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Reinforcement learning (RL) has recently been explored as an adaptive alternative to hand-designed conges-
tion control, yet most reported evaluations remain confined to simulated or moderate-bandwidth environ-
ments. This paper studies the scaling behavior of an Aurora-style Proximal Policy Optimization (PPO) con-
gestion control policy when it is deployed on a real high-bandwidth, high bandwidth-delay product (BDP)
wide-area network (WAN) path with a 10 Gbps interface budget. The purpose is not to claim a new state-of-
the-art controller, but to identify how a simulator-trained PPO policy behaves when transferred to multi-gi-
gabit operation. We integrate the policy through a user-space PCC shim and analyze transport-level logs,
including achieved receive rate, loss dynamics, rate oscillations, and available round-trip time (RTT) indica-
tors. The results show a persistent gap between nominal link capacity and achieved single-flow goodput: the
analyzed run reaches a mean receive rate of 49.6 Mb/s and a peak of 438.0 Mb/s, corresponding to 0.50%
average and 4.38% peak utilization of the 10 Gbps budget. Additional TCP CUBIC and TCP BBR baselines
on the same path reached up to 9.91 Gb/s and 9.72 Gb/s with four flows, confirming that the route itself can
sustain multi-gigabit throughput. The rate distribution is heavy-tailed, with short high-rate episodes followed
by overshoot-collapse dynamics, bursty loss, and transient delay inflation. These findings indicate that scale-
aware training, more robust reward normalization, and lower-overhead pacing are needed before PPO-driven

congestion control can generalize reliably to high-BDP WAN deployments.

1 INTRODUCTION

Congestion control is a fundamental component of
transport protocols, responsible for achieving high
link utilization while preventing persistent queue
buildup and instability [1]. In high-speed and multi-
gigabit wide-area networks (WANSs), this problem be-
comes substantially more challenging due to large
bandwidth-delay products (BDP), amplified feedback
delays, and increased sensitivity to transient queue
dynamics [2]. Classical loss-based algorithms may
underutilize available capacity in such environments,
while delay-based and control-theoretic approaches
attempt to stabilize queue evolution under high-speed
conditions.

For example, Karpov et al. analyze performance
enhancement strategies for multi-gigabit WANs and
emphasize the scaling challenges introduced by large
BDP and delayed feedback [3]. Mareev et al. further
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investigate PID-based congestion control for high-
speed IP networks, showing that explicit control-the-
oretic mechanisms can improve stability compared to
heuristic schemes, yet remain sensitive to parameter
tuning and network variability [4]. These limitations
have motivated the exploration of data-driven ap-
proaches, including reinforcement learning (RL), as
an alternative to manually designed congestion con-
trol logic [5].

RL-based congestion control frames rate adapta-
tion as a sequential decision-making problem: the
sender observes recent network statistics, selects a
control action, receives a reward that reflects through-
put, loss, and delay, and then updates or applies a
learned policy. Aurora formulates this problem as a
partially observable Markov decision process and
uses Proximal Policy Optimization (PPO), a policy-
gradient RL algorithm designed to improve a policy
while limiting excessively large policy updates [1],



Proceedings of the International Conference on Applied Innovations in IT (ICAIIT), April 2026

[6]. PPO is attractive for congestion control because
it can optimize continuous rate-control actions and
can learn non-linear responses to noisy transport
measurements. However, these same learned re-
sponses may become fragile when the operating scale
differs substantially from the training environment.

Published Aurora evaluations report promising re-
sults in controlled and moderate-bandwidth environ-
ments. However, Aurora's experimental validation
has largely been confined to Mbps-scale simulations
and emulation, typically below 128 Mb/s [1]. Modern
backbone and research networks operate at multi-gi-
gabit rates, where BDP amplification fundamentally
alters control dynamics: feedback becomes relatively
slower, queueing transients become more costly, and
exploratory rate changes can induce amplified oscil-
lations. The behavior and generalization properties of
simulator-trained PPO congestion control under real
high-BDP multi-gigabit WAN conditions remain in-
sufficiently understood [7].

