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ABSTRACT

ENGLISH, JACOB T., M.S., December 2020, Computer Science

A Defender-Aware Attacking Guidance Policy for the TAD Differential Game (65 pp.)

Director of Thesis: Jay P. Wilhelm

Deep reinforcement learning was used to train an agent within the framework of a
Markov Decision Process (MDP) to pursue a target, while avoiding a defender, for the
Target-Attacker-Defender (TAD) differential game of pursuit and evasion. The aim of this
work was to explore the games where the previous attacking guidance methods found in
literature failed to capture the Target. The reward function of the MDP presented by this
work allowed for an attacking agent to learn a policy that expanded the number of cases
where the target is captured beyond the former limit of success through the application of
the Twin Delayed Deep Deterministic Policy Gradient algorithm (TD3). The strategy
developed using artificial intelligence expands the target capture guidance approach to
consider the long-term goal, rather than an instantaneous optimal heading. Initial Target
positions within a limited set were considered with fixed values for agent velocities and
Attacker and Defender initial positions to evaluate the Attacker’s learned behavior in
comparison with the optimal point capture guidance laws for target capture in the TAD

game.
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1 INTRODUCTION

1.1 Motivation and Problem Statement

Multi-agent pursuit-evasion combat engagement scenarios present difficult problems
for the development of guidance methods in aerospace research [3, 4]. The
Target-Attacker-Defender (TAD) differential game is a problem of this type that has been
widely studied, involving a target agent, an attacking agent, and a defending agent [3—15].
The goal of the Attacker is to capture the Target, while the goal of the Target and Defender
is to ensure the Target’s survival of the game. Solutions to the TAD problem have been
developed for the game where the headings of the agents are unrestricted such that the
attacking agent can not make an effort to avoid the Defender to achieve its goal
[7, 8, 10, 16, 17]. Using optimal guidance laws for both the defending team and the
Attacker, a decision boundary that predicts the outcome of the engagement has been
defined given the initial conditions for each agent [7, 8, 16]. Optimal defense strategies
defined by numerical solutions for point capture in the TAD differential game have been
proven effective against both the optimal attacking methods and attacking guidance using
Pure Pursuit or Proportional Navigation [8, 10, 16, 17]. Introducing reinforcement
learning to a version of the TAD game where the Attacker is given the additional objective
of avoiding the Defender would resulted in a more successful target capture approach
which is not limited by the boundary defined by the optimal guidance laws for the
unconstrained problem.

Reinforcement learning has proven to be a powerful tool for exploring complex
problems through a data-driven approach, where an agent determines the optimal set of
actions to take in its environment through trial and error [1]. Recent developments in
machine learning, primarily artificial neural networks, have allowed for rapid

improvements in artificial intelligence with applications in reinforcement learning, image



11

classification, object detection, natural language processing, and other complex tasks
[18-22]. Work incorporating artificial neural networks and reinforcement learning
algorithms, as seen in the Twin Delayed Deep Deterministic policy gradient algorithm
(TD3) [2], has enabled deep reinforcement learning techniques to be applied to control of
agents for complex, high-dimensional problems. Formulating the TAD engagement as a
reinforcement learning problem with a defender-aware attacking agent trained using the
TD3 algorithm may be used to provide a policy that exposes new challenges for the
defensive strategies.

Guidance laws for variations of TAD have been developed for games involving a
Defender that is faster than the Attacker [23], a constrained-maneuverable Defender [24],
and a non-zero capture radius [25], but the case where the Attacker actively avoids the
Defender in pursuit of the Target has not yet been studied using artificial intelligence.
Deep reinforcement learning methods can be applied to explore this new version of the
game through training an attacking agent against the optimal point capture guidance laws
for the Target and Defender. The contribution of this work is the framing of the TAD
game within a Markov Decision Process (MDP) where the Attacker has the added
objective of avoiding the Defender in its pursuit of the Target. The reward function
presented incorporates these objectives, resulting in an attacking guidance policy that is
achieves wins within and outside of the optimal point capture guidance laws’ region of
capture when a reinforcement learning algorithm is applied. This thesis aims to show that
an attacking guidance method, with the ability to avoid the Defender in the TAD game, is

not limited by the previously defined outcome prediction barrier.
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1.2 Methods Overview

The TAD game was explored through the development of the defender-aware
guidance policy in three phases. The first phase involved formulating TAD as a
reinforcement learning problem with a reward function that enabled an attacking agent to
learn to win the game on a single case where previous guidance methods would fail. Phase
IT investigated the agent’s performance in training on the full set of cases studied, where
different hyperparameter values and neural network structures were tested. In the final
phase, the agent was trained further using the configuration determined in the previous
phase and its performance was compared to the attacking point capture guidance law. The

following sections summarize the four phases.

1.3 Phase I Objective: Formulate the Target-Attacker-Defender engagement as a

reinforcement learning problem and develop reward function.

The state transition dynamics were established using the optimal point capture
guidance law for the defending team and simple motion dynamics in a Markov Decision
Process (MDP). Reward functions were examined for a single TAD game to enable the
agent in learning to capture the Target in the presence of the optimal point capture

defensive strategy.
1.4 Phase II Objective: Tune TD3 hyperparameters and neural network structure.

The attacking agent was trained on the set of the TAD engagements defined by a grid

of Target initial locations to tune hyperparemeters and neural netwoks of TD3.
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1.5 Phase III Objective: Train the attacking agent further to yield the final policy

and compare with attacking point capture guidance law.

