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CHAPTER |

Introduction

[.1 Motivation

Cyber-Physical Systenf€PS) is a classi cation of intelligent systems where a physical mechanism is con-
trolled or monitored using computer-based (i.e. cyber) algorithms. CPS includes systems such as smart
power grids, autonomous vehicles, medical monitoring, autopilot, and robotics. As CPS start to become
more integrated with everyday life, we want to push the limits of their capabilities and automate their use. To
accomplish this desire, we look £ati cial Intelligence (Al), and more speci callyMachine LearnindML).

Al is a eld of study where we develop computer systems that are able to complete tasks that require human-
or at least animal-level intelligence, i.e. visual perception, decision-making, and complex control. ML is a
subset of Al where we study methods and techniques that allow computer systems to learn and improve their
performance at completing tasks.

Recent successes have brougbainforcement Learnin@RL) to the forefront of the Al and ML discussion,
such asSonyAls world-champion racer in Gran Turismo [6DpenAl Fivés defeat of professional-level
players in the game Dota 2 [7], ahliZerds mastery of Go, Chess, Shogi, and numerous Atari games with
a single learned policy [8]. Additional research consistently shows RL training produces optimal results
even when trained with inaccurate or incomplete models [9]. Instead of hard-coding, agents are programmed
via reward and punishment without needing to specify how the task is completed. Because of this, RL
techniques are extremely attractive for robotics and other cyber-physical systems applications, which have
complex dynamics and environments that are dif cult to model. However, the behaviors of these RL systems
are often dif cult to interpret and predict. A simple example of this can be seen in teaching hexapod robots
to walk using RL. During the unbounded exploration used for training, some applied policies can cause legs
to cross, get caught on each other, and pull apart, causing one or more legs to break. Similar scenarios and
situations can occur in any system trained using RL. This is unacceptable for safety-critical systems, where
unpredictable and unsafe behavior could be the difference between life and death.

To protect systems, and speed up the training process, engineers can train their RL agents in simulation
and then transfer the learned control policy to the corresponding real-world system. This process is a chal-
lenging problem referred to as tlsem2realchallenge. Simulation environments abstract away a lot of the
nuance and noise of the real world. As a result, RL policies trained in simulation can end up “brittle”, i.e.,

when confronted with scenarios that differ from the examples seen in training they can fail to contextualize



the situation and break. Thusm2realtransfers often have catastrophic results where the real world results
are drastically different from simulation [10, 11]. Therefore, if we are to take advantage of the many bene-
ts of training in simulation, we must emphasize training more robust policies and/or formally verify their
behavior before deploying on safety-critical, real-world systems.

To this end, the work completed in this dissertation builds towards the goal of making safe and robust

reinforcement learning for autonomous cyber-physical systems.

[.2 Research Challenges
One eld of research aimed towards making RL-trained agents safer during and after traiSafgiRe-
inforcement LearningRL. Recent SRL works demonstrate real-world online learning [9], optimal perfor-
mance that does not require safety checking when deployed [12], and SRL approaches that work better than
state-of-the-art DRL approaches [13]. Each new SRL paper claims to be the best, safest, most ef cient, or
least restrictive approach, but few prove these claims with valid demonstrations. We have tried to replicate
studies with the original code, and found issues in many of their comparisons of SRL to other RL approaches.
(1) Some results were invalid SRL approaches becansafe conditions were not used as terminal condi-
tions. (2) In some casednconsistent hyperparametengere used between the safe and unsafe experiments,
which means the improved ef ciency authors claimed as a result of their SRL approach might actually be the
result of hyperparameter tuning. (3) Often, the experimentsiatreepeated across multiple random seeds
Because RL is a stochastic process, showing results from one random seed is not representative of the true
performance of the algorithm. Only presenting the results of trials across one seed, allows for results to be
cherry-picked from the best trial. The work in [14] highlights the importance of running experiments across at
least 5 random seeds and averaging the results and showing the performance range in order to prove the trend
of increased ef ciency. (4) In some experiments we repeated, we found that aothoigulated initial con-
ditionsto improve ef ciency. For example, inverted pendulum experiments that claimed increased ef ciency
as a result of an SRL approach could be explained by starting SRL trials closer to a vertical position than
baseline trials. When we applied the same initial conditions to the baseline approach and SRL approaches,
we found cases where the SRL approach learned slower than the baseline, disproving their claims.

