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Abstract

Internet congestion control remains a fundamental challenge,

and recent learning-based congestion control algorithms

(CCAs) have shown potential in optimizing network per-

formance. However, their reliance on heuristically chosen

input signals often leads to suboptimal behavior across di-

verse network conditions. In this paper, we identify the root

cause as the lack of signal distinguishability–the ability of

signals to reflect meaningful differences in network states.

To address this, we propose Learn-to-Probe (LTP), a novel

signal engineering paradigm that actively generates distin-

guishable network signals to improve the learning process.

LTP (i) employs Bayesian filtering to accurately estimate

network states from historical signals, and (ii) introduces

an intrinsic reinforcement learning reward that encourages

the flow to probe the network, inducing signal sequences

that minimize the estimation uncertainty in (i). This probing

behavior naturally enhances signal distinguishability, en-

abling the learning model to make more informed decisions.

Extensive evaluations show that LTP consistently achieves

high link utilization, low queuing delay, and stable conver-

gence across diverse environments. Our results underscore

the importance of signal distinguishability and offer a new

direction for robust, adaptive congestion control.

CCS Concepts: • Networks → Transport protocols; •

Computing methodologies → Machine learning ap-

proaches.

Keywords: Congestion Control, Machine Learning, Trans-

port Protocol
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1 Introduction

Internet congestion control (CC) remains one of themost fun-

damental and well-studied problems in networking. In recent

years, the remarkable advances in learning-based algorithms

across diverse domains such as games [27, 28, 32], computer

systems [14, 44], and networking [25, 26, 42]—have moti-

vated researchers to explore their potential for addressing the

congestion control (CC) problem [1, 7, 8, 18, 22, 24, 38, 43].

Learning-based methods offer a data-driven approach:

they automatically learn the mapping between observed sig-

nals and the optimal sending adjustments, thereby relieving

network engineers and researchers from the need to hand-

craft rigid control rules. However, the effectiveness of these

models heavily depends on how the learning components

are defined—particularly the model inputs, which determine

what the model observes. Choosing the right signals (e.g.,

RTT, loss rate, throughput) and performing effective feature

transformation on them are key factors influencing the per-

formance of learning-based congestion control algorithms

(CCAs).

Many prior learning-based CCAs rely on trial-and-error

approaches to handcraft their input signals, often lacking

principled design guidelines. Typically, network operators

collect training data from their specific deployment environ-

ments and use it to train a learning-based CCA in the hope

of deriving an effective policy. However, we find that when

trained across a wide range of diverse network conditions,

this approach suffers from two key limitations (§2.2):

• Intra-env performance degradation: Though normaliza-

tion is a necessary step for training learning-based CCAs

to ensure the model’s convergence, we observe that over-

normalized input signals can cause the model to lose in-

formation about network states
1
, hindering its ability to

make differentiated control decisions and leading to poor

performance.

1
Network states encompass both static parameters–such as bottleneck link

bandwidth and base RTT–and dynamic conditions, including queuing delays

and the sending rates of competing flows at the bottleneck.

https://creativecommons.org/licenses/by/4.0/legalcode
https://creativecommons.org/licenses/by/4.0/legalcode
https://creativecommons.org/licenses/by/4.0/legalcode
https://doi.org/10.1145/3767295.3769317
https://doi.org/10.1145/3767295.3769317
https://doi.org/10.1145/3767295.3769317
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• Inter-env policy conflict: The learned policies in one envi-

ronment degrade in another environment with different

link characteristics (e.g., link capacity and base delay),

and vice versa. This results in an "average" policy that is

mediocre over all the training network environments with

limited generalization.

In this paper, we argue that effective signals for learning-

based CCAs must exhibit signal distinguishability. Specifi-

cally, a flow should receive distinct network signals under

different network states, both within a single environment

(intra-environment) and across different environments (inter-

environment). Such distinguishable signals are essential for

enabling the model to map signals to differentiated control

actions, allowing for flexible and optimal policy adaptation.

The core focus of this work is to identify and construct sig-

nals that possess strong signal distinguishability, enabling

learning-based CCAs to consistently deliver high perfor-

mance across diverse network conditions.

This leads us to the question: How can we engineer signals

for learning-based CCAs to ensure they are distinguishable?

In this paper, we answer it by encouraging the flow to learn
to probe network conditions.
A probe policy in congestion control actively adjusts the

sending rate and infers the network state based on the re-

ceived signal responses. Our key insight is that a probe policy

that aims to eliminate ambiguous network states based on

signal responses naturally generates signals that exhibit su-

perior signal distinguishability. By designing an effective

probe policy, the signals it generates can directly serve as

distinguishable input features for the learning model, im-

proving the overall performance.

Building on this concept, we introduce Learn-to-Probe

(LTP), a novel reinforcement learning-based paradigm for

learning-based CCAs. LTP incorporates a signal engineering

technique that generates distinguishable signals, enabling

the training of performant policies. LTP uses a model-based

probe method to extract informative signals, helping the

model better identify the current network state. In addition

to the standard reinforcement learning (RL) process, we in-

troduce an estimation module that refines the reward signal

by estimating the possible range of the network state. The

narrower the estimated range, the higher the reward. This

estimated range reward is combined with the congestion

control performance reward to guide the model’s actions.

During training, the model learns to perform probing ac-

tions to gather distinguishable signals and use them to make

optimal decisions.

We implemented and trained LTP on Linux servers with

customized kernel modules (§6). Extensive evaluations (§7)

show that LTP’s estimation module achieves more accurate

network state estimation. With high-quality signals as input,

the policies learned by LTP consistently perform well across

various network environments, including real-world Inter-

net settings. Furthermore, LTP demonstrates strong fairness

properties. We also highlight how the learned probe phase

generates informative signals that guide the sending rate

adjustment decision-making process. The code of LTP is

available at https://github.com/tianhan4/learn-to-probe.

Our key contributions are:

• We develop a novel and accurate network state range esti-

mation technique based on Bayesian filtering, enabling the

estimation of network states based on observable signals

at the end-hosts;

• We introduce the Learn-to-Probe paradigm, which lever-

ages reinforcement learning to actively probe the network

and generate signals that are distinguishable across both

intra- and inter-environment scenarios;

• We present a comprehensive learning-based CCA learn-

ing framework, which, supported by the generated signals,

achieves consistently high performance across various net-

work environments and demonstrates good convergence

properties.

2 Design Philosophy

2.1 Learning-based CCAs

Internet congestion control algorithms are essential for man-

aging network traffic, adjusting flow sending rates to avoid

congestion and ensure fair resource allocation. Traditional

CCAs rely on signals like round-trip time (RTT), packet loss

rate, and throughput, typically sampled through acknowl-

edgements (Acks) at end-hosts. These signals are then used

to infer the current state of the network path. For example,

in heuristic-based CCAs, such as Cubic [13], the loss event

is treated as a strong indicator of congestion, triggering a

predefined adjustment to the congestion window.

In contrast, recent learning-based CCAs [1, 18, 22, 38, 39,

43] take a more data-driven approach. Instead of relying

on predefined rules, these CCAs automatically learn the

mapping between signals and optimal actions using machine

learning algorithms. While this shift reduces the need for

manual rule crafting, it places greater emphasis on signal

design—particularly the choice of input states and how they

are pre-processed. Table 1 illustrates the input signals used by

some recent learning-based CCAs. Although some of these

methods use normalization techniques (e.g., min-max scaling

or ratio-based transformations) to improve generalization,

the signal selection and normalization processes are often

ad hoc, lacking solid guidelines.

2.2 Why Distinguishability?

To explore the impact of signal selection and normalization

on learning-based CCAs, we conduct experiments compar-

ing the performance of algorithms from Table 1. For this

comparison, we retain their signal definitions and use the

same reward function, action function, and training para-

digm as described in this paper
2
. We call these CCA variants

2
Orca is a hybrid control algorithm with Cubic and deep reinforcement

learning (DRL) components. We retrain only the DRL part.

https://github.com/tianhan4/learn-to-probe
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DRL-based CCA Aurora [18] Orca [1] Sage [43] Astraea [22]

Input signals

Latency gradient, latency ratio,

sending ratio

Throughput ratio, sending rate

ratio, packet loss ratio, inflight

packet ratio, latency ratio

69 features including i) avg, min,

and max values of measurements;

and ii) hand-crafted normalized

states.

Throughput ratio, sending

rate/window ratio, packet loss ratio,

inflight packet ratio, latency ratio,

maximum throughput, minimum

latency.

All signals normalized? Y Y N N

Table 1. A comparison of the input signals of recent learning-based CC baselines.
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Figure 1. The control performance of DRL-based CCAs

varies with different state inputs.

CCA-State. The models are trained in emulated links with

bandwidth ranging from 0 to 300 Mbps and base delay from

0 to 60 ms, and evaluated in both training and testing en-

vironments
3
. To demonstrate the performance ceiling of a

policy with perfect network knowledge, wemodified Astraea

to incorporate global network information– bottleneck link

utilization and queuing delay–into the model input, which

we call Oracle-State. In this setting, flows with different link

utilizations and queuing delays are mapped to clearly distin-

guishable feature vectors.

Fig. 1 shows the rewards collected by these baselines

across network environments (with the yellow region indi-

cates the training region). We observe that all prior schemes

suffer from performance degradation outside the training

region, while Oracle-State significantly outperforms the rest.

