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ABSTRACT
A large variety of applications are deadline aware such as 360
degree VR (Virtual Reality), video conference and online gaming.
In this paper, we propose a congestion control algorithm using
deep reinforcement learning named DRL-CC to make the data
arrive before the deadline. The initial experiments validate that
our method dramatically increases the number of packets arrived
before the deadline compared with existing algorithms.
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1 INTRODUCTION
Recently a large amount of applications such as 360 degree video,
video conference and online gaming are emerging. These applica-
tions have deadline requirements for data delivery, that is, multi-
media data must arrive at the receiving end before a given deadline.
If data is transmitted to the receiver out the scope of the deadline,
it will be useless. Previous study on congestion control do not con-
sider the constraint of deadline, thus they perform not well in this
scenario.

Traditional congestion control algorithms such as Reno [2] and
BBR [1] and machine learning based congestion control algorithms
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PCC-RL [3] only consider the best effort congestion control based
on current network environment. For example, the reward function
of PCC-RL is related with packet loss, throughput and round-time-
trip (RTT), with the goal of expecting the neural network to learn
congestion control policy with low latency, high bandwidth and low
packet loss. It is foreseeable that PCC-RL may perform well when
dealing with ordinary congestion control scenario. However, when
there is a delivery deadline for each package, the goal of congestion
control is not only to do well in the terms of traditional congestion
control targets, but also to ensure that each package arrives before
the deadline to improve the performance of such applications.

This paper proposes a congestion control algorithm using deep
reinforcement learning to solve the problem of data transmission
with deadlines in this scenario. We obtain the information about
deadline for packets from application layer. Then DRL-CC makes
use of it to learn a policy of congestion control to increase the
number of packets arrived before the deadline.

2 SYSTEM DESIGN

Figure 1: The framework of DRL-CC

As shown in Figure 1, DRL-CC consists of three components,
including application, network, and Deep Q-Network (DQN) algo-
rithm, where we utilize deep neural network to approximate the
Q-function Q(state,action) and calculate the optimal value for each
possible action for given state. First, we retrieve the information
about deadline of packets from the application layer and the infor-
mation about congestion obtained from the network environment
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into the Packet Features module. Then the Packet Features module
will output the state and reward of the DQN, and store the data in a
storage queue. DQN will decide the amount of change in the send-
ing rate with given states. Finally, the Last State, Action, Reward,
and State data are stored in the memory dataset named Experience
Replay in the DQN network for subsequent learning and updating
of the neural network.

Next, we define the state and action space of DRL-CC. Com-
pared with PCC-RL, the state of DRL-CC is not only composed
of congestion information such as packet loss, throughput and
round-time-trip (RTT), but also includes packet deadline informa-
tion where the packet id, deadline, and creation time of each packet
will be obtained. We consider the following features of a connection:
(i) instant loss rate: packet number of loss in RTT/ packet number
of sent in RTT, (ii) loss rate: packet number of loss/packet number
of sent, (iii) instant acknowledgement rate: packet number of ack in
RTT/RTT, (iv) acknowledgement rate: packet number of ack/total
connection time, and (v) remain time of the packet, which is cal-
culated by deadline, creation time, current time from application
layer. The action space consists of five actions on adjusting sending
rate, which is thus defined as:

action = {1 + α , 1 − α , 1 + β , 1 − β , 1}

We set α , β to 0.1, 0.2 in our experiment. The action of DRL-CC
is a number to get a new sending rate:

sendinд rate = last sendinд rate ∗ action

The reward function of PCC-RL mainly considers the network
congestion information such as throughput, packet loss and RTT.
Therefore, the reward guides the neural network to achieve a good
performance congestion control without guaranteeing as many
packets as possible to arrive before the deadline. The reward func-
tion design of our algorithm not only considers the current network
congestion, but also considers the demand for packets arriving be-
fore the deadline. Therefore, the entire reward function consists of
two parts: the reward about network congestion which is calculated
by the condition of network congestion and the reward about the
deadline which is calculated by the condition of packet arrived
before the deadline.

total reward =rewardconдest ion control +

rewardpacket arr ived bef ore the deadline

We expect our algorithm can achieve a good balance between
congestion control and deadline of packets.

3 PRELIMINARY RESULTS
Our experiment is based on the simulation system introduced in
DTP [4]. The information of deadline is transmitted from appli-
cation layer to the transport layer in DTP. Then, our proposed
congestion control algorithm makes use of the deadline informa-
tion of the packet.

First, we design a network topology, as shown in Figure 2. There
are three senders in the simulation network. Two of them are used
as sender with a congestion control algorithm for comparison, while
the other is used to simulate background traffic. The three senders
share a link. Corresponding with three senders, receivers receive
data from senders. The propagation delay is set to 0.02s and the

Figure 2: Network topology

capacity is set to 15 Mbps for the bottleneck link. We use burst
background traffic generated from a real-world network data to
simulate the real-world network environment. Random packet loss
may occur on the link. The random packet loss rate is 0, 1%, and
0.1%, where 1%, and 0.1% is set to simulate a wireless network.
Random packet loss is uniformly distributed. Our experimental
results are shown in Figure 3.

Figure 3: Performance Comparison

Figure 3 illustrates simulation results of four congestion algo-
rithms including Reno, BBR, PCC-RL and our algorithm DRL-CC.
Figure 3 shows the ratio of the packets that arrived before the
deadline to the packets that have been sent. Reno, a congestion con-
trol algorithm based on packet loss, performs worse in congestion
control when the packet loss rate becomes bigger. Compared with
other algorithms, our algorithm based on reinforcement learning
performs well at each packet loss rate, and the ratio that packets
arriving before the deadline to the number of packets sent has in-
creased by about 10% 15% compared to BBR and PCC-RL. We can
see that our proposed deadline aware congestion control algorithm
achieves a significant improvement of performance, compared with
the baseline methods.

4 SUMMARY AND FUTUREWORK
We propose DRL-CC to solve the problem of data transmission with
deadlines. The preliminary results validate that our method has
a potential to achieve a significant improvement of performance
in terms of deadline. Our future work mainly focuses on packet
scheduling in the application layer and work with our current work
jointly to solve the problem of data scheduling and transmission
deadline.
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