Spurred by the inconsistencies and the desire to justify further research in SRL research, this dissertation

sets out to answer these crucial questions:
* Why should we consider RL fa@im2realscenarios?
< How can we best incorporate safety in the RL process?

« How can we assure that learning safety produces safer results?



* How can we integrate safety speci cations in the reward designing/shaping process?

I.3 Research Contributions
Motivated by the existing challenges, the research contributions are presented and discussed in detail in

Chapters lll to VI, and can be summarized as follows:

1. We begin by performing experiments in an original transfer reinforcement learning task and evaluating

two transfer learning techniques from the literature.

2. We then present a comparative analysis of two leading machine learning methods for training au-
tonomous controller, Reinforcement Learning and Imitation Learning. This case study was evaluated
on a 1/10th scale car racing scenario and helps provide justi cation for why we should be considering

RL for sim2real scenarios.

3. Having demonstrated RL's usefulness in sim2real and demonstrating a need to integrate safety con-
siderations, we present an ablation study where we analyze different approaches for integrating safety.
Our results provide answers for a number of crucial questions in the eld and point towards a greater

need for developing reward functions that encourage the desired safe behavior.

4. Finally, we present our tool, STLGym, which automatically generates reward functions designed to
help RL agents learn to satisfy both timed and untimed speci cations. With this tool, researchers can
write up how they want the RL agent to behave in the environment, and our tool will generate a reward

function to help the RL agent match the desired behavior.

I.4 Organization

The remainder of this dissertation is organized as follows. Chapter Il introduces the respective related work,
providing background information for the core topics discussed throughout the dissertation. Chapter Il in-
troduces methods for transferring trained RL policies between tasks with different dynamics. Chapter IV
focuses on a comparative analysis of two leading machine learning methods for training autonomous con-
trollers, Reinforcement Learning and Imitation Learning. This case study was evaluated on a 1/10th scale car
racing scenario and helps provide justi cation for why we should be considering RL for sim2real scenarios.
Chapter V presents our ablation study of various Safe Reinforcement Learning approaches and how each
safety enforcing modi cation impacts the learning process and whether they make RL agents safer after all
the training is done. Our results provide answers for a number of crucial questions in the eld and point
towards a greater need for developing reward functions that encourage the desired safe behavior. Chapter VI

introduces our tool for helping RL agents learn desired behavior, STLGym. STLGym generates reward



functions designed to help RL agents learn to satisfy the desired behavior, written in the form of a Signal
Temporal Logic (STL) speci cation. Chapter VII ends with concluding remarks, followed by the author's

lists of publications and presentations in Chapters VIl and IX, respectively.
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CHAPTER II
Preliminaries and Related Work

In this chapter, we describe the related works that are foundational topics to the work presented in this
dissertation. Chief among these foundational topics is describing the problem formulation for model-free

reinforcement learning, which is the primary focus of this work.

1.1 Problem Formulation
Reinforcement Learning is designed to solve problems modelbthdeov Decision Process¢MDPS), or a

variant of the original MDP formulation.

De nition 1 (Markov Decision Process)A discrete-time Markov Decision Process (MDP) is represented by

atuple(S;U;T;g;R), where
« Sis a set of states called tratate space

« U is a set of actions called thection spacdalternatively,Us is the set of actions available from state

s),

e T(su;) = Pr(s+1= ) s = s, = U) is the probability that action u in state s at time t will lead to

state Sat time t+ 1,

* g2 [0;1] is the discount factor determining preference for immediate or distant reward assignments,

and

e R(su;8):S U! Ris the reward function assigning a scalar reward value to the transition from

state s to state®sising action u.

The solution to an MDP is the optimal behavior functiors p (s), that maximizes the expected cumulative
sum of rewards, i.e. return, J:

.
E[] = E[& d'ri]; (I1.1)
t=0

where T is a nite time-horizon. Whep= 0, the solution prioritizes immediate reward, and wiggn 1 the

solution prioritizes maximizing the expected sum of future rewards.

Formulating the problem as an MDP assumes that the state space is fully observable. While this might be

true for some simulated systems, many real systems are only able to estimate some state information using



sensors. Because of this, only a portion of the state space may be observable. To handle these systems, we

need to account fdPartially Observable Markov Decision ProcesgPOMDPS).