In this study, we empirically evaluate an Aurora-
style PPO congestion control policy deployed over a
real wide-area path under a 10 Gbps interface budget.
Rather than claiming universal performance improve-
ments, we focus on characterizing utilization limits,
heavy-tailed rate behavior, overshoot-collapse dy-
namics, and instability patterns observed in practice.
Our analysis highlights structural constraints, includ-
ing reward scaling sensitivity, delayed feedback am-
plification, and user-space pacing overhead. Baseline
throughput measurements are reported for path-ca-
pacity validation, while full multi-flow fairness under
simultaneous coexistence remains future work.

2 METHOD AND METRICS

This section describes the PPO-driven control archi-
tecture, the observations used by the policy, the deci-
sion interval, the reward signal, and the measurement
metrics used for the scaling analysis.
2.1 Control Architecture
We evaluate an Aurora-style congestion control pol-
icy integrated through a user-space PCC shim [8].
The sender periodically observes recent transport sta-
tistics and outputs a continuous control signal that
multiplicatively adjusts the current sending rate.

The implementation follows Aurora's abstraction:

Re1 =R - exp(a - ay), )
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where Rt, measured in Mb/s, is the current sending
rate, at is the continuous action output by the policy,
alpha is a fixed delta-scale factor, and the rate is
clipped within predefined minimum and maximum
bounds. Rate limits in our deployment were config-
ured as Rmin = 500 Mb/s and Rmax = 5 Gb/s. These
bounds were adjusted during scaling experiments to
explore high-BDP behavior. The controller operates
entirely in user space through the PCC-RL shim in-
terface.

2.2 Observation Space

At each decision interval, the policy receives a
bounded history of recent transport statistics. The ob-
servation vector includes estimated throughput over
the last interval, packet loss rate, an RTT sample,
sending rate, and delivery ratio or acknowledged
bytes. The implementation uses a fixed history length
of H = 10 intervals. Thus, the observation vector is a
concatenation of the last 10 measurement tuples,
forming a temporally stacked state representation. All
features are normalized using running statistics con-
sistent with the Aurora training implementation, us-
ing mean-variance normalization.

2.3 Decision Interval

The control decision is executed at fixed monitoring
intervals corresponding to the PCC measurement
epoch. In our deployment, the decision interval is ap-
proximately one PCC monitor interval, or about 100-
200 ms depending on traffic dynamics. This interval
length directly affects stability under high BDP, be-
cause delayed feedback amplifies multiplicative rate
updates.

2.4 Reward Function

The original Aurora reward formulation maximizes a
utility combining throughput and delay penalties:

r. = throughput; - - delay - v - loss.. )

In our implementation, the reward is computed in-
side the shim using throughput-based utility con-
sistent with the PCC-RL training plugin:

. = U(throughput,, lossy), (3)

where the delay contribution is limited due to unavail-
able RTT precision in receiver logs. For analysis pur-
poses, we report a normalized reward proxy derived
from logged throughput and inferred loss dynamics.
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2.5 Normalization

Feature normalization follows Aurora's training con-
vention: throughput is normalized relative to a recent
mean, loss is represented as a bounded fraction, the
action output is constrained to a finite range, and the
reward is normalized before PPO updates. However,
when transferring to multi-gigabit WAN conditions,
absolute throughput scales exceed those seen during
simulation training, potentially causing reward scal-
ing mismatch.

2.6 Training and Checkpoint Regime

The evaluated policy was initialized from a pre-
trained PPO checkpoint trained in simulated environ-
ments under moderate bandwidth regimes. During de-
ployment, online PPO updates were enabled, model
checkpoints were periodically saved, and no retrain-
ing with high-BDP domain randomization was per-
formed. Thus, the experiments evaluate transfer and
scaling behavior rather than re-optimized high-speed
training.

2.7 Measurement Metrics

From receiver-side logs, we extract receive rate in
Mb/s as the primary goodput proxy, aggregate sent
and lost counters, and per-interval rate statistics. Be-
cause RTT values in available logs are constant place-
holders in part of the dataset, latency-based analysis
is limited. Therefore, tail behavior is characterized
through mean receive rate, standard deviation, p50,
P95, p99, and empirical cumulative distribution func-
tion (CDF). These metrics capture burstiness and
heavy-tail dynamics under high-BDP conditions.