The agent was trained against the defensive strategy with the best performing
configurations to develop the defender-aware policy. The learned behavior of the agent

was compared with the attacking point capture guidance law.
1.6 Summary of Objectives

The deliverable of this thesis was a defender-aware attacking guidance policy,
developed using deep reinforcement learning, that outperforms the optimal TAD attacking
strategy defined by point capture guidance law. This objective was achieved through the

completion of the tasks presented in the phases of this research:
1.6.1 Phase I Tasks

1. Construct a simulation environment with state transition dynamics defined by the
differential equations for simple motion and numerical solution for optimal defense

in the TAD game

2. Define a reward function and evaluate its success in motivating the attacking agent
to intercept the Target in a single engagement where the previous methods would

fail

1.6.2 Phase II Tasks

1. Train the agent on a set of games with different initial Target positions

2. Tune the learning algorithm’s discount parameter (y) and exploration noise

parameter

3. Experiment with different neural network structures
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1.6.3 Phase III Tasks

1. Train the agent to provide the final defender-aware guidance policy

2. Compare the defender-aware guidance policy performance with the attacking point

capture strategy
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2 LITERATURE REVIEW

2.1 Literature Review Introduction

The TAD game is defined through literature. Game states are divided into two
categories depending on a decision surface, where the Target either escapes or is captured.
The point capture strategies used to determine optimal headings for the two cases are
discussed. Reinforcement learning is introduced with relevant work for the TAD problem.
The TD3 algorithm, which improved upon algorithms previously used in solving guidance
problems, is described. Continuous control tasks, such as the TAD problem, often require
shaped reward signals in guiding a learning agent to achieve its goal. Distance based
rewards can be shaped using the Gaussian function to create a gradient that leads the agent

to success.
2.2 Target-Attacker-Defender (TAD) Differential Game

Differential games, as defined by Isaacs [26], are restricted by a set of differential
equations. In TAD, the Attacker and Defender are agents of the same class and therefore
have equal velocities (V4 = Vp). The Target velocity (Vr) is slower than that of the
Attacker (V,), otherwise the Defender would not be necessary. By normalizing the
velocities using the Attacker velocity, the motion of each agent is defined by the following

set of differential equations:

jCT = & COS ¢, XT(O) = X7,

yr=asing, yr(0)= Y1,

Xa=cosy,  xa(0) = xu,
(2.1)
Ya =siny, y4(0) = yq4,

XD = COS W, xD(O) = Xp,

yp =siny,  yp(0) =yp,
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where ¢, y, and ¢ are the headings for the Target, Attacker, and Defender respectively.
The variable « is the ratio between the Target velocity and Attacker velocity: @ = % <1,
which is the scaled velocity of the Target. The model for simple motion in two dimensions
defined by Equation 2.1 is standard in studies of the TAD game [3, 8, 12, 15, 25, 27].
While the TAD game is an abstraction of a class of combat engagements likely to occur in
a three-dimensional space, analyzing the problem in two dimensions is sufficient as
altitude changes in aerial engagements would be relatively small [28]. The optimal point
capture guidance laws discussed in this work specifically explored the problem in
two-dimensional space.

The TAD engagement was introduced by Boyell [5], where the three-body kinematic
relationship between a moving target, an attacking weapon, and a counter-weapon was
studied. The closed-form numerical solution for determining the Defender’s heading was
presented for the case where the counter-weapon was deployed by the Target. Influence of
the velocities of the agents on the difficulty of the target defense were discussed. Through
analysis of the counter-weapon aimpoint and location of interception, the conditions
required for preventing the capture of the Target were defined [6].

Pure pursuit and proportional navigation guidance laws have traditionally been
applied as the guidance law for an attacker pursuing a moving target [3, 12, 13, 29, 30].
Pure pursuit guidance involves continuously directing the pursuer’s heading to the
instantaneous position of its target [29], while methods based on proportional navigation
account for the future position of the target through the interceptor-target line of sight
[30, 31]. The cooperative strategies developed for a defended target in the research that
followed Boyell’s work increased the Target’s chance of survival when being pursued by
an attacker. The traditional target capture guidance laws only consider the states of the
attacking agent and the target agent in the determination of the attacking agent’s heading.

Pure pursuit and proportional navigation are effective methods for target interception, but
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the cooperative defensive strategies were designed to counter the attacking behaviors of an
adversary that result from using those target capture approaches [8, 15, 16]. This resulted
in a need for target pursuit methods that would account for the presence of a defender.
Target capture strategies for games involving a defender lead to the definition of regions of
success and failure for the Attacker, dependent on the initial conditions of the game and
the guidance approaches implemented [8, 13, 16]. The optimal guidance laws for the TAD
game with unconstrained headings were presented by Pachter et al. in [15] for both the
cooperative defense and the attacking agent, which set the limit for success of the Attacker
assuming all agents implement their optimal strategy.

The TAD game has only two outcomes that depend on if an objective can be achieved
by one of the players. The objective of the Attacker is to pursue the Target and minimize
their separation. The Target and Defender form a team with the objective of preventing the
Target’s capture through maximizing the distance between the Target and Attacker, while
minimizing the distance between the Defender and Attacker at the time of interception.
The optimal approaches to precise point capture divide TAD configurations into two
regions based on the surface barrier B: the region of escape (R.) and the region of capture
(R.). The surface B and resulting R, and R, are shown in Figure 2.1 for the configuration:
Ay =(7,0), Dy = (=7,0), @ = 0.55. Within this frame of the game, if the Target were
positioned to the right of the surface B in the same region as the Attacker, the Defender
would not be able to intercept an attacker playing with the optimal strategy. If the Target
were positioned to the left of the surface in the same region as the Defender, it would
survive the game when playing optimally.

B is defined as the following set [8]:

)2 2
B = {(xp, x7,y7) | x4 > 0,x7 > 0, xf,+—T——T:0} (2.2)
l1-a% a2
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1001 —— Escape/Capture Boundary
® Attacker
757 ¢ Defender

5.0

2.5
> o] e e
25
5.0

—7.54

-10.0

-10 -5 0 5 10

Figure 2.1: Plot of surface B for Attacker position (7,0), Defender position (=7,0),
a =0.55

The surface B and the optimal strategies use a reduced state space for the game, where the
agent coordinates are transformed such that y, = 0, yp = 0, and xp = —x,4. Under optimal
play, an interception point is calculated that serves as the aimpoint for the agents, defining
a direct path. Deviation from the optimal path by any of the agents will result in
suboptimal behaviors and may possibly change the predicted outcome of the engagement.
The barrier is dependent on the positions of the Attacker and Defender, and the Target’s
velocity ratio .