This suggests that existing signal sets fail to capture critical

distinctions between network states. Upon closer analysis,

we identify two key causes of this degradation:

Intra-env performance degradation. Models relying

solely on normalized signals (e.g., Aurora-State and Orca-

State) exhibit stable but suboptimal performance. This is

because over-normalization obscures key network informa-

tion—distinct network states may appear identical to the

model, even when they demand different control actions. For

example, normalizing throughput by the maximum observed

value can yield a constant signal (e.g., always 1), even as the

actual sending rate continues to increase. This lack of signal

variation, especially under competing flows or network jitter,

hinders the model’s ability to adapt effectively.

3
For evaluation, we fixed bandwidth at 100Mbps when changing delay, and

fixed delay at 20ms when changing bandwidth.

Inter-environment Policy Conflicts. A naïve solution

is to include more unnormalized features, as in Sage-State

and Astraea-State. While this improves training performance

slightly, it often degrades generalization to unseen environ-

ments and still falls short of Oracle-State. Simply expanding

the training region, as shown in §7.2, exacerbates the prob-

lem. The issue arises because flows in different environments

may produce similar signals despite requiring different con-

trol strategies. Consider a flow observing 110 Mbps sending

rate and increased latency. This could mean:

• The flow is fully utilizing a 100 Mbps bottleneck, and the

latency increase is self-induced. It should reduce its rate;

• The flow is using just 11% of a 1 Gbps link, and the latency

increase is caused by a competing flow. It should increase

its rate to seize more bandwidth.

In both cases, identical signals lead to contradictory control

decisions. This creates a policy conflict, where a single model

cannot resolve competing behaviors, resulting in the “whack-

a-mole” effect—fixes in one environment cause regressions

in others.

Good Signals for Learning-based CCAs From these ob-

servations, we argue that good signals for learning-based

CCAs should exhibit distinguishability—the ability of sig-

nals to differentiate between distinct network states under

different network environments, enabling the model to take

appropriate control actions (e.g., adjusting sending rate). This

paper aims to develop such signals.

2.3 Probe to be Distinguishable

Based on the success of introducing global network infor-

mation, we propose using probing to improve signal distin-

guishability. A probe policy in congestion control actively

adjusts the sending rate and infers the network state based

on the resulting signal responses. For example, BBR periodi-

cally drains inflight packets and uses a min-filter on observed

RTT signals to estimate the link’s base RTT [6].

Our design is inspired by an insightful observation: a probe
policy aimed at eliminating unlikely network states naturally
produces signal sequences with high distinguishability. This
occurs because probing helps rule out possible states—if the

observed signal is inconsistent with a particular network

state, that state can be excluded. As a result, an effective

probe policy targeting a network state variable 𝑋 induces

distinct signal response patterns for different values of 𝑋 .

These patterns can then serve as discriminative features for

the learning-based control policy, enabling it to make more
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Figure 2. Overview of the learn-to-probe mechanism.

informed decisions by reacting differently to varying values

of 𝑋 .

Many previous CCAs have incorporated heuristic-based

probing methods [4, 6]. A straightforward approach would

be to adopt these traditional probing policies and use in-

ferred network states as model input. However, heuristic-

based probing can be suboptimal, often vulnerable to net-

work jitters or specific network conditions. For example,

BBR’s probeRTT phase can be affected by non-congestive

delays or competing flows that do not cooperate in draining

their inflight packets, leading to inaccurate base delay es-

timations [15]. Moreover, manually balancing the trade-off

between exploration and exploitation across diverse network

environments is inherently challenging and inflexible.

Therefore, instead of inferring network parameters and

flow states, we propose a fully end-to-end learning-based

approach to learn to probe the network. Precisely inferring

network states can be challenging and error-prone in prac-

tice. Therefore, rather than pinpointing exact values, we

design our method to learn how to minimize the possible

ranges of network states, focusing on improving the esti-

mation confidence (§4). The probe policy in LTP is learned

to probe the three most critical yet unobservable network

states from an end-host’s congestion control perspective: the
flow’s own bottleneck bandwidth occupancy, the occupancy by
competing flows, and the current level of congestion (§5). Fur-

thermore, by designing the learning process over normalized

network states, the learned probe policy can also generalize

to unseen network environments.

3 LTP Overview

To learn how to probe for distinguishable signals, we in-

troduce LTP, a novel probabilistic reinforcement learning

paradigm. The probe goal of LTP is to narrow down the

possible network state ranges based on the received signals,

enhancing the model’s ability to distinguish between differ-

ent network conditions.

We provide an overview of the LTP framework in Fig. 2.

In addition to the standard reinforcement learning process

for learning a control policy offline, LTP incorporates an

estimation module that refines the reward signal received by

the flow agent. During training, the estimation module and

the flow agent operate in parallel: at each control interval

(e.g., 30 ms), network signals are provided both to the flow

agent as input and to the estimation module to infer the

current network state. The estimation module estimates the

possible range of the flow’s status, with narrower ranges

indicating higher rewards, and this estimated range reward

is combined with the performance reward from congestion

control to form the final reward input. While probing is not

explicitly present in the deployed model, it implicitly shapes

the learned control policy during training: the probe reward

term encourages effective exploration of network dynamics

and stabilizes learning under noisy conditions, after which

the trained model directly generates rate control actions

without additional probing overhead.

The model is trained using RL with the aim of maximizing

the cumulative reward accumulated over the flow’s lifetime.

Through this process, the model learns to i) initiate probing

actions when necessary to gather distinguishable network

signals, and ii) leverage these signals to perform optimal

congestion control actions. By using the distinguishable sig-

nal sequences generated through the probing policy, the

learning-based control policy significantly improves its per-

formance. Furthermore, both the estimation module and the

CC model rely on normalized states, ensuring that learned

policy can also generalize to unseen network environments.

A key benefit of our explicit network modeling is that we

can easily observe and interpret how the probe and perfor-

mance rewards are generated during the training process.

This helps us understand LTP’s behavior and decisions in

various network settings. The following sections provide

a detailed description of the key components of the LTP

framework.

4 Estimate the Network

The estimation module is the core component that deter-

mines the effectiveness of the learned policy. The primary

objective is to design a model-based estimation approach

that is both accurate and robust to network jitters and inter-

ference from competing flows.

Previous congestion control algorithms have introduced

heuristic-based methods to infer target network states di-

rectly [4, 6]. For instance, CCmatic [2] employs a belief set to

represent possible ranges of network states based on histori-

cal interactions. However, these methods often fail to fully

leverage multiple sources of signal sequences or adequately

address multi-flow scenarios. As a result, their estimations

tend to be overly broad or inaccurate, limiting their ability

to effectively narrow down potential network conditions.

Our Estimation Method Our estimation method draws

inspiration from particle filtering–a sequential Monte Carlo

technique widely used in Bayesian inference for state estima-

tion and filtering tasks [9]. It is designed with the following

key features:

• Models the network with multiple sources of variance,

including jitter and interference from competing flows;
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Figure 3. Network state particles.

• Incorporates a transition model to update state estimates

over time using newly observed signals;

• Jointly considers multiple signals to produce tighter, more

accurate estimations of the underlying network state;

This design enables precise and reliable inference of net-

work conditions, enhancing the learning process of the probe

policy. The estimation process begins with an initial set of

particles representing possible network states and proceeds

through four core steps at each time interval:

1○ Transition Step: Updates each particle’s state

based on the previous state and a predefined network

transition model.

2○ Observation Step: Computes the expected signal

values for each particle using the predefined network’s

measurement model.

3○ Filtering Step: Eliminates particles whose pre-

dicted signals deviate significantly from the actual ob-

servations.

4○ Resampling Step: Generates new particles by ap-

plying random mutations to the filtered set, ensuring

diversity and continued exploration.

This iterative process enables the system to track the net-

work state over time, with the particles converging toward

the most probable state trajectories as more signals are ob-

served. By representing the potential distribution of network

state as a discrete set of particles, ourmethod can handle com-

plex, non-linear estimated ranges. Fig. 3 provides a snapshot

of the particles maintained during the estimation process.

NoisyModel Specification We extend the CCACmodel [3]

with i) competing flows; ii) network state transition; and iii)

multiple signal sources. Fig. 4 illustrates our probabilistic

noisy model. To ensure robust estimation, the model incor-

porates four types of variances: i) link variance, such as rate

limiting imposed by token bucket filters; ii) non-congestive

loss jitter, e.g., packet loss caused by factors like wireless

link instability; iii) non-congestive delay jitter, e.g., extra

random delays that occur due to network conditions; and

iv) sending rate changes of competing flows. We assume

the introduced noises are i.i.d., meaning each step’s noise is

independent of previous steps, which allows our model to

account for a wider range of possible signal variations. In

contrast, highly correlated or adversarial noise could further

C

Rm

Flow i

Other
flows Packet Queue

Cj

Lj

Dj

Oj

Figure 4. Noisy network model from a sender’s view.

𝑐 - bottleneck link capacity 𝑑 - queuing delay

𝑙 - loss rate 𝑥 - sending rate

𝑅𝑚 - propagation delay 𝑥𝑜 - other flows’ sending rate

𝐿 𝑗 - loss jitter range 𝐷 𝑗 - delay jitter range

𝐶 𝑗 - bandwidth jitter range 𝑂 𝑗 - gradient range

Table 2. Glossary of symbols in the network model.

constrain the inferred network state ranges, which we leave

as future work.

