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Abstract—As the Internet becomes an indispensable part of
social infrastructure, network congestion control plays a crucial
role in maintaining communication quality. Existing conges-
tion control algorithms, such as NewReno and CUBIC, use
predefined rules, making it difficult to respond optimally to
changes in network conditions. To address this issue, recent
studies have reported the application of dynamic algorithms
utilizing reinforcement learning to congestion control. However,
most previous studies have not thoroughly evaluated whether
their reinforcement learning-based congestion control algorithms
can adequately adapt to network fluctuations. Therefore, in
this paper, we propose a novel congestion control algorithm
called RL-HKD using reinforcement learning and evaluate its
communication performance. The evaluation results confirmed
that the proposed method improved the bandwidth utilization by
up to 1.39% compared to NewReno and demonstrated that it has
better throughput convergence and fair coexistence performance
than CUBIC.

Index Terms—Network congestion control, machine learning,
reinforcement learning, Deep Q-Network (DQN), RL-HKD con-
gestion control algorithm.

I. Introduction
As the Internet has become an indispensable part of social

infrastructure, network congestion control plays a crucial role
in maintaining communication quality. Congestion control is
one of the functions built into the TCP protocol at the transport
layer, which detects situations where the network reaches an
overload with excessive data packet traffic and adjusts the data
transmission rate. The transmission rate is controlled by the
size of the congestion window (CWND) at each TCP packet
sender on the network, and its operation is specified by the
congestion control algorithms.

Existing congestion control algorithms can be mainly clas-
sified into three categories. The first is the loss-based method,
such as NewReno [1] and CUBIC [2], which monitors packet
loss. The second method is the delay-based approach, which
includes Vegas [3] and BBR [4], that monitors packet round-
trip time (RTT). The third is the hybrid method, involving
Illinois [5] and YeAH [6], which switches between loss-
based and delay-based methods. These methods all use static
algorithms based on predefined rules, making it challenging
to respond optimally to changes in network conditions.

To address the congestion control optimization issue, recent
studies have reported the application of dynamic algorithms
utilizing reinforcement learning (RL) to congestion control [7].
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Fig. 1: Concept of the proposed RL-HKD congestion control
algorithm using reinforcement learning

However, most previous studies [8], [9] have focused on basic
reinforcement learning settings and have not thoroughly eval-
uated whether their reinforcement learning-based congestion
control algorithms can adequately adapt to network fluctua-
tions.

In this paper, we propose a novel congestion control al-
gorithm called RL-HKD using a deep neural network model
for reinforcement learning. Fig. 1 shows the concept of the
proposed RL-HKD congestion control using reinforcement
learning. The TCP packet sender decides the CWND size for
congestion control based on action selection using reinforce-
ment learning. The proposed method implements four types of
CWND size control in the action space of a deep reinforcement
learning model. Additionally, the optimal CWND size at a
given point in time is determined based on the rewards derived
from throughput and RTT, which indicate the state of the
network packet flow.

In the evaluation environment, the proposed congestion
control algorithm is implemented on the ns-3 [10] network
simulator, and it calls the deep reinforcement learning com-
ponents on the PyTorch [11] library through the application
programming interface (API) provided with ns3-ai [9]. The
evaluation results confirmed that the proposed method im-
proved bandwidth utilization by up to 1.39% compared to
NewReno and demonstrated better throughput convergence
and fair coexistence performance than CUBIC. Due to the
recent enormous volume of network traffic on the Internet, a
throughput improvement exceeding 1% can have a significant
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impact on network performance. As a result, the proposed
method provides effective and stable performance compared
to existing congestion control algorithms.

The contributions of this paper are summarized as follows:
• We proposed a novel congestion control algorithm using

reinforcement learning.
• The proposed method provides effective and stable perfor-

mance compared to existing congestion control algorithms.
• The proposed method demonstrated the potential for

addressing congestion control optimization issues.
The remainder of this paper is organized as follows. Sec-

tion II summarizes related research on machine-learning-based
adaptive congestion control algorithms, including reinforcement
learning. Section III explains the proposed method: RL-HKD
congestion control algorithm using reinforcement learning.
Section IV describes evaluation results based on the single-flow
scenario, throughput convergence scenario, and fair coexistence
scenario. Section V concludes the paper.

