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Abstract—Tactile Internet applications such as remote surgery
and real-time haptic control require ultra-low delay, high re-
liability, and steady throughput. Existing congestion control
algorithms (CUBIC, Reno, BBRv2) degrade under jitter and
loss. This work presents BBRv2-TI for QUIC-based TI, modeling
congestion control as a multi-objective optimization over through-
put, jitter, and loss with a gradient-free utility. Eleven BBRv2
parameters in QUICHE are tuned to improve responsiveness
without kernel or cross-layer changes. In emulation, BBRv2-
TI reduces jitter by up to 98%, lowers loss by about 30%,
and increases throughput by as much as 1.5× over baselines,
indicating suitability for delay sensitive TI systems.

Index Terms—Tactile Internet, QUIC, Congestion Control,
Ultra-Low Latency, Delay-Sensitive Applications, Beyond 5G/6G.

I. INTRODUCTION

The Tactile Internet (TI) enables real-time, reliable, and
low-latency interaction by transmitting touch and motion
through a network. Unlike traditional audio–video commu-
nication, TI supports remote actuation and haptic feedback,
allowing tasks such as telesurgery, industrial automation, and
robotic teleoperation [1], [2]. Because haptic signals are highly
delay-sensitive, TI demands round-trip times (RTTs) below
1 ms and reliability exceeding 99.99999% [3]. Even slight
jitter or packet loss can cause instability in critical applications
such as remote robotic surgery [3]–[5].

Despite advances in 5G and emerging 6G networks, end-
to-end transport performance often remains a bottleneck due
to congestion, delay, and loss [6]. As illustrated in Fig. 1,
mission-critical use cases such as telesurgery and autonomous
driving occupy the ultra-reliable, low-latency region, empha-
sizing the need for efficient transport-layer congestion control.
Among modern transport protocols, QUIC offers a practical
foundation for TI because it supports multiplexed streams,
encryption by default, and user-space deployment. However,
QUIC’s performance strongly depends on its congestion con-
trol algorithm (CCA). Existing CCAs—Reno, CUBIC, and
Bandwidth and Round-Trip Time (BBR)—perform well for
bulk transfers but degrade in networks with high variability.
In particular, BBRv2 improves fairness and queue control
through delay-based probing [7], yet its conservative pacing
and fixed parameters limit responsiveness in high-delay or
lossy environments, which are typical for TI systems. This
motivates an enhanced design that balances throughput, delay,
and reliability without kernel modifications.

The key contributions are: BBRv2-TI is presented as a
utility guided, empirically tuned variant of BBRv2 for QUIC
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Fig. 1. Latency vs. bandwidth and reliability across applications.

based TI; congestion control is formulated as a multi objec-
tive optimization that jointly minimizes RTT, jitter, and loss
while maintaining throughput; eleven BBRv2 parameters in
Cloudflare QUICHE are tuned without kernel or cross layer
changes; and emulation shows that BBRv2-TI lowers jitter
and loss while sustaining comparable throughput across low,
medium, and high impairment profiles.

II. RELATED WORK

Congestion control algorithms can be broadly categorized
according to the type of feedback they rely on, such as
packet loss, delay variation, or explicit modeling of network
conditions.

A. Loss-Based Congestion Control

Loss-based methods treat packet loss as a congestion signal.
TCP Reno introduced the Additive Increase Multiplicative
Decrease rule to regulate the sending rate [8]. TCP CUBIC
uses a cubic growth function to improve scalability on high
bandwidth and long delay paths [9]. These methods can create
large queues, which is undesirable for very low-latency tasks.

B. Delay-Based Congestion Control

Delay-based algorithms detect congestion by monitoring
increases in packet round-trip times (RTTs), allowing for
earlier congestion detection. TCP Vegas adjusts the sending



rate based on RTT variations, aiming to maintain a balance
between throughput and delay [10]. Copa targets low latency
by adapting the sending rate to maintain a target queuing
delay and demonstrates improved performance across various
network conditions [11]. These algorithms offer better latency
control but may suffer from fairness issues when coexisting
with loss-based flows.

