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1. Introduction

Recently, data-driven methods for guidance, navigation, and control of autonomous
systems have gained popularity. This is due to recent advances in machine learning,
specifically deep learning and artificial neural networks. Reinforcement learning
(RL) is a type of deep learning that aims to use interactions with the environment to
learn an appropriate mapping from environment states to agent actions that maxi-
mizes the desired output. This procedure is inspired from natural processes, as most
biological systems learn to operate in their environment through numerous actions
with subsequent feedback. In RL, feedback from the environment is referred to as
a reward signal. The system attempts to adjust inputs to maximize this desired re-
ward signal. The inputs to the system are defined as agent actions, while the states
and rewards are observed from the environment. These collected values are used to
drive the learning process. In this work, we present an RL approach to developing
a closed loop control scheme for a long-range precision weapon. The data-driven
approach we use in this report is based on the Proximal Policy Optimization (PPO)
RL algorithm.1

The rapidly evolving machine learning industry has led to new advances in RL
that allow novel, data-driven approaches to control development. Even with highly
dense inputs such as image frames,2 actions can be inferred to maximize perfor-
mance. Often times this approach makes closed loop control more straightforward,
as in vision-based systems, where an image-based algorithm would not have to
be developed separately and independently from the control. This unconventional
approach goes against the traditional controller design, which is a model-based ap-
proach that relies on approximations of the system model. Approximations made
due to parameter uncertainties and/or system nonlinearities often hinder the model-
based approach, leading to underperforming or conservative controllers. For ex-
ample, autonomous aerobatic flight is a challenging control problem because it
requires precise control while operating on the edges of the flight envelope.3 Al-
though traditional, model-based methods can underperform when faced with ex-
traneous situations, they do provide valuable performance guarantees against the
known operational domain,4 making them generally safe and predictable. Alterna-
tively, model-free approaches require less model development and tuning to derive
the closed loop control. Purely data-driven, model-free approaches can learn the in-
tricacies of the system and can even scale in the number of agents used. However,
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they require magnitudes more data5 and performance guarantees in their control
design can be more difficult to achieve.

RL approaches benefit from simplifications in the environment such as reward shap-
ing or discretization of the action space and states to enable faster learning. In clas-
sical RL tasks, actions and rewards can be collected concurrently to continuously
adjust the policy and maximize reward. Real-world problems are rarely posed in a
way that allows this. For example, when training an autonomous agent to find the
end of a maze, at every timestep there is no indication that the agent is applying
the correct actions to the system until it has reached the time horizon or the goal.
These types of problems are ill-fated to be defined with a sparse reward signal. To
aid learning with a sparse reward, the designer could shape the reward to provide
feedback continuously. This shaped reward has the disadvantage of inadvertently
dictating the solution to the closed loop control, lessening the chances of finding an
emergent solution obtained by allowing the agent to explore undirected. However,
there is still merit to this approach when there is extensive domain knowledge that
can be utilized.6 Curiosity driven methods take the opposite approach by encourag-
ing exploration into areas that are not well known. This has been demonstrated to
work in numerous environments where curiosity is the only reward signal.7 Another
approach is to structure the system to learn progressively harder tasks to obtain the
desired goal. This is referred to as curriculum learning, where the curriculum is a
collection of progressively harder tasks that the system must learn incrementally.8

The idea here is that the rewards will come more often in the beginning when the
task is easy, providing the RL algorithm valuable feedback to be used to tune its
controller.

2. Problem

RL has been implemented in numerous spaces including medical, social, and engi-
neering applications. In this report, we apply RL to control a smart munition. Previ-
ous work on RL for missile guidance utilized reward-shaping methods to overcome
the sparse reward problem. As already mentioned, this approach may cause the sys-
tem to not explore paths that are not intuitive to the designer. Autonomous muni-
tion guidance, navigation, and control is a difficult task due to the highly uncertain
and nonlinear dynamics of the projectile. Proportional navigation can be difficult
to implement due to challenges in estimating line of sight rate 9 and time-to-go.
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Proportional navigation is based on a linearized engagement geometry which may
not be appropriate for the entire trajectory. Frequently this leads to ad-hoc decision
points for switching from a "midcourse" guidance law and a "terminal" guidance
law. Some of the difficulties in estimation stem from system nonlinearities, which
force the control designer to make approximations and linearize the system. Some
systems for projectile control use numerical differentiation of the flight equations,10

which results in control decisions being made based on possibly erroneous states
generated by noisy measurements. A data-driven approach may be advantageous
for these systems.11 However, the machine learning process is extremely difficult
due to the sparse reward signal.

