ-
ing Vivace [18] and the reinforcement learning (RL) based
Astraea [19]. RL-based CC has been seen as an alternative
to traditional human-derived schemes, promising adaptability
under dynamic network conditions. It is therefore of great
interest to understand how such CC schemes would behave
if deployed on LEO satellite networks. Our study is based
on network emulations. We use the LeoEM framework [9]
and Mininet-based micro-benchmarks [20] to investigate key
performance metrics, such as fairness, efficiency, and respon-
siveness. LeoEM [9] enables us to accurately emulate delay
variation and handovers in pre-specified LEO satellite network
paths that use ISLs, or a bent-pipe (BP) topology. Then, we
isolate and examine specific aspects of CC performance in
a controlled and systematic fashion using micro-benchmarks.
This allows for observing nuanced performance patterns that
might be obscured in a more complex evaluation framework,
such as LeoEM.

Key findings of our study include: (1) handover-aware
loss-based schemes can reclaim bandwidth but at the cost
of increased latency; (2) BBRv3 sustains high throughput
with modest delay penalties, yet reacts slowly to abrupt RTT
changes; (3) RL-based schemes underperform under dynamic
conditions, despite being notably resistant to non-congestive
loss, though Astraea shows improved fairness due to its
reward structure; (4) fairness degrades significantly with RTT
asymmetry and multiple bottlenecks, especially in human-
designed CC schemes.

II. RELATED WORK

Experimentation Frameworks. The two principal simulation
frameworks [4], [10] use packet-level simulators capable of
supporting any networking stack permitted by their underlying
models, providing both flexible network configurations and
fully customizable satellite constellations. More recently, sev-
eral LEO emulation frameworks have been introduced. Star-
ryNet [21] employs Docker containers to represent network
components and relies on Docker’s bridge interface for link
creation. Its scalability, however, is constrained to at most
1023 containers per machine, and the overhead of its Python-
based design necessitates multiple high-performance servers
for larger experiments [22]. Xeoverse [22] reduces emulation
cost by instantiating only the active links rather than all nodes,

but despite the promise of this approach, the framework is not
publicly available.
CC in LEO Satellite Networks. In [4], the authors assessed
NewReno and Vegas over simulated LEO paths, identifying
several shortcomings. Follow-up work in [16] expanded this
evaluation to include Cubic and BBRv1 on Starlink topologies,
examining routing strategies and finding BBRv1 to deliver
superior performance. The study in [13] further emphasized
the detrimental effects of lossy user-terminal handovers. By
exploiting Starlink’s predictable reconfiguration patterns, the
authors introduced a congestion-window freeze mechanism
for QUIC-based Cubic and BBRv3, analogous to SaTCP,
and demonstrated its effectiveness. In contrast to SaTCP and
StarQUIC, LeoCC [14] adopts a distinct strategy for detecting
and responding to path reconfigurations. Its evaluation, based
on Starlink measurements and trace-driven emulation, shows
enhanced resilience to LEO dynamics across a broad set
of baselines. However, while such in-the-wild studies offer
strong external validity, the limited controllability of opera-
tional networks makes it challenging to disentangle individual
impairments—such as non-congestive loss, re-routing events,
or multi-bottleneck interactions—and to reproduce consistent
scenarios across the wider set of congestion-control families
considered in this work.

Our work complements these efforts by offering a con-
trolled, repeatable, emulation-driven evaluation that (i) sys-
tematically varies LEO-specific dynamics such as path re-
configuration, inter-RTT scenarios and multiple bottlenecks,
and (ii) compares representative loss-based, model-based,
and learning-based (including RL-based) CC designs under
identical conditions, enabling clearer attribution of observed
behaviours to underlying mechanisms.

In [23], the authors conducted live measurements over
Starlink using only CC schemes implemented within the Linux
kernel, demonstrating that BBR (v1 and v3) achieves the high-
est throughput while the default Cubic under-utilises capacity.
However, the paper largely focuses on aggregate performance
outcomes like throughput and flow completion times and does
not provide a detailed analysis of the underlying CC dynamics,
such as how each of the tested congestion control algorithms
react to variations in RTT, capacity, and queueing typical of
LEO satellite links. In contrast, this work considers a smaller
but more targeted subset of CC implementations chosen to
be representative of newer developments in Internet CC and
LEO-specific CC design. While this narrower scope reduces
breadth, it enables a much deeper analysis of the selected CC
approaches which can help inform future design decisions.