Games in which the Target initializes in the region of escape are played using the
solution to the Active Target Defense Differential Game [15], where the Defender
succeeds in intercepting the Attacker and the Target survives. The region of escape
includes the set of initial game configurations that belong to:

1%
- — > 0} U {(x4, x7,y7) | X4 2 0, x7 < 0}

a2 a?
(2.3)

R, = {(xa, X7, y7) | X4 2 0, x7 2 0, x3 + ;
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The following quadratic equation (2.4), has two real solutions, y; and y,, where

Vi <yr <y
(1 —ay* = 2(1 = a®)yry’ + [(1 — &P)yr + X5 — &2y = 2xX5yry + X5y5 =0 (2.4)

Solving for the angles in 2.5 yields the optimal headings for each agent:

. X . -
cos¢” ==+ a , sing” =+ yr Y for xp #0
X7+ (r — y)? X7+ (yr = y)?
X
cosy” = ——A, siny” = —— (2.5)
A+ )P A+
X )
cosy’ = —A, siny* = _r
,/xf‘+y2 N

If x7 <0,y =y,;. When x; > 0, y = y,. The optimal heading for the Target, ¢*, is solved

for using Equation 2.6 if x; = 0.

V5 + (1 —ady}
¢ = + /2 (2.6)

ayr

Optimal play in R, for T = (2.30,4.87), Ag = (7.0,0.0), Dy = (=7.0,0.0), @ = 0.55 is

shown in Figure 2.2.
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Figure 2.2: Optimal Play in R,

The TAD capture Game of Degree [8] is played when the Target initial position is in
the region of capture, where the Attacker is able to capture the Target. The TAD
engagements that initialize within the region of capture belong to the set:

2 ¥ X7
R. = {(xa, x7,y7) | X4 > 0,x7 > 0, x3 + T 22 < 0} (2.7)
In the TAD capture Game of Degree, the heading of each agent is determined by
calculating an aimpoint that is the location where the Target is reach by the Attacker. The
aimpoint for a game in R, is calculated as a point on an Apollonius circle defined by a

center point (x., y.) and a radius /. The values for the center and radius are computed using

Equations 2.8 and 2.9, respectively.

1 a?
Xe = 1 _lasz 1= QZXA, (2.8)
yC = l _ 2)’T
(04
I=( YN xa = x0)2 + (s = y7)?) (2.9)

1-a?



The optimal Attacker-Target interception point on the circle can be calculated as
I' =(lcosO" + x., Isin6" +y,)
The parameter 6" in Equation 2.10 is defined by
6" = arccos Re(v")
where v* is the solution to Equation 2.12 that minimizes Equation 2.13.

[xcyc + %(X? - x124 - y?)]v4 + l(yc + iXC)V3

i(xf —xi —yi) =0

+ l(yc - iXC)V + XeYe — 2

M) = V(I cosv + xc + x4)> + (Isinv + y,)?

— VI cosv + x, — x,)? + (Isinv + y,)>

21

(2.10)

(2.11)

(2.12)

(2.13)

Using this strategy, the Defender is as close as possible to the Attacker when the Target is

captured, allowing the Defender to have the highest potential of intercepting the Attacker

when a suboptimal attacking guidance method is being used. Optimal play in R, for

Ty = (10.0,5.55), Ay = (4.5,0.0), Dy = (-4.5,0.0), @ = 0.35 is shown in Figure 2.3.
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Figure 2.3: Optimal Play in R,

2.3 Reinforcement Learning

The closed form solutions to the Active Target Defense Differential Game and TAD
capture Game of Degree focus on selecting an optimal instantaneous heading, but a
method that guides the Attacker by evaluating a game state’s potential for future success
would be able to take advantage of the Defender’s limitations and capture the Target in
both regions defined by the optimal unconstrained methods. Reinforcement learning, an
area of study within artificial intelligence in which an agent learns to perform a task
through repeated interaction with its environment [1], is suitable for developing such a
guidance method. As the agent takes actions within the environment, the environment
dictates how the state changes and provides a reward signal for the agent to give a
measurement of how well it is performing. The reinforcement learning agent develops a
policy as it explores the environment, which is a function that maps states to actions, in
order to maximize the total reward that it can receive. In the beginning of learning a policy,

the agent will take randomized actions to build up its knowledge of the environment.
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MDPs are used to represent problems in the reinforcement learning framework [32]. In an
MDP, § is the set of possible states the environment can be in and the set A is the action
space available to the agent. The state transition dynamics are defined by a function that
determines the next state s” that is reached with the reward signal r, given the environment
is in state s and the agent takes action a. The optimal policy for an MDP can be derived
through dynamic programming techniques to satisfy the Bellman optimality equations [1].

The agent-environment interaction in an MDP is shown in Figure 2.4.

- I
| Agent
.| Ad |

state reward

action
Sr R, Ar
bR
i :
PR Environment ]*l—

Figure 2.4: Agent-Environment Interaction in a Markov Decision Process [1]

Research has been conducted in evaluating the application of deep reinforcement
learning to the development of guidance methods for target pursuit and the TAD
differential game. Q-learning was applied to a multi-agent pursuit-evasion game with
discrete state and action spaces [33]. A defending agent’s guidance policy was learned in
[27] for the TAD game in the presence of an attacker using Proportional Navigation.
Proximal Policy Optimization (PPO) was used to learn a guidance policy for missile target
interception with line of site angle measurements [34]. Policies for guidance of all three
agents were learned for the TAD differential game using the Deep Deterministic Policy
Gradient algorithm (DDPG) [35]. The cooperative defending policy and attacking policy

were trained in alternating batches to match the optimal behaviors of agents following the
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guidance laws defined in [3] and [10], respectively. These previous applications of
reinforcement learning to games of pursuit and evasion did not involve training an attacker
to avoid a defender in capturing its target, and the research where the optimal point
capture solutions to the TAD differential game were considered only sought to match their
performance.