3 EXPERIMENTAL SETUP

Experiments were conducted on a Linux-based server
equipped with a 10 Gbps network interface and a 24-
core CPU architecture. The congestion control policy,
implemented as an Aurora-style PPO controller, was
executed in user space using Stable-Baselines PPO2
and interfaced through the PCC shim driver. Traffic
generation and feedback were collected via sender
logs and receiver-side CSV exports.

The evaluation focuses on real wide-area condi-
tions with a high-BDP path. Performance statistics
were derived exclusively from transport-level logs,
including per-interval throughput, RTT indicators,
cumulative bytes sent, and loss counters. Receiver
logs report a peak single-flow throughput of approxi-
mately 438 Mb/s in the analyzed run, while multi-
flow experiments occasionally exceeded 1 Gb/s in ag-
gregate throughput when multiple solver instances
utilized separate CPU cores.

Single-flow execution was observed to operate
under user-space pacing constraints, while multi-flow
configurations leveraged parallel CPU scheduling to
increase aggregate throughput. Baseline RTT meas-
urements extracted from receiver logs ranged around
a few milliseconds under low-queue conditions, with
significant spikes observed during rate overshoot
events.

All experiments were performed using identical
policy checkpoints and fixed hyperparameters to iso-
late deployment effects from training variability. No
kernel-level congestion control modifications were
applied; all control logic operated entirely in user
space.
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Figure 1: Send rate and achieved throughput over time under a 10 Gbps link capacity.
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To address baseline performance on the same
physical path, we additionally measured TCP CUBIC
and TCP BBR using iperf3 on the Canada-to-Cuba
WAN path, with destination 14.14.14.16 and a 10
Gbps nominal interface budget. We also measured
PCC/Vivace without RL and RL-controlled PCC over
the same user-space PCC deployment using four
flows on ports 9001-9004. These baseline measure-
ments were used to distinguish physical path capacity
from user-space PCC/RL scaling limitations.

To address baseline performance on the same
physical path, we additionally measured TCP CUBIC
and TCP BBR using iperf3 on the Canada-to-Cuba
WAN path, with destination 14.14.14.16 and a 10
Gbps nominal interface budget. We also measured
PCC/Vivace without RL and RL-controlled PCC over
the same user-space PCC deployment using four
flows on ports 9001-9004. These baseline measure-
ments were used to distinguish physical path capacity
from user-space PCC/RL scaling limitations.

4 RESULTS

This section reports the observed utilization, temporal
rate behavior, and distributional properties of the
achieved receive rate. The purpose is to make the em-
pirical scaling behavior explicit rather than to present
the controller as an optimized production implemen-
tation.

4.1 Achieved Utilization and Temporal
Behavior

Across the analyzed receiver log, the mean receive
rate is 49.6 Mb/s with a standard deviation of 90.1
Mb/s and a peak of 438.0 Mb/s. Relative to a 10 Gbps
budget, this corresponds to an average utilization of
0.50% and peak utilization of 4.38%. Figure 1 shows
pronounced variability and intermittent spikes, con-
sistent with scaling challenges under high-BDP trans-
fer. The time series indicates that the controller can
occasionally raise the sending rate, but these in-
creases are not sustained long enough to maintain
high utilization.

4.2 Tail Behavior of Achieved Rate

The distribution of achieved receive rate is heavy-
tailed: p50 = 18.0 Mb/s, p95 = 334.2 Mb/s, and p99 =
388.8 Mb/s, as shown in Figure 2. Such tail spikes
indicate that short-lived bursts occur, but sustained
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high utilization is not achieved in this run. This is con-
sistent with a generalization gap between simulator
training regimes and real 10 Gbps WAN
conditions [9].
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Figure 2: CDF of receiver-measured rate; vertical markers
show p50, p95, and p99.

4.3 Loss and Delay Indicators

Figure 3 compares loss-rate evolution with available
RTT indicators. Aggressive rate increases correlate
with loss bursts and transient RTT inflation, suggest-
ing queue buildup and delayed feedback amplifica-
tion. Because the RTT field is not fully reliable in all
receiver logs, these delay observations should be in-
terpreted qualitatively. Nevertheless, the synchro-
nized pattern of rate excursions, loss bursts, and delay
spikes supports the conclusion that high-BDP feed-
back delay contributes to instability.