2.1 Contributions

In this report we present a method of applying RL to the difficult problem of closed
loop control of a smart projectile. We designed an OpenAI gym environment that
is embedded with a Functional Mockup Unit (FMU) model to closely simulate the
real projectile. As such, this problem is more difficult than classical RL tasks due
to the scale of the exploration task needed to find useful control policies. Here the
states consist of position, velocity, and distance to target. The input action is the ac-
celeration commands in the horizontal and vertical direction of the body frame. Due
to the sparse reward in our problem a curriculum learning method is implemented,
where stages of the curriculum align with larger to smaller "target" sizes. We show
through experiments that with this system we can learn to fly a smart munition and
hit a target with precision.

2.2 Organization

We introduce our environment simulation in Section 3, provide an overview of the
PPO algorithm in Section 4, present our curriculum learning method in Section 5,
give an overview of training in Section 6, then present our results in Section 7.
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3. Architecture

The RL paradigm typically consists of a single or multiple agents interacting with
an environment. At each discrete time step t each agent receives an observation
of its state st from the environment. Agents will then select and inform the envi-
ronment of an action at they wish to take. The environment finally calculates the
outcome of agents’ actions and grants each agent a reward Rt, completing the time
step.

In our system we utilize the OpenAI Gym framework to orchestrate environment-
agent interaction. A MATLAB model of the projectile generates the environment’s
state information (Cartesian position, body velocity, and line of sight information),
which is provided to agents who then take y and z acceleration actions at each
time step. OpenAI Gym handles learning and decouples it from the specifics of our
environment model. This allows easy variance of hyper parameters and changing of
learning algorithms. See Fig. 1 for a block diagram of our setup.

Fig. 1 OpenAI Gym provides the learning environment, fed by our FMU projectile model
and curriulum reward signal, to multiple agents who learn using our selected algorithm,
PPO, and hyperparameters

3.1 Model Integration

To bind the gym environment to the MATLAB model we are utilizing the func-
tional mockup interface 2.0 (FMI2) standard. The FMI Toolbox in MATLAB was
used to compile the model into an FMU. FMUs are cross-platform libraries that
contain everything needed to solve their enclosed model. FMUs are also language
agnostic, allowing the same model to be used in our Python learning as well as
other research. This ensures our model is easily kept up to date as the overarching
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program advances.

An inter-op layer utilizing FMPy, an open source project developed by Dassault
Systèmes, is used to load the FMU and connect it to our gym environment. This
allows leveraging both MATLAB’s extensive modeling tools and the gym’s RL
framework. Utilizing FMPy and this inter-op layer streamlines updates to the model
by decoupling the model’s inner working from the environment. Updated FMUs can
be incorporated into the learning system with zero code updates.

3.2 Model Monte Carlo Evaluation

The model is similar to that in Burchett et al.,12 and is used in Fairfax et al.13 The
states in this model are the positions, velocities, and distance to target. The actions
are horizontal and vertical acceleration commands in the body frame, which range
±5.0g. See Fig. 2 for sample trajectories given the extents of the control authority.

Fig. 2 Sample trajectories of the projectile. Maximum acceleration is applied for each direc-
tion to demonstrate the extents of the flight envelope.

5



4. Proximal Policy Optimization (PPO)

In this section, we introduce the PPO algorithm.1 Policy optimization is an on-
policy learning method set up such that the learning algorithm evaluates and im-
proves the same policy by selecting actions and analyzing rewards. In other words,
as the agent interacts with the environment simulator, we want to optimize the cur-
rently executed policy such that it receives a maximal reward at the end of a tra-
jectory. In comparison to other policy optimization schemes, PPO strikes a balance
between ease of implementation (in comparison to other policy gradient methods
such as TRPO14), sample complexity, and ease of tuning. At each step, the algorithm
computes a gradient and updates a policy such that it minimizes the cost function
(or maximizes a reward) while ensuring the deviation from the previous policy is
kept relatively small.