III. METHODOLOGY

In [5], the authors discuss trade-offs in experimentally
evaluating CC using in-the-wild experiments, simulations, and
emulations. Following their argument on balancing fidelity
with flexibility and controllability of experiments, in this study,
we adopted an emulation-driven approach using LeoEM and
Mininet. Our setup leverages the Linux TCP/IP stack, which
supports our selected traditional and RL-based CC schemes.



Conducting in-the-wild experiments on LEO satellite networks
is not practical and would hinder observability, control over
network conditions, and reproducibility of results. Further-
more, existing LEO satellite network simulation frameworks
[4] [10] do not model handovers (as in [9]) and the associated
loss of connectivity and packet loss; they only model ground
stations that perform lossless handovers without disrupting
connectivity.

a) Selected CC approaches: In this study, we exper-
imented with Cubic, SaTCP, LeoCC, BBRv3, Vivace, and
Astraea with the primary aim of covering a wide range of
CC approaches, including traditional, loss-based, model-based,
and RL-based ones. Hybla [24] was designed for GEO satellite
links, where RTTs are much larger than in Starlink-like LEO
settings. We omit it because our experiments use much smaller
RTTs than it was designed to address.

Cubic [3] is the default congestion control in many modern
operating systems and the most widely deployed CC scheme
[25]. SaTCP [9] is a bespoke protocol for LEO satellite
networks, and extends Cubic by introducing a freezing mech-
anism for its congestion window during handovers. SaTCP
derives the freeze time by leveraging proactive handover
reports from both user terminals and ground stations. BBR
[26] is a model-based algorithm that maximises throughput
while minimising delay by continuously estimating the net-
work’s bottleneck bandwidth and round-trip time and pacing
its sending rate to match the estimated path capacity. More-
over, we included BBRv3 [17], BBR’s latest iteration which
introduces bug fixes related to convergence and parameter
optimisation. LeoCC is a BBRv1-inspired congestion control
algorithm that modifies BBRv1 to better suit LEO networks. In
particular, it incorporates reconfiguration awareness, assisted
by a companion application that notifies the sender when a
reconfiguration occurs via the netlink interface [14]. Upon a
reconfiguration, its model of the network will refresh, so it
can discard stale bandwidth/RTT estimates and quickly re-
tune its sending rate after LEO-induced path changes. Astraea
[19] uses multi-agent RL during training, improving upon
previous work [27], by explicitly integrating fairness, stability,
and convergence into its reward function [19].

b) Experimental setup: All experimentation is carried
out using a BBRv3-enabled Linux kernel [28], which we
patched with the kernel component needed for Astraea. We
employed LeoEM (Section IV) to emulate real LEO satellite
network paths. LeoEM is a lightweight, Mininet-based emula-
tion framework that models user terminals, ground stations as
well as hard and soft handovers. In our Mininet-based micro-
benchmarks (Section V), we emulate different base RTT and
non-congestive loss values, by configuring the Linux traffic
control (tc) queuing discipline netem; bandwidth shaping is
done using tbf with drop-tail FIFO queues. This study was
the result of 1650 individual experiments. The source code for
the frameworks and plotting as well as all data and individual
experiments is available online1. We have set the socket buffers

1https://github.com/Aruuni/mininettestbed/tree/ifip2026

(both send and receive) to a high value to prevent bottlenecks.
c) Performance Metrics and Data Collection: For Cubic

and BBRv3, we used iPerf3 [29] to generate traffic and collect
goodput measurements. Astraea comes with its own bespoke
applications, which we used to record goodput. For Vivace,
we used the UDT API [30] to access all needed metrics.
We collect additional metrics using [31]. Goodput measure-
ments were performed at 1-second intervals. All experiments
were run five times, except Section V-A, which was run 50
times. We focus primarily on averaged metrics that capture
efficiency, latency inflation, and fairness. Goodput is our
main performance metric, as it directly reflects user-perceived
performance. For fairness evaluation, we compute the goodput
ratio, defined as the goodput of the lower-throughput flow
divided by that of the higher-throughput flow; this metric
is only applied in experiments involving two simultaneously
active flows; when more flows are present, we use Jain’s
fairness index. To quantify delay inflation, we calculate the
ratio of measured smoothed RTT to the base RTT.

IV. EXPERIMENTATION WITH LEOEM

In this section, we use LeoEM to evaluate how the selected
CC schemes perform on emulated LEO satellite network paths.
Specifically, we set up data flows on paths built using ISLs or
BP links between emulated user terminals deployed in London
(LDN), San Diego (SD), Seattle (SEA), New York (NY) and
Shanghai (SHA). Through this experiment, we observe how
handovers and fluctuating RTTs impact CC performance. We
carried out two sets of experiments: one measuring the good-
put achieved in a single-flow setup, and another comparing
fairness when two flows coexist on a shared LEO path.

