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Abstract
Many mobile operators provide subscription plans that in-
clude a data quota for full-speed access, beyond which the
service will be throttled to a low data rate — rate-limited ser-
vice. This is designed to control costs and to motivate users to
upgrade. Our recent measurements in a country-scale service
suggested that the proportion of TCP flows subjected to rate
limiting can be as high as 28%. More importantly, TCP flows
under rate limiting can exhibit excessive retransmission rates,
exceeding 20% in many cases. The extra bandwidth costs
incurred by the retransmissions for large service providers are
very significant, not to mention bandwidth wastage. This work
develops a novel R-TCP framework to mitigate the excessive
retransmissions problems in various TCP designs (e.g., Cubic
and BBR) under rate limiting networks. R-TCP is specifically
designed and optimized for sender-side kernel implementa-
tion with minimal overheads. It has been implemented into
Linux where extensive experiments in real-world networks
and applications show that it can substantially reduce exces-
sive retransmissions by up to 88% with negligible tradeoff in
goodput and application-layer performance.

1 Introduction

Mobile operators commonly employ rate limiting as a tool
to provision lower-cost subscription plans to end users [33].
For example, the operator may allow users full-speed access
within a fixed monthly data quota (e.g., 5 GB), beyond which
the maximum transfer rate will be artificially restricted to a
low level (e.g., 1 Mbps). Another common subscription plan
is to allow users unlimited data but always subject to a max-
imum transfer rate (e.g., 2 Mbps). Finally, some operators
also employ rate limiting to offer unlimited data for stream-
ing [21]. Rate limiting enables the operator to balance the
cost of service provisioning against the subscription income,
especially under 5G where its high bandwidth can consume
large amount of network resources very quickly (e.g., at 400
Mbps, one can download 5-GB data in just 100 s).

Mobile rate limiting is often implemented using a token
bucket mechanism [33] within the mobile operator’s network.
The token bucket is configured with two parameters: the to-
ken replenishment rate (R) and the token bucket size (B). R
controls the long-term data rate while B controls the short-
term data burst size at full speed. If packets arrive at the token
bucket faster than R, then the excess packets will either be
discarded (traffic policing) or queued (traffic shaping). Note
that packets could still be dropped in the latter case once the
buffer overflows.

Recent studies [21,32,33] revealed that mobile rate limiting
can interact with the congestion control algorithm (CCA)
inside existing transport protocols including TCP and QUIC,
resulting in excessive retransmissions (over 20% in many
cases) that incur significant bandwidth costs to the service
provider and bandwidth wasted along the network path. This
work takes it one step further by developing a new lightweight
framework for TCP, called R-TCP, to detect and optimize
TCP’s performance in rate-limiting networks. Compared to
previous work, the main contributions of this work are:

• R-TCP is designed to handle multi-transfer flows — use
of a persistent TCP connection for transferring multiple data
objects, a common technique employed by many applications
(e.g., video streaming) which can render existing methods
[18, 32, 33] ineffective.

• R-TCP supports concurrent flows — use of multiple
concurrent TCP flows to transfer data simultaneously from
a server, another technique employed by some applications
(e.g., short-video service) which can degrade the performance
of existing algorithms.

• Existing optimization algorithms in BBRv1 [15] and
mBBR [32] were BBR-specific and cannot be applied to other
CCAs, including Cubic, which is still widely used by service
providers. R-TCP’s detection algorithm is CCA-agnostic, as it
does not depend on or make any assumption on the underlying
CCA. Moreover, its optimization framework can be readily
adapted to different CCAs, including Cubic, BBRv1, BBRv3,
as well as learning-based ones. Extensive experiments demon-
strate that R-TCP offers more robust performance than exist-



Figure 1: Daily retransmission (Retrans) percentages mea-
sured from a production short-video service.

ing solutions, and outperforms them across a wide range of
network and application settings.

The rest of the paper is organized as follows: Section 2 in-
troduces the background and reviews previous related works;
Section 3 discusses the challenges; Section 4 and 5 present
R-TCP’s detection and optimization framework, respectively;
Section 6 evaluates and compares R-TCP to existing solu-
tions; and Section 7 summarizes the study and outlines some
future research directions.

2 Background and Related Work

We first introduce the background to mobile network rate
limiting and then give a brief survey of the existing literature.

2.1 Mobile Network Rate Limiting in Practice
Rate limiting can be easily spotted in the mobile data SIM’s
service specification. Zhu et al. [33] listed some 14 operators
around the world as examples. An interesting question would
be the extent of rate limiting being applied in practice.

To shed light on this question, we collaborated with a short-
video service provider to measure the retransmission percent-
ages at the transport protocol over a period of 46 days. We
collected 6 million requests per day for short videos streamed
over both WiFi and mobile networks. These requests were
served using either BBRv1 [15] or Cubic [20] as TCP’s CCA
at the server side. A total of 30 servers in three different
geographical regions were included in the study.

Fig. 1 plots the daily-averaged TCP retransmission percent-
ages over the period for mobile networks and WiFi, respec-
tively. The retransmission percentages for mobile networks
exhibited a remarkable sawtooth pattern where the retrans-
mission percentage progressively increased over the course
of a calendar month until it reached the end of the month and
then abruptly dropped to the lowest level again at the 1-st of
the next month.

The measurements were conducted in a region where the
mobile data quota are commonly reset according to the calen-
dar month. The abrupt drop and steady increase in the retrans-
mission percentage clearly correlate with the data quota reset

cycle. As the month progresses, more users exhausted their
data quotas and became subject to a rate-limited service. As a
control, flows from WiFi did not show such a trend throughout
the month. We note that Cubic exhibited lower retransmission
percentages than BBR due to its sensitivity to packet losses
(c.f. Section 3.1).

Using data from the study, we can apply a simple model
to estimate the proportion of flows that are subject to rate
limiting. Assuming no flow subjects to rate limiting on the 1st
of the month. Let u be the average retransmission percentage
for a TCP flow under rate limiting, and u f and ul be its overall
retransmission percentages on the first and last day of the
month, respectively. Let p be the proportion of rate-limited
flows on the last day of the month. Then we have the relation:

up+(1− p)u f = ul , (1)

where only u and p are unknown.
We obtained an estimate of u from another top-10 produc-

tion short-video service that also employs BBRv1, configured
to detect when a flow is rate-limited and to record its retrans-
mission percentage. The results, measured over one month,
show that rate-limited flows exhibited a mean retransmission
percentage of u = 29.6%. Hence, together with the measured
u f and ul for BBRv1 on 1 Mar and 31 Mar, respectively, we
can then solve for p using Eq. (1) to obtain the proportion of
rate-limited flows, which amounts to 28% on 31 March. As
large content providers easily consume bandwidth in Tbps,
so even 1% additional retransmissions incur significant band-
width costs. Moreover, as mobile rate limiting is used by
operators for service (and thus price) differentiation purposes,
it is likely to remain in the future.

2.2 Review of Previous Work
The research on network rate-limiting can be broadly cate-
gorized into two main areas: (i) measurement studies that
examine the deployment and impact of network rate-limiting
mechanisms; and (ii) detection and optimization for protocols
and services subject to network rate-limiting.

Network rate limiting has been observed in practice by
several studies, such as Flach et al. [18], Zhang et al. [31],
Kakhki et al. [21], Lakshminarayanan and Padmanabhan [23],
Dischinger et al. [17], Bauer et al. [14], Kanuparthy and
Dovrolis [22]. As network rate limiting can degrade proto-
col and application performance, researchers first developed
algorithms to detect the presence of rate limiting. This in-
cludes passive approaches (via observing flow analytics) such
as PD [18], BBRv1’s inbuilt detector [15], mBBR [32], and
MODRL [33], as well as active approaches (via explicit prob-
ing) such as Shaperprobe [22], NarrowTokenRate [29].

More importantly, the goal to detect rate limiting is to apply
the detection results towards optimizing protocols and appli-
cation performance. For example, BBRv1 and mBBR [32]
applied it to optimize the performance of TCP-BBR. Due



Table 1: Properties of mobile networks tested. Op 1 to 3 are
rate limiting while Op 4 and Op 5 are non-rate-limiting.

Op 1 Op 2 Op 3 Op 4 Op 5

Network type 4G 5G 5G 4G 4G
Mean RTT (ms) 36 18 21 45 36
Advertised R (Mbps) 2 1 1 – –
Est. B Median (KB) 733 385 223 – –
Est. B Std (KB) 1.42 61.03 27.05 – –
Est. R Median (Mbps) 2.07 1.3 1.04 – –
Est. R Std (Mbps) 0.0004 0.049 0.0003 – –

Figure 2: Retransmission percentages and goodputs under
Op 1.

to space limitation, the interested readers are referred to the
respective studies for more details.

3 Challenges

We first demonstrate TCP’s excessive retransmission problem
under rate-limiting networks in Section 3.1 and then illustrate
the limitations of existing solutions under multi-transfer sce-
narios in Section 3.2 and concurrent flow scenarios in Section
3.3. The experiments were conducted using a stationary desk-
top connected to mobile operator (Op) #1 (c.f. Table 1) via a
5G modem, downloading data from a server with a high-speed
connection to the local Internet exchange where the mobile
operator also peers with. Both the client and server run Linux
5.4 equipped with TCP Cubic [20], BBRv1 [15], BBRv2 [3],
and BBRv3 [16].

3.1 Single-Transfer Flows
We begin with the simplest data transfer use case — down-
loading a file over non-persistent HTTP, with 15-s idle period
between successive downloads. Fig. 2 compares the retrans-
mission percentages for file sizes from 0.5 MB to 32 MB,
averaged over 30 runs for each configuration. Note that the
retransmission percentages in Fig. 2 are much higher than
those in Fig. 1, because the latter is averaged across both
rate-limited and non-rate-limited flows. We observe that re-
transmission is negligible when downloading 0.5-MB files,
because Op 1’s token bucket size (estimated to be around 730
KB) is larger than the file size. The 15-s idle time fills the

Figure 3: Multi-transfer flow
used by the X app in playing
videos.

Figure 4: Concurrent flows
used by the Douyin app in
playing video.

bucket with tokens so that rate limiting is not activated at all
during transfer (hence the high goodput).