Q-learning is an off-policy temporal difference control algorithm that uses dynamic
programming to directly approximate how good an action is to take in a given state [36].
The Q action-value function is used to act as the policy, where the optimal action is

selected based on the maximum Q value for an input state:

n(s) = argmax Q(s, a) (2.14)

a

The Q function is updated using Equation 2.15 after the agent takes actions and receives
feedback from the environment. In the update equation, 7 is the update rate that
determines how large individual updates are to the action-value estimates. The discount
factor 7 is used to regulate how much estimates of future states should be factored into the

current state’s evaluation.

Q'(s,a) = O(s,a) + qlr + ymax Q(s', @) = O(s, @) (2.15)

The success of deep learning was leveraged to develop high performance
reinforcement learning models by Mnih et al. [18], where deep convolutional artificial
neural networks were combined with Q-learning to form deep Q-networks (DQNss).
DQNs use neural networks to approximate the Q action-value function, which are well
suited for complex tasks with high dimensional state and action spaces. Algorithms for
continuous control in reinforcement learning combine DQNs with actor-critic methods
and deterministic policy gradients to allow actors to learn policies for problems with
real-valued state and action parameters. Actor-critic methods decouple the learning of

state-values and the policy, allowing for continuous action spaces, in addition to exhibiting
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desirable convergence properties [37, 38]. In deterministic policy gradient algorithms, the

policy is parameterized by a vector of weights p:
my(s) =p's (2.16)
that is updated using the following gradient step:

1
Vo J0) = 5 D VaQ(s. Dlary o T 7,(5) (2.17)

where p is adjusted using stochastic gradient ascent [2, 39, 40]. Parameterizing for
updates using stochastic gradient ascent allows the optimal policy function to be
approximated as more data about the problem is accumulated through training, to
maximize the reward the agent can receive. The Deep Deterministic Policy Gradient
algorithm (DDPG) [40] applied the function approximation advantages of neural networks
in both its policy parameterization and the action-value function resulting in a robust
algorithm that is well suited for problems with continuous action spaces.

The Twin Delayed Deep Deterministic policy gradient algorithm (TD3) [2] is an
actor-critic policy gradient algorithm for learning continuous control problems that made
improvements to DDPG. TD3, shown in Algorithm 1, employs three methods for
improved learning over DDPG: clipped double Q-learning, delayed policy updates, and
target policy smoothing. Clipped double Q-learning reduces overestimation bias that is
introduced to the Q action-value function [41], an issue that occurs when noisy value
estimates accumulate errors through the inclusion of poor estimates over a number of
updates [42]. Delaying policy updates to the actor network with the parameter d reduces
variance in the learning process by giving more accurate value estimates for TD3 to use in
changing the agent’s policy. The target policy is smoothed with the addition of random
noise, sampled from a distribution N, to prevent overfitting the value estimate. Reducing
overestimation bias, delaying policy updates, and policy smoothing all improve the

learning process in determining a stable policy function for the given MDP. Exploration of
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a given MDP is achieved in TD3 by adding noise (€) to the policy’s selected action.
Batches of game sequences (s, a, r, s’) from sampling the environment are stored in a
replay buffer 8B, that is observed for updating the critic and target neural networks. The
authors of TD3 evaluated its performance on a number of tasks from the MuJoCo physics
suite in OpenAl Gym (Figure 2.5), where it outperformed DDPG, PPO, and other state of

the art continuous control algorithms [2].

Algorithm 1 TD3

Initialize critic networks Qy,, Qy,, and actor network 7, with random parameters 6, 6,, 4
Initialize target networks 6] < 6,0, < 6,,p" < p
Initialize replay buffer 8
fort=1to T do
Select action with exploration noise a ~ m,(s) + €, € ~ N(0, o)
Observe reward r and new state s’
Store transition tuple (s, a,r, s") in 8
Sample mini-batch of N transitions (s, a,r, s") from B
a <« ny(s") + €, €~ clip(N(,7),—c,c)
y e r+yminz 2 Qg (s’, @)
Update critics 6; < argming N~ Y.(y — Qq (s, @)
if # mod d then
Update p by the deterministic policy gradient:
va(p) = N_l Z anél (S7 a)la:np(s) vp ﬂ'p(s)
Update target networks:
0 — 70, + (1 - 7)0;
p—1o+(1-1)
end if
end for
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Figure 2.5: Learning Curves for the OpenAl Gym Continuous Control Tasks [2]

In reinforcement learning, the reward function directly impacts the policy that is
learned by the agent. Because the agent looks to maximize its total reward from
interacting with the environment, it is important to define a reward function that
encourages behavior that leads to accomplishing the desired end goal. For complex tasks,
binary terminal rewards are often insufficient for providing feedback to the learning agent.
Reward shaping addresses this delayed reinforcement problem through providing
additional rewards for the agent when it takes actions that approximate the proper behavior
[43, 44]. The authors of [45] suggest using a shaping reward inspired by the Gaussian
function to act as a progress estimator for goal-directed tasks such as the TAD game:

d(s,sg )2

rGaussian(S) = ,86— 202 (218)

The Gaussian function creates an adjustable reward gradient surrounding the goal state s,,
with the scalar 8 used to tune the intensity of the reward and o that determines the size of
its area of influence. The reward gradient encourages the agent to move to states closer to

the goal, as states farther from the goal provide rewards normalized to zero.The Gaussian
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reward area is shown in Figure 2.6 for 8 = 1.0 and o = 6.0 with the goal state located at

the origin.
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Figure 2.6: Gaussian Reward Area

2.4 Literature Review Summary

Conventional methods for attacking guidance in the TAD game focus on determining
instantaneous optimal headings and restrict success to the region of capture determined by
the surface barrier B. Reinforcement learning allows agents to learn behaviors that lead to
achieving a long-term goal through exploration of a problem space in an MDP. Using TD3
and reward shaping methods, policies can be learned for continuous tasks like the TAD

differential game.
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3 METHODOLOGY