A. Single-Flow Performance

For this experiment, we used the paths described above and
ran a single flow from the respective user terminals for 300
seconds. The buffer capacity of each switching device along a
path is set to 1× the BDP of that path. In Figures 1a and 1b, we
report the average goodput, and delay inflation, respectively.

Cubic is sensitive to the frequency of handovers. For ex-
ample, on the SD to NY path, Cubic is unable to capture all
the available bandwidth, and this is because the frequency of
handovers is high on this BP path. As a result, the associated
packet loss causes frequent congestion window reductions at a
rate that Cubic cannot recover from fast enough. SaTCP out-
performs Cubic in interruption-prone scenarios by conserving
its congestion window through interruptions.

Although the loss-based approach of Cubic combined with
the handover-aware SaTCP is effective in capturing the avail-
able bandwidth, it does so at the expense of a higher retrans-
mission rate (seen in Figure 1c) and substantial delay inflation,
as observed in Figure 1b, reaching up to 2.14× for Cubic
(on a best case low interruption path) and 2.30× for SaTCP.
Consequently, while LEO links reduce end-to-end propagation
delay, these large queueing delays inflate the RTT (just as
they can in terrestrial networks), eroding or even eliminating
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Fig. 1: LeoEM Experimentation with a single flow (a), (b) and (c), and two competing flows (d)
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(f) Astraea

Fig. 2: Goodput evolution of competing flows (solid/dashed lines) and base RTT of the SD to NY (BP) path (red dotted line).

the practical latency advantage that a LEO network would
otherwise provide (Section I).

BBRv3 tracks the available bandwidth relatively well on
all tested LEO paths (Figure 1a), falling only slightly behind
SaTCP, albeit with a much lower delay inflation. This under-
utilisation occurs whenever the base RTT jumps sharply and
BBRv3 continues pacing at an outdated, lower BDP rate,
leading to a transient reduction in its send rate. Recovery only
happens after the 10-second minimum RTT filter expires and
a subsequent bandwidth probe refreshes its model, at which
point it resumes sending to the path’s bottleneck bandwidth.
This behaviour mirrors observations in BBRv1 [9], [32] and
persists in BBRv3 due to its unchanged RTT filter length.
BBRv3 does not significantly inflate the delay on highly
dynamic BP (e.g., SEA to NY) or more stable ISL paths (e.g.,
SD to SHA), as shown in Figure 1b.

Much like SaTCP, LeoCC manages to capture all available
bandwidth, though with a much lower delay inflation on
all evaluated LEO paths (Figure 1b). It extends BBRv1 by
leveraging a companion user-space application that explicitly
signals the sender whenever a path reconfiguration is detected,
as well as additional bandwidth and RTT filters to tackle
noisy observations [14]. Upon receiving this signal, the sender
briefly reduces its sending rate and resets the network model.
LeoCC then immediately re-enters BBR STARTUP with a
conservative initial congestion window of roughly half the
current BDP. This triggers a rapid refresh of the bandwidth
and RTT estimates after each reconfiguration, preventing the
prolonged under-utilisation that can occur when BBR con-
tinues pacing using stale, pre-change measurements. How-

ever, LeoCC exhibits the highest retransmission rate among
the evaluated protocols. This elevated retransmission rate is
attributable to the startup phase of the reconfiguration. The
exponential ramp-up of startup will overshoot the available
capacity and wait for three consecutive RTTs before exiting,
inducing packet loss and subsequent retransmissions, as it is
repeated every time a reconfiguration takes place.

Similarly to BBRv3, Vivace does not capture all the avail-
able bandwidth. This is because when the base RTT is high and
Vivace reduces its sending rate based on the utility observed
when testing higher and lower sending rates, it takes time for
it to recover. We discuss this in more detail in Section V-A.
As shown in Figure 1b, Vivace’s delay inflation is similar to
BBRv3, and this is because Vivace continuously probes lower
but also higher sending rates, with the latter driving latency
inflation and retransmissions.