For files of 1 MB and larger, TCP exhibited very high re-
transmission rates, exceeding 50% in the cases of BBRv2 and
BBRv3 at 1-MB file size, and decreased with larger file sizes.
We note that BBRv1 exhibited markedly lower retransmission
percentages than BBRv2 / v3 in most cases, presumably due
to BBRv1’s built-in rate-limiting detector and optimizer [32]
which were not presence in BBRv2 / v3. The exact reasons
are more complicated and are explained in Appendix A.

Interestingly, Cubic exhibited the lowest retransmission
percentages due to its higher sensitivity to packet loss that
triggers reduction in its CWnd. This suggests a simple opti-
mization strategy — switch CCA to Cubic whenever a flow is
detected to be under rate limiting. However, there is still much
room for improvement, as Cubic’s retransmission percentages
under rate limiting are still much higher than normal (e.g.,
15% at 1-MB file size).

Despite the high retransmission percentages, TCP’s good-
put is not degraded significantly as evident in Fig. 2. This
is because lost packets were primarily discarded by the rate
limiter before they reach the mobile link, thereby wasting
bandwidth only in the wired network path but not the wireless
network path. The rate limiter’s low data rate resulted in very
small BDP (e.g., Op 1’s BDP ∼10 KB) so that even TCP
sender’s reduced CWnd under congestion is still sufficient to
keep the mobile link fully utilized (see Appendix B for addi-
tional results with larger BDPs). Therefore, the challenge is to
reduce TCP’s excessive retransmission percentages without
degrading its goodput performance.

3.2 Multi-Transfer Flows

Many applications employ persistent connection to request
and download multiple data objects over a single TCP con-
nection [9]. This is illustrated in Fig. 3 which plots the data
transfer pattern over time, when playing videos using the X
mobile app [13]. The app uses a single TCP connection to
transfer multiple data objects from the server. Successive data
object transfers are separated by some idle time.

To assess how well existing solutions work under such
multi-transfer scenarios, we extracted the data object sizes



and the idle time between them and then developed a client
application to recreate the multi-transfer pattern by down-
loading files from an Apache 2.4.29 server using a persistent
HTTP connection.

We applied three existing rate-limiter detection algorithms
— PD [18], mBBR [32], and P-MODRL [33], to the traffic
trace to detect and estimate rate-limiter parameters. Note that
only mBBR operated online, while PD and P-MODRL ana-
lyzed BBRv1’s traffic trace generated by the client application.
All three algorithms failed to detect rate limiting in this exper-
iment, because they did not account for tokens accumulated
during the idle periods. They may work under different multi-
transfer settings, but even then the accuracy of the estimated
rate limiter parameters can be significantly impaired.

3.3 Concurrent Transfer

In addition to multi-transfer flows, some applications also
transfer data using multiple TCP connections simultaneously.
This is illustrated in Fig. 4 for the Douyin mobile app [8],
where up to three connections are active simultaneously dur-
ing video streaming. This concurrent transfer scenario can
impact rate limiting detection and optimization.

For example, we replicated and tested the three existing
algorithms under the concurrent-transfer pattern in Fig. 4
using the method described in Section 3.2. PD and P-MODRL
were both unable to detect rate limiting, while mBBR detected
rate limiting in only one of the three connections, with an
estimated rate limit 64% lower than the reference value in
Table 1.

To tackle these challenges, we present in the next two sec-
tions a new rate limiting detection and optimization frame-
work which is also memory and CPU efficient, thereby facili-
tating its implementation inside the kernel TCP module.

4 R-TCP Rate Limiting Detection

We develop in this section a new rate-limiting detection algo-
rithm for R-TCP to tackle the challenges discussed in Section
3.2 and 3.3. It comprises three phases: (i) a detection trigger
to initiate subsequent phases only when rate limiting is likely
presence (Section 4.1); (ii) a detection phase where R-TCP
continuously estimates the rate limiter parameters and classi-
fies the presence of rate limiting (Sections 4.2 and 4.3); and
(iii) a post-detection phase where R-TCP looks for signs of
false positives or lifting of the rate limiting condition (Sec-
tion 4.4). See Appendix C for a summary of notations used
throughout this section.

To facilitate integration with TCP in the kernel, R-TCP is
designed to be light weight with optimized kernel memory
and CPU utilization. It is a passive detector which only makes
use of flow analytics, such as ACK and TCP internal states, to
carry out rate limiter parameter estimation and classification.

It is CCA-agnostic and so can be applied to different types of
CCAs such as Cubic and BBR.

4.1 Detection Trigger
The most significant impact of rate limiting on TCP is the
bandwidth costs incurred by excessive retransmissions (e.g.,
64% for a 1-MB flow) [18, 31–33]. This motivates the use of
packet loss to trigger rate limiting detection. Let l and d be the
number of packets which are lost and delivered, respectively,
during an interval of α minimum-RTT (min-RTT) rounds
that begins with the first packet loss. Calculations for rate
limiter parameter estimation and detection will only begin,
if the packet loss rate exceeds a set threshold β in the past α

rounds,
l/(d + l)> β. (2)

Otherwise, it waits for the next packet loss to begin a new
cycle of α min-RTT rounds to check Eq. (2) again1.

As flows not subject to rate limiting are likely to exhibit
much lower packet loss rates, they will not trigger Eq. (2)
and so will not incur any further processing overheads. For
example, we measured the packet loss rate (with α=7) in
mobile network Op 1 (c.f. Table 1) downloading a 32-MB file.
When Eq. (2) triggers, the packet loss rate in the detection
cycle were 80.5% (BBRv1) and 72.3% (Cubic), respectively,
averaged over 30 runs. These loss rates are much higher than
the mean retransmission rates (at 9% for BBRv1 and 5%
for Cubic) as the initial token depletion caused more severe
packet losses (see Appendix A). We also measured the packet
loss rates in Op 2 and Op 3, both of which are above 40%
for Cubic and BBRv1. This allows one to choose a higher
loss threshold (e.g., β = 0.2) to reduce false positives for non-
rate-limiting flows. Please refer to Appendix I for sensitivity
analysis of the detection phase hyper-parameters.

4.2 Parameter Estimation
Once triggered, R-TCP performs two tasks for each ACK
packet received: (i) estimate the rate limiter parameters; (ii)
classify if the flow is under rate limiting. We cover the first
task below and the second task in Section 4.3.

Multi-Transfer Flows — In a multi-transfer flow, data are
transferred in chunks separated by idle periods, e.g., DASH
streaming [7] transfers video data in chunks using a separate
HTTP transaction for each chunk over a persistent TCP con-
nection. This presents a problem as tokens accumulate during
the idle time. Consequently, when the next chunk transfer
begins, the flow will not be rate limited until all accumulated
tokens in the bucket are exhausted. This can cause existing
algorithms [18, 32, 33] to fail detecting rate limiting, as they
do not account for multi-transfer scenarios.

1We do not employ a sliding window here to eliminate the need for storing
historical loss data inside the kernel.



Figure 5: Given two tuples with candidate bucket size index j
and j−1, to find the one with a smaller area gap according to
Eq. (5), we only need to compare the areas of the two triangles
a1 and a2 (c.f. Appendix D).

To tackle this challenge, R-TCP distinguishes each data
transfer using Linux kernel’s built-in application-limited de-
tector [4] and then performs detection for each transfer in-
dependently. Specifically, Linux classifies a TCP flow to be
in the application-limited phase when: (i) there is no packet
waiting to be sent out; (ii) transmission is not limited by the
send window; and (iii) all lost packets have been retransmit-
ted. These three conditions are satisfied when a data transfer
is completed, and the flow becomes idle. R-TCP uses the exit
from the application-limited phase to detect the beginning of
a new transfer to initiate rate-limiting detection.

Model Fitting and Memory Overheads — As R-TCP
processes each transfer independently, we focus on a single
transfer in the following discussions. Let t = 0 be the begin-
ning of the current data transfer. Then the maximum amount
of data that can be delivered by a rate limiter with parameters
{B,R} is given by:

C(B,R, t) = B+Rt, (3)

where B is the token bucket size and R is the token replenish-
ment rate (see Fig. 5).

Note Eq. (3) assumes the token bucket is full at t = 0.
This may not always be true, especially in multi-transfer sce-
nario, where the inter-transfer idle time may be too short to
completely fill the bucket. To compensate for this potential
inaccuracy, the estimated bucket size of a flow is taken as
the maximum estimated bucket size across all transfers that
passed the classification criteria (c.f. Section 4.3).

Let A(t) be the cumulative amount of data acknowledged
by the latest ACK packet at time t. If the flow is constrained by
the rate limiter, then A(t) must be upper limited by C(B,R, t):

A(ti)≤C(B,R, ti), (4)

where ti is the receiving time of ACK packet i(i = 0,1,2. . . )
of the current transfer. Assuming the rate limiter is the bot-
tleneck of the flow’s throughput, then finding the rate limiter
parameters is equivalent to finding the {B,R} tuple that most

closely matches A(t) — measured by the gap (i.e., area) be-
tween the two curves A(t) and C(B,R, t), from:

∆(t) =
∫ t

0
(C(B,R,x)−A(x))dx. (5)

Note that direct calculation of Eq. (5) needs A(x) | ∀x ∈ (0, t),
which can be calculated from the sequence number acknowl-
edged and timestamp of all ACKs received since the begin-
ning of the current transfer. However, this presents a practical
problem for implementation inside the kernel.

For example, according to a major short-video service
provider, the typical goodput on a 32-core server is around
5 Gbps. At full load with video bitrate of 600 Kbps [30],
each server can serve over 8,000 concurrent connections. The
average application session, e.g., on TikTok, lasts 5.93 min-
utes [5], downloading 25 MB and generating about 18,000
ACK packets. Storing data for each ACK requires 8 bytes of
kernel memory, comprising 4 bytes for the sequence number
and 4 bytes for the timestamp. For 8,000 flows, this could
consume up to 1.1 GB of kernel memory, which is impractical.
To tackle this challenge, we present below a new model-fitting
method that eliminates the need for past ACK information.

Model Fitting by Successive Approximations — The first
technique is to store only the intermediate calculated results
for a small set of candidate values for the bucket size B so that
they can be reused in subsequent rounds without referencing
past ACK information.