II. Related Work
As the former section introduced, to address the congestion

control optimization issue, recent studies have reported the ap-
plication of dynamic algorithms utilizing reinforcement learning
to congestion control [7].

Looking back on history, K. Winstein et al. [12] developed
the first machine-learning-based adaptive congestion control
algorithm called Remy. The Remy provided a program of
congestion control algorithms to run at the endpoints, gen-
erated through pre-training in the offline simulations. In their
evaluation environment, the algorithm programs generated by
Remy demonstrated effective performance compared to human-
designed congestion algorithms, including TCP Cubic, Com-
pound, and Vegas. However, Remy had a significant limitation
in that it could not adapt to unknown network conditions for
which it had not been trained in advance.

In recent years, research has applied dynamic algorithms
based on reinforcement learning to traffic congestion control.
W. Li et al. [8] proposed an integrated reinforcement-based
Q-learning framework with TCP design called QTCP. QTCP
enables senders to learn the optimal congestion control policy
in an online method. However, QTCP is not a congestion
control algorithm based purely on reinforcement learning, as
it combines a state reduction technique, known as Kanerva
Coding, for training. Therefore, their proposed method does not
demonstrate the performance of a congestion control algorithm
that is solely composed of reinforcement learning. Additionally,
while they introduced three types of CWND size control actions
(10-byte increasing, 1-byte decreasing, and letting the CWND
remain) for reinforcement learning, there remains significant
potential to improve throughput by refining these actions to
better adapt to dynamic network conditions.

For another example, H. Yin et al. [9] designed a module that
connects the ns-3 network simulator and multiple Python-based
AI frameworks, namely ns3-ai. This module is built on a shared
memory implementation for an interprocess communication
(IPC) mechanism. The evaluation shows that the IPC transfer
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Fig. 2: Deep reinforcement learning model components and flow
for TCP congestion control of RL-HKD.

speed is much faster than that of ns3-gym [13]. The ns3-ai pro-
vides a sample code for RL-TCP, which implements a congestion
control algorithm using reinforcement learning. The RL-TCP is
designed with a reinforcement learning model, action selection,
and reward design, but its performance relative to existing
congestion control algorithms has not been demonstrated.

As mentioned above, most previous studies have focused
on basic reinforcement learning settings and have not thor-
oughly evaluated whether their reinforcement learning-based
congestion control algorithms can adequately adapt to network
fluctuations.

This study explains the design procedure for the proposed
congestion control algorithm using reinforcement learning
and shows that it provides effective and stable performance
compared to existing congestion control algorithms.

III. Proposed method: RL-HKD

As described in the previous section, although most previous
studies have applied reinforcement learning to congestion
control, their design and evaluation still leave room for further
improvement. So, in this section, we propose a comprehensive
reinforcement learning-based congestion control algorithm.

The proposed congestion control algorithm, named RL-HKD,
is constructed using the environment-agent framework of a Deep
Q-Network (DQN) as shown in Fig. 2. The framework contains
RL DQN, TCP congestion control decision, and Network
condition.

A. Network condition (State)
The network conditions are complex and constantly changing,

and network conditions are deeply involved not only in user
utilization but also in public and commercial services. In
this context of explosive network changes, evaluating network
state using every conceivable metric is impractical. Therefore,
we focus on reducing the set of state variables for network
congestion control. Considering the state space used in RL-
TCP [14], we select the five features are used in a state vector:
Segments acked, Bytes in flight, Slow start threshold, CWND,
and Segment size. “Segments acked” refers to the number of
data segments that have been acknowledged upon receiving
ACK packets. “Bytes in flight” represents the total amount of
data that has been sent but has not yet been acknowledged by
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TABLE I: DQN model for reinforcement learning
Model parameter Value
Input layer Linear (5 nodes)
Hidden layer Linear (20 nodes)
Output layer Linear (4 nodes)
Loss function MSE
Optimizer Adam
Learning rate 0.0001

ACK packets. “Slow start threshold” represents the congestion
window size at which TCP switches from the slow start phase to
the congestion avoidance phase. “CWND” is defined in Eq. 1.
Segment size is fixed at 1448 Bytes, which is a standard value
used in most networks.