Although most RL-based CC schemes have been shown
to be dynamic and responsive [19], [27], [33], in a LEO
context, we observe that Astraea performs very poorly in
terms of bandwidth acquisition in all tested LEO satellite
network paths. Due to severe bandwidth under-utilisation,
Astraea does not inflate the paths’ RTTs as queues are almost
always empty, and the retransmission rate is mainly driven by
the reconfigurations. Astraea is not trained in environments
with changing base RTTs, although agents have seen a wide
range of network conditions. Any changes in the base RTT
will be interpreted during inference as a sign of congestion,
and as such bandwidth exploration will be hindered. This
limitation, also noted in [5], suggests that the community
should pursue alternative approaches, either by redesigning



the reward formulation or by rethinking the training setup to
better match LEO dynamics.

B. Two flow fairness

In this section, we evaluate the ability of each CC scheme
to maintain fairness under the dynamic conditions present
in LEO satellite networks. In this experiment, we start the
second flow 100 seconds after the first flow and let both flows
run concurrently for 300 seconds. In Figure 1d, we report
the average goodput ratio of the lower throughput flow over
the higher throughput flow. Measurements are from the last
100 seconds to let flows converge. In Figure 2, we show the
goodput evolution for the two competing flows on the San
Diego - New York path, for all tested CC schemes.

As illustrated in Figure 1d, Cubic achieves high fairness on
the most dynamic BP paths, indicated by goodput ratios closer
to 1. However, Cubic experiences periodic under-utilisation,
which disrupts genuine contention between the two flows and
can delay convergence to the fair operating point, since re-
peated drops reset or slow its progression toward equilibrium.
This behaviour is evident on the SD - NY (BP) path (Figure
2a) around the 220-second mark, where both flows appear to
share bandwidth well largely because neither fully occupies
the available capacity. In contrast, SaTCP’s handover-aware
mechanism mitigates this under-utilisation while otherwise
behaving like standard Cubic, preserving AIMD-like fairness.

BBRv3 generally maintains high fairness across all tested
paths. In Figure 2c, we observe that the convergence behaviour
of BBRv3 is noisy, and this is the result of the 5-second
‘probe RTT’ phase, combined with our 1-second sampling
frequency. LeoCC maintains consistently high fairness in both
high and low interruption paths (Figure 1d), and the two flows
share capacity with less variability (Figure 2d). As noted in
[34], BBRv1 is typically more fair when competing flows start
simultaneously. Since LeoCC restarts (or re-enters) startup at
each reconfiguration, it repeatedly brings flows into a more
synchronised state, which likely contributes to the improved
fairness we observe.

Vivace achieves very high fairness, particularly on stable
ISL paths, as shown in Figure 1d. The Vivace results confirm
the theoretical results discussed in [18] stating that when any
number of senders share a bottleneck link and all senders
share the Vivace utility function, the sending rates converge
to a fair configuration [18]. A closer look at the goodput
evolution illustrated in Figure 2e shows that the two flows
have a noisy convergence profile. This is attributed to Vivace’s
high-frequency probing rate trials. Although Vivace is shown
to be fair when the two flows experience the same base RTT,
in Section V-B, we show that it becomes very unfair when
the competing flows experience different base RTTs. Astraea,
the first RL approach to integrate fairness directly into its
reward formulation, maintains mixed fairness across the paths
tested, as seen in Figure 1d. For all paths, Astraea suffers
from under-utilisation, due to the changing base RTT. In the
SD - SHA (ISL) path, the base RTT changes are less drastic,
and flows achieve a goodput ratio more indicative of Astraea’s

reported fairness [19]. As shown in Figure 2f, the two flows are
initially unfair to each other because they experience different
base RTTs. Around the 250 second mark, when the base
RTTs converge to their lowest value, the flows compete more
evenly and achieve fairer bandwidth sharing, we explore this
further in Section V-A. In addition to fairness, Astraea’s reward
formulation includes a stability component, which is effective
in this scenario, as indicated by the little variance in goodput
seen in Figure 2f.

V. MICRO-BENCHMARKS

In the previous section, we quantified the ability of each
CC scheme to capture available bandwidth and examined
how these schemes share bandwidth under highly dynamic
conditions. Fairness and responsiveness alone do not capture
the full picture; factors such as heterogeneous RTTs, multiple
bottlenecks, and non-congestive loss (e.g., due to rain fade [7])
are not captured in LeoEM. To address these concerns, we now
turn to micro-benchmarks that enable us to isolate individual
network scenarios, providing a more interpretable evaluation
of the selected schemes, using the setup described in III-0b.
We isolate important network scenarios, such as (1) rapid
fluctuations in bandwidth, RTT variations and non-congestive
loss, (2) intra- and inter-RTT fairness, (3) multi-bottleneck
scenarios and (4) how efficient each scheme is when sharing
the bottleneck, with the added 15 second reconfiguration
typical of Starlink.