We first need to determine the limits of the bucket size
range. The obvious lower limit is Bmin = 0. For the upper
limit, we observe that by the time detection is triggered by
Eq. (2), high packet losses have already occurred due to token
bucket depletion. Assuming the bucket is full at the beginning
of a transfer, then the amount of data transferred up to the
detection triggering point must have exceeded the bucket size.
Let h be the ACK number received at time th, which represents
the highest ACK number before detection is triggered. Then,
the total amount of data transferred, given by A(th) becomes
the upper limit for B:

Bmax = A(th)> B. (6)

We choose the set of B candidates b j to be ω (e.g., 9)
equally spaced values within the range {Bmin,Bmax}, i.e.,

b j =

{
Bmin + j

(
Bmax −Bmin

ω−1

)
| j = 0,1, . . . ,ω−1

}
. (7)

As a result, the estimation of B can result in the worst-case
error of the step size Ω, given by:

Ω =
Bmax −Bmin

ω−1
, (8)

which is Approximation #1. The choice of ω trades parame-
ter estimation accuracy against storage and CPU overheads.



Now, instead of storing all past ACK information, the sys-
tem only updates and stores the latest estimated rate limit
for each of the ω candidate bucket sizes, denoted by r j for
bucket size b j, whenever an ACK is received, say at time ti.
Specifically, for a candidate bucket size b j, we can simply
choose the lowest rate that satisfies the constraint in Eq. (4)
to minimize the area gap in Eq. (5):

C(b j,r j, ti)≥ A(ti),

b j + r jti ≥ A(ti),

r j ≥
A(ti)−b j

ti
.

(9)

In addition, to ensure the newly calculated rate from Eq.
(9) for the current ACK also satisfies Eq. (4) for the previous
ACKs, we update it only if it is larger than the current value:

r j = max
(A(ti)−b j

ti
,r j

)
. (10)

This is done for all ω candidate bucket sizes every time an
ACK is received, resulting in a set of ω tuples {b j,r j} that
need to be stored. Using the previous short-video server ex-
ample with ω = 9 and 8 bytes for storing each tuple, 8,000
connections will consume only 0.6 MB of kernel memory.

Note that rate estimation begins only from ACK h when
the detection is triggered by Eq. (2) (c.f. Section 4.1). Since
past ACK information is not stored and there are no rate
estimates for ACKs i < h, the estimated rate from Eq. (9) is
not guaranteed to satisfy the constraint in Eq. (4) for ACKs 0
to h−1. This is Approximation #2 which trades detection
accuracy for reduced kernel memory and CPU overheads.

The next step is to determine the best-fitting tuple from
{b j,r j}| j = 0,1, ...,ω−1, that minimizes the gap area in Eq.
(5). Consider the C(·) curves for two tuples {b j−1,r j−1} and
{b j,r j} in Fig. 5, with the latest ACK packet i received at
time ti. They intersect at time p j, j−1 given by:

p j, j−1 =
b j −b j−1

r j−1 − r j
. (11)

Theorem 1 below proves a computationally efficient condi-
tion for tuple {b j−1,r j−1} to be a better fit than tuple {b j,r j}.

Theorem 1. If ti < 2p j, j−1, then tuple {b j−1,r j−1} is a better
fit than tuple {b j,r j}.

Proof. The proof is presented in Appendix D.

Theorem 1 allows us to simply compare ti and p j, j−1 to
find the better of any two tuples. Beginning with the tuple
with the largest bucket size, i.e., {bω−1,rω−1}, the system first
compares it against the next smaller one {bω−2,rω−2}. If The-
orem 1 is satisfied, then it proceeds to compare {bω−2,rω−2}
and {bω−3,rω−3}, and so on, until Theorem 1 is no longer
satisfied. In that case, the current tuple will be the best fit,
established in Theorem 2 below.

Theorem 2. Given three tuples {b j,r j}, {b j−1,r j−1}, and
{bx,rx} where x < j− 1 and j > 1. If {b j,r j} is a better fit
than {b j−1,r j−1}, then {b j−1,r j−1} will also be a better fit
than {bx,rx}.

Proof. The proof is presented in Appendix E.

Theorem 2 further reduces computation, as rate estimation
can stop once Theorem 1 is not satisfied for the first time.

Bucket Size Range Compensation — In our experiments,
we observed some cases where the Bmax set by Eq. (6) can
be smaller than the ground truth. Further analysis revealed
that this is due to packet losses not caused by the rate limiter
(because its token bucket has not yet been depleted), but due to
other factors such as sudden network condition deterioration.

If the losses are sufficiently large to exceed the detection
trigger threshold β in Eq. (2), then Bmax will be set prema-
turely to a value smaller than the actual token bucket size. To
mitigate this potential error, if the calculated best-fit bucket
size at ACK i is already at the upper limit bω−1 = Bmax, then
the system will extend the set of bucket size candidates by one
step size Ω in Eq. (8) via adding bω = bω−1 +Ω. It will also
remove the smallest bucket size candidate, b0 in this exam-
ple, to keep the total number of candidates (and hence kernel
memory requirement) the same.

As bω is new, no prior rate estimate, i.e., rω, is available and
hence its initial value is directly computed from Eq. (9). This
is Approximation #3, as it cannot guarantee complying with
Eq. (4) for the previous ACKs. The system then reapplies
Theorem 1 to check if {bω,rω} becomes the best-fit tuple,
and if so, repeat the upper limit extension process until the
best-fit bucket size is no longer at the upper limit.

Together, the three approximations significantly reduce
kernel memory and CPU overheads with negligible tradeoffs
in detection performance.

4.3 Classification
After detection is triggered by Eq. (2), the system will attempt
to classify if the flow is under rate limiting whenever an ACK
is received, using the best-fit {B,R} tuple obtained from the
parameter estimation process described earlier. Once a flow is
classified as under rate limiting, the rate-limiting optimization
framework in Section 5 will be applied. Note that parame-
ter estimation will continue to refine the estimates until the
current transfer ends.

For a flow to be classified as rate limiting, two conditions
must be satisfied simultaneously:

Abrupt rate reduction — When the accumulated tokens
in the token bucket are exhausted, the output data rate of the
limiter will be clamped immediately to the rate limit. The
system detects this abrupt rate reduction by comparing the
flow’s mean throughput before detection triggers by ACK h
at time th, denoted by Rh:

Rh = A(th)/th, (12)



to the estimated rate limit R. If the rate limiter is the bottle-
neck, then Rh must be larger than R. Let θ be the abrupt rate
reduction threshold where a rate-limiting flow must satisfy:

R/Rh < θ. (13)

The choice of θ (e.g., 0.6) trades false positives against false
negatives. Note that the threshold also constrains the set of
feasible tuples {B,R}, so it can be exploited to further narrow
the range of bucket size candidates to save computation (c.f.
Appendix F).

Convergence — If the flow is under rate limiting, then A(t)
should converge to C(t) for t > th, implying the estimated
tuple {B,R} should remain unchanged. Therefore, to pass
the convergence test, the estimated {B,R} from all ACKs
received in a convergence window of ε (e.g., 10) consecutive
min-RTT rounds must remain unchanged. This parameter
trades longer detection time to reduce false positives.

The two conditions above are designed to reduce false pos-
itives in case the detection trigger in Eq. (2) is inadvertently
triggered by packet losses not caused by rate limiting, e.g.,
random packet losses. In this case, the flow will be less likely
to satisfy the abrupt rate reduction condition, and the resul-
tant throughput will also fluctuate (as opposed to fixed by a
rate limiter), failing the convergence test as well. As a further
safeguard, R-TCP includes an un-detecting mechanism (c.f.
Section 4.4) to revert false positive detections.

In multi-transfer flows, both parameter estimation and clas-
sification will continue to be performed for subsequent trans-
fers wherever the detection threshold in Eq. (2) triggers. If the
classification succeeds again in a subsequent transfer, then the
system will update the token bucket size to be the maximum
of the old and the new one, and also record the highest Rh for
un-detection purposes as explained next.

4.4 Practical Considerations
We consider four practical issues in actual implementation
and deployments in this section.

Concurrent flows to the same client — The detection
algorithm discussed thus far works for a single TCP flow. In
some applications (c.f. Section 3.3), the client may maintain
two or more TCP connections to the server for data transfer.
In particular, if the server sends data to a rate-limited client
using multiple concurrent flows, then these flows will share
the rate limit and thus impact rate-limiting detection accuracy.

To tackle this problem, R-TCP implements a hash table to
store one set of data for each client (as opposed to each flow)
based on its IP address. A reference counter keeps track of
the number of flows not under the application-limited state
(i.e., actively sending data). When a flow exits the application-
limited phase and if the counter changes from 0 to 1, then a
new transfer begins with all per-client data reset.

Otherwise (counter value larger than 1), more than one flow
is actively sending data to the same client. In this case, the

ACK information from all active flows will be merged (i.e.,
treating all ACKs as if they were the same flow) into one set
of rate-limiter data stored into the client’s hash table entry.
Detection is then performed in the same way as discussed
earlier using the merged data in the hash table.

BBRv1’s internal rate limit detector — BBRv1 has an
inbuilt rate limiting detector and optimizer [32]. Our exper-
iments show that it may interfere with R-TCP’s parameter
estimation process. Specifically, in some cases BBRv1 may
significantly underestimate the rate limit temporary (details
presented in Appendix G), causing it to set its pacing rate to
the underestimated rate limit for 48 RTTs. This will in turn
cause R-TCP to underestimate the rate limit as well.

Therefore, R-TCP will reset the state of BBRv1’s inbuilt
detector when the abrupt rate reduction condition Eq. (13) is
met for the first time. This prevents BBRv1’s detector from
restricting the pacing rate for 48 RTTs which can impair R-
TCP’s own rate estimation. After R-TCP detects rate limiting,
BBRv1’s inbuilt detector and optimizer will be disabled for
the rest of the flow.

Un-detecting rate limiting — In case of false positive,
a flow’s throughput will be restricted by the optimizer (c.f.
Section 5) to an incorrectly estimated rate limit, preventing
it from fully utilizing the available bandwidth. Same for the
cases where rate limiting is lifted in the middle of a flow, e.g.,
due to data quota reset or top-up. Therefore, it is desirable to
have a mechanism to detect these conditions.

Specifically, if a rate-limited flow becomes unlimited then
its transmission rate will increase, causing the continuously
estimated R to increase as well. Eventually, R will approach
Rh, thereby invalidating the abrupt rate reduction condition
in Eq. (13). When this happens, the flow will be reclassified
as non-rate-limiting and reverted back to normal non-rate-
limiting operation (see Appendix H). Detection will not be
attempted again for this flow.

Scalability — Real-world production servers often serve
thousands of concurrent connections, so memory and CPU
overheads must be kept within practical levels. With the ap-
proximations presented in the previous sections, our stress test
using a server with 8K concurrent connections showed that
R-TCP consumes only 2 MB kernel memory, with negligible
increase in CPU utilization (see Appendix N).