4.1 Policy Optimization

The primary idea of policy optimization is that we directly optimize for the thing
we want, resulting in a more stable and reliable end product. In the case of policy
optimization, we represent the policy explicitly as πθ(a|s) where θ represents the
parameters of deep neural network—they are optimized directly by gradient ascent
on the performance objective J(πθ) where this objective can be represented as a
reward function.

Following the idea of optimization, we aim to maximize the expected return J(πθ) =

Eτ∼πθ
[R(τ)] where R(τ) is the return or reward of the trajectory τ over some finite-

horizon. With this objective, we can optimize the parameters of the policy via gra-
dient ascent, for example, θk+1 = θk + α∇θJ(πθ)|θk , where α is the learning rate
and the policy gradient is denoted as ∇θJ(πθ).

4.2 From Theory to Implementation

PPO theory takes significant effort to implement due to the current form of the pol-
icy gradient not being numerically computable. For example, reading the original
paper for PPO and trying to implement it directly would not result in much success
as there are many small tricks that are not mentioned in the theory but are essen-
tial in practice. Open source repositories such as Stable-baselines315 and Spinning
Up16 do a wonderful job of implementing clean code that is also well documented.
In the case of this work, we utilize the code from Stable-baselines3, which borrows
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the PPO implementation from Spinning Up. The following section is a summary
of the Spinning Up implementation of policy optimization and the analytical policy
gradient.

4.3 Spinning Up PPO Implementation

Continuing the story of needing an analytical version of the policy gradient, Spin-
ning Up follows five tricks, to derive a new form for the expression.

∇θJ(πθ) = ∇θEτ∼πθ
[R(τ)]. (1)

1. Probability of a trajectory: The expanded form of the probability of the tra-
jectory τ = (s0, a0, . . . , sT+1) given that the actions come from πθ is

P (τ |θ) = ρ0(s0)
T∏
t=0

P (st+1|st,at)πθ(at|st).

With this in mind we want to expand the expectation in Eq. 1 and bring the
gradient under the integral.

= ∇θ

∫
τ

P (τ |θ)R(τ)

=

∫
τ

∇θP (τ |θ)R(τ) (2)

2. The log-derivative trick: Based on the chain rule from calculus and given the
derivative of log(x) with respect to x is 1/x, we write:

∇θP (τ |θ) = P (τ |θ)∇θ logP (τ |θ).

This result allows us to expand Eq. 2 and return it to the expectation form.

=

∫
τ

P (τ |θ)∇θ log(P (τ |θ))R(τ)

= Eτ∼πθ
[∇θ logP (τ |θ)R(τ)] (3)
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3. The last three tricks are ways in which to work out the gradient of the log
probability of a trajectory; that is, ∇θ logP (τ |θ). First, the log-probability of
a trajectory, that is, writing out

logP (τ |θ) = log ρ0(s0) +
T∑
t=0

(
logP (st+1|st, at) + log πθ(at|st)

)
.

4. The gradients of the environment functions that define the trajectory are zero
as they have no dependence on θ so gradients of ρ0(s0), P (st+1|st, at), and
R(τ) are zero.

5. Finally, the gradient of the log-probability of a trajectory is thus

∇θ logP (τ |θ) =
T∑
t=0

∇θ log πθ(at|st).

Putting it all together and continuing from Eq. 3,

∇θJ(πθ) = Eτ∼πθ

[ T∑
t=0

∇θ log πθ(at|st)R(τ)
]
.

Since this is an expectation, we can estimate it with a sample mean. If we collect
a set of trajectories D = {τi}i=1,...,N where each trajectory is obtained by letting
the agent act in the environment using the policy πθ, the policy gradient can be
estimated with

∇θJ(πθ) =
1

|D|
∑
τ∈D

T∑
t=0

∇θ log πθ(at|st)R(τ)

where |D| is the number of trajectories in D; that is, N . We showcase these steps
to emphasize the difficulty in translating theory to practical implementation. Even
after all this work, if ∇θ log πθ(at|st) is not computable, then this has all been for
naught. Luckily, packages such as PyTorch and TensorFlow allow for the simple
computation of gradients of a neural network using backpropagation and AutoGrad.