De nition 2 (Partially Observable Markov Decision Proces$) discrete-time POMDP extends the MDP
to cases where the state may not be fully observable to the agent. Formally, a POMDP is represented by
a 7-tuple,(S;U; T;g;R; W O), which builds off the original MDP tuple by adding additional information,

where
* O s a set of observations, and
* W(s;0) : S! O is a probabilistic mapping of state2sSto corresponding observations00.

In this formulation, the behavior function maps observationg, ©, to actions w2 U. Thus, the optimal

behavior function is & p (0).

All model-free RL algorithms are designed to solve the POMDP formulation problem because any MDP
can be reformulated as a POMDP by setting the observation set to be equal to the set dstag&snd
de ning the observation conditional probabilities to always match the observation that corresponds to the true

State.

[1.1.1 Observed Markov Decision Process

Model-free RL algorithms are traditionally designed to sdRatially Observable Markov Decision Pro-
cessegPOMDPSs) since alMarkov Decision ProcesséMDPs) can be described by an equivalent POMDP.
While POMDP is a very useful class of systems, it includes cases where some values are unobservable.
Having unobservable state values is not an issue for model-free RL, but it is an issue if there are certain
state values that need to be monitored to determine the safety of the system. To this end, we propose a hew
MDP formulation we refer to a®bserved Markov Decision Proce€8MDP). This formulation is a subset

of POMDP that requires all the values we want to keep track of are measurable. This formulation does not
require that all measurable state values are included in the input observation.

Using the observation as the input for the policy is really useful because it allows us to normalize the state
values and change the input dimensions in order to ignore irrelevant variables and/or increase the importance
of other variables by repeating them. For example, consider the example of an aircraft doing waypoint
navigation. In this example, the observation can be comprised of the relative position between the aircraft
and the destination. If global position, the state, was used instead for the input, the learned policy would not
transfer well for even small changes in location. In this case, the global position is necessary for computing

the transition, but consciously ignored by the policy. Now add to the example a restriction on the system in



the form of a geofendethe aircraft cannot leave. In order to monitor this restriction, we need access to the
global position. By formulating the problem as an OMDP, we ensure the global position is accessible for

such monitoring.
De nition 3 (Observed Markov Decision Proces#) nite OMDP is a tuple(S;U;T;R; O; W, D) where
« Sis a set of states called tratate space

« U is a set of actions called thaction spac€alternatively,Us is the set of actions available from state

s),

e T(su;D) = Pr(s+1 = ) & = S, = U) is the probability that action u in state s at time t will lead to

state 8at time t+ 1,

* R(su;s):S U! Ris the reward function assigning a scalar reward value to the transition from

state s to state’sising action u,
* O s a set of observations,
* W(s;0): S! 0O is a mapping of statesz Sto corresponding observations20, and
« Dis a de nition of terminal conditions that indicate what is “done”.

Throughout this dissertation, we assume the RL problem can be represented by an OMDP. This allows us
to cover a broader class of problems than those represented by an MDP, but restricts our problems to those
where the state and observation values used for determining whether the system is “safe” are observable even

if they are ignored by the learning agent.

1.2 Deep Reinforcement Learning
Reinforcement Learnin@RL) is a form of machine learning in which an agent acts in an environment, learns
through experience, and increases its performance based on rewarded b&wesioReinforcement Learn-
ing (DRL) is a newer branch of RL in which a neural network is used to approximate the behavior function,
i.e. policyp. The basic construction of the DRL approach is shown in Figure Il.1. The agent consists of the
Neural Network Controlle(NNC) and RL algorithm, and the environment consists of a plant and observer
model. The environment can be comprised of any dynamical system, from Atari simulations ([15, 17]) to
complex robotics scenarios ([5, 9, 14, 18, 10, 19]).

Reinforcement learning is based on tesvard hypothesishat all goals can be described by the maxi-

mization of expected return, i.e. the cumulative reward [20]. During training, the agent chooses arugction,

1A geofence is a perimeter drawn up around a real-world geographical area.