A. Responsiveness

In this section, we study how the selected CC approaches
react to dynamically changing network conditions similar
to the ones encountered in Section IV (e.g. due to link
re-configuration and routing changes, or transient hotspots).
Through our micro-benchmarks, we can explore how CC
approaches behave in the presence of changes in bandwidth,
base RTT, and random loss rate, without the effects of lossy
handovers. This is not possible with LeoEM.
Varying Bandwidth and Base RTT. We experiment with a
single 300-second flow over an emulated LEO path. Every
15 seconds we update the bottleneck bandwidth and the base
RTT parameters by uniformly selecting values from the ranges
50 - 100Mbps and 10 - 100ms, values comparable to the
paths chosen in Section IV. We have opted for a 15-second
change interval to match the rate at which Starlink user termi-
nals perform link reconfigurations [35] with a reconfiguration
length of 45 - 120ms, also used in Section IV. The buffer
capacity is set to 1× the mean BDP of the emulated path.
For each CC approach, we repeat the experiment 50 times
and calculate the cumulative distribution of average goodput,
as in [18]. In each run, all tested CC schemes experience the
same bandwidth and base RTT variations, so we can directly
compare their performance. The results of this experiment are
shown in Figure 3a; the optimal goodput is shown with the
black line. Figure 3c (top) shows the evolution of the sending
rate for all tested CC schemes.
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Fig. 3: Responsiveness. Sending rate over time (left) and cumulative distribution of goodput (right, repeated and stacked).

Cubic follows the available bandwidth despite changes in
the baseline RTT estimate (solid blue line), but it achieves
goodput slightly lower than BBRv3. The recurring 15-second
interruptions repeatedly restart Cubic’s congestion window
growth epoch, preventing the window from consistently reach-
ing its peak before losses occur and resulting in reduced good-
put. In comparison, SaTCP achieves better average goodput
using its congestion window preserving mechanism, which
allows it to maintain congestion window growth throughout
the reconfiguration.

BBRv3 tracks the available bandwidth well. We observed a
similar reduction in BBRv3’s goodput in the LeoEM experi-
ment, in Section IV-A. This is attributed to its minimum RTT
filter which, combined with its wall clock bandwidth probing
approach, causes a slightly slower adaptation to bandwidth
increases, as it must wait at most 3 seconds to start the ‘probe
bandwidth’ phase to explore newly available bandwidth. This
can be clearly seen in Figure 3c (top) at the 150-second
mark, where BBRv3 takes around 12 seconds to adapt to the
sharp increase in base RTT, during which it maintains a much
lower sending rate than optimal. LeoCC accurately tracks the
available bandwidth the best out of all protocols, as in the
experiments in Section IV, quickly adjusting to the changes
in bandwidth regardless of the magnitude of the RTT jumps,
due to the model of the network being reset.

Vivace performs in line with the LeoEM experimentation
(solid purple line). Vivace’s responsiveness deficit is attributed
to (1) its monitoring interval being based on the underlying
RTT, (2) the bandwidth growth cap Vivace employs to filter
out erroneous values, and (3) the periodic sending rate reversal
to a much lower rate when utility is no longer increasing.
Vivace ramps up its sending rate slowly because of the large
RTT increase around the 190-second mark in Figure 3c,
and the characteristic sending-rate dips persist throughout the
experiment. Astraea is unable to respond to frequent base RTT
and bandwidth fluctuations, achieving around half the optimal
performance (solid green line). In Figure 3c (top), we observe
that the sending rate of Astraea collapses when the base RTT
is higher than the minimum observed RTT. Up to the 135-
second mark, the base RTT is the lowest, and the Astraea

flow captures all available bandwidth. Subsequently, Astraea
only sees higher base RTT values than its recorded minimum
value, and consequently, it is unable to capture much of the
available bandwidth. The Astraea RL agent uses the current
RTT divided by the minimum RTT seen so far as a congestion
signal. Any time the measured base RTT exceeds its historical
minimum (a typical occurrence on a LEO satellite network
path), it is interpreted as queue build-up, which it has learnt
to counteract by reducing its sending rate. Astraea has not seen
varying RTT values during training episodes.

Varying Bandwidth, Base RTT and Non-Congestive Loss.
Here, we add random packet loss to the setup above to emulate
effects of harsh weather [7]. We do so by uniformly selecting
a random loss probability from the range 0% - 1%. We plot
the cumulative goodput distribution in dashed lines in Figure
3a and the evolution of the sending rate in Figure 3c (bottom).