5 R-TCP Performance Optimization

The goal of detecting rate limiting is to optimize TCP’s op-
erations to improve its performance by mitigating excessive
retransmissions without degrading its goodput. While the
optimizations are designed in conjunction with the CCA em-
ployed, the principle is the same — regulate data transmis-
sions to keep it within the confine of the rate limiter, i.e., C(·).
This can be realized via controlling the sending window (e.g.,
CWnd) and / or the sending rate (e.g., pacing rate). This sec-
tion presents optimization algorithms for Cubic and BBRv1 /



BBRv32, and the reader is referred to Appendix M for another
application to a learning-based CCA.

5.1 TCP-Cubic Optimization
Cubic regulates sending rate via the sending window and ACK
clocking [20]. Therefore, instead of controlling the sending
rate directly, R-TCP-Cubic constrains the inflight packets to
one BDP by capping the congestion window (CWnd):

CWnd = min(CWnd,R · sRT T ), (14)

where sRT T is the smoothed RTT and R is the estimated rate
limit.

To cater to potential detection errors or rate limiter changes,
once every η (e.g., 20) sRT T rounds, the CWnd cap is in-
creased by γ (e.g., 20%) for three rounds:

CWnd = min(CWnd,(1+ γ)R · sRT T ). (15)

During these three rounds, if the estimated rate limiter
parameters {B,R} remain unchanged, then the original CWnd
cap in Eq. (14) is reapplied. Otherwise, it suggests that either
the detection results were inaccurate or the rate limiter has
changed. In this case, the upper limit is lifted, allowing CWnd
to grow according to the original Cubic algorithm, while it
continues to update its {B,R} estimates. Once {B,R} remains
unchanged for three consecutive rounds, then it will reactivate
the CWnd cap in Eq. (14).

Capping the sending window to one BDP based on the es-
timated rate limit prevents Cubic’s continuous CWnd growth
to overshoot and cause packet losses at the rate limiter. Note
that if the return path aggregates or delays ACKs then the
sender may run out of available CWnd to transmit. However,
the idling rate limiter simply stores the unused tokens in its
bucket for use when the delayed ACKs return to the sender.
The experimental results in Section 6 confirmed that R-TCP-
Cubic can fully utilize the available bandwidth in rate-limiting
mobile networks where ACK aggregation is common.

5.2 TCP-BBR Optimization
The BBR CCA family employs pacing to regulate the trans-
mission rate directly. Let r be the original pacing rate cal-
culated by BBR from its own bandwidth estimation. R-TCP
simply clamps the applied pacing rate, denoted by r∗, to the
estimated rate limit R:

r∗ = min(r,R). (16)

Similarly, to cater to potential detection errors or rate limiter
changes, once every η rounds, the upper limit R is increased
by γ for three rounds:

r∗ = min(r,(1+ γ)R). (17)
2While R-TCP can also be applied to BBRv2, the latter has been obsoleted

by BBRv3, so it is not included here.

During these three rounds, if the estimated {B,R} remains
the same, then the pacing rate cap in Eq. (16) is reapplied.
Otherwise, it lifts the pacing rate cap and let BBR enter its
probing phase to probe for bandwidth normally, while it con-
tinues to update its {B,R} estimates. Once the estimated
{B,R} remains unchanged for three consecutive rounds, it
reapplies the cap in Eq. (16) using the new R estimate. Sensi-
tivity analysis of {η, γ} can be found in Appendix J.

5.3 Multi-Transfer Flows

The above designs for Cubic and BBR do not take multi-
transfer flow into consideration. They may still work, but may
become sub-optimal in a multi-transfer flow. Specifically, in
the idle time leading to a new transfer, tokens would have
been accumulated in the token bucket. If the pacing rate in
BBR is clamped to the rate limit R, then these accumulated
tokens will not be utilized, thereby underutilizing the link.

To address this limitation, R-TCP continuously estimates
the token bucket level and uses that information to fine-tune
the transmission regulation. Let ek

i be the estimated number of
accumulated tokens at time ti, when ACK i is received during
transfer k where the flow is detected to be rate limited. Then
the token bucket level is simply the difference between the
amount of data allowed by the rate limiter C(B,R, ti) and the
actual amount transferred A(ti):

ek
i = B+Rti −A(ti). (18)

Let ek
last be the token bucket level when the last ACK of

transfer k is received. Then the token bucket level at the be-
ginning of the next transfer k+1 can be estimated from

ek+1
0 = min(ek

last +Rtidle,B), (19)

where tidle is calculated as the duration it spends in the
application-limited phase.

In other words, transfer k+1 begins with ek+1
0 tokens al-

ready in its token bucket. Subsequent token bucket level can
then be estimated from

ek+1
i = min

(
ek+1

0 −A(ti)+ tiR,B
)
. (20)

Armed with this information, R-TCP will not restrict the
transmission (by Eq. (14) for Cubic and Eq. (16) for BBR) to
allow the tokens to be utilized, provided that

ek+1
i > R · sRT T. (21)

This is a conservative measure to allow unconstrained trans-
mission, only when the token bucket level is high compared
to the flow’s BDP. As further protection, if subsequent packet
loss rate exceeds the threshold in Eq. (2), then the rate limit
cap will be reapplied immediately.



5.4 Concurrent Transfer
R-TCP can integrate ACK information from multiple flows to
estimate the (shared) link’s rate limiter parameters. However,
if multiple flows transmit at the rate limit R simultaneously,
then the combined data rate will exceed the link’s rate limit,
causing congestion and packet losses.

Intuitively, if there are g flows actively transmitting to the
same client simultaneously, then each flow should be assigned
a sending rate cap of R/g for fair bandwidth sharing. In prac-
tice, it is more complicated, as applications may only send
a tiny amount of data (e.g., text) in a flow. While the small
transfer takes much less than one sRTT time to transmit, it
will reduce the sending rate cap for all other active flows until
its ACK returns in one sRTT. This is an implementation limi-
tation in Linux’s TCP congestion control module, as R-TCP
codes can only execute to update the sending rate cap upon
ACK processing.

Therefore, R-TCP will count a flow as active only if the
sum of unsent data, denoted by u, and packets inflight, denoted
by v, is larger than one BDP at the reduced sending rate cap:

u+ v ≥ R
g
· sRT T. (22)

6 Performance Evaluation

We implemented R-TCP into Cubic, BBRv1, and BBRv3, in
Linux kernel 5.4 within its TCP congestion control module.
The new modules, namely R-TCP-Cubic, R-TCP-BBRv1, and
R-TCP-BBRv3, can be dynamically loaded / unloaded into /
from the Linux kernel in the same way as standard modules.
Apart from the TCP congestion control module, no other
kernel modifications are needed3.

The experiments were performed using three common
types of applications, namely file download (single transfer),
on-demand video streaming (multi-transfer), and a production
short-video app (concurrent transfers), to assess and compare
various algorithms’ performance under real-world application
settings. Table 1 lists the used production mobile services,
and Table 2 lists the experiment setup and default values for
the hyper-parameters (see Appendix I and J for sensitivity
analysis). We focus on R-TCP’s optimization performance
in this section. Readers are referred to the appendices for
its detection performance (Appendices K and L), applica-
tion to learning-based CCA (Appendix M), memory / CPU
overheads (Appendix N), and fairness (Appendix P).

6.1 File Download
The experiment setup consists of a stationary client host con-
nected to the mobile network via a USB 5G modem, down-
loading a file using non-persistent HTTP from an Apache

3The code is open-sourced at: https://github.com/mclab-cuhk/R-TCP.

Table 2: Experimental settings.

Description Value(s)

R-TCP Parameters
α = 7,β = 0.2,θ = 0.6,ω = 9,

ε = 10,η = 20,γ = 20%

Server & Client
Hardware Dell OptiPlex 7020 Plus
Software Ubuntu 18.04, Linux 5.4

File Download File size 0.5, 1, 2, 4, 8, 16, 32 MB

DASH Streaming
Chunk length 4 s
No. of chunks 12

Short-video
Viewing dur. 10 s
No. of videos 60

server. We measured the retransmission rate and goodput for
file sizes ranging from 0.5 MB to 32 MB using three rate-
limited mobile services. Note that with a rate limit of 1 Mbps,
a 32-MB file would take at least 270 s to download. 40 exper-
iment runs were conducted for each configuration with the
results averaged and plotted in Fig. 6.

Overall Performance - Overall, R-TCP substantially re-
duced the excessive retransmissions when applied to all three
CCAs. At 32-MB file size and averaged over all three op-
erators, R-TCP reduced the retransmission percentages of
Cubic by 57%, BBRv1 by 80%, and BBRv3 by 76%. In terms
of goodput, the R-TCP versions are all within 5% of their
unmodified versions, so there is negligible tradeoff there.

Impact of File Size - As the file size decreases, the reduc-
tion in retransmission also decreases, because R-TCP takes a
certain amount of data transfer to detect rate limiting and then
perform optimization. The amount of data needed is most
influenced by the token bucket size of the mobile service, as
the rate limiter will not kick in until all tokens in the bucket
are exhausted. This explains why R-TCP performed similarly
to its unmodified counterpart at 1-MB file size in Op 1, as this
service has an estimated token bucket size of over 700 KB.
For the same reason, there was little to no retransmissions at
0.5-MB file size in Op 1 as the file size is smaller than the
token bucket size so that it is not subject to rate limiting at all.

As file size increases, the retransmission rate generally
decreases. This is because the initial packet losses upon to-
ken bucket exhaustion are much more severe than the losses
caused by subsequent bandwidth probing after the CCA has
exited the Slow-Start / Startup phase. For example, the pro-
portion of packet retransmissions during Slow Start to total
packet retransmissions for Cubic decreased from 73% at 0.5-
MB file size to 11% at 32-MB file size in Op 3.

Impact of Mobile Operator — BBRv1 exhibited much
more retransmission in Op 3 compared to Op 1 & 2. Its
retransmission percentages for a 32-MB file in Op 3 is 23.2%
versus 8.6% in Op 2 even though the two operators have
similar rate limits (1.32 versus 1.04 Mbps). We instrumented
BBRv1’s internal rate limit estimates and found that (see
Fig. 7) it overestimated the rate limit significantly more often



Figure 6: Compairons of retransmission percentages and goodputs for file download in rate-limiting mobile networks. Black
lines represent standard deviation.