Figure 11.1: Basic formulation of Deep Reinforcement Learning for a control problem.

based on the input observatiam, The action is then executed in the environment, which causes the environ-
ment to transition to statg, 1 with probability T(s; u; §+1) according to the plant model. However, instead

of receiving the state information, the agent receives an obsenatip@ O which depends on the new state

of the environments. 1, and on the just taken actiom, with probabilityWW(o+ 1 j S+ 1; ). Finally, the agent
receives a reward equal toR(s; Ut; S+1)-

In all the examples shown in this dissertation, we assume the problem is represented as an OMDP, mean-
ing all important state values are measurable even if they are ignored by the agent. The process of executing
an action and receiving a reward and next observation is referred ttirassiep Relevant values, like the
input observation, action, and reward are collected as a data tupkamgle by the RL algorithm to update
the current NNC policyp, to an improved policyp . How often these updates are done is dependent on the
RL algorithm.

When comparing RL algorithms and approaches or determining how successful they are, we look at
two metrics: (1) the nal policy performance, usually measured by the expected return; and (2) the sample
complexity, a measure of how fast the agent learns the optimal policy.

The return is the sum of all rewards collected over the course epesode An episode is a nite sequence
of states, observations, actions, and rewards starting from an initial state and ending when some terminal, i.e.
done conditions are met. Throughout this dissertation, we refer to different elements of the episode by their
corresponding timestep, Thus,r is the reward value at timesté [0; T], whereT is the nal timestep in
the episode.

The sample complexity is a measure adapted from general machine learning research that represents the

number of training-samples (i.e. timesteps in RL) needed to achieve a certain level of performance. The larger



the sample complexity is, the more data is required to train the agent to a certain level of performance. Since
RL collects data throughout the training process, sample complexity is a proxy for measuring how quickly an
agent learns to complete the task. Throughout the training process, the training is halted periodically, and the
policy learned so far is evaluated in a number of episodes and the return is recorded. When this information
is plotted in a sample complexity plot, it shows how well the agent improves performance as it continues to
learn. These plots are used in RL for comparing how well an agent learns a task. An agent with better the

sample complexity, will have a higher return after fewer timesteps.

1.3 Deep Reinforcement Learning Algorithms
DRL algorithms are de ned and categorized by how they use 3 distinct components and combinations of

them. These components are:

« Model: a descriptor of the environment. With a model, we can learn or infer how the environment
responds to different actions. The major components of a model are the transition probability function

and reward function.

« Policy: the agent's behavior functiom, is a mapping from observation, to action,u, and can be

deterministicp (o) = u, or stochasticp(ujo) = Pry (W = ujo; = 0).

 Value Function: a measure of the “goodness” of a state, or how rewarding a state-action pair is based

on the expected return computed with discount fag®®0; 1]: J = & o0 Tt ke 1

— state value the expected returtd;, if the agent is in stateat timet: Vp(s) = Ep[djs = 9

— state-action value also known as the Q-value is the expected return of a given state-action pair:
Qp(siu) = Ep[Xjs = s;u = u]. This can be used to estimate the state-value using the target
policy. Vp = &2y Qp(s;U)p(ujs)

— advantage the difference between the state-action value and the state value. It is de ned as:

Ap(siu) = Qp(sit) V(9 (11.2)

Most algorithms refer to how they use those components with the following labels and combinations of

labels:

« Model-based these methods rely on the model of the environment; either the model is known or the
algorithm learns it explicitly. Having a model of the environment allows the agent to “think ahead” by

predicting outcomes and choosing the best option.



* Model-free: these methods have no dependency on the model during learning.

< On-policy: during training, the learned policy selects every action taken. These methods usually update

less often and rely on a stochastic version of the policy during training.

« Off-policy: during training, a separate behavior policy (often random or process noise) is used to select

the actions taken. Thus, the learned policy is not used during training.

In this dissertation, we focus on model-free DRL algorithms, using baotpolicy and off-policy ap-
proaches. Model-free approaches have the advantage of not requiring a ground-truth model of the environ-
ment, but are still able to learn an optimal policy. We use multiple algorithms throughout this dissertation, but
our work favors usingProximal Policy OptimizatiofPPO) as our on-poli&algorithm, andSoft Actor-Critic
(SAC) as our off-policy algorithm.