Cubic is known to perform very poorly in the presence
of non-congestive loss, being a loss-based protocol; this is
clearly shown in Figure 3a (dashed blue line). In Figure 3c, we
observe that Cubic’s sending rate collapses due to the recurring
non-congestive loss. BBRv3 struggles to track the bandwidth
it would otherwise, while it experiences non-congestive loss
(dashed orange line). In this setup, BBRv3 allows bandwidth
probing only while the per-round-trip loss rate stays below its
configured loss threshold (default 2%) [17]. When loss exceeds
that threshold, BBRv3 treats the current bytes in-flight volume
as too aggressive, pausing further bandwidth exploration. This
is clearly seen at 180 seconds (Figure 3c (bottom)), where
BBRv3 is unable to explore the available bandwidth due
to the higher non-congestive loss. This result highlights the
drawbacks of the congestion window freeze approach used in
[9], [13], which is that it does not address the non-congestive
loss that LEO paths may experience. In contrast, LeoCC uses
BBRv1 as the basis for its implementation. Since BBRv1
largely ignores loss and LeoCC does not rely on packet loss
as a congestion signal, LeoCC is resistant to non-congestive
loss, tracking the available bandwidth similarly well to the
non-loss setup. Vivace tracks the available bandwidth well
in the presence of non-congestive loss (dashed purple line),
as [18] suggests. Astraea (dashed green line) is resistant to
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Fig. 4: Goodput ratio of two competing flows on an emulated LEO satellite path. Starting flow has 20 ms RTT and the joining
flow’s RTT is on the x-axis. Queue size is set based on the BDP of the larger flow.
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Fig. 5: Goodput ratio of two competing flows on an emulated
LEO satellite path, both experiencing the same RTT.

non-congestive loss (similar to the findings of [5]), tracking
the available bandwidth very closely compared to the lossless
setup, albeit still exhibiting poor performance overall.

B. Fairness

Fairness is a key consideration when evaluating CC schemes
for use in LEO satellite networks. In this section, we look
at both intra- and inter-RTT fairness; i.e., fairness when all
competing flows experience the same base RTT and different
base RTTs, respectively. Micro-benchmarks are invaluable
here because LeoEM can only emulate a single path and
respective user terminals, and therefore it is not possible
to examine inter-RTT fairness at all. Moreover, we want to
examine fairness without the added effects of RTT variability
and handovers present in LeoEM, to ensure we evaluate the
fundamental fairness traits of the selected CC schemes.

a) Inter-RTT fairness: In LEO satellite networks, it is
common for flows with significantly different base RTT values
to share portions of their paths. In this experiment, we evaluate
how the selected CC schemes perform under such conditions.
Note that LeoEM does not support multiple simultaneous
paths, making this micro-benchmark essential for evaluating
inter-RTT fairness. We repeat the previous experiment, but fix
the base RTT of one flow to 20ms and vary the RTT of the
joining flow, shown on the x-axis in Figure 4. We set the buffer
capacity to the BDP of the joining flow.

Cubic is known to be RTT-unfair [3], and this behaviour
is reflected in our experiments across all tested RTT values.
In many cases, we observe goodput ratios of roughly 0.5,
indicating that one flow attains about twice the bandwidth of
the competing flow. Since SaTCP builds on Cubic, it inherits
this inter-RTT unfairness. The fairness profile of BBRv3 is
heavily influenced by the available buffer capacity. With the
queue capacity set to 1× and 4× the BDP (Figures 4b and 4c),
the flow with the larger base RTT maintains a higher volume

of in-flight bytes, leading to progressively unfair allocations
as the base RTT disparity increases.

Our experimental findings show that LeoCC exhibits the
same inter-RTT unfairness of BBRv1, performing worse than
BBRv3 across most of our parameter range. Notably, these
results diverge from LeoCC’s own evaluation, which reports
strong inter-RTT fairness [14]. In our experiments, fairness
remains broadly BBR-like and is more sensitive to transient
dynamics. The slightly better inter-RTT fairness of BBRv3
compared to LeoCC is because the pacing gain increases
from 0.75 to 0.91 during the bandwidth ‘probe down’ phase
[17], making the existing flow yield less of its bandwidth
to the joining flow. When the buffer is very small (Figure
4a), the higher RTT flow cannot claim a substantially higher
buffer occupancy than the 20ms flow, resulting in a more fair
allocation than when the buffer capacity is 1× the path’s BDP.