Since we only explicitly model the bottleneck behavior

of competing flows, their RTTs and loss rates can vary, al-

lowing our model to generalize across diverse real-world

network topologies. We parameterize the noise level of the

model with 𝐿 𝑗 , 𝐷 𝑗 , 𝐶 𝑗 , and 𝑂 𝑗 representing the variances

of loss, delay, bandwidth, and other flows’ sending rates,

respectively. Table 2 lists the symbols used in the network

model. We note that the symbols are modeling constructs for

simulating network state transitions, rather than features

directly consumed by our RL model. They describe the net-

work state and signals, enabling us to accurately capture the

transition dynamics of the network.

We define two parts for the model: i) the network state

transition function defines how the flow state transitions

over time at the bottleneck queue
4
, and ii) the signal measure-

ment function defines what signal values the flow observes

given the network state. We model the network state tran-

sition as a Markov chain, where the state at time 𝑡 depends

on the state at time 𝑡 − 1. The signal measurement process

is a function of the network state and noise at time 𝑡 . For

simplicity, we assume that the noise is independent and iden-

tically distributed (i.i.d.) across time intervals. Future work

will address highly correlated or adversarial noise.

For each particle, we record the following normalized

network states:

• The ratio of the sending rate of our target flow to the

bottleneck link capacity 𝑥 = 𝑥
𝑐
.

• The ratio of the overall sending rate of competing flows

to the bottleneck link capacity 𝑥𝑜 =
𝑥𝑜
𝑐
.

• The queuing delay 𝑑 .

• A binary variable 𝑖𝑠_𝑓 𝑢𝑙𝑙 , indicating whether the queue is

full.

Unlike previous methods, we do not estimate static net-

work states (e.g., bottleneck link capacity 𝐶 or base RTT

𝑅𝑚), since the estimated rewards in network environments

4
We focus on the timeline at the bottleneck in this section.
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with different link characteristics would not be generalizable.

Why not normalize 𝑑? We adopt queue delay without nor-

malization as changes in queuing time inherently represent

the ratio between the sending rate and bottleneck link ca-

pacity, independent of the link capacity and the end-to-end

delay. The change in RTT over a time interval Δ𝑡 can be

approximated as:

Δ𝑡 · 𝑥 + 𝑥𝑜 − 𝑐
𝑐

.

Transition Step. During the state transition from time 𝑡1
to 𝑡2, we assume that the time interval Δ𝑡 = 𝑡2 − 𝑡1 is small

enough that sending rates remain constant throughout the

interval, and update the sending rates at the start of the

interval.

For 𝑥 , we update it based on the multiplicative sending

rate action performed:

𝑥 (𝑡2) = 𝑥 (𝑡1) · 𝑎(𝑡2).
For the sending rates of competing flows, we assume their

continuity. We sample a set of gradients 𝑜 𝑗 evenly from

[0,𝑂 𝑗 ] that represent changes in the sending rates of com-

peting flows at the bottleneck. The updated 𝑥𝑜 is given by:

𝑥𝑜 (𝑡2) = max(0, 𝑥𝑜 (𝑡1) + 𝑥𝑜 (𝑡1) · 𝑜 𝑗 (𝑡2) · Δ𝑡).
The change in the packet queue size depends on the differ-

ence between the incoming and outgoing bytes. The incom-

ing bytes are determined by the total sending rate (𝑥𝑜 (𝑡2) +
𝑥 (𝑡2)) · Δ𝑡 , while the outgoing bytes depend on the bottle-

neck link capacity 𝑐 ·Δ𝑡 . Therefore, the queue size is updated
as follows:

𝑑 (𝑡2) =
{
min(𝑑 (𝑡1), 𝑑 ′ (𝑡2)) if 𝑖𝑠_𝑓 𝑢𝑙𝑙 (𝑡1) = 1,

𝑑 ′ (𝑡2) otherwise.

where

𝑑 ′ (𝑡2) = max(0, 𝑑 (𝑡1) + (𝑥𝑜 (𝑡2) + 𝑥 (𝑡2) − 1) · Δ𝑡).
If 𝑑 (𝑡2) reaches the maximum recorded value, the queue may

be saturated. In this case, we perform a particle division: re-

moving the particle and creating two new particles–one with

𝑖𝑠_𝑓 𝑢𝑙𝑙 (𝑡2) = 1 and another with 𝑖𝑠_𝑓 𝑢𝑙𝑙 (𝑡2) = 0, keeping

other states the same.

Observation Step. The network states are estimated through

observed signals from end-host flows. In this step, we intro-

duce the network measurement model that defines how a

flow sender observes signals such as RTT, loss rate, and

throughput based on its network state.

To ensure generalizability, we normalize the observed

signals as follows:

• The additive change in RTT, denoted byΔ𝑅𝑇𝑇 = 𝑅𝑇𝑇 (𝑡2)−
𝑅𝑇𝑇 (𝑡1).
• The multiplicative change in throughput, Δ𝑡ℎ𝑟 = 𝑡ℎ𝑟 (𝑡2 )

𝑡ℎ𝑟 (𝑡1 ) .
• The change in loss rate, represented by the multiplicative

change in the acknowledged ratio Δ𝐿 =
1−𝑙 (𝑡2 )
1−𝑙 (𝑡1 ) .

• The throughput ratio, normalized by themaximum through-

put observed so far for the sender:
˜𝑡ℎ𝑟 =

𝑡ℎ𝑟 (𝑡2 )
𝑡ℎ𝑟max

.

• The RTT difference, normalized by the minimum RTT

observed so far for the sender: ˜𝑅𝑇𝑇 = 𝑅𝑇𝑇 (𝑡2) − 𝑅𝑇𝑇min.

To align with the timeline at the bottleneck used in pre-

vious steps, our signal collection ensures that packets sent

during each interval have their responses correctly recorded,

and adopts these responses as observed signals. Therefore,

the difference values Δ𝑅𝑇𝑇 , Δ𝑡ℎ𝑟 , Δ𝐿 end-host flows observe

are the changes in the last two intervals whose sent packets

are acknowledged, and
˜𝑡ℎ𝑟 and ˜𝑅𝑇𝑇 are calculated based on

the last interval. Here we select the observed signals based

on heuristics. One possible improvement is to use Principal

Component Analysis (PCA) to select the most informative

signals, which is left for future work.

Here we introduce how these signals are calculated based

on the network state. For Δ𝑅𝑇𝑇 , it is equivalent to the change
in the queuing delay:

Δ𝑅𝑇𝑇 (𝑡2) = 𝑑 (𝑡2) − 𝑑 (𝑡1) (1)

The throughput signal Δ𝑡ℎ𝑟 depends on several factors: i) the
queue status, ii) the sending rate of the target flow, and iii) the

sending rates of competing flows. When there are packets in

the queue or the overall sending rate exceeds the bottleneck

link capacity, (𝑥 (𝑡2) + 𝑥𝑜 (𝑡2) > 1), the overall throughput
is capped at the bottleneck link capacity, distributed across

flows based on their sending rates. Therefore, the observed

throughput for the target sender will be:

𝑡ℎ𝑟 (𝑡) = 𝑐 · 𝑥 (𝑡)
𝑥 (𝑡) + 𝑥𝑜 (𝑡)

When the queue is empty and the overall sending rate is less

than or equal to the bottleneck link capacity, (𝑥 (𝑡) +𝑥𝑜 (𝑡) ≤
1), the throughput equals the sending rate:

𝑡ℎ𝑟 (𝑡) = 𝑐 · 𝑥 (𝑡)

This leads to the following piecewise definition for through-

put:

𝑡ℎ𝑟 (𝑡) ={
𝑐 · 𝑥 (𝑡) if 𝑥 (𝑡) + 𝑥𝑜 (𝑡) ≤ 1 and 𝑞(𝑡) = 0,

𝑐 · 𝑥 (𝑡 )
𝑥 (𝑡 )+𝑥𝑜 (𝑡 ) otherwise.

(2)

It is then straightforward to calculate the change in through-

put, Δ𝑡ℎ𝑟 =
𝑡ℎ𝑟 (𝑡2 )
𝑡ℎ𝑟 (𝑡1 ) , where the bottleneck link capacity 𝑐

cancels out.

The loss signal Δ𝐿 depends on whether the packet queue

is full. When 𝑖𝑠_𝑓 𝑢𝑙𝑙 (𝑡) = 1, packets are dropped, and con-

gestive packet loss occurs, which is modeled as:

𝑙 (𝑡) = 1 − 1

𝑥 (𝑡) + 𝑥𝑜 (𝑡)
Thus, Δ𝐿 can be calculated as follows. Given the loss rate

𝑙 (𝑡) at time 𝑡 as:
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𝑙 (𝑡) =
{
𝜂𝑙 · (1 − 1

𝑥 (𝑡 )+𝑥𝑜 (𝑡 ) ) if 𝑖𝑠_𝑓 𝑢𝑙𝑙 (𝑡) = 1 and 𝑥 (𝑡) + 𝑥𝑜 (𝑡) > 1,

𝜂𝑙 otherwise.