4.4 Key Points about PPO

The difficulty in implementing theoretical algorithms often makes it safer to use
qualified implementations of state-of-the-art algorithms rather than to re-implement
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them. However, using these algorithms can lead to pitfalls created by the small
intricacies in their implementation required to allow them to work in practice. This
section will highlight the main qualities of PPO, which make it our algorithm of
choice.

PPO is motivated by a simple question: How can we take the biggest policy im-
provement step using the data we currently have without overstepping such that
performance collapses? PPO improves upon TRPO, which tackles the same ques-
tion but has a much more complex second-order method that is even more difficult
to implement. PPO is a first-order method that uses a few tricks to accomplish the
same goal of keeping policies close. The version of PPO that is implemented in
Stable-baselines3 is called PPO-Clip. It relies on clipping in the objective func-
tion to keep the new policy close to the old one. In the original paper for PPO, the
objective is given as:

L(s, a, θk, θ) = min
( πθ(a|s)
πθk(a|s)

Aπθk (s, a), clip
( πθ(a|s)
πθk(a|s)

, 1− ϵ, 1 + ϵ
)
Aπθk (s, a)

)
.

Spinning Up simplifies this equation to be:

L(s, a, θk, θ) = min
( πθ(a|s)
πθk(a|s)

Aπθk (s, a), g(ϵ, Aπθk (s, a))
)
,

where:

g(ϵ, A) =

(1 + ϵ)A A ≥ 0

(1− ϵ)A A ≤ 0.

A is the advantage function, which is the discounted rewards minus a baseline. It
describes how much better or worse an action from the current policy is compared
to all other actions on average. ϵ is a (usually small) hyperparameter, which roughly
controls how far away the new policy is allowed to go from the old.

Even in the objective function, there is a major difference in how one can simplify to
implement cleaner code. Clipping helps greatly to ensure reasonable policy updates,
but in practice it is still possible to get a new policy that is too far from an old pol-
icy. Approaches differ between implementation. This version uses a simple method
based on the mean KL-divergence of the new policy. If the mean KL-divergence of
the new policy from the old policy grows beyond a given threshold, gradient steps
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stop early.

Another important note is that PPO trains a stochastic continuous policy in an on-
policy way, thus randomness can come in many forms. This randomness can be
created by both initial conditions and the training procedure. Over the course of
training, the policy becomes less random as the update rule encourages it to exploit
rewards that it has already found. This is a feature and a bug as the policy might get
trapped in local optima.

Due to the above features of PPO, the utilization of curriculum training is essential
to successfully learning a policy for flying the LTV. Starting from a large target,
when an optimal policy is found, we move to a smaller target and so on until we get
to the desired target size. The algorithm’s design to maximize stability necessitates
that curricula be structured in such a way that transitions from policy to policy can
be done without destabilizing.

5. Reward Signal

The reward signal is constructed to provide feedback for learning. For many aircraft
systems there are certain constraints, other than the desired result, that need to be
maintained as part of the flight control. These constraints depend on the applica-
tion; for example, in Tang and Lai17 an RL approach for landing of a fixed wing
aircraft is presented. The vehicle has to follow a defined glide path. Thus altitude
rate, horizontal velocity, pitch angle, and touchdown point outside the glide path
lessen the reward. In Bøhn et al.18 the reward function is designed to follow specific
setpoints for attitude control of a fixed wing vehicle. For the missile application in
He et al.11 the reward function is shaped using the zero miss distance metric. This
metric is the shortest distance between the missile and target from the time instant
onward where both the missile and target do not maneuver.

Unlike these previous approaches we do not want to control the trajectory of the
projectile, just guarantee success of the mission. To do this we maintain a sparse re-
ward, which prevents inadvertently guiding the projectile. This allows the possibil-
ity of exploring more of the flight envelope. In typical long range missile guidance
there are stages of flight; here we ignore this and hope the RL algorithm is able to
learn a proper policy given the model and reward signal.
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Due to the scale of our state space and sparsity of our reward we aid the learning
process with a curriculum. At each learning level in the curriculum l the radius of
the target gets smaller. Our simple reward is:

rl =

1
√

(xT − xN)2 + (xT − yN)2 ≤ Dl

−1
√

(xT − xN)2 + (xT − yN)2 > Dl

where the value of rl is the reward at level l, with munition positions xN and yN

when it hits the ground at time, t = N . The position of the target is (xT , yT ) and
the radius of the target is Dl.