C. Model-Based Congestion Control

Model-based algorithms estimate network parameters to
proactively adjust sending rates. BBR (Bottleneck Bandwidth
and Round-trip time) estimates the bottleneck bandwidth and
RTT to determine the optimal sending rate, achieving high
throughput and low latency [12]. BBRv2 enhances BBR by
incorporating loss signals and Explicit Congestion Notification
(ECN) to improve fairness and stability. These approaches
aim to optimize performance by proactively modeling network
behavior.

D. Utility-Based Congestion Control

Utility-based algorithms optimize a defined utility func-
tion, balancing throughput, delay, and loss. PCC Vivace is
an online-learning congestion control algorithm that adapts
sending rates by optimizing a utility function based on real-
time delay and loss metrics [13]. Hercules extends utility-
based control by supporting heterogeneous QoS requirements
through an online learning framework and is implemented
as a QUIC module for real-world deployment [14]. These
methods aim to dynamically align transmission behavior with
application-level performance goals.

As shown in Fig. 2, the sender operates a closed-loop
control system that adapts transmission based on receiver
feedback. Acknowledgments from the network are processed
to extract round-trip time, jitter, and loss, which guide pacing
and congestion window updates. The proposed design adds a
utility-guided tuning module that adjusts internal parameters
to satisfy the latency and reliability goals of Tactile Internet
applications such as remote surgery [15]. It is implemented in
the QUICHE transport stack for user space operation, keeping
the original BBRv2 pacing and phase logic while applying
lightweight parameter tuning without kernel changes.

Fig. 2. A schematic overview of end-to-end congestion control architecture

III. PROBLEM STATEMENT

TI applications require ultra low latency (below 1 ms), high
reliability, and steady throughput to support real time tasks
such as remote robotic surgery. Current congestion control
algorithms, including CUBIC, Reno, BBRv1, and BBRv2,
are not tailored for these conditions. Although BBRv2 im-
proves fairness through model based probing, it still faces
performance loss in high delay and lossy networks because
of conservative pacing and slow recovery. These effects are
critical in wide area and wireless deployments typical of TI
systems.

This work introduces BBRv2-TI, a tuned variant of BBRv2
in the Cloudflare QUICHE stack. The goal is to enhance
BBRv2’s behavior under TI constraints by adjusting a set of
internal control parameters that operate during the STARTUP,
DRAIN, PROBE BW, and loss recovery phases.

Let x = [x1, x2, . . . , x11] represent the vector of tunable
parameters that define BBRv2–TI. Each xi corresponds to
a control variable that influences responsiveness, pacing, or
recovery. The parameters and their limits are: x1 = gc ∈
[1.0, 3.0] startup congestion window gain, x2 = gp ∈ [1.0, 3.0]
startup pacing gain, x3 = β ∈ [0.5, 0.9] backoff factor for loss
recovery, x4 = Lthresh ∈ [1, 8] loss threshold to exit STARTUP,
x5 = qr ∈ [200, 1000] ms probe RTT interval, x6 = qd ∈
[5, 100] ms probe RTT duration, x7 = fbw ∈ [0.85, 1.1] full
bandwidth threshold, x8 = Lfull ∈ [1, 10] rounds to confirm
full bandwidth, x9 = hi ∈ [1.0, 2.5] headroom factor for
inflight limit, x10 = α ∈ [0.5, 1.5] amplitude of gain cycling
in PROBE BW, and x11 = δ ∈ [0.0, 1.0] smoothing factor for
congestion window updates.