B. TCP congestion control decision (Action)
The selection of Action is the most critical component

determining the congestion control performance of RL-HKD.
RL-HKD introduces four actions to increase CWND: Each
action is defined by Eq. 1. The 𝛼 takes 1, 2, 3, and 4. When
considering the network state at a given point in time, if 𝛼
takes 1, RL-HKD performs identically to NewReno. On the
other hand, if 𝛼 takes 2, 3, or 4, RL-HKD can provide twice,
three times, or four times the capacity compared to NewReno.
While NewReno monotonically increased CWND during TCP
congestion avoidance, RL-HKD can flexibly select the CWND
increment based on network conditions. Regarding the slow
start and the reducing CWND size algorithm, RL-HKD uses
the same algorithm as NewReno.

new cwnd = CWND+𝛼×max
(
1, (Segment size)2/CWND

)
(1)

C. RL DQN（Reward and model）
The utility function defines the objective of RL-TCP. The goal

of RL-TCP is to obtain the TCP congestion control decision that
maximizes the utility function value for a TCP packet sender.
RL-HKD defines utility functions as Eq. 2. The throughput in the
equation is calculated as 𝐶𝑊𝑁𝐷/𝑅𝑇𝑇 , where RTT is generally
measured in milliseconds. The 𝛽 and 𝛾 take 1. If the change
in utility (𝑈 = 𝑈new − 𝑈old) exceeds a predefined threshold 𝜖 ,
a reward of +1 is given. Then, if it falls below the threshold, a
reward of −1 is given. Based on parameter-tuning results, 𝜖 is
set to −10. RL-HKD can evaluate actions according to changes
in network conditions because the rewards are designed based
on relative changes in utility.

Utility = 𝛽 × Throughput − 𝛾 × RTT (2)

As mentioned at the beginning of this section, RL-HKD
incorporates the DQN for reinforcement learning, and Table I
shows the model structure. The model has three layers: an input
layer, a hidden layer, and an output layer. The DQN model
accepts the network condition with five features and outputs
TCP congestion control decision from four actions. The model
is designed by referring to the RL-TCP in ns3-ai [9].
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Fig. 3: Simulation topology

IV. Performance Evaluation

The former section presented the design procedure of the
proposed network congestion control algorithm using reinforce-
ment learning constructed with the DQN. In this section, we
describe the RL-HKD performance evaluation of the proposed
method.

A. Evaluation environment setup
The proposed congestion control algorithm is implemented

on the ns-3 [10] network simulator, and it calls the deep
reinforcement learning components on the PyTorch [11] library
through the API provided with ns3-ai [9]. The evaluation
environment is built with ns-3 3.38, ns3-ai 1.2.0, Python 3.10.12,
Pytorch libtorch-cxx11 on Ubuntu 22.04.4 LTS on two machines
with NVidia GeForce RTX3080 and RTX3090.

The performance evaluation is based on the dumbbell topol-
ogy shown in Fig. 3. The n0 and n1 on the left side are clients
as TCP packet senders, and the n2 and n3 on the right side
are servers as TCP packet receivers. The intermediate R1 and
R2 routers form a bottleneck link. In the bottleneck link, the
bandwidth (BW) is set to 100 Mb/s and 500 Mb/s, and the RTT
is set to 1, 6, and 11 ms. Each client and server forms an access
link with the closest router. In the access link, the bandwidth is
1 Gbps and the RTT is 2 ms.

In most of the evaluation scenarios shown in the following
subsection, we have two TCP flows (n0 to n2, and n1 to n3),
except for the single-flow scenario, which uses only one TCP
flow (n0 to n2). In the remainder of this paper, we use simplified
terminologies of n0 flow and n1 flow to present n0 to n2 flow
and n1 to n3 flow, respectively.