Both PPO and SAC, along with many state-of-the-art DRL algorithms, build off the foundational actor-
critic methodology. Actor-critic methods train tmetworks, an actor and critic, concurrently. The actor
network learns the optimal policp , and is the NNC that is eventually deployed after training. The critic
network learns the value function, either the state value or the Q-value, depending on the algorithm. The

critic's learned value function is used throughout training to determine the updates to the actor network.

[1.3.1 Proximal Policy Optimization

Proximal Policy Optimization (PPO) was rst introduced by Schulman et al. in [26] as an improvement to
their previous DRL algorithmTrust Region Policy Optimizatioff RPO) [22]. Both algorithms are on-policy

and focus on iteratively improving the policy in small increments to prevent against making large changes in
the policy that might lead to a drop in performance. They differ in how the “small increment” is calculated.
TRPO solves an optimization problem to identify the largest change to the policy that can be made while
remaining within a “trustworthy” region. Solving this optimization problem is computationally expensive,
so PPO simpli es the process using a clipping function. Instead of de ning the trustworthy region based
on the optimization problem, the clipping function sets a hard, constant limit. This simpli cation speeds
up computation, and, according to the introductory paper, improves sample complexity. Later work, [27],
showed that the improvements were actually a result of code-level improvements. Despite this nding, PPO

has continued to grow and is regularly improved with new features.

20ther on-policy RL algorithms include A2C [21], TRPO [22], and ARS [18].

30ther off-policy RL algorithms include DQN [3], DDPG [23], and TD3 [24].

4Two networks is not always the case. In Chapter III, our actor and critic share the same network body, but the actor and critic have
separate nal layers. Furthermore, some DRL algorithms make use of multiple critic networks. These additional critics help provide a
more stable update for the actor network. Some DRL algorithms that make use of multiple critics include SAC [25] and TD3 [24].
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[1.3.2 Soft Actor-Critic
Soft Actor-Critic (SAC) was rstintroduced by Haarnoja et al. in [25]. The algorithm is an improvement over
other off-policy algorithms because the learning process is more stable. One of SAC's predeDesspiz-
terministic Policy Gradien{DDPG) [23], has well-documented issues with stability causedabgstrophic
forgetting[28]. Catastrophic forgetting occurs as a result of the agent improving the learned policy and no
longer visiting less-desirable states. Eventually, the optimal action in these less-desirable or early-episode
states are forgotten and the result of this forgetting shows up when the policy is evaluated, and we observe
the performance plummeting instead of improving. The agent then has to re-learn what to do in those states,
hurting the sample complexity. SAC addresses this issue by incorporating entropy maximization in the explo-
ration policy, i.e. the policy used during training. Because off-policy algorithms use a separate policy during
training (also referred to as exploration), the exploration policy can have a different goal from the learned
optimal policy.

This entropy maximization prioritizes trying new state-action combinations during training in order to
better approximate the true Q-function. In this way, the agent regularly revisits any state that has been

“forgotten' and prevents any catastrophic decline in performance.

II.4 Safe Reinforcement Learning

When an RL agent explores states in a video game, the consequences of making a “wrong” move are limited.
However, using RL in the real world has shown catastrophic results [9, 10]. The &afef Reinforcement
Learning(SRL) was developed in response to RL's use on cyber-physical systems domain that interact with
the real world in complex scenarios. In Garand Ferandez's comprehensive survey of SRL from 2015,

they categorized the approaches into two main categories or styles: (1) modi cation of the optimality criterion
and (2) modi cation of the exploration process [29]. In this dissertation, we refer to these categories under
the more general terms: (f@ward shapingand (2)safe explorationAdditionally, we introduce an emerging

category of approaches, (&lversarial training/retraining Each are described in more detail in this section.

[1.4.1 Safe Exploration

An approach geared more towards hardware deploynsefg, exploratiorapproaches ensure the agent re-
mains 100% safe throughout the duration of training. Furthermore, this approach can be redesigned for
deployment, ensuring the future safety of trained policies. Safe exploration techniques can be further broken

down into the following three categories.

1. Preemptive Shieldingwhere the action set the agent is allowed to choose from is preemptively reduced

to only allow safe actions [17, 30].
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2. Safe-by-Constructionin which veri cation techniques are used, often applied to an abstraction of the
learned policy, to verify safe behavior before being allowed to explore and develop further [31, 32, 33].