TABLE I
NOTATION USED IN OPTIMIZATION MODEL

Symbol Description

x Vector of tunable parameters [x1, x2, . . . , x11]
RTT(x) Average round trip time
rtti Round trip time for packet i
Lr(x) Packet loss ratio
Jitter(x) Mean variation in RTT between packets
τ(x) Average throughput (bytes per second)
T0 Minimum acceptable throughput threshold
w1, w2, w3 Weights for RTT, loss, and jitter objectives

The performance metrics are defined as:

RTT(x) =
1

N

N∑
i=1

rtti (1)

Jitter(x) =
1

N − 1

N∑
i=2

|rtti − rtti−1| (2)

Lr(x) =
Plost

Psent
(3)

τ(x) =
Back

Ttransfer
(4)



The tuning objective is formulated as a multi-objective
optimization problem:

min
x

w1RTT(x) + w2Lr(x) + w3Jitter(x) (5)

s.t. τ(x) ≥ T0 (6)

Here RTT(x) measures end to end latency, Lr(x) represents
the packet loss ratio, and Jitter(x) measures delay variation.
The throughput function τ(x) captures the achieved transfer
rate. The scalar T0 defines the minimum acceptable through-
put, while w1, w2, and w3 are weights that balance the three
objectives. This optimization framework enables BBRv2–TI
to balance responsiveness, delay, and reliability for ultra-low
latency Tactile Internet applications.

IV. PROPOSED APPROACH

To solve the optimization problem, an empirical gradient-
free tuning strategy is implemented in Cloudflare QUICHE.
Controlled network conditions are emulated on Linux using
tc to model delay, jitter, and loss. Inspired by PCC Vivace, a
runtime feedback loop evaluates connection performance and
adjusts parameters to maximize a utility function U defined as

U(xi,RTTi, Li) = xit− bxi

∣∣∣∣∆RTTi

∆t

∣∣∣∣− cxiLi (7)

where xi is the instantaneous sending rate derived from
pacing or CWND, t is a baseline normalization factor,

∣∣∆RTTi

∆t

∣∣
represents the rate of RTT change (used as jitter proxy), and
Li is the observed packet loss. Constants b and c are penalty
weights for jitter and loss. The objective aligns throughput
maximization with penalties on delay and loss.

The utility function favors higher throughput (term xit)
while penalizing variability. Parameter updates are applied
iteratively, and their influence is evaluated using the resulting
change in utility. The goal is to find x that maximizes U while
satisfying the throughput constraint in (7).

A. Convergence Strategy

At each interval, let ∆U = Ut − Ut−1 and update a subset
of x by x← clip(x+ ηs sign(∆U), bounds), with rollback if
∆U < 0. Here η adapts step size and s ∈ {±1} is the pertur-
bation direction. To maintain stability and avoid oscillation,
three methods are used: (1) randomized local search within
bounds with rollback on utility drop, (2) adaptive step sizing
for gradual updates near thresholds, and (3) rolling window
averaging for smoothing. These stabilize latency, jitter, and
loss without reducing throughput. Updates stay within bounds
in Section III and reuse the same tuned parameters across
profiles.

B. Impact of Tunable Parameters

Each variable in x affects the behavior of BBRv2-TI. gc and
α control startup aggressiveness and gain cycling, influencing
rate ramp-up. gp, Lthresh, and δ tune pacing smoothness and
burst mitigation. qr and qd set probe RTT frequency and
duration. fbw and Lfull detect bandwidth plateaus and control

exit from STARTUP. β and hi manage recovery and inflight
tolerance under loss. Utility is logged per iteration, and updates
move toward higher utility values while maintaining through-
put guarantees.

C. Comparison with Utility Based Methods

Utility-based congestion control has been explored to bal-
ance throughput, delay, and reliability. PCC Vivace [13] and
Hercules [14] both define runtime utility functions but have
drawbacks in real-time environments. Vivace reacts strongly
to transient RTT fluctuations, causing false congestion signals
and instability. Hercules improves fairness with nonlinear
scaling but requires kernel coordination and per-flow state,
limiting use in user-space transports such as QUIC.