In practice this equation works best with another term that would reward flights with
shorter durations. This would ensure engagements are done quickly and frivolous
actions are not taken that would lengthen the flight. The total reward is:

r = rl +
C

N

where C is a scaling term and N is the trajectory length.

6. Training

This section describes the method used for training. Parameters are tuned for our
specific problem of hitting a small, stationary target. The only goal for this munition
is to hit said target. If training were structured to only reward the system when a
target was hit, then the RL algorithm would most likely never learn. The exploration
phase of an RL algorithm must stumble upon some rewarding behavior to be able to
learn to maximize cumulative reward. Because our system has an inherently sparse
reward compared to the input actions, we design the training to utilize a curriculum
learning method to encourage beneficial behavior. The method decreases Dl at each
stage of the curriculum, starting from an overly large Dl=L to a desired Dl=0. The
number of levels (L) are a training parameter and Dl=0 is a function of the target
size and warhead size.

The following is the algorithm for our training method. In essence, we are running
PPO with each level in the curriculum. Each PPO iteration is initialized with the
previous policy weights.
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Algorithm 1 Curriculum training method
input: env, levels
output: w
initialize weights, w0

for l ∈ {1...L} do
rl → env
wl−1 → wl

Initialize PPO
for iteration = 1, 2, .. do

PPO algorithm Reference 1
if rl > δ then

end training
end if

end for
end for

7. Results

Here we present the results of our training method. To show the advantage of
the curriculum learning method, we run the learning method with L = 4 levels
and L = 1 levels. The levels indicate the radius around the target, with lL=4 ∈
{150, 100, 50, 5} and lL=1 ∈ {5} . OpenAI Gym is used for this study, and the
FMU is embedded as reported in Section 3. The PPO training parameters are in
Table 1; information on the parameters is in Section 4 or Schulman et al.1

Table 1 Learning parameters for PPO

Hyperparameter Value

time steps 2.4e5
step size 3e-3

Num. epochs 10
Discount (γ) 0.99

GAE Parameter (λ) 0.95

The δ = 1 is set such that a significant number of evaluations of the current policy
hit the target before moving to the next segment of the curriculum.

The LTV simulation is running at 5 Hz. The inputs are accelerations in the ver-
tical and horizontal directions in the body frame. Note there is no stored power
on the projectile; therefore, momentum in the axial direction (thust) cannot be ap-
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plied. The acceleration commands are discretized to ±5gs and the applied force is
repeated T = 10 times. Repeating the input across multiple time steps not only
speeds up training, but also restrains the system from performing unnecessary or
jerky maneuvers.

At each stage of the curriculum method the learning is halted and 20 simulated
flights are controlled with the learned policy, with 4 levels this provides 80 total runs
for one training session. For the curriculum-less algorithm, 80 simulated flights are
simulated with miss distance recorded. Miss distance is recorded for every simu-
lated flight and is presented in Fig. 3, training sessions are repeated five times and
the mean and standard deviation of the sessions is plotted versus trajectory simula-
tion number.

As you can observe in Fig. 3, the curriculum-less case is never able to learn due to
lacking an initial hit in the reward signal. The curriculum method is able to guide the
solution and reduce the miss distance as the learning moves through the curriculum.

Fig. 3 Mean and standard deviation of miss distance at different levels of the curriculum
compared to no curriculum method. There are n = 20 simulated flights recorded per stage
of the curriculum and n = 80 simulated flights for the no curriculum method.

8. Conclusion

In this report we present an RL training method for the LTV projectile. The system
has a sparse reward signal, which hinders training for all RL tasks. A curriculum
training method is proposed, where stages of the curriculum represent incrementally
smaller target radii.
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We note that the single level case may improve via hyperparameter tuning. It is
assumed that any improvement in parameter tuning would also benefit the multi-
level approach, so the comparison is valid with identical hyperparameters in both
cases.
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