Alternatively, correct-by-construction can also be applied to a shielded RL solution [17].

3. Run Time Assurance (RTA) methodslter the agent's desired actionsyn, to assure safety. In some
cases, a monitor and/or decision module is used to determine whether the desired action provided by
the learning agent is safe. In the event the agent's desired action is deemed unsafe, a different action

that is determined to be safe is substituted and sent to the plant [34, 12, 35, 36, 9, 37, 38, 39, 40, 41].

I1.4.2 Reward Shaping

Reward shaping, the process of crafting a well-designed, optimal reward function, is essential for all forms of
DRL since a poorly designed reward function can lead to unexpected and/or ineffective behavior [15]. Within
SRL, reward shaping is often used to reformulate the problemGanatrained Markov Decision Processes

(CMDP) [42].

De nition 4 (Constrained Markov Decision Proces#) Constrained Markov Decision Procd$3MDP) is
denoted by the tuplEs; U; T; g; R; D). This adds to the original MDP tuple DS U! R, which is the cost
function.

The CMDP formulation behaves the same as the MDP formulation, except at each timestep a feward, r
R(s;u;s+1), and a cost, d= D(s;u;S+1) are computed. With this additional cost, the objective changes
to nd an optimal policy, == p (9), that not only maximizes the expected return according to Equation 11.1,

but also ensures the expected cumulative cost, K, remains below a speci ed value, K
g
EK]= E[Q@ gd] Kmax (11.3)
t=0

Instead of optimizing performance according to a singular reward function, performance is optimized
according to a task-oriented reward and a safety-focused cost [43, 44, 45, 46, 13, 47], so the agent learns a
high-performing, safe policy. However, this style of SRL does not prohibit the agent from exploring unsafe
behavior. Thus, it cannot be used to train on real hardware platforms. Instead, reward shaping techniques are

limited to simulated environments and rely on high-quality transfer learning to be deployed in the real world.

[1.4.3 Adversarial Training/Retraining
The newest category of SRL approachAasyersarial Training/Retrainingfocuses on identifying unsafe

behavior in the agent and then correcting that behavior [48, 49, 50]. Most of the papers that use this approach
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focus on retraining an agent that already performs well in the environment. However, the approach can also

be applied to an untrained network at the cost of requiring more training time.

1.5 Run Time Assurance
One way to enforce the safety of a system while it is operating is through the U&enofime Assurance
(RTA). RTA approaches lter out potentially unsafe control inputs provided by a primary controller with the
intent of preserving the safety of the system.

For the dynamical system represented by an OMDP, inequality consfrgisisR"! R, 8i2f 1;::;;Mg
can be used to de ne a set bdf safety constraints, where the constraint is satis ed whgg) 0. With

these safety constraints, we can de ne safe operation by its relation &althissible set

De nition 5 (Admissible Set) The admissible se§ S, is de ned as the set of states where all safety

constraints are satis ed. This is represented by,

S =fs2Sjji(s) 0,8i2f1::;Mgg (1.4)

De nition 6 (Safety) Safety and/or safe operation is achieved by always remaining within the admissible
set, i.e. not violating any speci ed constraints. In the examples provided in this work, safety is de ned on a
nite time horizon, such that the operation is considered sa¢ & [to; T];s 2 § . However, the ending time

bound, T can be set to in nity for other systems that operate in perpetuity.

For RTA to ensure safe operation, we need to de ne a stricter subset of states to further constrain opera-
tions, known as theontrol invariantsafe setS,. By operating in this stricter de ned set, we avoid scenarios
that can arise near the boundary of the admissibleSseshere, no matter the action executed, the next state

will be outside the admissible set.

De nition 7 (Control Invariant Safe Set)The control invariant safe se§,, is a subset of the admissible
set,§ , where8s2 S$n;9u2 U;T(s;u;s) 2 S . This means that, within the control invariant safe set, there

always exists an action that will keep the system within the control invariant safe set.

[1.5.1 Explicit vs Implicit

RTA approaches are classi ed by how they deterrmiaeexplicitly or implicitly. Explicit approaches use a
pre-de ned$;, to determine when RTA intervention is necessary. Implicit approaches use a de ned backup
control law and a model of the system dynamics to compute trajectories, which are used to determine when

intervention is necessary. Because computing trajectories can be computationally expensive, explicit ap-
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proaches tend to be more ef cient. However, implicit approaches can be easier to implement since they do

not require a precise de nition &,. This also allows implicit approaches to be less conservative.