Figure 7: Distribution of rate limit estimation errors. R-TCP
exhibited more consistent and accurate rate limit estimates.

in Op 3, resulting in congestion losses even after applying
optimization (with the inaccurate rate limit estimates).

mBBR achieved more accurate rate limit estimations in
Op 3 as shown in Fig. 7, leading to less retransmission (e.g.,
reduce by 50% compared to BBRv1 at 4-MB file size). Finally,
R-TCP-BBRv1’s even more accurate rate estimations (Fig. 7)
resulted in the lowest retransmission percentages (e.g., 8.4%
versus 12.8% for mBBR at 4-MB file size).

In addition to rate-limiting mobile operators, we also tested
R-TCP in Op 4 and Op 5, both of which are not rate-limiting.
R-TCP did not detect rate limiting in all 40 experiment runs,
i.e., no false positives, and simply ran the original CCAs.

Stateful Optimization — R-TCP can optimize a flow only
after rate limiting is successfully detected. However, most
applications initiate many TCP flows to the server over the
course of a user session, so we can cache and use the detection
results from a previous TCP flow to optimize subsequent TCP
flows to the same client right from the beginning. This stateful
optimization technique has also been adopted by mBBR (as
SmBBR) [32] and others [10, 19].

We implemented stateful optimization for R-TCP, resulting
in SR-TCP, by storing the detection results into the hash table
employed in supporting concurrent transfers (c.f. Section 5.4).
We only need to extend the token bucket level estimation
method in multi-transfer optimization (c.f. Section 5.3) to
multiple TCP flows.

Figure 8: Impact of stateful optimization (in Op 1).

We conducted an experiment to download two files of the
same size using two separate TCP connections, with 5-s idle
time in-between in Op 1. Each configuration is repeated 30
times with the results averaged and summarized in Fig. 8.
SmBBR and stateful R-TCP (SR-TCP) both store the detec-
tion results from connection #1 to be reused by connection
#2 to apply optimization right from the beginning of the flow.

We focus on the second connection where stateful optimiza-
tion can be applied. Compared to the original CCA, R-TCP
achieved significantly lower retransmission percentage (re-
duce by up to 88%) in the second connection, as it can apply
optimization early on to prevent the initial burst loss due to
token bucket exhaustion. SmBBR also benefits in the 4-MB
file case, but not in the smaller file sizes, because it takes more
than 2-MB data transfer to detect rate limiting.

6.2 Video Streaming

We used two video streaming applications to evaluate per-
formance in multi-transfer flows. The first one is streaming
videos within the X mobile app over a rate-limiting mobile
network as described in Section 3.2. None of the existing
algorithms can detect the rate limiting condition due to the
idle times between transfers.

We applied R-TCP-BBRv1 to the same streaming sequence
as shown in Fig. 9. It detected rate limiting at transfer 5 (k4)
where the estimated rate limit is within 2% of the actual one.

To enable quantitative performance comparisons, we setup



Figure 9: R-TCP detected
rate limiting in transfer 5 un-
der the X app.

Figure 10: Multi-transfer pat-
tern in DASH video stream-
ing.

a second DASH-based streaming platform with sufficiently
large client buffer to ensure that BBRv1 and mBBR can suc-
cessfully detect rate limiting. We adopted the adaptive bitrate
(ABR) algorithms implemented by Mao et al. [26] and dash.js
[7], namely Pensive [26], BOLA [27], RobustMPC [28] and
FastMPC [28]. The server runs Apache, delivering video data
to the player running inside the Chrome browser. The test
video (with 12 video chunks) and bitrate ladder followed
those used in Mao et al. [26]. All experiments were repeated
15 times with the results averaged.

Fig. 10 plots the data transfer pattern in the DASH stream-
ing platform. A key observation here is that the first few video
chunks are delivered in almost back-to-back manner, because
DASH requests the next video chunk immediately upon down-
loading the current one, as long as buffer space is available.
This initial long period of continuous data transfer enables
BBRv1 / mBBR to successfully detect rate limiting.

All ABR algorithms except BOLA transfer video chunks
using a single persistent HTTP connection. BOLA may use
multiple connections to transfer different video chunks but
the transfers are in sequence, not concurrent. We enabled
stateful optimization in both R-TCP and mBBR to enhance
their performance under BOLA.

Fig. 11 compares the retransmission percentages and the
streaming video’s Quality-of-Experience (QoE) [26]. Overall,
SR-TCP can reduce retransmission percentages by 28.4% (vs.
Cubic), 39.9% (vs. BBRv1), 43.5% (vs. BBRv3), and 5.2%
(vs. SmBBR) averaged over all configurations. SR-TCP’s
QoE performances are within 3% of its unmodified counter-
parts, so there is no noticeable tradeoff there.

On the one hand, the results clearly show that QoE perfor-
mance is still primarily determined by the ABR algorithm.
On the other hand, we observed that their QoE performances
varied much more widely in Op 1 and 2 than in Op 3. We
conjecture that this is due to interactions between the ABR
algorithm and the rate limiter. Specifically, most ABR al-
gorithms measure chunk download throughput to estimate
available bandwidth to inform its bitrate choices for future
chunks. At the beginning of a session, the rate limiter does
not kick in until all accumulated tokens in the bucket are ex-
hausted, which may mislead the ABR algorithm to estimate a
bandwidth higher than the rate limit and thus choosing higher

video bitrate version for the future chunks (e.g., FastMPC
selected its 2nd chunk with bitrate at 4.3 Mbps, which is far
higher than the rate limit of 2 Mbps in Op 1).

Once rate limiting kicks in, the much lower data rate com-
bined with high-bitrate chunks will cause playback rebuffer-
ing to occur, degrading QoE. The extent of these interactions
obviously depends on the design of the ABR algorithm and
the rate limiter configuration. For example, the four ABR al-
gorithms’ achieved more similar QoE performance in Op 3,
because the latter’s rate limiter has a small bucket size (223
KB) compared to the total size of dash.js file plus the video
chunk size (∼560 KB) so that the non-rate-limiting period is
short and thus has much less impact on the ABR algorithms.

6.3 Short-video Applications

The third set of experiments aims at evaluating R-TCP perfor-
mance in a real-world application. Ideally, deploying R-TCP
into a production service’s servers will provide the most defini-
tive real-world performance results. The authors are working
with a service provider to conduct field trials of R-TCP and
hope to report such results in the future.

In the meantime, we employ a proxy-server setup depicted
in Fig. 12 to apply R-TCP to a real-world short-video ap-
plication without modifying the service provider’s servers.
We installed a mobile app called Super Proxy [12] into the
Android smartphone. Once enabled, the client proxy app then
redirects all network traffics to the Apache Proxy [6] run-
ning at the proxy server. The proxy server then forwards
requests / responses between the smartphone app and the ser-
vice provider’s servers. We deployed R-TCP into the proxy
server for delivering data over the mobile network to the
smartphone.

The anonymous short-video app is among the top-10 video
app worldwide. This short-video app exhibits complex net-
work behavior, including the use of persistent connections
for multi-transfer and the use of concurrent connections for
simultaneous transfer as well. These short-video apps often
dynamically preload images and videos, sometimes out-of-
sequence [24] to optimize the user experience. Therefore it
offers a good platform to not only evaluate R-TCP’s perfor-
mance, but also to uncover any potential limitations.

The short-video app’s service provider provided the actual
video playback statistics recorded by the app. We used Klick’r
[11] to automate the click and swipe actions on the short-video
application according to a set sequence. Each viewing session
swiped and played 60 videos. Each experiment is repeated 30
times with the results averaged.

Table 3 summarizes the results for Op 1 and Op 2, respec-
tively4. The results demonstrate that R-TCP can significantly

4Results for Op 3 are not available as there are compatibility issues be-
tween the proxy setup and Op 3, where connections were constantly dropped
whenever the proxy is used, regardless of which CCA is in use.



Figure 11: Comparison of retransmission percentages and QoEs for on-demand video streaming in rate-limiting mobile networks.

Figure 12: The setup for the short-video application.

Table 3: Performance for the short video application.

Avg.
Retrans.

(%)

Rebuf.
Count
Ratio

Rebuf.
Dur.
Ratio

Avg.
Bitrate
(Kbps)

Op 1

BBRv1 13.5 2×10−7 0.7×10−3 572
SmBBR 6.9 7×10−7 2×10−3 548
SR-TCP-BBRv1 6.6 3×10−7 0.5×10−3 565

Cubic 8.9 2×10−7 4×10−4 580
SR-TCP-Cubic 5.3 8×10−8 2×10−4 584

Op 2

BBRv1 18.4 0.4×10−51×10−2 533
SmBBR 7.3 1×10−5 3×10−2 542
SR-TCP-BBRv1 7.3 0.4×10−51×10−2 537

Cubic 12.8 4×10−6 1×10−2 536
SR-TCP-Cubic 8.1 4×10−6 1×10−2 535

reduce the retransmission percentages by 40% and 60% com-
pared to BBRv1 and Cubic, respectively. Similar reductions
are also observed in applying R-TCP to BBRv3 (Appendix
O). It is worth noting that although BBRv1 has an in-built
rate limiting detector and optimizer, it is not very effective in
this application as its retransmission percentages are higher
than Cubic. Finally, SmBBR also achieved similar reductions
in retransmission percentages under BBR, albeit with some
tradeoffs in streaming performance.

Considering the rebuffering count / duration ratio — com-
puted from the total number / duration of rebuffering events
divided by the total viewing duration in milliseconds in a user
session, SmBBR exhibited more than doubled the rebuffer-
ing count / duration compared to BBRv1 and R-TCP in both
mobile networks, which is considered significant by our in-
dustry collaborator. We conjecture that the short-video app’s

complex network behavior combining multi-transfers and
concurrent transfers caused SmBBR to over / under-estimate
the rate-limiter parameters, which in turn degraded its rate-
limiting optimization performance.

In comparison, streaming performance under R-TCP is
similar to BBRv1 and Cubic. This demonstrates that R-TCP
not only can reduce excessive retransmissions, saving total
bandwidth usage by 13% and 24% compared to BBRv1 and
BBRv3 (Appendix O), but does so without sacrificing stream-
ing performance.

7 Summary and Future Work

This work shows that R-TCP can be an effective tool to opti-
mize existing TCP CCA to mitigate their excessive retransmis-
sions under rate-limiting networks without sacrificing good-
put or application QoE performance. There are many fruitful
directions for future work. The authors are actively working
with large service providers to carry out large-scale evalua-
tions of R-TCP in production services. The goal is to assess
R-TCP’s performance across different types of networks and
applications, and to uncover any edge cases or unexpected
behaviours in real-world environments.