(3)

where the loss jitter is sampled 𝜂𝑙 ∼ U(0, 𝐿 𝑗 ). Then, it
is then straightforward to calculate Δ𝐿 =

1−𝑙 (𝑡2 )
1−𝑙 (𝑡1 ) based on

Equation 3.

The normalized signals
˜𝑡ℎ𝑟 (𝑡2) and ˜𝑅𝑇𝑇 (𝑡2) can be directly

used in the filtering step with the following constraints:

˜𝑡ℎ𝑟 (𝑡) ≥ 𝑡ℎ𝑟 (𝑡)
𝑐

and ˜𝑅𝑇𝑇 (𝑡) ≤ 𝑞(𝑡), (4)

where the maximum throughput observed must be less than

or equal to the bottleneck link capacity, and the minimum

RTT observed must be greater than or equal to the base RTT.

Filtering step. In the filtering step, we collect the observed

signals for Δ𝑅𝑇𝑇 , Δ𝑡ℎ𝑟 , Δ𝐿, ˜𝑡ℎ𝑟 , and ˜𝑅𝑇𝑇 , comparing them

with the expected results for each particle, and filter out

mismatched particles. We design a mismatch function to

score the divergence between the network states represented

by particles and the observed signals:

𝑚𝑖𝑠𝑚𝑎𝑡𝑐ℎ_𝑠𝑐𝑜𝑟𝑒 =
∏

𝑠∈𝑠𝑖𝑔𝑛𝑎𝑙𝑠

𝑔𝑎𝑝𝑠

1 + 𝑔𝑎𝑝𝑠
, (5)

where𝑔𝑎𝑝𝑠 = 𝜎𝑠×|𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑𝑠−𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝑠 |. The scaling factor
𝜎𝑠 represents the sensitivity of different signals to measure-

ment error. The mismatch score lies in the range [0, 1). When

all the observed signals perfectly match the expected signals,

the mismatch score equals 0. To achieve robust estimation,

we utilize the mismatch score as the filter probability to dis-

card particles with large gaps. In this way, some mismatched

particles may still survive to account for measurement noise.

The mismatch score is in the range [0, 1] and we use it di-

rectly as the filtering probability. For example, a particle with

a mismatch score of 0.5 has a 50% chance of being discarded.

If no particle survives, we assume that the estimation

process has diverged from the actual state. In this case, the

module re-initializes the particle pool and recalculates the

estimation range from scratch.

Resampling step. After the filtering step, the resampling

step is invoked to replenish the particle pool and introduce

network variances, maintaining a fine-grained estimation.

During resampling, survived particles are selected, mutated,

and appended to the particle pool. Since our noisy network

model considers network jitters affecting link bandwidth,

delay, and the loss rate, we also add sampled noise to the

network states 𝑥 , 𝑥𝑜 , and 𝑑 .

Specifically, for the normalized sending rates 𝑥 and 𝑥𝑜 , we

add multiplicative noise sampled from a uniform distribution

U(−𝐶 𝑗 ,𝐶 𝑗 ):
𝑥𝑛𝑒𝑤 = 𝑥 ∗ (1 + 𝜂𝑐 ),

𝑥𝑛𝑒𝑤𝑜 = 𝑥𝑜 ∗ (1 + 𝜂𝑐 ),
𝜂𝑐 ∼ U(−𝐶 𝑗 ,𝐶 𝑗 ).

(6)

For the queuing delay 𝑑 , we add additive noise sampled from

a uniform distribution 𝜂𝑑 ∼ U(−𝐷 𝑗 , 𝐷 𝑗 ):

𝑑𝑛𝑒𝑤 = max(0, 𝑑 + 𝜂𝑑 ), 𝜂𝑑 ∼ U(−𝐷 𝑗 , 𝐷 𝑗 ). (7)

Since the 𝑖𝑠_𝑓 𝑢𝑙𝑙 indicator is binary and determined during

the transition step, no further mutation is performed on

it. By introducing variance into the particle pool, LTP has

the opportunity to restore correct estimations, even if the

estimation direction diverges, thus ensuring robustness to

network jitters.

5 Learn to Probe

The learning process of the control model is conducted using

deep reinforcement learning (DRL), which optimizes a deep

neural network through interactions between the flow agent

and the network environment. During training, the flow

sender interacts with the network environment to gather

training data: For the 𝑡-th time interval, the sender observes

network signals (e.g., throughput, latency, and loss) as its

input state 𝑠𝑡 ∈ S, and generates an action 𝑎𝑡 ∈ A to adjust

the sending rate. The link state changes correspondingly af-

ter the agent’s action, and the flow receives new signals 𝑠𝑡+1.
The sender then obtains a reward 𝑟𝑡 from the environment

and updates its policy based on 𝑟𝑡 to build a mapping be-

tween the input state and the output action. The DRL agent

updates the control policy embedded in the deep neural net-

workmodel to maximize the discounted cumulative expected

reward:J = E
(∑𝑇

𝑡=0 𝛾
𝑡𝑟𝑡

)
, where 𝛾 is a discount factor. The

well-learned policy drives the network states to actions that

lead to effective probing or high control performance, de-

pending on the reward definition.

Here, we introduce the RL components used in the model,

including the input state, action, and reward definitions.

State. The input state consists of the same observable and

generalizable signals—Δ𝑅𝑇𝑇 , Δ𝑡ℎ𝑟 , Δ𝐿, ˜𝑡ℎ𝑟 , and ˜𝑅𝑇𝑇—used

in the observation step in estimation module for two key

reasons. First, by using normalized signals as input, we en-

sure the generalizability of the learned probe policy. Second,

since the model will probe to make the input signal for the

estimation module distinguishable, it is crucial to use these

signals to provide rich information about the network status

for performant control. Similar signals have been used in

previous learning-based CCAs [37] and achieve good model

performance.

Action. For the action policy, we apply the sending rate

adjustment used in [22]. The model outputs an action value

between [−1, 1], and the sending rate change is defined as
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follows:

𝑐𝑤𝑛𝑑𝑡+1 =

{
𝑐𝑤𝑛𝑑𝑡 × (1 + 𝛼 × 𝑎𝑡 ) if 𝑎𝑡 ≥ 0,

𝑐𝑤𝑛𝑑𝑡/(1 − 𝛼 × 𝑎𝑡 ) otherwise.
(8)

where the hyperparameter 𝛼 controls the policy’s aggres-

siveness. The datapath then adopts a uniform pacing rate

based on the updated congestion window and the average

RTT observed in the last interval:

𝑥𝑡+1 =
𝑐𝑤𝑛𝑑𝑡+1
𝑅𝑇𝑇𝑡

.

Reward. The reward function consists of both the probe

goal and the performance goal.

1○ Probe Reward. As discussed earlier, the probe goal is

related to the estimated ranges derived from the estimation

module. The reward is computed based on three terms corre-

sponding to the ranges of 𝑥 , 𝑥𝑜 , and 𝑑 , respectively. To avoid

outliers, we use the 10% and 90% quantiles for each range.

For example, the reward term for the queue length range is

given by:

reward𝑞 = −𝛽𝑞 · (𝑞90 − 𝑞10), (9)

where 𝑞10 and 𝑞90 are the 10% and 90% quantiles of the queue

length values, and 𝛽𝑞 is a scaling factor. Similarly, we have:

reward𝑥 = −𝛽𝑥 · log
(
𝑥90

𝑥10

)
,

reward𝑥𝑜 = −𝛽𝑥𝑜 · log
(
𝑥𝑜 90

𝑥𝑜 10

)
.

(10)

We use logarithms on the sending rate ratios because the

sending rate action defined in Equation 8 is multiplicative.

This ensures that performing transitions on normalized send-

ing rates does not change the reward without additional con-

straints. We can also interpret the rewards for rate ranges as

indicators of how many control actions are needed for the

flow to change its rate from the lower bound to the upper

bound.

Finally, the total estimation reward is the sum of these

individual rewards:

reward𝑒𝑠𝑡𝑖 = reward𝑞 + reward𝑥 + reward𝑥𝑜 + 𝛽𝑟 . (11)

We set the constant 𝛽𝑟 to ensure the average probe reward is

zero, which accelerates the convergence of the reinforcement

learning process by penalizing control behaviors that lead to

indistinguishable network estimation. This value was deter-

mined through trial-and-error, and without it, the learning

process struggles to converge. We do not include the range

reward for the 𝑖𝑠_𝑓 𝑢𝑙𝑙 indicator, since, similar to other mod-

ern CCAs [4, 6, 18], our CCA operates at the equilibrium

point where the link is fully utilized and the queue is nearly

empty. Therefore, actively probing the upper bound of the

queue (like in Cubic [13]) is unnecessary and may lead to

additional packet loss.

2○ Performance Reward. We define the performance

reward to quantify the performance criterion of the control

task. Inspired by the power-based reward in Orca [1] and the

fairness metric in Astraea [22], we define the performance

reward function as follows:

𝑅𝑝𝑒𝑟 𝑓 =

(
𝑡ℎ𝑟 − 𝜁 × 𝑙𝑜𝑠𝑠

𝑙𝑎𝑡 ′

) / (
𝑡ℎ𝑟max

𝑙𝑎𝑡min

)
+ 𝛽𝑓 𝑎𝑖𝑟 × 𝑅𝑓 𝑎𝑖𝑟 , (12)

where

𝑙𝑎𝑡 ′ =

{
𝑙𝑎𝑡min if 𝑙𝑎𝑡min ≤ 𝑙𝑎𝑡 ≤ 𝛽𝑙𝑎𝑡 × 𝑙𝑎𝑡min,

𝑙𝑎𝑡 otherwise.