3.1 Introduction to Methodology

Reinforcement learning was used to learn a policy that guides an attacking agent to
capture a target in R. and R, (where guidance methods from literature have been shown to
fail), for the differential game with a turn-rate constrained Target, Attacker, and Defender.
The MDP representing the TAD game was constructed using the differential equations for
simple motion and point capture guidance laws of the Active Target Defense Differential
Game and TAD capture Game of Degree. Reward functions for the game were presented
and compared in Phase I. After a reward function was determined that resulted in the
desired Attacker behavior, the discount factor and exploration noise were tuned with the
neural network structure for TD3 in training batches on the set of Target initializations in
Phase II. The learned policy was evaluated in Phase III, where it was compared with the

attacking guidance method from literature.
3.2 Phase I: Target-Attacker-Defender Markov Decision Process

The objective of Phase I was to frame the TAD game as an MDP to allow for a
reinforcement learning algorithm to be applied in the development of a guidance policy
for the Attacker. The state and action spaces were defined to represent the TAD
environment. The cooperative defensive strategies and differential equations of motion
dictated the transition of one state to the next. Gaussian functions were used in a shaped

reward function to learn a successful policy for the Attacker.
3.2.1 State and Action Spaces

The state space for the TAD MDP consists of nine parameters: the coordinates and

heading of the Target (x7, yr, ¢), Attacker (x4, y4, ¥), and Defender (xp, yp, {), where the
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full state of the environment is represented by the vector s:

s = (xTa)’T’(ﬁ’xA,)’A’X’xD,yD’W) (31)

which belongs to the state space S:
S={s|seR’0< ¢,y ¢ <2n} (3.2)

The action space of the learning agent is a single real-valued parameter that defines the
change of heading in radians:

a=Ay 3.3)
3.2.2 State Transition Model

Each agent in the TAD MDP transition to their next state with the discrete time
interval At and equations of simple motion (2.1) such that their next positions are
calculated as:

Xy = X7 + aAtcos ¢, yp =yr + aAtsing
Xy = xq+Atcosy, Y, =ya+Atsiny (3.4)
Xp = Xp + Atcosy,  yp, =yp+ Arsiny
The maximum heading change of the agents is restricted by a minimum turn radius,
dpinTurm» as 1n [24]. Using the minimum turn radius, the maximum change in headings for

the Attacker and Defender are bounded by

1.0
A)(Max = AwMax = d 3.5
MinTurn
The maximum change in heading for the Target is bounded by the Attacker-Target
velocity ratio and the minimum turn radius as follows
a
A¢Max = d (36)
MinTurn

The headings of the Target and Defender, ¢ and ¢ respectively, are determined by the

optimal point capture solutions from [8] with Equations 2.4 - 2.6 being used when the
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Target is in R, and Equations 2.8 - 2.13 when the Target is in R.. The Attacker’s heading,
X, 1s adjusted by the action selected by the agent following the policy. In the TAD MDP, a
state is considered terminal where either the distance between the Attacker and Target or
the Attacker and Defender is less than the capture radius, dcgpnr.. More formally, the

terminal states belong to the following set, I'™:

= {S | (\/(XA - -)CT)2 + (yA - yT)2 < dCapture) or (\/(XA - )CD)2 + (yA - yD)2 < dCapture)}
3.7
The terminal set I' is the union of the sets of states in which the Attacker wins (I'y;,) and

loses (I'z,s5):

Cyin = {5 | V(x4 — x7)2 + (34 — y7)? < dcapture}

I_‘Loss = {S | \/(-xA - xD)2 + (yA - yD)2 < dCapture} - 1—‘Win (38)

T = Twin | Tros

3.2.3 Reward Function

Using a terminal win signal and the reward shaping ideas from [45], the reward

function for the TAD MDP is

10 if s €'y,
r(s) = 3.9)

Fshaping(s)  otherwise
In order to encourage the attacking agent to learn to pursue the Target and avoid the
Defender, Gaussian functions were used to reward decreasing the distance between the
Attacker and Target, and to penalize the Attacker for being too close to the Defender.
Differences between the Attacker’s heading and the angle between the Attacker and Target
positions (6) were penalized to smooth the Attacker’s path trajectory. The Attacker was
prevented from learning to accumulate rewards far from the Target by subtracting a fixed

value (¢) from the shaping reward function. Combining the reward and penalties gives the
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full shaping reward:

(N Op—272+0 D2 (V@a—xp)+04-yp)?

Fshaping($) = Bare *7ar — (Bape 4 + k6 + 1) (3.10)
which simplifies to
_ G+ _GamxpPoa-p)?
o2 o2
rshaping(s) = ﬁATe 2Tt - (ﬁADe 274D + KO0+ 1) 3.11)

The variables Bar, 0ar, Bap, 0ap, and k are scalar hyperparameters used to ensure that
maximizing the return from the reward function leads to a winning guidance strategy. The
shaping reward surface created by Equation 3.11 for an example configuration is shown in
Figure 3.1. The surface shows the reward signal the Attacker would receive in a given
state on the x-y plane when the Target is located at (2.30, 4.87) the Attacker is located at
(=7.0,0.0). The Attacker’s heading offset from the Target (9) is assumed to be zero for
this example with the following hyperparameter values: Sar = 1.0, oar = 10, Bap = 0.9,
oap = 2.0, ¢ = 0.3. The shaping reward defined in Equations 3.9 and 3.11 was developed
for the game T,; = (—10.0, 10.0) through comparisons to the policies determined by

using a terminal win/loss reward and a shaped Attacker-Target distance reward.
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Figure 3.1: Example Shaping Reward Surface

The terminal win/loss reward provides positive feedback for ending the game in a
winning state, negative feedback for ending the game in a losing state, and no signal
otherwise:

1 if s € 'y,

r(s) =9-1 if sl (3.12)

0  otherwise

Without positive feedback from a successful game, the Attacker only received the penalty
for its losses which resulted in a policy that caused the Attacker to prolong the game in
avoiding the Defender. The learned retreating behavior is shown in Figure 3.2, where the

game reached the terminal number of time steps.
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The shaped gaussian reward function using only the Attacker-Target separation:
_ Gp=xpHou-p)?
r(s) =Bare (3.13)
provided better results, but still did not lead to a winning policy. Using the learned policy,
the attacking agent was able to avoid the Defender inititally, but could not reach the