A promising future research direction would be to apply
R-TCP to other TCP designs. Moreover, the design principles
in R-TCP is not limited to TCP either, and so applications
to other transport protocols, QUIC in particular, would be of
great interest to service providers. In addition, while server-
side implementations are easier to be deployed by service
providers, adapting R-TCP to the client side could benefit
all kinds of services even without support from the service
provider. This would be a challenging but fruitful topic for
future research.
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Figure 13: CWnd and packet loss evolution of BBRv1 and
BBRv3 under Op 1. BBRv3’s higher losses are due to its
CWnd setting upon entering fast recovery.

A Analysis of BRBv1 and BBRv3 under Rate
Limiting Networks

Fig. 13 plots the evolution of CWnd, packets inflight, and cu-
mulative losses for BBRv1 and v3, respectively. The shaded
area marked BBR’s Startup phase. Initially, there is no packet
loss in both CCAs, when they progressively probe for band-
width and expand their CWnd. At around 0.4 s, the rate limiter
ran out of tokens in its bucket and began throttling its output
rate to the rate limit, causing a burst of packet losses. From
this point, BBRv1 and v3 behaved differently.

Specifically, BBRv1 upon fast recovery sets its CWnd to
packets inflight plus ACKed packets, as evident by the over-
lapping CWnd and packets inflight curves. As a result, the
sending rate is reduced significantly, which also lowered the
retransmission percentages. At around 0.7 s, BBRv1 success-
fully detected rate limiting and applied optimization to reduce
retransmissions further.

In contrast, BBRv3 upon fast recovery sets its CWnd ac-
cording to the bandwidth-delay product (BDP), calculated
from the maximum bandwidth observed over the last 10
rounds. As the rate limiter has only just kicked in, the max-
imum bandwidth is really measuring the link’s non-rate-
limited bandwidth. Consequently, the BDP and, in turn, the
CWnd are far too large for the now rate-limited link, causing
far more packet losses than BBRv1 as evidence in Fig. 2.

Note that despite the higher retransmission percentages,
BBRv3 still achieved goodput similar to BBRv1. This is be-
cause BBRv3 does not incorporate a rate-limit detector so
that the mean pacing rate remained higher than the network’s
rate limit (e.g., 2.7 Mbps versus 2.2 Mbps in Op 1), thereby
causing excessive packet losses, while still fully utilizing the
link’s bandwidth.

B Impact of Larger Bandwidth Delay Product

We explore the behavior of rate-limiting flows with larger
BDPs in this appendix. As rate limits tend to be low in prac-

tice (up to 2 Mbps in most cases), larger BDPs are primarily
due to longer RTT, e.g., when downloading data from a ge-
ographically distant server. To emulate such scenarios, we
implemented Op 1’s rate limit (at 2.07 Mbps) using a Cisco
Business 250 Series Smart Switch [2] and then varied the
end-to-end RTT between 40 ms, 120 ms, and 200 ms using
Dummynet [1], resulted in BDPs of 10 KB, 30 KB, and 50
KB, respectively. Fig. 14 plots the retransmission percentages
and goodput for file size ranging from 0.5 MB to 32 MB.
Each configuration was repeated 30 times with the results
averaged.

Overall, the results are consistent with the results for Op
1 (i.e., 10 KB) reported in Section 3.1. Specifically, the 0.5
MB flow exhibited zero retransmissions regardless of BDP
size, as the file size is smaller than the estimated bucket size
(733 KB) and thus the flow is not subject to rate limiting at all.
Significant retransmissions occur once the file size exceeds
the bucket size as expected.

For file sizes of 2-MB and larger, flows with longer RTT
exhibited higher retransmission percentages than flows with
shorter RTT. Our analysis shows that the longer RTT extended
the detection time (in multiples of RTTs) for BBRv1’s built-in
rate-limiting detector and during this time, BBRv1 operates
in the bandwidth probing phase. The longer it remains in the
probing phase, the more it overshoots the rate limit, resulting
in more packet losses once the rate limiter kicks in. We note
that the 1-MB file size case does not exhibit the same behavior,
because the file size is only slightly larger than the bucket size.
Hence, more of the data are transferred without rate limiting.
Longer RTT also offers more time for the token bucket to
accumulate tokens before the rate limiter kicks in, resulting
in lower retransmission percentages.

Finally, for all three RTT settings, the flows again have no
problem achieving goodput close to the rate limit, consistent
with the findings in Section 3.1.

C Table of Notations

For clarity and ease of reference, Table 4 consolidates the
notations used throughout this paper. To provide full context,
each description also includes a cross-reference to the section
where the notation is first introduced and defined.

D Proof of Theorem 1

Proof. Referring to Fig. 5, let a1 and a2 be the area be-
tween the two curves from time t = 0 to t = p j, j−1, and from
t = p j, j−1 to t = ti, respectively. Let a3 be the area between
A(·) and the minimum of the two C(·) curves. Then we can
determine which bucket size can result in the smaller gap area
in Eq. (5) without the need for historical ACK information.
Let ∆ j−1 and ∆ j be the gap areas for bucket size b j−1 and b j,



Figure 14: Impacts of BDP on BBRv1.

respectively. Then, we have:

∆ j = ∆ j−1 +a1 −a2. (23)

Hence, we can compare them using just a1 and a2:

∆ j −∆ j−1 = a1 −a2, (24)

which can be calculated from the area of the triangles:

a1 =
(b j −b j−1)p j, j−1

2
,

a2 =
(ti − p j, j−1)

(
(b j−1 + r j−1ti)− (b j + r jti)

)
2

.

(25)

Substituting Eq. (25) into Eq. (24), we have:

∆ j −∆ j−1

=
(b j −b j−1)

2

[
p j, j−1 − (ti − p j, j−1)

( r j−1 − r j

b j −b j−1
ti −1

)]
,

=
(b j −b j−1)

2

[
p j, j−1 −

( t2
i

p j, j−1
− ti − ti + p j, j−1)

]
,

=−
(b j −b j−1)

2p j, j−1

[( ti
p j, j−1

−1
)2

−1
]
.

(26)
Thus, ∆ j > ∆ j−1 implies:( ti

p j, j−1
−1

)2
−1 < 0 (27)

or:
ti < 2p j, j−1. (28)

Table 4: List the notations.

Notation Description

u The mean retransmission percentage for rate-limited
flows of BBRv1 measured over one month is 29.6%
(Section 2.1)

α The length of an observation interval of packet loss to
trigger detection (Section 4.1)

β The packet loss threshold to trigger detection (Section
4.1)

B Bucket size (Section 4.2)
R Token replenish rate (Section 4.2)

C(B,R, t) The maximum amount of data that can be delivered by
a rate limiter with parameters {B,R} at time t (Section
4.2)

A(t) The cumulative amount of data acknowledged by the
latest ACK packet at time t (Section 4.2)

Bmin Lower limit of the bucket size range (Section 4.2)
Bmax Upper limit of the bucket size range (Section 4.2)

ω The number of bucket size candidates (Section 4.2)
Ω The step size of the bucket size (Section 4.2)
Rh The flow’s mean throughput before detection triggers

by ACK h at time th (Section 4.3)
θ Abrupt rate reduction threshold of classification (Sec-

tion 4.3)
ε Convergence check threshold of classification (Section

4.3)
η The frequency for increasing the cap (Section 5)
γ The intensity factor of increasing the cap (Section 5)
ek

i The estimated number of accumulated tokens at time
ti during transfer k (Section 5.3)

g The number of active flow (Section 5.4)
u The sum of unsent data of a flow (Section 5.4)
v The sum of packet inflight of a flow (Section 5.4)

E Proof of Theorem 2

Proof. We shall prove by contradiction. Given {b j,r j} is
a better fit than {b j−1,r j−1}, then invoking Theorem 1 by
substituting p j, j−1 in Eq. (11), we have:

b j −b j−1

r j−1 − r j
<

ti
2
. (29)

Assume {bx,rx} is a better fit than {b j,r j}, then it must also
be a better fit than {b j−1,r j−1}. Again, invoking Theorem 1
by substituting p j−1,x in Eq. (11), we have:

b j−1 −bx

rx − r j−1
>

ti
2
. (30)

Let tq be the time at which C(b j−1,r j−1, tq) = A(tq). For
the tuple {b j,r j}, constraint Eq. (4) implies:

C(b j,r j, tq)≥ A(tq),

b j + tqr j ≥ b j−1 + tqr j−1,

b j −b j−1

r j−1 − r j
≥ tq.

(31)



Figure 15: Narrow the range of candidates for bucket size.

Similarly, for the tuple {bx,rx}, constrain Eq. (4) implies:

C(bx,rx, tq)≥ A(tq),

bx + tqrx ≥ b j−1 + tqr j−1,

tq ≥
b j−1 −bx

rx − r j−1
.

(32)

Finally, substitute Eq. (32) into tq in Eq. (31), and we get:

b j −b j−1

r j−1 − r j
≥

b j−1 −bx

rx − r j−1
,

b j −b j−1

r j−1 − r j
>

ti
2
,

(33)

which contradicts Eq. (29), so {bx,rx} cannot be a better fit
than {b j,r j}.

F Further Optimizations of Bucket Size Can-
didates

The abrupt rate reduction constrain in Eq. (13) limits the
feasible estimated rate limit to the range (0,θRh). This can
be exploited to further narrow down the feasible range for
bucket size candidates as illustrated in Fig. 15. Specifically,
the pivot point at th together with it being the maximum slope
for a feasible C(·) curve, implies that bucket size candidates
must be equal to or larger than Bl , which can be calculated
from

Bl = A(th)− thθRh

= A(th)− thθ
A(th)

th
= A(th)(1−θ).

(34)

Using Bl as the lower limit, then the optimized bucket size
candidates become:

b j =

{
Bl + j

(
Bmax−Bl

ω−1

)
for j = 1, . . . ,ω−1,

0 j = 0.
(35)

Figure 16: BBRv1’s internal rate limit detector may under-
estimate the actual rate limit (e.g., between 2 s and 6 s), and
impair R-TCP’s own rate limit estimation.

Figure 17: Experiment for lifting the rate limit after 20 sec-
onds with (right) and without (left) random packet loss.