(13)

and

𝑅𝑓 𝑎𝑖𝑟 =

√√∑
𝑖

(
𝑎𝑣𝑔_𝑡ℎ𝑟𝑖 − 1

𝑛

∑
𝑖 𝑎𝑣𝑔_𝑡ℎ𝑟𝑖

)
2

𝑛 (∑𝑖 𝑎𝑣𝑔_𝑡ℎ𝑟𝑖 )2
, (14)

where 𝑎𝑣𝑔_𝑡ℎ𝑟𝑖 is the average throughput of the 𝑖-th flow,

and𝑛 is the number of competing flows at the link bottleneck.

The first term in Equation 12 originates from Orca, denot-

ing the ratio of normalized throughput to normalized latency,

with a penalty on lost packets. It also tolerates small queuing

delay (as defined in Equation 13) to achieve maximum band-

width. The second term is inspired by Astraea and explicitly

represents the fairness metric across flows. With this reward

function, the RL algorithm rewards high throughput, low

latency, and good fairness.

The final reward combines the two components:

𝑅 = 𝛽𝑒𝑠𝑡𝑖 × 𝑅𝑒𝑠𝑡𝑖 + 𝛽𝑝𝑒𝑟 𝑓 × 𝑅𝑝𝑒𝑟 𝑓 . (15)

RL Approach. Similar to previous DRL-based CCAs [1,

22, 38], we adopt the model-free off-policy DRL training

algorithm Deep Deterministic Policy Gradient (DDPG) [23]

to update the policy model. To achieve intelligent decision-

making, we employ recurrent neural networks (RNNs) as the

building blocks of our model, which can embed the history

of signals as input. Several optimization techniques, such as

TD3 [12] and R2D2 [19], are used to improve the learning

process. For further details on the training algorithm, please

refer to Appendix B.

6 Implementation

We implement a fully functional LTP prototype on Linux,

which consists of two main components: a CC kernel module

and a DRL agent running in userspace. The kernel module

collects observable network signals on the sender side and

sends them to the RL agent, which is responsible for pro-

cessing the signals and returning control actions. The kernel

module then uses these actions to adjust the congestion win-

dow and pacing rate. To facilitate communication between

the kernel module and the RL agent, we implement a cross-

space communication channel using Netlink [31], allowing

efficient interaction between the kernel and userspace. For

the DRL model design and training, we leverage the DI-

engine framework [10], which is built on PyTorch [30]. This
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Figure 5. Range estimation of LTP and CCmatic.

framework supports a wide range of deep reinforcement

learning algorithms and enables the creation of custom poli-

cies. Our DRL model consists of three fully connected layers,

each with 128 dimensions, forming the basis of our recurrent

neural network (RNN) architecture.

We useMahimahi [29] for network emulation and Pantheon-

tunnel [41] to simulate network tunnels. We train and evalu-

ate LTP on a Linux server with 80 CPU cores, 256GB of RAM.

To increase fairness and friendliness, we collect the training

data by running various number of competing flows (2-10)

concurrently controlled by either Cubic or LTP, with vari-

ous extra delays and loss rates to simulate complex network

topologies.

To stabilize the learning process of LTP, we carefully se-

lect and fine-tune all RL training hyperparameters. Detailed

information about the hyperparameters, including their spe-

cific values and additional training details, can be found in

Appendix D.

7 Evaluation

We evaluate LTP through extensive emulation and testbed

experiments, which reveal the following key results:

• We demonstrate that the estimation module of LTP pro-

vides accurate and consistent estimations of network states,

such as queue length and rate occupancy ratio, particularly

when the system is contending with other flows (§7.1).

• We demonstrate the effectiveness of the probe reward in

guiding LTP’s learning process. When trained across a

wide range of network environments, LTP successfully

learns distinct policies tailored to different conditions, en-

abling robust and adaptive performance (§7.2).

• We show that LTP, leveraging distinguishable signals, con-

sistently achieves high performance and exhibits strong

convergence properties (§7.3) across diverse network en-

vironments.

• We highlight how LTP distinguishes itself from previous

learning-based algorithms by incorporating probing ac-

tions, which help explore the network environment and

enhance the performance of the control process (§7.5).
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(a) BBR 2-flow scenario

(b) LTP estimation, flow 1
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Figure 6. Estimation results of LTP in BBR 2-flow scenario.

Two metrics are estimated for the two competing flows re-

spectively: the queuing delay and the sending rate normal-

ized by the link bandwidth (𝑥/𝑐).

7.1 Range Estimation

The performance of the estimation module in LTP directly

influences the ability to generate distinguishable features for

DRL-based CCAs. In this section, we evaluate the accuracy

of LTP’s network state range estimation, comparing it to

the baseline estimation method, CCmatic [2]. Specifically,

we apply both estimation methods to traces from multi-flow

scenarios involving various congestion control protocols,

including Cubic, Vegas, BBR, Copa, and our approach, LTP.

For each time interval (0.1 seconds), we record the necessary

signals and update the estimation ranges for each method.

We evaluate the following average metrics: i) coverage,

which represents the proportion of intervals where the ac-

tual network state falls within the estimated range; and ii)

estimated range width, which includes metrics such as the

normalized sending rate
𝑥
𝑐
, the queuing delay 𝑞, and the nor-

malized overall sending rate of competing flows
𝑥𝑜
𝑐
. Since

CCmatic estimates link bandwidth𝐶 rather than the sending

rate, we compute the range
𝑥
𝑐
based on the actual sending

rate 𝑥 and the estimated link bandwidth.

As shown in Figure 5, LTP significantly outperforms CC-

Matic in terms of estimation coverage, even with comparable

range widths. This performance gap arises because CCmatic
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Figure 7. The average normalized reward of LTP and baselines under various training regions.

Env Bandwidth Base delay Buffer size Loss rate

Small 10-100 Mbps 5-30 ms 0.8-1 BDP 0-0.1%

Medium 10-300 Mbps 5-60 ms 0.8-1.5 BDP 0-0.5%

Large 10-600 Mbps 5-120 ms 0.8-2 BDP 0-1%

Table 3. Training environments.

does not account for the impact of competing flows, limiting

its ability to handle multi-flow scenarios. Figure 6 provides

a closer look at the estimation results for LTP in a two-flow

BBR setup. We observe that LTP, by explicitly modeling

the sending rates of competing flows, correctly adjusts its

estimation, recognizing that the bandwidth is now shared

among multiple flows. LTP benefits from several techniques,

such as transition mechanisms, multi-signal constraints, and

particle-based flexible estimation, as outlined in §4, which

enhance its estimation accuracy. Also, we observe that the

convergence process requires only a few control intervals

to collect enough signals. We attribute it to the efficiency of

our network modeling and state elimination.

7.2 Enhancing Learning with LTP

In this section, we evaluate the performance of LTP under

different training region sizes. As in the motivation exper-

iment in §2.2, we prepare baselines by retaining with only

their original input states while adopting the same reward

function, action space, and training paradigm as LTP. This

ensures a fair comparison focused solely on the impact of

input signal design. To analyze the contribution of the probe

reward, we introduce an ablated variant of our method, LTP-

no-probe, which disables the probe reward during training.

We train LTP, LTP-no-probe, and all baselines across three

training region sizes—small, medium, and large (defined in

Table 3)—and evaluate their performance using the average

normalized reward inside each training region, as defined in

Equation 15.

Figure 7 shows the average normalized reward across

100 sampled environments from each training region. Vari-

ance across runs is within ±5%. Overall, LTP consistently

achieves the highest reward among all learning-based ap-

proaches and performs close to the Oracle-State, which lever-

ages full knowledge of link capacity and base RTT, high-

lighting the value of the probe reward in learning to infer

environment-specific states. As the training region expands,

the performance of all baselines declines significantly due

to increased signal ambiguity across diverse environments.

In contrast, LTP maintains stable performance. In smaller

training regions, baselines using unnormalized signals (e.g.,

Astraea-State and Sage-State) outperform normalized ones

(e.g., Orca-State and Aurora-State). The reason is that they

overfits to the training region, as shown in Figure 1, where

they fail to generalize to unseen environments. In the follow-

ing section, we use LTP trained in the large training region to

evaluate its performance across various network conditions.

7.3 Consistent High Performance

We show LTP’s consistent high performance across a wide

range of network environments through emulated experi-

ments and real-world.We compare LTPwith various learning-

based and heuristic-based CCAs including Astraea [23], Orca

[1], Aurora [18], Vivace [8], Cubic [15], BBR [4], Copa [3].

For learning-based schemes, we all use the published code

and model provided by the authors.

7.3.1 Extensive Emulations. Wefirst evaluate LTP against

other congestion control algorithms across a diverse set of

emulated network environments. Specifically, we compare

link utilization and delay ratio by varying key link charac-

teristics: bandwidth, base delay, random loss rate, and buffer

size. The emulations use a dumbbell topology with a sin-

gle flow, where we vary one link characteristic at a time

while keeping the others constant. The parameters span

bandwidths from 10 to 600 Mbps, base delays from 15 to 120

ms, random loss rates from 0% to 1%, and buffer sizes rang-

ing from 0.2× to 2.2× the Bandwidth-Delay Product (BDP).