BBRv2-TI combines Vivace’s learning concept with a
lightweight gradient-free approach optimized for empirical
robustness. It avoids overfitting, adapts smoothly to noise, and
maintains stable RTT slopes under varying network conditions.
This makes it suitable for real-time and embedded Tactile In-
ternet systems that need ultra-low latency and high reliability.

TABLE II
COMPARISON OF UTILITY-BASED CONGESTION CONTROL FRAMEWORKS

Feature Vivace [13] Hercules [14] BBRv2-TI
Computational Overhead Low High Medium
Fairness Guarantees None Strong Basic
Stability in RTT Poor Good Excellent
TI Suitability Limited Low Optimized
Deployment Complexity Low High Low

BBRv2-TI fits directly within QUICHE’s BBRv2 module
without kernel modification. It supports iterative tuning during
experiments, does not need cross-flow coordination, and is
resilient to measurement noise. Compared to Vivace, it is
steadier under variable delay, and compared to Hercules, it
is simpler and deployable in real-time robotic systems.

V. RESULTS

BBRv2–TI was implemented on Cloudflare QUICHE and
evaluated on Ubuntu 20.04 (Intel i7, 32 GB RAM). Network
conditions were emulated with Linux tc using three profiles:
low impairment (5 ms delay, 1 ms jitter, 0.5% loss), medium
(20 ms, 5 ms, 1%), and high (50 ms, 10 ms, 2%). A Dockerized
perfSONAR Testpoint validated the settings with OWAMP
and iperf3. Each result is the median of ten runs with
95% confidence intervals, jitter in ms and throughput in
MB/s, and the same tuned parameter set was used across all
profiles. Under low impairment (Fig. 3), BBRv2–TI attains
3.50% loss, 200 ms jitter, and 0.99 MB/s; BBR gives 3.74%,
300 ms, 0.90 MB/s; BBRv2 gives 3.58%, 300 ms, 0.84 MB/s;
Reno reaches 1.07 MB/s but with 570 ms jitter. Under medium
impairment (Fig. 4), BBRv2–TI yields 130 ms jitter, 0.67%
loss, and 3.44 MB/s; CUBIC reaches 5.72 MB/s but with
6250 ms jitter and 1.27% loss; BBR and BBRv2 deliver
2.79/3.39 MB/s with higher jitter (410/340 ms) and slightly
higher loss (0.66/0.87%). Under high impairment (Fig. 5),
BBRv2–TI records 2.10% loss, 580 ms jitter, and 1.17 MB/s;



CUBIC is 1.23 MB/s with 1160 ms jitter and 2.29% loss; Reno
drops to 0.29 MB/s. Across all settings BBRv2–TI maintains a
balanced tradeoff of throughput, jitter, and loss, which better
supports interactive and haptic workloads where stability is
more valuable than peak rate.

Fig. 3. Low: 5 ms delay, 1 ms jitter, 0.5% loss; n=10 median, 95% CI.

Fig. 4. Medium: 20 ms delay, 5 ms jitter, 1% loss; n=10 median, 95% CI.

Fig. 5. High: 50 ms delay, 10 ms jitter, 2% loss; n=10 median, 95% CI.

VI. CONCLUSION

BBRv2-TI is presented as a utility-guided variant of BBRv2
designed for the strict latency, reliability, and stability de-
mands of Tactile Internet systems. It employs an empirical
gradient-free optimization framework that jointly minimizes
RTT, jitter, and packet loss while maintaining throughput. By
tuning eleven parameters within Cloudflare QUICHE, BBRv2-
TI delivers lower jitter, reduced loss, and stable throughput
under diverse network impairments. The framework runs en-
tirely in user space, requires no kernel modification, and is
lightweight enough for embedded or robotic platforms. Future
work will focus on online utility adaptation and integration
with intelligent scheduling to further enhance performance in
next-generation TI networks.
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