Target. The game where this policy was used is shown in Figure 3.3.
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3.2.4 Implementation Details

TD3 was used to train an attacking agent in the TAD MDP environment for the
configurations shown in Table 3.1, which were chosen to be consistent with engagement
examples found in literature. Given an infinite amount of sampling of the environment in
training, reinforcement learning techniques will converge to an optimal policy that
satisfies the Bellman optimality equations. In practice, guaranteeing such sampling of the
state space is a complex issue [46]. The Attacker was trained on 100 representative games
within the problem space defined, where the initial position of the target was varied using
a 10 x 10 grid of equally spaced points such that xr € [-10, 10], yr¢ € [-10, 10] (Figure
3.4). The initial position of the Attacker was (7.0, 0.0) and the initial position of the
Defender was (=7.0, 0.0) for each of the engagements. Training was performed with fixed

relations of the Attacker to Defender with the Target initial condition changing to isolate
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the problem and allow for fixed relation scaling. Setting the Attacker and Defender at a
fixed unit distance with the target being variable allows for any scenario to be applied.
The velocity ratio, capture radius, minimum turn radius, and time interval remained
unchanged at 0.55, 0.2, 2.0, and 0.1 respectively in this study. These constant parameters
were chosen arbitrarily to define a limited problem space for this research; changing any
of the values would lead to a different positioning of the escape/capture surface B, and
different agent behavior from the learned policy. The starting headings of each agent in
the games played were determined by the solutions to the Active Target Defense
Differential Game or the TAD capture Game of Degree as appropriate, ensuring that the

optimal defensive strategy was initially attainable by the Target and Defender.

Table 3.1: Training Engagement Configurations

Variable Description Value

To Target Initial Position x7,yr € [-10, 10]
Ao Attacker Initial Position (7.0,0.0)

Dy Defender Initial Position (=7.0,0.0)

a Target/Attacker Velocity Ratio 0.55
dcapture Capture Radius 0.2
dyinTum Minimum Turn Radius 2.0

At Time Interval 0.1
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Figure 3.4: Training Dataset of 7|, Cases

At each time step, the control output of the defensive team and the Attacker were
calculated and the next state of the game was directed by Equation 3.4 until a terminal
state was reached. The input to the TD3 algorithm during training is the full state vector
with the resulting reward from the action selected by the policy. When testing the learned
policy, the state vector is the only input needed to determine the Attacker’s heading
change control output.

The simulation environment for the TAD MDP was implemented in Python, and the
optimal point capture solutions were computed with the NumPy roots solver. PyTorch was
used to create the actor and critic neural networks of the TD3 algorithm. Each hidden

layer within the neural networks used the ReLLU activation function:

0 forx<O0
fo0 = (3.14)

x otherwise
which limits the output of the neurons to a positive range when a positive input signal is

received [47]. The activation function for the output layer of the actor network was the
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hyperbolic tangent function:

X —X

e
e +e*

—e

g(x) = (3.15)

The hyperbolic tangent function has an output range of [—1, 1], which allowed for the
output value to be used as the agent’s action by multiplying it with the Attacker’s

maximum turn rate value.
3.3 Phase II: TD3 Tuning and Experimentation

The objective of Phase II was to determine hyperparameter values and and artificial
neural network structure for TD3 that would lead to a successful policy on the games
studied. The TD3 algorithm has a number of hyperparameters that can be tuned that
change assist the agent in the learning process. In this phase, two hyperparameters were
examined: the discount factor (y) and the exploration noise (€). The discount factor is a
measurement of how much the estimated return of future states should be included in the
update for the current state-action pair in the value function. In training with TD3, an
agent selects random actions to develop the Q action-value function that is used as the
policy. The random actions are chosen by adding noise sampled from a normal
distribution. It is important that sufficient exploration occurs in training for an optimal
policy to be derived. The hyperparameters of both the reward function and the learning
algorithm were manually tuned to achieve the desired pursuit and avoidance behaviors of
the Attacker by observing the learned policy for cases at the limit of the problem space
and overall coverage of the training set.

The Q action-value function from which the policy is derived is developed and
represented by artificial neural networks in the TD3 algorithm. The input and output
layers of each neural network is determined by the size of the input and action spaces. The
layers of nodes within the networks, also known as the hidden layers, abstract the input for

nonlinear function approximation. The hidden layer configuration initially used was from
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the original implementation of the algorithm and deeper/wider networks were

experimented with in this phase.
3.4 Phase III: Extended Training and Evaluation of Learned Policy

The objective of Phase III was to further train the attacking agent using the
configuration determined by Phase II and provide an evaluation of the learned policy. The
hyperparameter values and network structure for TD3 determined in the previous phase
were used to train the Attacker on the same training dataset of Target initial positions. The
agent was trained for an extended period of time to result in the maximum win coverage
of the problem space. The learned policy’s generalization was evaluated on a 100 x 100
grid of Target initializations within the problem space (Figure 3.5). Resulting Attacker

behaviors were observed and compared with the attacking point capture guidance laws.
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Figure 3.5: Testing Dataset of Ty Cases
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3.5 Summary of Methodology

The TAD model and reward function were developed to allow for a reinforcement
learning agent to derive a policy for target capture using the TD3 algorithm and relevant
equations were presented. The discount factor and exploration noise hyperparameters of
the learning algorithm were selected for experimentation to aid in the learning process.
The hidden layer configurations for the artificial neural networks within TD3 were also
chosen for experimentation. After determining the final attacking guidance policy, it was
compared with the point capture guidance strategies to evaluate the Attacker’s

performance on a set of games larger than the selected training cases.
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4 RESULTS

4.1 Introduction to Results

The MDP was developed and implemented with a distance and heading based
shaping reward function in Phase 1. The reward function was validated through training the
attacking agent on a single case within R, at the bounds of the studied cases. In Phase II, a
successful configuration for TD3 was determined to train the Attacker on the full problem
space. The Attacker was further trained to produce the final policy using the configuration
from the previous phase in Phase III. The learned policy was compared with the point

capture attacking guidance laws and an evaluation of the policy’s success was presented.
4.2 Phasel