For constant values, we use a 100 Mbps bandwidth, a base

round-trip time (RTT) of 30 ms, a buffer size of 1 BDP, and

no random loss.

The results, averaged over 10 trials, are shown in Figure 8
5
.

From the results, we observe that LTP consistently maintains

high link utilization and low latency inflation as it learns

distinct policies in various network conditions, thanks to its

use of distinguishable signals.

In contrast, heuristic-based algorithms such as BBR suffer

from high queuing latency across network environments.

5
The variance of the repeated results is within ±5%.
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Figure 8. The performance of LTP and baselines in terms of link utilization and delay ratio (one-way delay normalized by link

base delay) under various bandwidths, base delays, loss rates, and bottleneck buffer sizes.

Cubic underutilizes the link when the loss rate is high, as

it relies on a hand-crafted rule to reduce the congestion

window in response to packet loss events (see Figure 8(c)).

The performance of previous DRL-based algorithms, such as

Aurora and Orca, degrades significantly when the bandwidth

or base delay exceeds the ranges seen during training. This

is likely due to their limited training on links with large

BDPs. Additionally, the online learning algorithm Vivace

struggles with high latency scenarios (Figure 8(b)), as it relies

on trial and error to adjust sending rates, resulting in slow

responsiveness when RTT is high.

CCA League. Inspired by the concept of winning rate

from [43], we further evaluate LTP and baseline schemes

in both single-flow and multi-flow scenarios. We calculate

each scheme’s performance and fairness scores across var-

ioue network conditions as follows. For performance, we

calculate the score based on the Power metric and the loss

rate:

Perf-Score =
throughput

delay

× (1 − 40 × loss).

For the fairness score in multi-flow scenarios, we adopt Jain’s

Fairness Index, calculated based on per-flow throughput:

Jain Index =

(∑𝑛
𝑖=1 𝑥𝑖

)
2

𝑛 ×∑𝑛
𝑖=1 𝑥

2

𝑖

where 𝑥𝑖 is the throughput of the 𝑖-th flow, and 𝑛 is the

total number of flows. A scheme is considered a winner

if its score reaches at least 90% of the highest score in that

scenario.We then compute each scheme’s winning rate as the

proportion of scenarios in which it is identified as a winner.

These winning rates in terms of performance and fairness are

used to derive the overall performance and fairness ranking.

The experiments are repeated 1000 times with varying

bandwidth, base delay, random loss rate, and number of flows

in the training region. We show the winning rates of LTP

and baselines in Figure 9
6
. We observe that LTP achieves

outperforms all baselines in terms of performance in sce-

narios with one or multiple flows. Vivace also achieve high

winning rates due to its online learning capability across

various network conditions. On the other hand, BBR and

Cubic exhibit low winning rates in terms of performance as

we add loss penalty to the performance score. For fairness,

although LTP does not rely on global or unnormalized fea-

tures (e.g.,
𝑡ℎ𝑟
𝑐

or raw throughput signals) that can directly

support fair bandwidth allocation among competing flows,

it still achieves strong fairness—only slightly behind BBR.

This is enabled by our probing mechanism and the fairness

metric (Equation 14) integrated into the reward function.

Fairness Showcase Figure 10 further illustrates the through-

put dynamics of competing flows under different network

conditions. As shown in Figures 10(a) and 10(b), LTP exhibits

consistent fairness behaviors across various link capacities,

delays, and loss rates.

7.3.2 Friendliness. To inspect the friendliness of LTP to-

wards Cubic, we set up a 100Mbps link with a 15ms base

delay. During the experiment, a LTP flow and a Cubic flow

are run concurrently for 120 seconds, and their throughput

ratio is recorded. We repeat the experiment across various

base RTTs, where the buffer size is also tuned to be 1 BDP.

6
Fairness match is conducted only with multi-flow scenarios.
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Figure 9. The ranking and winning rates of LTP and baselines.

(a) 300Mbps, 30ms base RTT,

0% loss.

(b) 60Mbps, 120ms base RTT,

5% loss.

Figure 10. LTP’s fairness illustration.
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Figure 12. Real-world experiments.

Figure 11(a) shows the results. We observe that compared

to other learning-based solutions, LTP achieves a through-

put ratio close to 1. We attribute this to our training pro-

cess, where heterogeneous competing flows are introduced.

Therefore, LTP will probe to find that it is competing with

Cubic, and behave more aggressively. Figure 11(b) illustrates

how LTP competes with 5 Cubic flows, achieving similar

bandwidth.

7.3.3 Real-world Experiments. To further evaluate LTP’s

control performance, we conduct real-world experiments on

the wild Internet. Specifically, we deploy the sender at AWS

Seoul and place the receiver at AWS Singapore and London,

testing LTP in both inter-continental and intra-continental

scenarios. The bandwidths of both links are up to 10 Gbps.

For each network condition, we run a flow for 60 seconds,

repeating each trial 10 times and calculate overall average

normalized throughput and one-way delay.

The evaluation results are presented in Figure 12. We

observe that LTP sets a new benchmark in terms of high

throughput and low latency. It achieves better link utilization

and lower latency than most congestion control algorithms,

including Cubic. This is primarily because LTP uses a DRL

model to adjust the sending rate at a fine-grained level, al-

lowing it to adapt rapidly to Internet bandwidth fluctuations

without causing bufferbloat.

In contrast, while other learning-based algorithms Orca

and Aurora perform well in emulated environments, they

fail to achieve high utilization in real-world scenarios. We

attribute this difference to the reward structure of these

algorithms, which primarily focus on control performance.

In contrast, our reward structure incorporates both probing

and performance metrics, which encourages LTP to perform

probing actions in wild and dynamic network conditions to

gather network information, rather than blindly pursuing

maximum utilization. This design choice accounts for LTP’s

superior performance among learning-based algorithms.

We also note that BBR achieves relatively high throughput

in the inter-continental evaluation. This behavior, however,

largely stems from BBR’s specialized handling of rate polic-

ing at network edges, where it detects and models token-

bucket policers to avoid excessive packet drops. Since our

current work does not incorporate a handcrafted module

for this mechanism, nor do our training and emulated envi-

ronments include policers, BBR benefits disproportionately

in such settings. We believe that extending LTP’s training

to encompass a wider range of network conditions, includ-

ing various forms of rate policing, would enable it to learn

similar resilience.

Further evaluation of LTP under challenging network con-

ditions, including 10 Gbps high-speed networks and satellite

networks, can be found in Appendix C. We find that though

not trained over those network conditions, LTP’s policy gen-

eralizes elegantly due to its well-normalized probe reward

and input states.

7.4 Overhead

CPU Utilization. We evaluate the inference overhead of

LTP and other CC baselines by measuring their CPU utiliza-

tion during flow transmissions. Specifically, we emulate a

link with 120 Mbps bandwidth, 20 ms RTT, and a buffer size
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Figure 14. CPU cycles per update and memory usage across

varying numbers of particles.

of 1 bandwidth-delay product (BDP). LTP is configured to

infer a new sending rate every 30 ms. For each CC algorithm,

we run the flow transmission 10 times for 60 seconds each

and record the CPU utilization across all transmissions. The

CPU utilization results are then averaged and presented in

Figure 13. The results show that LTP achieves lower com-

putational overhead than Orca, ranking just behind Cubic

and BBR. This advantage mainly stems from its efficient C++

implementation. We note that the estimation module in §4 is

functioning only in the offline training stage. Once the model

is trained, the online, on-the-fly deployment phase only in-

volves the DRL model, which receives signals and outputs

control actions. We thus evaluate its overhead independently

below.

Overhead of Estimation Module. To quantify the com-

putational overhead introduced by LTP’s particle update

mechanism, we evaluate the module under different parti-

cle numbers. Figure 14 shows the CPU cycles required per

update and the corresponding memory usage. Each configu-

ration is repeated 10 times, and we report the average across

all runs. The results show that both computation and storage

overhead scale proportionally with the number of particles,

while remaining within acceptable absolute values.

7.5 Under the Hood

In this section, we examine LTP’s model by visualizing its

traces to understand how it learns to probe the network sta-

tus and enhance control performance. We present a trace

with three homogeneous flows competing on a link with

120 Mbps bandwidth, 80 ms RTT, and 0% loss rate. For com-

parison, we define a baseline model—referred to as the Nor-

mal model—which uses the same state input, action, and RL

training algorithm, but omits the estimation reward in the

estimation module. The traces of the congestion window and

RTT are plotted in Figure 15.

Our observations reveal that, compared to the Normal

model, LTP (+Probe) learns to actively probe the network

status by frequently applying small, aggressive oscillations

to the congestion window and sending rate, as evidenced

by rapid fluctuations in both CWND and RTT values. These

fluctuations reflect LTP’s efforts to explore the network’s

capacity and responsiveness. As noted in [36], when the link

is fully utilized, the flow’s sending rate and throughput vari-

ations provide insights into the flow’s bandwidth occupancy.

This suggests that LTP uses these small oscillations to probe

both the link’s bandwidth and competing flows’ bandwidth.