B. Evaluation scenario
In order to evaluate the proposed congestion control algorithm

from various perspectives, Fig. 4 illustrates the evaluation
scenarios.

The first scenario is the single-flow scenario, which is
depicted in Fig. 4(a). This is an elementary evaluation of
congestion control algorithms, and shows the throughput and
bandwidth utilization metrics in the steady-state condition.
The following scenario is the throughput convergence scenario
in Fig. 4(b). In this scenario, there are n0 and n1 flows.
After terminating n1 flow, we evaluate the performance of n0
flow. This scenario is to evaluate the transient performance of
congestion control algorithms. The final scenario is the fair
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Fig. 4: Illustration of evaluation scenarios

TABLE II: Throughput [Mb/s] in single-flow scenario:
NewReno v.s. RL-HKD

BW [Mb/s] 100 100 100 500 500 500
RTT [ms] 5 10 15 5 10 15
NewReno 96.39 93.54 89.95 482.01 467.63 443.07
RL-HKD 96.39 94.10 90.58 482.01 467.92 450.02

coexistence scenario in Fig. 4(c). In this scenario, we mainly
consider the fairness metric under the existence of n0 and
n1 flows. Note that the proposed RL-HKD congestion control
algorithm uses the DQN, which involves random elements in
the reward and state. Therefore, the throughput of RL-HKD in
all performance evaluation scenarios represents the average of
five trials.

C. Evaluation results
1) Single-flow scenario: The single-flow scenario measures

the throughput and bandwidth utilization using NewReno and
RL-HKD. This scenario is depicted in Fig. 4(a), the simulation
time is set to 55 s, and n0 client begins transmission 5 s after the
start of the simulation. The evaluation time window is defined
as 20 to 50 s, which is shown in the orange belt in the figure.

Table II displays the results of the average throughput.
Comparing the average throughput of NewReno and RL-HKD,
RL-HKD achieved equal to or greater than that of NewReno in
all network environments.

Table III shows improvements of RL-HKD in the bandwidth
utilization compared with NewReno. In the network environ-
ment with the BW of 500 Mb/s and RTT of 15 ms, the utilization
rate of NewReno was 88.61% and that of RL-HKD was 90.00%.
As a result, the evaluation result confirmed that the proposed
method improved the bandwidth utilization by up to 1.39%
compared to NewReno. Given the substantial growth in Internet
traffic, a throughput improvement of over 1% can produce a
considerable impact on network capability.

2) Throughput convergence: The throughput convergence
scenario measures the throughput of RL-HKD and of CUBIC
in the transient case. This scenario is depicted in Fig. 4(b),
and the simulation time is set to 55 s. The n0 client begins

TABLE III: Utilization [%] in single-flow scenario: NewReno
v.s. RL-HKD

BW [Mb/s] 100 100 100 500 500 500
RTT [ms] 5 10 15 5 10 15
NewReno 96.39% 93.54% 89.95% 96.40% 93.52% 88.61%
RL-HKD 96.39% 94.10% 90.58% 96.40% 93.58% 90.00%

Improvement 0.00% 0.56% 0.63% 0.00% 0.06% 1.39%

transmission 5 s after the start of the simulation, and the n1
client starts 10 s later. The n1 client terminates its transmission
at 35 s. The evaluation time window is defined as 35 to 50 s,
which is shown in the orange belt in the figure. This scenario is
intended to evaluate the transient performance of the congestion
control algorithms used in n0 flow after suddenly finishing n1
flow.

Table IV shows the throughput performance in this scenario.
In the table, the first line shows the results under n0 flow with
CUBIC and n1 flow with CUBIC, whereas the second line
shows the results under n0 flow with RL-HKD and n1 flow
with CUBIC. Comparing the throughput of CUBIC and RL-
HKD, RL-HKD achieved a greater throughput than CUBIC in
all configurations. As a result, the evaluation demonstrated that
RL-HKD exhibits superior transient performance compared to
CUBIC.