In Phase I, the TAD MDP was developed. The state transition model and reward
function are demonstrated to enable the attacking agent to reach the target for a game
initialized within R,. Training was completed on a CUDA-enabled computer with a
GeForce GTX 1050 Ti GPU, an Intel Core i7 CPU, and 32 GB of RAM, which took a
total of 40 minutes for a single engagement with 7,;, = (—10.0, 10.0). The reward returns

and win record in training is shown in Figure 4.1.
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Figure 4.1: Training Scores and Win Record for 7,;, = (-10.0, 10.0)

The Attacker developed a strategy for the TAD game in which it was able to take
advantage of the turn rate constraints of the Defender. As the Defender pursues the
Attacker, the Attacker baits it into committing to a trajectory. The Attacker then changes
course to cause the Defender’s optimal interception heading to change in a way that is
unachievable due to the restrictions in the version of the game studied. The engagement
with T}, = (—=10.0, 10.0) involved two instances of the Defender being baited for the
Attacker to capture the Target because of the initial distance to the Target and the indirect
Attacker path. Each time the Defender is avoided by the Attacker, the game transitions
from R, into R, causing the optimal defensive strategy to change. This learned behavior of

the Attacker from the single case training is shown in Figure 4.2.



—— Escape/Capture Boundary
154 H Target

@ Attacker

4@ Defender

T
10

Figure 4.2: Learned Behavior for 77,;, = (—=10.0, 10.0)

4.3 Phase Il

The second phase of this thesis involved experiments with hyperparameters and
artificial neural network structures for the reinforcement learning algorithm, TD3, in
training the Attacking agent on a set of 100 training cases in the problem space. The
training scores of each configuration were compared after training for 3 * 10° episodes
with the results smoothed by a trailing 300 game average.

The discount factor, y, was tested with values between 0.9000 and 0.9900. The

setting y = 0.9900 was found to result in the highest score in training (Figure 4.3).
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Figure 4.3: Discount Factor Experiments, y € [0.9000, 0.9900]

Because the best performing discount factor was at the limit of the values tested,
another bach of values were compared for y € [0.9900, 0.9999]. The discount factor
determined from the preceding comparison was consistent in outperforming the other

values. The second batch of discount factor training is shown in Figure 4.4.
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Figure 4.4: Discount Factor Experiments, y € [0.9900, 0.9999]
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Values between 0.10 and 0.30 were tested for the exploration noise parameter. It was

found that an exploration noise of 0.20 produced the highest scoring policy over the
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training period. The training scores resulting from the exploration noise values tested are

displayed in Figure 4.5.
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Figure 4.5: Exploration Noise Experiments, € € [0.10, 0.30]

The original network architectures used in the TD3 implementation had two
256-node hidden layers. The first round of experiments for the network structure tested
the depth of the hidden layers, where depths of 2, 3, 4, and 5 layers were examined. The
results of training with these configurations is shown in Figure 4.6, where the networks

with 4-deep, 256-node hidden layers gained the most return in training.
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Figure 4.6: Neural Network Structure Experiments, Hidden Layer Depth

Following the hidden layer depth experiment, hidden layers with more nodes were
tested. While the slopes of the return in training began to decline for the configurations
256 X 256 X 256 x 256 and 256 x 1024 x 1024 x 256, the hidden layer structure

256 X 512 x 512 x 256 continued to collect higher rewards, as shown in Figure 4.7.
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Figure 4.7: Neural Network Structure Experiments, Hidden Layer Width

The experiments in this phase resulted in the configurations for TD3 that were to be

used in training the Attacker to learn the final policy.
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4.4 Phase III

Training in Phase III was completed in a total of five hours. After training for 1.5e+4
episodes on the 100 initializations for the Target’s position, the Attacker learned to beat
the defending team in 97% of the cases trained on. The learning agent increased its win
rate up to episode 2.5e+3 where the rate became consistent. The trailing 100-game
average appears to converge around le+4 episodes. The Attacker’s score in each game is
shown in Figure 4.8 with the running total of wins throughout the training process.
Training the Attacker for a larger number of episodes reduced its overall coverage of the
Target initial positions. The resulting win/loss coverage for the Attacker on the training

cases is shown in Figure 4.9.
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The Attacker had similar success when tested on a larger set of games with 1e+3
different Target initial positions to evaluate the guidance policy’s generalized
performance. The higher resolution of test cases is sufficient for evaluating the learned
policy as the initial Target positions are uniformly spaced by the capture radius, dcaprure-

The Attacker intercepted the Target in 88.54% of the tested configurations in Figure 4.10.
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The Attacker’s learned guidance policy was sufficient for leading to the interception
of the Target in engagements within the region of capture, consistent with the performance
of the point capture attacking guidance law. The resulting path of the Attacker under the
defender-aware guidance policy (a) is presented with the separation of the agents over

time (b) for one of these cases in Figure 4.11.
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In the games starting in the region of escape, defined by the optimal point capture
solution, where the trained Attacker succeeded in capturing the Target, the learned policy
leveraged the turn-rate limitations of the Defender by forcing it to commit to a heading in
pursuit and then causing a change to the optimal defensive strategy output that the
Defender is incapable of achieving. This behavior allows the Attacker to avoid the
Defender and go on to capture the Target, whereas the point capture attacking guidance
law caused the Attacker to be intercepted before reaching the Target. The learned strategy
for cases in R, can be observed in Figures 4.12, 4.13, and 4.14, where the games played by
the defender-aware policy are shown. The behavior of the Attacker in the cases shown is

representative of the engagements studied.
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Figure 4.14: Region of Escape T = (5.89,-7.94)

It is apparent that the Target initializations near the boundary were difficult for the
Attacker to learn to win as those are the cases where all three agents will converge to a
state in which they are in close proximity. The Attacker’s difficulty in capturing the Target
due to small errors when the agents converge is shown in Figure 4.15, where the policy

failed on a boundary game due to a suboptimal pursuit path.
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Figure 4.15: Boundary Case T, = (4.36,3.84)