8 Related Work

Congestion Control. Congestion control has been a long-

standing research topic in networking. Traditional heuristic-

based CC schemes [4–6, 13, 16, 39] rely on predefined rules,

such as loss-based [13, 17] or delay-based approaches [4, 5].

Hybrid methods [11, 20, 35] attempt to combine multiple

congestion signals but still require careful manual tuning,

which limits their adaptability to varying network conditions.

Recent research has leveraged machine learning for CC to

replace manually crafted policies with data-driven control.

Remy [39] precomputes an optimal mapping from network

signals to actions, while PCC Allegro [7] and Vivace [8] use

online learning for adaptive rate control. Aurora [18] applies

deep reinforcement learning but faces challenges in fairness

and overhead, which Orca [1] addresses by integrating clas-

sic CC schemes. Spine [38] employs hierarchical control for

efficiency, and MOCC [24] incorporates multi-objective rein-

forcement learning to balance different application demands.

None of them focus on the analysis and improvement of the

signal engineering part of the learning process.

Estimate the Network state. Most existing CCAs focus

on adjusting the sending rate based on observed signals but

often overlook the accuracy of network condition estimation.

Many approaches implicitly equate raw network signals (e.g.,

RTT, loss) with network status, disregarding noise and un-

certainty in signal interpretation. Some methods attempt to

refine signal processing, such as BBR’s probeRTT phase [6],

TCP’s exponentially weighted moving average of RTT, range

estimation in CCmatic [2] and Vivace’s trial-and-error ex-

ploration [8]. However, these heuristic-based tricks lack a

holistic framework for modeling network status transitions

and the interactions between multiple signals.

9 Conclusion

In this paper, we highlight the importance of signal engineer-

ing in learning-based congestion control and propose Learn-

to-Probe (LTP), a novel paradigm that improves both the

distinguishability of input signals for DRL-based congestion
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Figure 15. LTP learns to aggressively apply small oscillations

to the CWND to probe the network status.

control algorithms. Our extensive evaluations demonstrate

that LTP achieves consistently high performance across a di-

verse range of network environments, including real-world

Internet deployments. Our findings suggest that explicitly

designing signal engineering techniques can significantly

enhance the effectiveness of DRL-based CCAs.
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Appendix

A Bayesian Filtering Perspective of LTP

The transition estimation process in LTP is rooted in the

concept of Bayesian filtering. Bayesian filtering is a general

approach for estimating the state of a dynamic system in

the presence of noisy observations. It is based on Bayesian

inference, which combines prior knowledge about the sys-

tem’s evolution over time with the observed measurements

that provide information about the current state. From a

Bayesian filtering viewpoint, our state estimation problem

is essentially a recursive signal estimation task. The objec-

tive is to track the hidden state sequence 𝑠𝑡 of the network

system, given the observed signals 𝑧𝑡 . This process relies

on two key components: the probabilistic model of the sys-

tem’s dynamics, 𝑝 (𝑠𝑡 |𝑠𝑡−1), which encodes prior knowledge

about how the network state evolves, and the signal mea-

surement model, 𝑝 (𝑧𝑡 |𝑠𝑡 ), which describes how the signals

are measured based on the current state of the system.

In this framework, the state estimate is represented as a

probability density function (pdf), which not only quantifies

the estimated state but also captures the uncertainty asso-

ciated with it. Specifically, we refer to this estimate as the

posterior state — the conditional probability distribution that

represents the system’s state after incorporating historical

signal measurements. Our goal is to compute the posterior

probability distribution of the network state at time 𝑡 , condi-

tioned on all available measurements up to that point:

𝑝 (𝑠𝑡 |𝑧 (0 : 𝑡)), (16)

where 𝑧 (𝑡1 : 𝑡2) denotes the historical signal measure-

ments between time 𝑡1 and 𝑡2, and 𝑧 (: 𝑡) represents the

complete history of signal measurements up to time 𝑡 . The

agent’s task is to estimate the network state based on the

observed signals. This posterior probability distribution can

be computed recursively as follows:

At time 𝑡2, the method first updates the posterior distri-

bution using the prior estimate from 𝑡1 and the network’s

transition model:

𝑝 (𝑠 (𝑡2) | 𝑧 (: 𝑡1)) =
∫

𝑝 (𝑠 (𝑡2) | 𝑠 (𝑡1)) 𝑝 (𝑠 (𝑡1) | 𝑧 (: 𝑡1)) 𝑑𝑠 (𝑡1)
(17)

In this equation, 𝑝 (𝑠 (𝑡2) | 𝑠 (𝑡1)) is the network transition

model, which encodes prior knowledge about how the sys-

tem state evolves. The term 𝑝 (𝑠 (𝑡2) | 𝑧 (: 𝑡1)) represents the
prior state estimate at time 𝑡2, which is based on the previous

estimate and the system’s transition behavior.

Next, using Bayes’ theorem, we update the posterior dis-

tribution by incorporating the newly observed signals 𝑧 (𝑡2):

𝑝 (𝑠 (𝑡2) | 𝑧 (0 : 𝑡2)) =
𝑝 (𝑧 (𝑡2) | 𝑠 (𝑡2)) 𝑝 (𝑠 (𝑡2) | 𝑧 (: 𝑡1))

𝑝 (𝑧 (𝑡2) | 𝑧 (: 𝑡1))
,

(18)

where 𝑝 (𝑧 (𝑡2) | 𝑠 (𝑡2)) is the signal measurement model,

which describes the likelihood of observing the signal 𝑧 (𝑡2)
given the network state 𝑠 (𝑡2). The denominator, 𝑝 (𝑧 (𝑡2) |
𝑧 (: 𝑡1)), is the normalizing constant, which represents the

probability of the observed measurement. It can be computed

as follows:

𝑝 (𝑧 (𝑡2) | 𝑧 (: 𝑡1)) =
∫

𝑝 (𝑧 (𝑡2) | 𝑠 (𝑡2)) 𝑝 (𝑠 (𝑡2) | 𝑧 (: 𝑡1)) 𝑑𝑠 (𝑡2)
(19)

Thus, Bayesian filtering provides a systematic way to com-

bine prior knowledge of the system’s dynamics with new

measurements, enabling an accurate estimation of the sys-

tem’s state over time.

Particle Filtering The integrals in the Bayesian filtering

process can only be solved analytically under specific condi-

tions, such as finite-dimensional discrete state variables or

linear models with Gaussian pdfs. However, to avoid these

restrictive assumptions, particle filtering provides an alterna-

tive by approximating the posterior pdf using a discrete set of

samples, which allows minimal restrictions on the models in-

volved. The optimal Bayesian solution is then approximated

as a sum of weighted samples:

𝑝 (𝑠0:𝑡 | 𝑧1:𝑡 ) ≈
𝑁𝑠∑︁
𝑖=1

𝑤 𝑖
𝑡𝛿

(
𝑠0:𝑡 − 𝑠𝑖0:𝑡

)
(20)

Here,

{
𝑤 𝑖
𝑡 , 𝑠

𝑖
0:𝑡

}𝑁𝑠

𝑖=1
represents a set of 𝑁𝑠 particles, where

each sample 𝑠𝑖
0:𝑡 corresponds to a potential realization of the

state sequence. The weight𝑤 𝑖
𝑡 indicates the relative impor-

tance of each particle 𝑠𝑖
0:𝑡 , with the normalization condition∑𝑁𝑠

𝑖=1
𝑤 𝑖
𝑡 = 1. Particles associated with higher weights are

considered to be closer to the true state, while those with

lower weights represent less likely state realizations. The

Dirac delta function 𝛿 (·) is used to represent this discrete

approximation of the posterior.

By approximating the continuous pdf with a set of dis-

crete samples, particle filtering turns intractable integrals

into summations over these 𝑁𝑠 particles. This method is ad-

vantageous because it allows the posterior to be represented

by arbitrarily shaped pdfs (assuming sufficient samples), and

it imposes minimal restrictions on both the process and mea-

surement models. These advantages explain why particle

filtering is widely used in many applications.

However, a key challenge in particle filtering is that the

posterior pdf itself is unknown, meaning direct sampling

from it is impossible. Instead, samples must be drawn from

an alternative distribution, called the importance density (or

proposal density), denoted 𝑞. The weights are then used to

compensate for the fact that the samples are drawn from this

importance density rather than directly from the posterior

pdf. The importance sampling formula is given by:
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𝑤 𝑖
𝑡 ∝

𝑝
(
𝑠𝑖
0:𝑡 | 𝑧1:𝑡

)
𝑞
(
𝑠𝑖
0:𝑡
| 𝑧1:𝑡

) (21)

Given the importance density 𝑞 and the fact that the true

posterior is unknown, the weight update rule becomes:

𝑤 𝑖
𝑡 ∝ 𝑤 𝑖

𝑡−1
𝑝
(
𝑧𝑡 | 𝑠𝑖𝑡

)
𝑝
(
𝑠𝑖𝑡 | 𝑠𝑖𝑡−1

)
𝑞
(
𝑠𝑖𝑡 | 𝑠𝑖𝑡−1, 𝑧𝑡

) (22)

Finally, the posterior estimate of the state at time 𝑡 is

approximated by:

𝑝 (𝑠𝑡 | 𝑧1:𝑡 ) ≈
𝑁𝑠∑︁
𝑖=1

𝑤 𝑖
𝑡𝛿

(
𝑠𝑡 − 𝑠𝑖𝑡

)
(23)

As the number of particles, 𝑁𝑠 , increases, this estimate

converges to the true posterior distribution.