To analyze this further, Fig. 5 illustrates the example plots
of CWND traces in CUBIC v.s. CUBIC and in RL-HKD
v.s. CUBIC with the bottleneck link bandwidth of 100 Mb/s and
RTT of 15 ms, where the relative improvement over CUBIC
was the largest and the average throughput was the highest. In
both plots, n1 CUBIC flow is terminated at 35 s; consequently,
CWND of n0 flow will be increased. In the figure, the CWND
increment trend of RL-HKD is greater than CUBIC, which
results in greater throughput performance as shown in Table. IV.

3) Fair coexistence: The fair coexistence scenario measures
the throughput and Jain’s fairness index in NewReno v.s. CU-
BIC, RL-HKD v.s. CUBIC, and RL-HKD v.s. NewReno cases.
This scenario is depicted in Fig. 4(c), and the simulation time is
set to 55 s. The n0 client begins transmission 5 s after the start
of the simulation, and to obtain stable throughput, the n1 client
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Fig. 5: CWND trace plots in throughput convergence scenario

TABLE IV: Throughput [Mb/s] in convergence scenario
BW [Mb/s] 100 100 100 500 500 500
RTT [ms] 5 10 15 5 10 15
CUBIC 90.81 88.38 75.56 473.37 401.67 368.47(v.s. CUBIC)
RL-HKD 91.45 88.80 85.62 474.45 447.60 387.78(v.s. CUBIC)

TABLE V: Throughput [Mb/s] in fair coexistence scenario
BW [Mb/s] 100 100 100 500 500 500
RTT [ms] 5 10 15 5 10 15
NewReno 48.19 46.43 44.73 240.99 232.48 223.61
CUBIC 48.21 49.93 50.81 241.02 249.45 258.26
NewReno 48.19 47.66 46.45 240.99 239.11 232.61
RL-HKD 48.21 48.64 49.16 241.02 240.07 240.40
CUBIC 48.20 49.45 50.46 241.01 249.12 253.08
RL-HKD 48.19 46.92 45.16 241.01 232.63 224.63

starts 10 s later. The evaluation time window is defined in 20 to
50 s, which is shown in the orange belt in the figure.

The Jain’s fairness index [15] is defined as(∑𝑛
𝑖=1 𝑥𝑖

)2

𝑛 ·∑𝑛
𝑖=1 𝑥

2
𝑖

,

where 𝑛 is the number of flows, and 𝑥𝑖 is the obtained throughput
of 𝑖-th flow. If the throughput is completely fair shared, then the
index becomes 1.0.

Table V shows the throughput in NewReno v.s. CUBIC,
NewReno v.s. RL-HKD, and CUBIC v.s. RL-HKD cases. When
comparing the average throughput of RL-HKD and NewReno,
RL-HKD achieves higher throughput than NewReno in all
configurations.

Table VI demonstrates RL-HKD fair coexistence on Jain’s
fairness index. The table presents index values rounded to the
fifth decimal place. An index value of exactly 1.0000 is marked
with an asterisk (*) to denote that all flows are distributed
with complete fairness. If a value of 1.0000 appears without

the asterisk, this indicates that the flows approximate complete
fairness but do not achieve it precisely.

NewReno v.s. CUBIC flows recorded a minimum value of
0.9949, while RL-HKD v.s CUBIC flows attained a minimum
value of 0.9965. These results indicate that RL-HKD achieves
higher fairness than NewReno in a coexistence environment
with CUBIC.

Moreover, although NewReno v.s. CUBIC flows obtained a
minimum value of 0.9949, RL-HKD v.s. NewReno achieved
a minimum value of 0.9992. These results suggest that RL-
HKD achieves higher fairness than CUBIC in a coexistence
environment with NewReno. In other words, the evaluation
results confirmed that the proposed method demonstrated better
fair coexistence performance than CUBIC.

4) Comparison with previous studies: In order to compare
the performance with previous studies that used reinforcement
learning for congestion control, the scenario measures the
performance of single-flow average throughput using the RL-
HKD and RL-TCP. The RL-TCP is publicly available sample
code that implements a congestion control algorithm using
reinforcement learning in ns3-ai [9]. The RL-TCP has a
reinforcement-based Q-learning and DQN framework for TCP
congestion control [14]. To compare under conditions as similar
as possible to the proposed method, this experiment uses the
DQN framework in RL-TCP.