The step size Ω is also updated to

Ω =
Bmax −Bl

ω−1
. (36)

G Interation Between BBRv1’s Internal Rate
Limiting Detector and R-TCP

BBRv1 has an inbuilt rate limiting detector / optimizer, which
can interfere with R-TCP’s parameter estimation process. This
is illustrated in Fig. 16, where BBRv1’s estimated rate limit
from 2.5 s to 6.3 s (at 0.55 Mbps) is significantly lower than
the actual one.

This is caused by the initial overshoot after sudden token
depletion at the rate limiter, resulting in severe packet losses
and low goodput (see Appendix A). As a result, BBRv1 will
incorrectly set its pacing rate to the underestimated rate limit
for 48 RTTs, which in turn cause R-TCP to underestimate the
rate limit as well.



H Undetecting Rate Limiting

In this appendix, we investigate the scenario where the rate
limit is suddenly raised significantly in the middle of a TCP
flow. This can happen due to data quota reset (e.g., when
crossing an accounting period boundary). We employed the
Linux Traffic Control (tc) to emulate a link with RTT of 40
ms and a rate limit of 2 Mbps. A TCP flow was established at
time 0 s transferring unlimited data. After 20 s, the rate limit
is increased to 40 Mbps.

We tested BBRv1, mBBR, and R-TCP-BBRv1 and plotted
their data delivery curve over time in Fig. 17. We observed
that the curves for BBRv1 and R-TCP-BBRv1 overlap, both
were able to (un)detect the rate limiting after 20 s and ramp up
their transmission rates. In contrast, mBBR took considerably
more time to ramp up its transmission rate, delivering 43%
less data compared to R-TCP-BBRv1 over the same period.
This is because mBBR only increases the maximum pacing
by 20% once every 48 rounds, when there is no packet loss.
If we introduce 2% random loss using tc, mBBR will not be
able to exit from its rate-limiting state at all.

In contrast, R-TCP will lift the pacing rate cap completely,
if the estimated {B,R} changes during probing and eventually
undetect the rate limiting condition.

I Hyper-Parameters Sensitivity Analysis for
R-TCP’s Detection Algorithm

Table 5 presents the hyper-parameters in R-TCP, with the
value chosen as default in bold. We evaluated their impact on
detection errors by varying their values over the ranges listed
in Table 5. The primary metric we used is total classification
error — defined as the sum of mean classification errors (false
positives and false negatives) when applied to traces from Op
1 to 5.

The results are plotted in Fig. 18 for all five hyper-
parameters. The first observation is that the total classifica-
tion error is insensitive to α, ε, and ω. The choices of α and
ε trade detection time against classification accuracy. The
choice of ω trade memory/computation overheads against
classification accuracy as well as parameter estimation accu-
racy. The latter is also plotted in Fig. 18. The current defaults
(α = 7,ω = 9,ε = 10) strike a balance between the tradeoffs,
although the differences are relatively small.

The choice of the detection trigger threshold β, by contrast,
has more impact. Too small a β will trigger more often, but
the classification error is not increased significantly, because
the classification process is done separately as described in
Section 4.3. Too large a β does degrade classification perfor-
mance, as it will cause more false negative cases by suppress-
ing the detection trigger. The current default of β = 0.2 offers
low classification error with minimal overheads as reported
in Appendix N.

Table 5: The internal parameters of R-TCP’s detection algo-
rithm for sensitivity analysis.

Setting Description Value

α Detection trigger (Section 4.1) 4, 5, 6, 7, 8
β Detection trigger (Section 4.1) 0.1, 0.2, 0.3, 0.4

θ
Abrupt rate reduction

(Section 4.3)
0.2, 0.4, 0.6, 0.8

ω
Number of bucket candidates

(Section 4.2)
5, 9, 13, 17

ε Convergence (Section 4.3)
2, 3, 4, 5, 6, 7, 8, 9,
10, 11, 12, 13, 14

Next, the abrupt rate reduction threshold θ obviously im-
pacts classification accuracy. Here, too small a θ will result in
more false positives, as normal bandwidth fluctuations would
be incorrectly treated as abrupt rate reduction under rate lim-
iting. Too large a θ, on the other hand, will result in more
false negatives, as the rate reduction may not be large enough
to satisfy the threshold even under rate limiting. The current
default of θ = 0.6 offers a good balance in the 5 operators
tested.

J Hyper-Parameters Sensitivity Analysis for
R-TCP’s Optimization Algorithm

R-TCP regulates transmission by setting caps on the CWnd
or pacing rate. To account for potential estimation errors, the
parameters η and γ, introduced in Section 5, are proposed
to increase or lift these caps periodically to update the esti-
mated rate limiter parameters. To assess the hyper-parameters’
sensitivity, we evaluated their impact on retransmission per-
centages and goodput in transferring an 8-MB file in Op 2
and Op 3 (Table 1).

Table 6 and Table 7 present the results of the sensitivity
analysis for BBRv1 and Cubic, respectively, averaged over
100 samples. The tables reveal that smaller cap increases (γ)
and less frequent cap adjustments (η) result in fewer retrans-
missions. However, in the case of BBRv1, this reduction in
retransmissions may come at the expense of lower goodput.
This is because BBRv1’s pacing rate is determined by the
estimated bandwidth from previous rounds, so it takes time
for it to ramp up the pacing rate, when the pacing rate cap is
raised.

In contrast, Cubic can increase the CWnd whenever an
ACK packet is received, so it can ramp up transmission
more quickly, when the CWnd cap is raised. As a result, Cu-
bic’s goodput performance is insensitive to these two hyper-
parameters.

We selected the parameter set (η = 20, γ = 20%) to balance
goodput and retransmission percentage.



Figure 18: Sensitivity analysis of hyper-parameters for R-
TCP’s detection algorithms.

K Detection Performance on Real-world Trace
Data

We present more experiment results for R-TCP’s detection
performance and compare it to two existing rate limiting
detection algorithms, namely PD [18] and P-MODRL [33].
Detection performance has two components: rate-limiting
classification error and parameter estimation error. The former
is sub-divided further into two types:

• False positive, where a non-rate-limiting network is in-
correctly classified as rate limiting.

• False negative, where a rate-limiting network is incor-
rectly classified as non-rate-limiting.

Parameter estimation error is the normalized difference
between the estimated bucket size B and rate limit R, and
the ground truth. We note that, although the rate-limiting
mobile service does specify a rate limit (after data quota are

Table 6: The internal parameters of R-TCP’s optimization
algorithm for sensitivity analysis under BBRv1.

Op 2 Op 3

η γ Retrans Goodput Retrans Goodput

15 10% 3.38% 1.25 Mbps 4.18% 0.84 Mbps
15 15% 3.97% 1.25 Mbps 5.91% 0.92 Mbps
15 20% 4.70% 1.27 Mbps 6.13% 0.95 Mbps
15 25% 5.07% 1.27 Mbps 7.00% 0.95 Mbps
20 10% 3.15% 1.24 Mbps 3.85% 0.80 Mbps
20 15% 3.51% 1.25 Mbps 5.04% 0.87 Mbps
20 20% 3.95% 1.27 Mbps 5.79% 0.95 Mbps
20 25% 4.43% 1.27 Mbps 6.38% 0.95 Mbps
25 10% 2.93% 1.22 Mbps 4.06% 0.79 Mbps
25 15% 3.36% 1.24 Mbps 4.17% 0.82 Mbps
25 20% 3.61% 1.25 Mbps 5.39% 0.87 Mbps
25 25% 3.99% 1.26 Mbps 5.87% 0.91 Mbps

Table 7: The internal parameters of R-TCP’s optimization
algorithm for sensitivity analysis under Cubic.

Op 2 Op 3

η γ Retrans Goodput Retrans Goodput

15 10% 4.60% 1.27 Mbps 4.57% 0.98 Mbps
15 15% 4.62% 1.27 Mbps 4.61% 0.98 Mbps
15 20% 4.65% 1.27 Mbps 4.65% 0.98 Mbps
15 25% 4.69% 1.27 Mbps 4.75% 0.98 Mbps
20 10% 4.44% 1.27 Mbps 4.44% 0.98 Mbps
20 15% 4.46% 1.27 Mbps 4.51% 0.98 Mbps
20 20% 4.47% 1.27 Mbps 4.55% 0.98 Mbps
20 25% 4.61% 1.27 Mbps 4.66% 0.98 Mbps
25 10% 4.42% 1.27 Mbps 4.40% 0.98 Mbps
25 15% 4.44% 1.27 Mbps 4.42% 0.98 Mbps
25 20% 4.45% 1.27 Mbps 4.44% 0.98 Mbps
25 25% 4.60% 1.27 Mbps 4.52% 0.98 Mbps

exhausted), none of them discloses the bucket size. Moreover,
our measurements indicate that the actual rate limit may not
necessary equal to the stated one exactly.

Therefore, we follow the methods in Zhu et al. [33] to
measure and estimate the mobile service’s actual rate limiter
parameters {B,R} using a customize software, which trans-
mits UDP datagrams at high data rate to a client through the
mobile network. In the following, we evaluate R-TCP’s detec-
tion performance using both offline and online experiments.

We collected TCP trace data using both Cubic and BBR as
the CCA under three rate-limiting and two non-rate-limiting
networks (c.f. Table 1), utilizing a stationary client host con-
nected to the mobile network via a 5G modem. Each trace was
generated from a 30-second download task from an Apache
server. For each network service, we collected over 1,000
traces for both BBR and Cubic.

We modified BBRv1 and Cubic to log key metrics, includ-



Table 8: Comparison of classification errors.

PD P-MODRL R-TCP

Op 1
BBRv1 91.41% 0.28% 0.46%
Cubic 81% 0.37% 0.73%

Op 2
BBRv1 100% 5.16% 0.82%
Cubic 100% 0.29% 1.18%

Op 3
BBRv1 100% 1.00% 0.14%
Cubic 100% 1.18% 0.07%

Op 4
BBRv1 0% 5.56% 0.46%
Cubic 0% 2.93% 0.15%

Op 5
BBRv1 0% 1.47% 0%
Cubic 0% 1.70% 0%

Op 4M
BBRv1 0% 33.63% 3.59%
Cubic 0% 21.56% 3.67%

Table 9: Comparison of parameter estimation error.