While the importance sampling method is fundamental

to particle filtering, it does come with a potential issue: as

the weights evolve over time, the variance of the weights

can grow. This leads to a situation called weight degeneracy,
where most of the weights become very small, and only a few

particles significantly contribute to the posterior estimate.

This can cause the particle filter to become inefficient.

To mitigate weight degeneracy, a resampling step is gener-

ally introduced. In resampling, particles with higher weights

are duplicated, while those with lower weights are discarded.

After resampling, the weights are typically reset to a uniform

value of 1/𝑁𝑠 . This ensures that the particle population is

concentrated in regions with higher posterior probability,

improving the efficiency of the particle filter and making the

state estimate more accurate.

B RL Training Algorithm of LTP

We employ the Deep Deterministic Policy Gradient (DDPG)

algorithm [23], a well-knownmodel-free off-policy reinforce-

ment learning (RL) method to train sub-policies. The RL

agent updates the parameters of our recurrent neural net-

works (RNNs) to refine the mapping from packet statistics

to actions, with the goal of maximizing the accumulated

rewards.

DDPG follows the actor-critic framework, involving two

key models: the actor model and the critic model. Both mod-

els receive the current network state as input. The actor

model represents the policy, i.e., it outputs actions, while

the critic model evaluates the potential reward associated

with a given state-action pair. The role of the critic model

is to provide a value estimate that helps guide the actor

model’s learning process, as depicted in Figure 16. More

specifically, the critic model estimates the action-value func-

tion 𝑄𝜋𝜃 (𝑠, 𝑎) = E[∑𝑇
𝑡=0 𝛾

𝑡𝑟𝑡 |𝑎, 𝑠], which predicts the cumu-

lative reward an agent would collect after taking action 𝑎

in state 𝑠 , following the policy 𝜋𝜃 . Once the critic model is

trained, the actor model uses the critic model’s feedback to

select the best action that maximize the expected reward.

The use of a critic model helps mitigate the variance in re-

ward estimates, making the learning process more stable.

Both the actor and the critic are implemented using RNNs.

Figure 16. Actor-critic training algorithm in LTP.

To make full use of the hidden states in the RNN structure,

we incorporate strategies from [19]. Specifically, we store

the hidden state throughout the training trajectory, which

is later used to initialize the policy model during training.

This ensures that historical context is incorporated when

the policy model is updated. Furthermore, to stabilize the

learning process, we include a ’burn-in’ phase at the start

of each sequence. During this phase, an additional segment

of the trajectory is used exclusively for network forwarding

to establish a stable hidden state before the training starts.

These strategies help address the challenges associated with

training RNN-based models and improve the overall training

effectiveness.

The training procedure proceeds as follows: initially, the

actor interacts with the environment and collects trajecto-

ries of state-action-reward sequences, denoted as (𝑠, 𝑎, 𝑟, ℎ),
where ℎ represents the hidden state from the RNN. For sim-

plicity, we describe the process with a single trajectory,

though in practice, we train in batches. In each training

step, we sample a long trajectory that includes a burn-in

prefix, such as (𝑠−𝑏, 𝑎−𝑏, 𝑟−𝑏, ℎ−𝑏) through (𝑠𝑁 , 𝑎𝑁 , 𝑟𝑁 , ℎ𝑁 ),
where 𝑏 denotes the burn-in steps. We initialize our recur-

rent model with the first hidden state ℎ−𝑏 at the head of

the trajectory and forward it to step 0 to get a warmed hid-

den state. Then, we unroll the recurrent network model on

the trajectory from step 0 to the end to get the model out-

puts of 𝑠𝑁−1 and 𝑠𝑁 , which is the target state we will train

on for this sample. We denote the sequence (𝑠, 𝑎, 𝑟, 𝑠′, 𝑎′) as
(𝑠𝑁−1, 𝑎𝑁−1, 𝑟𝑁−1, 𝑠𝑁 , 𝑎𝑁 ) for convenience in the subsequent

objective functions.

LTP updates the actor’s policy 𝜋𝜃 by minimizing the fol-

lowing objective function:

J (𝜃 ) = E [𝑄𝜔 (𝑠, 𝜋𝜃 (𝑠))] , (24)

where 𝑄𝜔 (𝑠, 𝑎) represents the output of the critic that

estimates the action-value function 𝑄𝜋𝜃 (𝑠, 𝑎) under the cur-
rent policy. To optimize the policy distribution 𝜋𝜃 , we apply
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Figure 17. LTP in challenging network conditions.

the policy gradient theorem [33]. To accurately estimate the

action-value function, the critic is trained using temporal dif-

ference learning [34], with the following objective function:

L (𝜔) = E𝑠,𝑎,𝑟,𝑠′

[(
𝑄𝜔 (𝑠, 𝑎) − 𝑟 + 𝛾𝑄𝜔 (𝑠′, 𝑎′) |𝑎′=𝝅𝜽 (𝑠′ )

)
2

]
.

(25)

For optimization, we use the Adam optimizer [21] with

gradient-based updates. The back-propagation is truncated

before the burn-in steps (i.e., until step 0). After calculating

the gradients, the actor and critic models are updated with

learning rates 𝛼 and 𝜂, respectively, as follows:

𝜃 ← 𝜃 + 𝛼∇𝜃J (𝜃 ), 𝜔 ← 𝜔 − 𝜂∇𝜔L(𝜔). (26)

Additionally, LTP adopts several RL-related techniques

from the TD3 algorithm [12], including clipped double Q-

learning, delayed policy updates, and target policy smooth-

ing regularization. These techniques help reduce the variance

in the critic’s estimates. For a detailed explanation of these

techniques, we refer the readers to [12].

C LTP on Challenging Conditions

We further test LTP in following challenging network condi-

tions to evaluate its performance generalizability:

High-speed Networks To evaluate the performance of

LTP in high-speed network environments, we establish a

connection between two end-hosts in our cluster, connected

via a Mellanox SN2700 100G switch. To emulate a real-world

high-speed WAN scenario, we limit the receiver’s bandwidth

to 10Gbps and introduce an additional one-way latency of

15ms, using traffic control (tc) for network emulation. We

exclude previous learning-based schemes such as Aurora,

Orca, and Vivace as they are constrained to a maximum

bandwidth of 1Gbps due to inefficient implementation.

The throughput and latency results for LTP and other

baseline algorithms are shown in Figure 17(a). We observe

that LTP achieves throughput comparable to that of BBR,

while maintaining lower latency than Cubic. These results

highlight LTP’s ability to generalize its performance effec-

tively in high-speed network conditions, where the available

bandwidth significantly exceeds the training region.

Name Value

control time interval 30 ms

learning rate 0.005

discount factor (𝛾 ) 0.98

batch size 64

particle number 1000

model update frequency (per episode) 100

signal gap sensitivity (𝜔𝑞, 𝜔𝑥 , 𝜔𝑥𝑜 ) 50,10,10

other flow gradient range 𝑂 𝑗 1.5

delay jitter range 𝐷 𝑗 0.02

bandwidth jitter range 𝐶 𝑗 0.05

loss jitter range 𝐿 𝑗 0.001

estimation reward coefficient 𝛽𝑞, 𝛽𝑥 , 𝛽𝑥𝑜 10, 0.2, 0.2

loss coefficient 𝜁 5

fairness coefficient 𝛽𝑓 𝑎𝑖𝑟𝑛𝑒𝑠𝑠 1

latency tolerance 𝛽𝑙𝑎𝑡 1.15

estimation weight 𝛽𝑒𝑠𝑡𝑖 0.2

performance weight 𝛽𝑝𝑒𝑟 𝑓 1

Table 4. Training hyperparameters in LTP.

Satellite Networks In satellite communication, the long

round-trip time (RTT) and random packet loss pose signifi-

cant challenges for traditional congestion control schemes.

To assess LTP in such a scenario, we conduct experiments

on a simulated satellite link following the setup from [8],

with a 42 Mbps bandwidth, 800ms RTT, and a 0.74% random

loss rate. The results, averaged over 10 trials, are presented

in Figure 17(b). We observe that by achieving both high

throughput and low latency, LTP establishes a new point

on the Pareto frontier. This performance is attributed to

LTP’s use of normalized features, particularly the ΔRTT and

the normalized loss rate, which provide resilience against

variations in base delay and random packet loss.

D Training Details

In order to stabilize the training process, LTP adopts episode-

based training. Each episode consists of two phases: the

collecting phase and the learning phase. In the collecting

phase, several distributed collectors perceive states and en-

force actions in various training environments to collect

experiences for a period of time (100 seconds), which are

stored in a data structure called replay memory [28]. In the

learning phase, the centralized learner samples experiences

from the replay memory for training. As a result, the learner

updates the model only after the collectors have collected

enough new experiences with sufficient length, and the ex-

periences collected in one episode are from the static RL

agent with no update. Therefore, the learning process will

be less stochastic, and the model will converge faster. We

use 4 actors to collect the training experience in parallel.

The training hyperparameters of LTP are given in Table

4.
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