Vivace exhibits the weakest performance of all tested CC
schemes. This result highlights that the fairness theorem, and
the accompanying proofs [18], assume that all senders share
an identical base RTT in order to achieve a fair bandwidth
allocation. Looking at individual runs, the lower RTT flow
always dominates the other flow. This is due to the RTT-
based probing that Vivace does, probing both increased and
decreased sending rates to maximise utility. The lower RTT
flow will subsequently conduct its probing at a much faster
rate than the higher RTT flows, causing unfairness. Across the
entire range of tested RTTs, Astraea consistently maintains the
highest performance, substantially outperforming all schemes,
as shown in Figure 4. Astraea’s multi-agent training approach,
in combination with its fixed and RTT-independent monitoring
time interval, is very effective. Interestingly, Astraea maintains
its fairness properties even when one of the present flows is
outside its training parameters.

b) Intra-RTT fairness: In this experiment, the first flow
runs for 200 seconds, with the second flow starting 50 seconds
into the experiment. In Figure 5, we plot goodput ratios
averaged over the final 100 seconds of each experiment. The
base RTT experienced by both flows is varied (and shown
on the x-axis), while the buffer capacity is set to 1× the
BDP. In addition, every 15 seconds, we will emulate a link
reconfiguration.

Cubic and SaTCP perform very similar to each other when
the base RTT remains consistent across the tested RTTs.
BBRv3 shows similar performance to the LeoEM experiments,
specifically the cases where under-utilisation was low, across
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(a) Bottlenecks: 3
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(b) Bottlenecks: 6

Fig. 6: Multi-bottleneck fairness: Goodput ratio of the multi-bottlenecked flow
(traversing all bottlenecks) to the best single bottleneck flow.
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Fig. 7: Efficiency: Normalised utilisation
vs normalised delay of multiple flows
sharing the bottleneck.

all tested base RTT values, which is consistent with the
findings of [34], where BBR is less fair when the flows do
not start simultaneously. LeoCC achieves high fairness main-
tained throughout the periodic interruptions. Vivace achieves a
fairness similar to that observed in Section IV-B. We observe
a higher variance, seen in Figure 5, indicating a noisy fairness
profile. Astraea consistently achieves very high fairness, except
for higher delays (see Figure 5), when the two flows fall
outside Astraea’s training parameter range of 10 - 140ms.
Beyond its training parameters, Astraea is unable to generalise
its fairness properties.

c) Multi-bottleneck fairness: The mesh-like topology of
LEO satellite networks naturally leads to situations where
flows encounter congestion and compete for bandwidth with
other flows at multiple bottlenecks. This multi-bottleneck sce-
nario also enables us to assess how different CC schemes per-
form with respect to max-min and proportional fairness. With
max-min fairness, bandwidth is distributed equally among all
flows, while proportional fairness implies higher aggregate
bandwidth utilisation. We emulate a multi-bottleneck LEO
satellite network scenario using a parking lot topology (with
3 and 6 bottlenecks) and concurrently start flows that cross
one of those bottlenecks each. Another flow that crosses all
bottlenecks starts 50 seconds into the experiment. All flows
experience the same base RTT. We plot the average ratio of the
goodput of the multi-bottleneck flow over the highest goodput
achieved amongst the single-bottleneck flows in Figure 6. We
look at the final 100 seconds of each run. Buffer capacity is
sized to 1× the BDP.

Figures 6a and 6b illustrate the ratios for the three-
bottleneck and six-bottleneck setups, respectively. We clearly
observe that Cubic yields a fairness profile that is close to
proportional fairness. Cubic, and by extension SaTCP, relies
on packet loss as its congestion signal, and therefore, the
multi-bottleneck flow will suffer packet loss at a higher rate.
This, in turn, triggers more frequent multiplicative reductions
of the congestion window than those experienced by single-
bottleneck flows. This is known to happen with AIMD CC
schemes [36]. Similarly, the rate-based convergence of BBRv3
achieves proportional fairness, since the single bottleneck
flows will probe 3× (Figure 6a) or 6× (Figure 6b) more than
the multi-bottleneck flow, having a higher chance to claim
more bandwidth. LeoCC achieves proportional fairness in both
three and six bottleneck scenario. The reconfiguration helps
LeoCC to achieve the proportional fairness seen in Figure