The simulation environment checked for a violation of the capture radius between
(dcaprure) the Attacker and the Target before the Defender for the terminal game state.
Engagements where the convergence can be observed that resulted in a loss for the
Attacker were due to the terminal states within I';, ;. The learned policy also had a lower
rate of success for games with initial Target states that caused the Attacker and Defender
to approach each other in a near head-on trajectory. In the cases where the near head-on
trajectories occurred, the point capture defence was able to match the turns made by the
Attacker leading to the Target’s survival. The mirroring behavior of the Defender for an

example near head-on Attacker loss is shown in Figure 4.16.
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Figure 4.16: Near Head-On Case T, = (—10.00, 1.79)

The optimal point capture attacking guidance law is compared to the defender-aware
guidance policy that resulted through training an agent with TD3 in Table 4.1. The learned
policy was able to win a large portion of the R, cases that the point capture solution was
designed for in both the training grid (96.15%) and high-resolution grid (93.62%), but did
not achieve complete coverage as discussed above. For the R, cases, the learned policy
showed significant improvement over the point capture guidance, as any win in this region
is beyond the previous method’s capabilities. The defender-aware attacking guidance
policy had a win coverage of 97.29% on the training cases and 86.95% on the
high-resolution grid. The number of wins in R, within the Target initialization bounds
gives the learned policy 97% and 88.54% coverage overall of the training and
high-resolution cases. Due to the size of R, versus R, in the problem space, the point
capture guidance law had wins in only 26% (26/100) of the training games and

23.70% (2370/10000) of the larger set evaluated.
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Table 4.1: Attacking Guidance Win Coverage

Training Cases Testing Cases

R. R, Total R. R, Total

Point Capture Guidance Law ~ 100% 0% 26%  100% 0% 23.70%
Defender-Aware Policy 96.15% 97.29% 97% 93.62% 86.95% 88.54%

The minimum distance between the Attacker and Defender in each of the test games
provides a different view of performance beyond just a successful target capture. Two
areas stand out that reflect the existing optimal guidance boundaries. The known target
capture region is first, showing a large distance separation compared to the known
Defender inception area. Because games with T positions that are close together cause
comparable agent behaviors, the minimum Attacker-Defender separation shown in Figure
4.17 is partitioned into ten value ranges to group similar engagements. The data collected
shows that the escape/capture surface B is still present in the turn rate constrained version
of the TAD game, where it can be viewed as the limit after which avoiding the Defender is
required in the Attacker’s pursuit of the Target. An anomaly, located at (6.0, 0.0), exists in
the known target capture area due to training attempting to maximize the accumulated
reward signal though the learned policy. The Target was ultimately captured in those
cases, but the Attacker learned to prolong the games allowing the Defender to decrease its
distance to the Attacker. The second region of interest consisted of cases where the
minimum distance between the Attacker and Defender was below 0.6. Separating from
the known Target capture region, this gives a clearer picture of how successful the learned
policy was in avoiding the Defender by selecting all cases beyond the surface B in R,
(Figure 4.18). Games that ended in a win for the Attacker close to games that resulted in a

loss generally were engagements where the Attacker’s avoidance behavior caused it to
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come in close proximity to the Defender, while areas of the 7y space that had a high
density of Attacker wins contained cases where the Attacker-Defender separation was
consistently higher. These two regions were separated graphically such that the Defender
to Attacker minimum distance can be visualized on separate scales providing a more

in-depth view beyond a threshold distance that determined a win or loss.
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Figure 4.17: Minimum Attacker-Defender Separation in Test Cases
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4.5 Summary of Results

The reward function was validated within the developed TAD MDP on a single game
belonging to R, to show that the Attacker could learn a strategy that would allow it to win
in a case where the other target pursuit approaches would fail. Hyperparameters were
tested and an artificial neural network structure was determined for best performance
within the set of Target initial positions. The final policy was produced through further
training with the configuration selected. Attacker behaviors from point capture guidance
laws were compared with the learned strategy and the Attacker’s success in avoiding the

Defender was examined.
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5 CoONCLUSIONS

The MDP developed provides a framework in which an attacking agent can learn to
capture a defended target in the TAD differential game with turn rate constraints. Cases in
which the traditional attacking guidance methods fail to result in the Target’s capture were
explored with the learned attacking behavior, where the attacking agent sought to
maximize its accumulated reward. The set of engagements tested showed that an attacking
guidance method with the capability of avoiding the defender is not limited by the
previously defined decision barrier. Artificial intelligence was used to expand the
approach to attacking guidance, where actions were selected that did not align with the
optimal instantaneous heading in order to reach the Target. The defender-aware guidance
policy was shown to have a sizable leap in win coverage when compared with the point
capture attacking guidance law, increasing the percentage of wins from 26% to 88%
within the problem space studied.

Further research into the constrained TAD game could include a range of velocity
ratio values and initial positions for the Attacker and Defender in efforts to provide a more
generalized attacking guidance policy. Given the guaranteed performance of the optimal
solution for target capture in R,, a fusion of point capture guidance law with the
reinforcement learning based guidance policy, that is conditional to the state of the game,
would result in a highly effective attacker in TAD scenarios. It is also possible that deep
reinforcement learning could provide a method for developing a more robust defensive
guidance strategy if the defending team were trained against the defender-aware policy in
addition to more conventional attacking guidance laws, in a training approach similar to

the method used in [35].
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APPENDIX

Final Hyperparameter Values and Network Structure for Training

Table A.1: Final Training Configurations

Reward Function

Bar 20.6 % 1072
T AT 20.0
Bap 15.0 x 1072
TAD 0.2

K 3.7%1072
L 13.6 %1072
TD3

Discount Factor, y 0.99
Target Update Rate, 7 5%1073
Exploration Noise 0.2
Batch Size 256
Policy Update Frequency 2

Actor Network Structure
Actor Learning Rate
Critic Network Structure

Critic Learning Rate

9 X256 x512x512x256x%1
31074

10 X256 X 512 x 512 x 256 x 1
3%1074
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