[1.5.2 Simplex vs Active Set-Invariance Filter

RTA monitoring approaches can be further split into two classes of intervergimplexand Active Set-
Invariance Filter (ASIF). The simplex approach switches between the primary control (RL actions) and a
pre-de ned backup controller [51]. The backup controller is usually less ef cient at the desired control
task, but meets desired safety and/or human-machine teaming constraints. In contrast, ASIF approaches use
barrier constraints to minimize deviations from the primary control signal while assuring safety [52]. In other
words, ASIF approaches are always intervening, adjusting the primary control signal by the minimal amount

necessary to ensure safety. When the primary control is safe, the adjustment approaches 0.

.6 Summary
In this chapter, we described the foundations of research areas fundamental to the rest of this dissertation.
The topics included deep reinforcement learning, safe reinforcement learning and its various approaches, and

run time assurance.
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CHAPTER Il

Sonic2Knuckles: Evaluations on Transfer Reinforcement Learning

Deep Reinforcement Learning with real-world systems is a much greater challenge than in simulated envi-
ronments and tasks, because a learner in a real-world system cannot run millions of trials or easily tolerate
fatal trajectories. Therefore, the ability to train agents in simulated environments and effectively transfer
their knowledge to real-world environments is a crucial, and integral part of constructing autonomous robotic
systems. In this chapter, we perform experiments in an original transfer reinforcement learning task we
constructed using the game “Sonic 3 & Knuckles,” evaluating two transfer learning techniques from the

literaturé-.

1.2 Introduction

Reinforcement Learnin(RL) is a branch of machine learning that focuses on a software agent taking actions
in an environment to maximize rewards. Due to its generality and versatility, RL is also studied in disciplines
outside of machine learning, such as game theory, control theory, simulation-based optimization, multiagent
systems, and swarm intelligence. RL is so versatile because it is a way of programming agents via reward
and punishment without needing to specify how the task is accomplished [53].

Reinforcement Learning and other learning-based methods have been around since the early days of com-
puter science, but are gaining in uence in the control and arti cial intelligence research communities [9]. In
part because RL algorithms consistently show an ability to produce optimal results despite having poor mod-
els to work with. Additionally, since Neural Networks and Deep Learning have been gaining popularity, RL
algorithms have been combined with Deep Learning to create a new branch of RL called Deep Reinforcement
Learning (DRL). DRL is able to better represent complicated, multidimensional systems. DRL techniques
are extremely attractive for robotics applications, which have complex dynamics and environments.

Despite the gaining popularity and success of DRL, it has one fatal setback; training the learning agent
is a computationally expensive process. To combat this, Transfer Learning and Meta-Learning have become
increasingly impactful topics. One example of this is OpenAl's Retro Competition, which utilizes an emula-
tion of the Sega GenesBonic the Hedgehogames as the training environment. The competition challenged
competitors to develop new ways of outperforming baseline algorithms at learning how to reach the end of
secret/unseen levels created for the competition. The focus of the competition Wketadhearning a way

of training afast learner2]. These fast learners are created by training an agent to play a number of different

1This chapter is based on [15], portions of which are reprinted here.
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levels/environments and using that learned policy as the starting point for an agent learning to play on any
secret test level. The focus of the competition was to highlight the value of Meta-Learning, but it also proved
that the Sonic games posed an interesting test environment for learning algorithms. It is non-trivial to develop
an agent that performs well in the game. Thus, we chose the Sonic environment for our experiments.

In addition to transferring learned policies between the same agent in different environments, like in the
Retro Competition, there are many scenarios where it would be bene cial to share learned policies among
agents that have slightly different dynamics. A common application where this problem often occurs is
moving learned policies from simulation to the real world. Simulations often simplify equations for the
agent's motion by using a constant friction coef cient, removing slippage, or using out-of-the-box conversion
factors for rotors. These simpli cations often cause agents to have poor results that do not work as expected,
sometimes resulting in fatal behaviors when moving from simulation to the real world [10]. However, it
would be greatly bene cial to train agents in simulated environments and then run those learned policies on
real world systems with comparable results since training in the real world is extremely costly, slow, and fatal
trajectories are common during the learning process.