4.4 Baseline Comparison on the Can-
ada-to-Cuba WAN Path

To determine whether the low utilization was caused
by the network path itself or by the user-space
PCC/RL stack, we conducted additional baseline tests
on the same Canada-to-Cuba WAN path. Table 1
summarizes TCP CUBIC, TCP BBR, PCC/Vivace
without RL, RL-controlled PCC, and the original an-
alyzed RL run. Single-flow TCP results provide a ref-
erence for the original analyzed RL run, while four-
flow TCP results match the multi-flow PCC/Vivace
and RL-PCC measurements and demonstrate availa-
ble path capacity under parallel flows. The TCP base-
lines confirm that the path can sustain multi-gigabit
throughput: four-flow CUBIC and BBR achieved
9.91 Gb/s and 9.72 Gb/s, respectively. In contrast,
four-flow PCC/Vivace without RL and RL-controlled
PCC remained near 1 Gb/s. Figure 4 visualizes the
same goodput comparison.
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Figure 3: Loss rate and RTT evolution over time. Aggressive rate increases correlate with loss bursts and transient RTT
inflation, reflecting queue buildup and delayed feedback dynamics.

Table 1: Baseline comparison on the Canada-to-Cuba WAN path.

Method No. Source Mean Peak RTT Loss/retrans. Util.
TCP CUBIC 1 iperf3 4.57 Gb/s N/A N/A 2,460 retrans. 45.7%
TCP BBR 1 iperf3 8.72 Gb/s N/A N/A 692,138 retrans. 87.2%
TCP CUBIC 4 iperf3 9.91 Gb/s N/A N/A 5,422 retrans. 99.1%
TCP BBR 4 iperf3 9.72 Gb/s N/A N/A 48,116 retrans. 97.2%
PCC/Vivace 4 PCC 0.987 Gb/s 1.251 Gb/s | 20.29 ms 4 lost pkt. 9.87%
RL-PCC 4 PCC/RL 0.967 Gb/s 1.022 Gb/s | 20.20 ms 280 lost pkt. 9.67%
Original RL 1 Orig. data | 0.0496 Gb/s | 0.438 Gb/s Limited Bursty loss 0.50%
Good]ﬂ.}t Gb/s) 9.91 972
8
6
4
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Figure 4: Mean goodput comparison on the same Canada-to-Cuba WAN path. TCP CUBIC and BBR confirm that the path
can sustain multi-gigabit throughput, while user-space PCC/Vivace and RL-controlled PCC remain near 1 Gb/s.
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These results show that the physical WAN path is
not the primary bottleneck. Instead, the observed per-
formance gap is consistent with limitations in the
user-space PCC/RL data path, packet tracking, pacing
precision, and feedback-driven control loop under
high-BDP operation. The RL-controlled PCC config-
uration did not outperform PCC/Vivace without RL
in this test; it achieved slightly lower mean goodput
and higher packet loss.

S DISCUSSION

The empirical results reveal a substantial gap between
the nominal interface capacity and the achieved good-
put in single-flow operation. Receiver-side measure-
ments indicate that throughput remains far below the
available link budget, while the CDF analysis con-
firms that high-rate episodes are rare and short-lived
rather than sustained.

The send-rate time series in Figure 1 exhibits pro-
nounced overshoot-collapse behavior. Rapid multi-
plicative rate increases are followed by abrupt drops,
indicating unstable adaptation dynamics under high-
BDP conditions. This instability is further supported
by Figure 3, where aggressive rate excursions corre-
late with transient loss bursts and RTT spikes, reflect-
ing queue buildup and delayed feedback amplifica-
tion.

These observations suggest that policies trained
under moderate-bandwidth simulation regimes may
not generalize seamlessly to multi-gigabit WAN en-
vironments, particularly when deployed in real-net-
work settings where measurement noise, scheduling
variability, and implementation overhead are
present [8]. Prototype experimentation frameworks
such as Iroko [10] have been proposed to facilitate
controlled evaluation of reinforcement learning con-
gestion control policies prior to deployment. How-
ever, translating such prototypes to high-BDP wide-
area environments introduces additional system-level
constraints, including large in-flight data volumes and
amplified feedback delay, which increase sensitivity
to exploratory rate updates and promote oscillatory
behavior.