P-MODRL R-TCP

B (%) R (%) B (%) R (%)

Op 1
BBRv1 3.13 0.11 5.71 0.41
Cubic 2.94 0.08 6.97 0.50

Op 2
BBRv1 49.76 5.26 56.16 4.84
Cubic 60.91 2.72 60.33 2.78

Op 3
BBRv1 24.30 5.58 25.54 5.47
Cubic 36.21 2.87 34.06 2.96

ing the number of acknowledged bytes, reception time, RTT,
and the number of delivered and lost packets upon receiving
an ACK. The goal is to apply different detection algorithms to
the same TCP trace data to compare their performance under
the exact same network conditions.

Table 8 compares the detection errors of PD, P-MODRL,
and R-TCP, when applied to Cubic and BBRv1 TCP traces.
PD has a very high error rate, consistent with the results from
Zhu et al. [33]. For the three rate-limiting networks (Op 1 to 3),
R-TCP has similar false negative performance to P-MODRL
except for BBRv1 in Op 2 where P-MODRL exhibited a
higher error rate (5.16% vs. 0.82%). For the two non-rate-
limiting networks (Op 4 and 5), R-TCP generally outperforms
P-MODRL with very low (Op 4) to zero (Op 5) false positive
rates. Note that PD achieved zero false positive rates, as it
tends to err on the side of classifying a flow to be non-rate-
limiting. To be fair, unlike P-MODRL and R-TCP, PD was
not specifically designed for mobile networks, so this may
not be its intended network environment to operate in.

The above TCP traces were captured from a stationary
client. To investigate the impact of more challenging network
environments, we captured another set of traces using Op
4, when riding subway and buses, denoted by Op 4M. The

coefficient-of-variation (CoV) of the throughput of the TCP
traces in Op 4M is 39%, much higher than that of Op 4 (at
23%) when the client is stationary.

As expected, Op 4M’s more challenging network environ-
ment increased R-TCP’s false positive rates but are still within
a few percentage points. In contrast, P-MODRL’s error rates
increased significantly to 33.63% (BBRv1) and 21.56% (Cu-
bic). The false positives are caused by sudden bandwidth
drops in Op 4M, due to the rapidly changing network condi-
tions. These drops are then incorrectly detected as abrupt rate
reduction (c.f. Section 4.4), which led to the false positives.

R-TCP’s detection trigger in Eq. (2) filtered bandwidth
drops not accompanied by high packet losses and its un-
detection mechanism in Section 4.4 mitigated many of the
false positives. Without them, R-TCP’s false positives under
Op 4M would increase to 8.07% (BBR) and 5.96% (Cubic).

Table 9 compares the parameter estimation errors between
R-TCP and P-MODRL. Both algorithms achieved similar
accuracy. We note that both algorithms exhibited large errors
in estimating the token bucket size B in Op 2 and 3. Our own
estimations using UDP to flood the rate limiter also showed
much larger variations in the measured token bucket size (c.f.
Table 1). The reason for the variations is not clear at the time
of writing and the authors are currently investigating this
anomaly further.

Despite the large errors in estimating B, the rate limit esti-
mates are still reasonably accurate. R-TCP primarily makes
use of R in its optimization algorithm, so the token bucket size
error does not impact optimization performance significantly.

L Detection Performance in Controlled
Testbed

In this appendix, we evaluate the detection performance of
R-TCP across a wide range of known token bucket configura-
tions. These configurations include a broad range of bucket
sizes (4 KB to 3 MB) and rate limits (0.2 to 20 Mbps). The ex-
tended ranges are designed to test the operational boundaries
of R-TCP’s detection algorithm as implemented into BBRv1.

The testbed utilized a Cisco Business 250 Series Smart
Switch [2] to emulate the token bucket and employed Dum-
mynet [1] to introduce 40 ms round-trip time [31]. Each
experiment run lasted for 30 seconds, with each token bucket
configuration repeated five times and the results averaged.

Fig. 19 and 20 show the mean percentage error in estimat-
ing the bucket size and rate limit, calculated from:

EB =
100
Q

Q

∑
i=1

|B−bi|
B

, (37)

ER =
100
Q

Q

∑
i=1

|R− ri|
R

, (38)



Figure 19: Estimation error percentages for rate limit under
controlled testbed (grey boxes indicate failures to detect rate
limiting).

where Q is the number of runs that can successfully detect
rate limiting under the given token bucket configuration, and
{bi,ri} and {B,R} represent the estimated and ground truth
token bucket parameters, respectively.

R-TCP’s rate limit estimation errors are remarkably small
and consistent across most token bucket configurations.
Bucket size estimation errors do increase at the boundary
configurations, i.e., larger rate limit to bucket size ratios. The
grey area in Fig. 19 and 20 represents regions where R-TCP
fails to detect rate limiting, i.e., false negative. Nevertheless,
these out-of-bound regions involve either very high rate limit
(>6 Mbps), very small bucket size (<260 KB), or both. Given
that most of the rate-limiting mobile services have (intention-
ally) low rate limits (e.g., hundreds of Kbps to 2 Mbps), they
are well within R-TCP’s operating boundary.

M Application of R-TCP to Learning-based
CCAs

This appendix explores the application of R-TCP to uncon-
ventional TCP CCAs to demonstrate how easy it is to adapt
R-TCP to different CCA designs. Specifically, we applied R-
TCP to Astraea [25] - a reinforcement-learning-based CCA.
Astraea is composed of two components. The first component
is a modified TCP CCA module in the Linux kernel, where
it accepts a CWnd setting from a custom socket option. It
also employs pacing where the pacing rate is computed from

Figure 20: Estimation error percentages for bucket size under
controlled testbed (grey boxes indicate failures to detect rate
limiting).

CWnd/smoothed_RTT. The second component runs in user
mode executing the reinforcement learning module. It takes
inputs such as throughput, RTT, CWnd, pacing rate, number
of packets in flight, number of retransmissions packets, and
loss ratio from the custom socket option API. The module
generates an output CWnd, which is then passed to the kernel
module via the same custom socket option API.

Adapting R-TCP to a TCP CCA involves two steps. The
first step is to include R-TCP’s detection module into the TCP
module. This can be done in a straightforward manner, as it
is passive and hence does not interact with the CCA itself.
The second step is to make use of the detected rate-limit
parameters {B,R} to regulate transmission. This can be done
via limiting the CWnd, pacing rate, or both.

For Astraea, we apply both to convert it into R-TCP-
Astraea. First, in the kernel TCP module, the CWnd computed
upon ACK processing will be capped to the estimated BDP
as in Section 5.1. Second, the computed pacing rate will also
be capped to the detected rate limit R. The other optimization
mechanisms are the same as those introduced in Section 5.

We conducted an experiment using the file download test
settings from Section 6.1 in Op 3 (Table 1). Fig. 21 compares
the mean retransmission percentages and goodput averaged
over 30 runs. It is evident that Astraea alone exhibited similar
excessive retransmissions (20∼30%) under rate limiting net-
works. Moreover, its goodput is also degraded, especially for
smaller file sizes.



Figure 21: Comparison of retransmission percentages in rate-
limiting mobile networks.

In comparison, R-TCP-Astraea effectively reduced As-
traea’s retransmission percentages by up to 98% and improved
its goodput by up to 36% (at 0.5-MB file size). This experi-
ment further demonstrates R-TCP’s applicability to different
types of CCA and its effectiveness in reducing excessive
retransmissions, while also enhancing their goodput perfor-
mance in this case.

N R-TCP Overheads

We measured the memory and CPU overheads of our R-TCP
implementation in Linux. R-TCP allocates a 250-byte data
structure for each TCP connection in the kernel. According
to our industry collaborator, a typical video server is dimen-
sioned to support 8K concurrent connections. This translates
into 2 MB additional kernel memory consumption, which is
well within acceptable level for today’s servers.

For CPU utilization, we conducted benchmark tests, where
the server with the configuration listed in Table 2 activately
transfers data over 8K concurrent HTTP connections using
Apache. The recorded CPU utilizations when running all
connections using BBRv1 versus R-TCP-BBRv1 are both
around 24%. This shows that R-TCP’s additional processing
does not raise the CPU utilization by any observable amount.

O R-TCP-BBRv3 in Short-video Applications

Table 10 compare the performance of R-TCP-BBRv3 to
BBRv3 in Op 1 and Op 2. Note that the numerical results in
Table 10 are not directly comparable to Table 3, as the two ex-
periments were conducted at different times. The test setting
and scenario are the same as those described in Section 6.3.

Table 10: BBRv3 performance in short video application.

Avg.
Retrans.

(%)

Rebuf.
Count
Ratio

Rebuf.
Dur.
Ratio

Avg.
Bitrate
(Kbps)

Op 1
BBRv3 23.0% 3×10−7 5×10−4 487
SR-TCP-BBRv3 11.6% 2×10−7 4×10−4 485

Op 2
BBRv3 35.0% 2×10−6 6×10−3 412
SR-TCP-BBRv3 15.6% 2×10−6 4×10−3 409

Figure 22: Study of fairness between R-TCP and BBRv1
with a BBRv1 (R-TCP) flow started first in the left (right)
figure followed by a R-TCP (BBRv1) flow joining 10 seconds
later. Both flows transferred a 4-MB file in Op 1.

R-TCP can reduce the retransmission rates by 50% and
55% compared to BBRv3 under Op 1 and Op 2, respectively.
Furthermore, the streaming performance under R-TCP is com-
parable to BBRv3. Due to the lower retransmission rates,
R-TCP reduced the total bandwidth usage by 24% without
compromising streaming performance.

P Fairness

We study R-TCP’s fairness when competing with BBRv1
using two scenarios in Fig. 22. In the first scenario (left figure),
R-TCP joins an existing BBRv1 flow at 10 s where they
begin to share the maximum rate (∼2 Mbps) allowed by the
rate limiter. The R-TCP flow in this case did not detect rate
limiting initially, so it is in fact operating as BBRv1, thereby
exhibiting the same inherent fairness behavior as BBRv1.
After the BBRv1 flow is completed, the R-TCP flow probes
for more bandwidth following the BBRv1 logic.

In the second scenario (right figure), the order is reversed.
R-TCP detected rate limiting early on and capped BBR’s
pacing rate to the detected rate limit as expected. When the
BBRv1 flow joined at 10 s, the R-TCP flow released band-
width to share with the BBRv1 flow. This is in fact accom-
plished by the BBR CCA alongside R-TCP as the latter only
caps the maximum pacing rate, so downward adjustments are
not affected. These two experiments show that the R-TCP
framework does not interfere with BBR’s original bandwidth
sharing behavior.
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