6b, though like previous experiments, LeoCC also exhibits
high variance. In these scenarios, the inter-RTT effects have
minimal influence on the BBRv3 or LeoCC network models.
Even though they do not share the same links, the single-
bottleneck flows can still align their probe-RTT timing via
the multi-bottleneck flow. In the three bottleneck scenario
(Figure 6a), the multi-bottleneck Vivace flow struggles to
sustain its sending rate, indicated by the ratio being under
the proportional fairness line. We see in Figure 6b, that when
we increase the number of bottlenecks, the multi-bottleneck
flow collapses almost completely. This is likely the result of
the multi-bottleneck flow experiencing a higher RTT causing
unfairness similar to what we explored in Section V-B. Astraea
has not been trained using multi-bottleneck environments.
When experiencing three bottlenecks (Figure 6a), Astraea
achieves proportional fairness while operating within its range
of delay training parameters. When we increase the number of
bottlenecks to six, the multi-bottleneck Astraea flow does not
capture much bandwidth at all for RTT values above 120ms.
A likely cause of this is the high delay the multi-bottleneck
flow experiences as its packets must pass through six queues
to reach their destination, adding up to an RTT value that is
well beyond what Astraea has been trained with.

C. Efficiency

In this section, we focus on how efficiently the different
CC approaches utilise the underlying network resources, while
multiple (5, 10 and 20) flows share the bottleneck. Flows
are scheduled in evenly spaced intervals within the first 100
seconds, each lasting 150 seconds. We measure aggregate
goodput normalised by the capacity of the bottleneck, and
average flow latency normalised by the path’s base RTT for the
100-150 second interval. We set the bottleneck bandwidth to
100Mbps, the RTT to 50ms and the buffer capacity to 5× the
BDP. In Figure 7, we plot mean values and 1-σ ellipses for the
50 seconds where all flows co-exist. We use shaded marks to
denote the normalised aggregate throughput after subtracting
the normalised retransmission rate.

Cubic and SaTCP will achieve high utilisation at the cost
of maximum delay inflation, for all tested concurrent flows
(5, 10 and 20 flows) shown in Figure 7. The delay inflation
is at its peak regardless of the number of flows sharing the
bottleneck. The retransmissions are primarily driven by the
link breakages that occur every 15 seconds. In our setting,
BBRv3 achieves high utilisation, and delay inflation remains



clustered near 2.5× (seen in Figure 7) because each BBRv3
flow converges on essentially the same estimate of the ag-
gregate bottleneck capacity, and BBR’s model then targets
roughly 2×BDP in flight. This aligns with prior findings in
[37] that all BBR variants tend to overestimate bottleneck
bandwidth, which drives the queue build-up and sustained RTT
inflation. Similarly, LeoCC matches BBRv3 in overall delay
inflation (Figure 7), but its repeated startup contributes to more
variable RTT inflation.

As described in Section V-A, Vivace exhibits periodic,
brief drops in sending rate (Figure 2e) when the probing
trails reverse direction. As the number of flows increases,
overall utilisation rises because these periodic reductions are
increasingly filled by the other flows. Astraea, by contrast,
maintains the smallest persistent queue among all schemes,
and its size scales in proportion to the number of flows sharing
the bottleneck. This is because each Astraea flow maintains a
small per-flow delay inflation budget to enable safe bandwidth
exploration by the agents during training. Although minimal
for a few flows, these per-flow budgets add up as the number
of simultaneous flows grows (e.g., 20 flows shown in Figure
7), increasing the aggregate standing queue and thus overall
RTT inflation.

VI. CONCLUSION

In this paper, we evaluated Cubic, SaTCP, BBRv3, LeoCC,
Vivace, and Astraea using LeoEM LEO emulations and tar-
geted micro-benchmarks. We find that (1) interruption-aware
enhancement designs (SaTCP/LeoCC) improve bandwidth ac-
quisition under frequent reconfigurations, but still inherit the
same design trade-offs of the base schemes; (2) loss-based
control (Cubic) is highly sensitive to interruption frequency
and non-congestive loss, and tends to inflate delay when it
succeeds in filling the pipe; (3) BBRv3 generally sustains
high utilisation with moderate delay inflation, but remains
limited in its responsiveness to sharp base-RTT shifts and
becomes conservative under non-congestive loss; (4) Vivace
is fair when flows share the same baseline RTT, yet its RTT-
coupled probing leads to sluggish recovery after large RTT
jumps and severe unfairness under RTT heterogeneity; and (5)
Astraea is resilient to non-congestive loss and achieves strong
fairness under RTT asymmetry and in several multi-bottleneck
cases, but underutilises bandwidth when base RTT varies.
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