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Abstract—In tactical networks, traffic should be delivered
in a timely manner satisfying the quality of service (QoS)
requirements for survivability and mission success. In this paper,
we propose a centralized TDMA slot scheduling based on deep
reinforcement learning (DRL) to guarantee the QoS requirements
by minimizing end-to-end delay. We consider situations in which
mission criticality of tactical traffic is dynamically changing.
We introduce a DRL actor-critic algorithm to find a TDMA
scheduling policy to minimize the weighted end-to-end delay
which is a new metric reflecting the mission criticality of tactical
traffic. The simulation results verify that the proposed scheduling
policy can guarantee QoS requirements in tactical networks.

Index Terms—Tactical networks, quality of service, deep rein-
forcement learning, TDMA slot scheduling

I. INTRODUCTION

QoS guarantee of tactical traffic such as low latency and
reliability is a critical in tactical networks due to high uncer-
tainty and resource constrained environment [1]-[4]. Tactical
nodes typically consist of unmanned ground vehicles (UGV)
and unmanned aerial vehicles (UAV) in tactical MANET.
The mission of UGV and UAV is to monitor and patrol
the battlefield. Each tactical node operates missions requested
from the center node and sends the results of the mission to the
center node. To receive the tactical traffic in a timely manner
at the center node, the QoS requirements of tactical traffic
should be guaranteed.

Contention based carrier-sense multiple-access with colli-
sion avoidance (CSMA/CA) is a widely used MAC protocol.
However, CSMA/CA is not suitable for tactical networks
that require highly reliable communication because there is
a possibility of collision. Instead, the non-contention-based
TDMA MAC protocol enables reliable transmission over tacti-
cal networks. Tactical traffic has priority depending on mission
criticality such as high-priority traffic and low-priority traffic.
Tactical traffic with low-priority has no specific QoS require-
ments. Hence, we focus on improving the performance of low-
priority traffic while guaranteeing the QoS requirements of
traffic with high-priority.

In this paper, we propose a centralized TDMA slot schedul-
ing using a deep reinforcement learning (DRL) algorithm
that minimizes the weighted end-to-end delay. The considered
network is a tree topology that is typical in tactical networks.
Recently, DRL has been applied recently in many networking
problems [5]-[10]. In DRL models, there are two kinds of
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Fig. 1. TDMA based multi-hop tactical MANET.

policies: value-based and actor-based [11]. We use actor-critic
algorithm to obtain the advantages of both value-based method
and actor-based method. The weighted end-to-end delay is
a new metric reflecting the mission criticality of tactical
traffic. Considering the mission criticality of tactical traffic
that changes dynamically, we focus on finding a low-latency
scheduling policy. We formulate the problem as an integer
program and solve it using the DRL actor-critic algorithm. Our
simulation results show that the proposed scheme guarantees
the required QoS of tactical traffic.

II. SYSTEM MODEL
A. Preliminaries

Fig. 1 describes the network topology of considered tactical
multi-hop ad-hoc networks. Let V = {v1,va,..., v} denote
the set of tactical nodes. Each tactical node is a UGV or
UAV for surveillance and reconnaissance. All tactical traffic
is transmitted to the center node and we assume two-hop
interference model.

Frame

Slot Request Period Control & Schedule ~ Data transmission period

Fig. 2. TDMA frame structure of tactical MANET.

The superframe of the tactical node consists of three parts:
slot request period, control and schedule period, data trans-
mission period as shown in Fig. 2. During the slot request
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Fig. 3. The structure of the DRL model.

period, each tactical node requests the number of time slots for
data transmission of the next period. Let B = {b1,bo, ..., b}
denote the number of time slots tactical nodes request. The
length of the data transmission period can vary in order to
assign all the requests, B, from tactical nodes. In the control
and schedule period, the central node transmits the command
message and scheduling information to the tactical nodes.
Tactical nodes send tactical traffic to the central node based
on the scheduling information in the data transmission period.

Tactical traffic has different priority and mission criticality.
Let W = {w1,ws, ..., w} denote the set of mission criticality
assigned to each tactical node. We define tactical traffic as
high-priority traffic, if the weight value, w, exceeds a certain
threshold. The weight value changes according to the mission
of tactical nodes. For performance evaluation, we introduce
the weighted end-to-end delay as a QoS metric.

B. Optimization Formulation

The objective of the proposed TDMA scheduling scheme is
to find an efficient scheduling policy to minimize the weighted
end-to-end delay. The proposed scheme operates based on a
centralized scheduling: the central node gathers information of
tactical nodes and determines the scheduling policy for low-
latency transmission.