The simulation timeline is precisely the same as the single-
flow scenario in Fig. 4(a).

Table VII displays the throughput results of RL-TCP and of
RL-HKD. Comparing the average throughput of RL-TCP and
RL-HKD, RL-HKD achieves equal to or greater than that of RL-
TCP in most network environments, except for the condition that
the bottleneck link bandwidth is 500 Mb/s and the RTT is 15
ms.

Table VIII shows the bandwidth utilization of RL-TCP and
of RL-HKD. In the condition with BW of 100 Mb/s and RTT of
15 ms, the utilization of RL-TCP was 89.70% and that of RL-
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TABLE VI: Jain’s fairness index in fair coexistence scenario

BW [Mb/s] 100 100 100 500 500 500
RTT [ms] 5 10 15 5 10 15

NewReno v.s. CUBIC 1.0000 0.9987 0.9960 1.0000 0.9988 0.9949
RL-HKD v.s. CUBIC 1.0000 0.9993 0.9969 1.0000 (*) 0.9988 0.9965

RL-HKD v.s. NewReno 1.0000 0.9999 0.9992 1.0000 1.0000 0.9997

HKD was 90.58%. As a result, the evaluation result confirmed
that the proposed method improved the bandwidth utilization
by up to 0.88% compared to RL-TCP. As a result, a throughput
improvement exceeding 0.8% has been observed compared to
prior research. This result indicates that the proposed method
contributes to the advancement of network congestion control
and has a significant impact on overall performance.

One should note that RL-HKD fell short of RL-TCP by 0.56%
under the conditions of the bottleneck link bandwidth of 500
Mb/s and the RTT of 15 ms. Since the finding may appear
unfavorable, we have to analyze its reasons and enhance the
proposed method, which is another future research topic.

TABLE VII: Throughput [Mb/s]: RL-TCP v.s. RL-HKD
BW [Mb/s] 100 100 100 500 500 500
RTT [ms] 5 10 15 5 10 15
RL-TCP 96.39 93.62 89.70 482.01 466.74 452.78
RL-HKD 96.39 94.10 90.58 482.01 467.92 450.02

TABLE VIII: Utilization [%]: RL-TCP v.s. RL-HKD
BW [Mb/s] 100 100 100 500 500 500
RTT [ms] 5 10 15 5 10 15
RL-TCP 96.39% 93.62% 89.70% 96.40% 93.35% 90.56%
RL-HKD 96.39% 94.10% 90.58% 96.40% 93.58% 90.00%
Improvement 0.00% 0.48% 0.88% 0.00% 0.23% -0.56%

D. Discussion

As demonstrated above, the proposed method provides ef-
fective and stable performance compared to existing congestion
control algorithms. The performance enhancement is due to
the contribution of reinforcement learning. Its strength lies in
its ability to select flexible and optimal actions in response to
changes in network conditions.

On the other hand, reinforcement learning requires high
computing resources, including GPUs. Currently, it is being
executed in a simulation environment, but in a real environment,
insufficient computing resources for reinforcement learning may
lead to communication delays. In the simulation environment,
ns-3 stops the simulation time during DQN execution. Although
this problem may be solved with the advancement of GPUs,
performance evaluation in a real environment remains a future
challenge.

This study primarily focused on designing the action space
and the reward function. Therefore, improving the neural
network model remains an important direction for future work.
In addition, since the evaluation was conducted in simple
network environments, we also plan to assess the performance
in environments with frequent changes, such as wireless com-
munication networks.

V. Conclusion
Existing congestion control algorithms, such as NewReno

and CUBIC, use predefined rules, making it difficult to respond
optimally to changes in network conditions. To address this
issue, we propose the RL-HKD congestion control algorithm,
which utilizes reinforcement learning. The proposed method
provided effective and stable performance compared to existing
congestion control algorithms, demonstrating its potential in
addressing congestion control optimization issues. Future work
includes applying the proposed congestion control algorithm in
a real environment.
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