The implementation-level constraints are im-
portant. A user-space controller must schedule moni-
toring, policy inference, action application, and
packet pacing outside the kernel data path. At multi-
gigabit rates, CPU scheduling jitter, timer granularity,
socket-buffer behavior, and packet pacing precision
can limit achievable throughput even when the
learned policy selects aggressive rates. The observa-
tion that multi-flow runs improve aggregate
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throughput by using multiple CPU cores suggests that
computation and pacing overhead contribute to the
single-flow ceiling, although the dataset does not iso-
late these effects experimentally.

The additional baseline comparison strengthens
this interpretation. TCP CUBIC and TCP BBR
reached 9.91 Gb/s and 9.72 Gb/s in four-flow opera-
tion on the same path, confirming that the physical
route and 10 Gbps interface budget can support near-
line-rate throughput. By contrast, PCC/Vivace with-
out RL and RL-controlled PCC remained close to 1
Gb/s. Therefore, the utilization ceiling observed for
the learning-based deployment should be attributed
primarily to user-space PCC/RL implementation and
control-loop scaling constraints rather than to insuffi-
cient path capacity.

While multi-flow execution improves aggregate
throughput through multi-core utilization, per-flow
instability patterns remain visible in loss and latency
traces. Fairness under coexistence with conventional
TCP variants was not fully evaluated beyond the
baseline throughput comparison and remains an open
question for future study. Systematic evaluations of
learning-based congestion control highlight the im-
portance of quantitative fairness, efficiency, and re-
sponsiveness metrics when assessing deployment vi-
ability [9].

Overall, the combined evidence from rate dynam-
ics, loss behavior, RTT evolution, and distributional
analysis indicates that both control-level sensitivity
and deployment-level constraints contribute to the
observed utilization ceiling in high-BDP wide-area
environments.

6 LIMITATIONS

The present study is limited to a single high-BDP
wide-area deployment and does not explore system-
atic variations in RTT, cross-traffic intensity, or alter-
native bottleneck configurations. As a result, the ob-
served instability patterns may depend on the specific
path characteristics considered here.

The performance analysis is primarily derived
from transport-level logs. Although sufficient for
identifying macro-level dynamics, the available
measurements restrict fine-grained reconstruction of
transient loss events. Moreover, RTT measurements
are not fully available with sufficient precision across
all logs, so latency analysis remains limited and
should be interpreted as indicative rather than defini-
tive.

The implementation operates entirely in user
space. User-space pacing and per-interval
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computation may introduce additional scheduling
overhead that constrains achievable throughput, par-
ticularly at multi-gigabit rates. CPU scheduling, timer
resolution, packet pacing precision, and kernel versus
user-space data-path differences should be isolated in
future experiments.

Finally, the added CUBIC and BBR measure-
ments provide a path-capacity baseline, but they do
not constitute a full coexistence or fairness study un-
der mixed traffic. A controlled comparison with sim-
ultaneous competing flows would still be necessary to
quantify fairness and responsiveness under shared-
bottleneck conditions.

7 CONCLUSIONS

This work empirically examined the scaling behavior
of an Aurora-style PPO congestion control deploy-
ment over a real high-BDP wide-area path with a 10
Gbps interface budget. The measurements show that
single-flow utilization remains significantly below
nominal capacity and is characterized by oscillatory
rate dynamics, bursty loss behavior, and transient
RTT inflation.

The throughput distribution further indicates that
high-rate episodes are short-lived rather than sus-
tained, suggesting that policy adaptation becomes in-
creasingly sensitive in large bandwidth-delay envi-
ronments. Taken together, these results imply that
transferring reinforcement learning-based congestion
control from moderate-bandwidth training regimes to
multi-gigabit WAN deployments requires greater ro-
bustness to delayed feedback, scale-aware reward
normalization, and improved implementation support
for precise high-rate pacing.

Future investigations should extend the analysis to
simultaneous coexistence experiments with CUBIC
and BBR, explicit fairness evaluation, richer RTT and
queue measurements, and architectural optimizations
that reduce user-space pacing overhead.
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