The overall optimization problem of minimizing the
weighted end-to-end delay of all tactical nodes can be for-
mulated as follows.

T
minimize Z Z wrt X; t, @))

jENeighe t=1

where Neighe is the neighbor nodes of center node, I}
represents the source node of the packet that has the highest
mission priority at node v; in time slot ¢, w It is the weight
of T ;, and X ]t denotes the scheduling state of v; in a time
slot t and X € {0,1}. The optimization problem (1) has two
constraints: 1) The maximum interference range of the tactical
nodes is two-hop. 2) Tactical traffic with high-priority should
be transmitted within a specific deadline. Here, we focus on
the low-latency scheduling to minimize the weighted end-to-
end delay of tactical traffic.

C. Scheduling with Deep Reinforcement Learning

In tactical MANET, tactical nodes operate various missions
and the mission criticality of tactical nodes changes dynam-
ically. To solve the problem (1), we use a scheduling policy
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Fig. 4. The accumulated reward of the learning process.

based on DRL actor-critic algorithm. The architecture of the
proposed model is illustrated in Fig. 3. Next, we describe state
space, action space, and rewards of tactical network in the
proposed DRL actor-critic model.

State Space. A state of tactical network represents a set
of status of tactical nodes. A state of tactical nodes in a
time slot ¢ includes the number of packets, hop count from
the center node, and minimum value of deadline among
packets. Let s; denote the state of the network at time ¢,
St = {spacket,Oa Shop,05 Sdl,05 + - + s Spacket,ky Shop,k>» Sdlﬁk} Note
that s,qcket,i denotes the number of packets tactical node v;
has and sy, ; denotes hop count from the center node to v;.
sq1,; denotes the shortest time to deadline among packets in
tactical node v;.

Action Space. In tactical network, the center node has k
tactical nodes to schedule. Therefore, action space size is set
to 2*. In order to reduce the large action space, we exclude
actions which fail to meet the constraints from the assumption
of the maximum interference range of the tactical node is two-
hop. At each time ¢, action of the scheduler can be represented
as follows, a; = {X{, X4,..., Xi}.

Rewards. The objective of the proposed scheduling scheme
is minimize weighted end-to-end delay of all tactical
nodes. In each time slot ¢, we define reward, r, =
— Z]ENezghc Zt L wr X}t In case of tactical traffic with
high-priority fails to transmlt within the deadline, we give
additional negative rewards to the center node.

III. EVALUATION

In this section, we provide simulation results to show the
performance of the proposed scheduling policy. For perfor-
mance evaluation, we set the topology as a multi-hop structure
with one center node and ten mobile tactical nodes. Each node
has a weight value between 0 and 1, and the node that has a
weight value larger than 0.9 is defined as high priority traffic.
Ten tactical nodes consist of 8 low-priority traffic and 2 high-
priority traffic. In order to learn the environment in which
mission criticality changes dynamically, we change the weight
of tactical nodes dynamically during learning time.
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Fig. 5. Average weighted end-to-end delay with three different scenarios.

Fig. 4 shows the learning process of the proposed DRL
actor-critic scheduling policy. The x-axis indicates the episode
number and the y-axis represents the accumulated reward. The
red line represents the average accumulated reward of ten
episodes. As the learning process progresses, the proposed
scheduling policy tries to minimize the reward, and around
episode 400 the reward becomes stable.

Fig. 5 shows average weighted end-to-end delay of tactical
traffic for the proposed algorithm and depth-based TDMA
according to three scenarios, respectively. We define three
different scenarios that a position of tactical nodes which
generate high-priority traffic changes in the same network
topology. The result of each scenario is an average value for
1000 simulation times. For performance comparison, depth-
based TDMA is used. The proposed algorithm uses the DRL
actor-critic model which is trained from Fig. 4. The simulation
results show that the proposed algorithm can reduce the
weighted end-to-end delay of low-priority traffic while the
QoS requirement of high-priority traffic is guaranteed.

IV. CONCLUSION AND FUTURE WORK

The QoS of tactical traffic such as low-latency and reliability
should be guaranteed for survivability and mission success.
Since the environment of tactical networks is uncertain and
dynamic, we have considered the situation in which the
mission criticality changes dynamically. We have introduced
a deep reinforcement learning model to schedule TDMA time
slots for tactical nodes. The simulation results have shown
that the proposed algorithm achieves low-latency transmission
under dynamic change in mission criticality. As future work,
we will extend our centralized DRL actor-critic algorithm to
distributed DRL scheduling.
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