In this chapter, we explore and test different methods for transferring learned policies between agents
with different dynamics using a simpler, safer environment, “Sonic the Hedgehog” for Sega Genesis. More
speci cally, we are usingroximal Policy OptimizatiofPPO) to train one character, Sonic, in the “Sonic 3
& Knuckles” game environment and then transfer the learned policy to train a different character, Knuckles.
The characters differ in that, Knuckles is slower, has shorter jumps, and glides if a double jump is performed.
By transferring the learned policy between these two characters, we are trying to emulate the same kind of
transfer between simulated and real environments faced by researchers in industry today. In this project,
we wrote our own implementation of PPO and all the transfer learning methods to better understand them.

Additionally, we explored two methods for executing this trangtenpstartandimitation.

1.2 Background and Technical Approach

I11.2.1 Deep Reinforcement Learning

The goal of RL is to learn the optimal policy, mapping states or observations to action, for completing a task.
Learning is done through experimental trials that have their levels of success represented as a reward. With
an optimal policy, the agent is able to actively adapt to the environment, maximizing future rewards. This is
done by an agent choosing actions in an environment. This is illustrated in Figure 111.1.

For a more detailed background on Reinforcement Learning, see Section 11.2.
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Figure Ill.1: Example image showing how an agent interacts with an environment. The agent is depicted
as a neural network, which is used in this work and all applications of deep reinforcement learning. The
environment is shown as a scene from “Sonic 3 & Knuckles”. The game is the environment, the screen
capture would be the state or observation the agent uses to determine the next action.

[11.2.2  Jumpstart, a Starting Point Method

The rst transfer learning method we experimented with, Jumpstart, is a starting point method. That means,
the target network is initialized according to knowledge from the source network [1]. In our case, the target

neural network is initialized as a copy of the source neural network. This is one of the simplest transfer

methods and is known for showing a large increase in the target policy's initial performance, i.e. jumpstarting

the performance. This jumpstart is highlighted in Figure I1l.2.a by the transfer curve starting at a higher point

than the no transfer curve. We expect this method to show strong results transferring from Sonic to Knuckles

if the differences between the characters are suf ciently small.

(a) (b)

Figure 111.2: The jumpstart method is highlighted in (a) as the transfer curve starts at a higher reward point.
The imitation method we used is depicted in (b) showing how the agent moves between using the source and
target policy to determine actions. Figures copied from Chapter Haoflbook of Research On Machine
Learning Applications and Trend$]
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[11.2.3 Imitation Method

Imitation methods are closely relateditoitation learning which allow an agent to learn by watching an
expert perform a task [54]. Imitation transfer learning methods differ in how the expert is de ned and the
agent executes the actions determined by the expert instead of watching.

There are two main imitation methods. In the rst, the agent follows the source policy at the start of
the training process. This guides the target policy towards more favorable behaviors, instead of executing
random actions trying to learn those good behaviors. Because the rst imitation method is really similar
to the jumpstart method mentioned in Section 111.2.2, we decided to experiment with the second imitation
method.

The second imitation methéddepicted in Figure 111.2.b, follows the source policy intermittently through-
out the training process. Similar to the rstimitation method, this helps guide the target policy towards favor-
able actions, but allows for more autonomy in learning different and potentially more bene cial behaviors.
We reasoned that this would work well in the case where the source policy was trained with different dy-
namics than the target policy. The differences in the dynamics might make the source policy suboptimal in
the new environment. So instead of learning the source policy directly, the target policy is learned from new

interactions that are guided towards optimal performance by the similarities learned from the source policy.

[11.3 Experimental Setup
In this section, we discuss how we designed and set up our experiments. This includes information about the
environment we chose to train agents and run our experiments in, how we designed the reward function to

optimize, how we structured the neural networks used, and how we set up and designed our experiments.

[11.3.1 Learning Environment

Our experiments and training were run in the “Sonic 3 & Knuckles” Sega Genesis game using the Gym
Retrcd® emulator [2]. To make our results comparable, we modi ed the environment the same way explained
in [2]. This involved restricting the available action space from every combination of the 12 available buttons
being pressed {2 actions) to the following 8 actions. This reduced action space contains only the useful

actions for moving the Sonic character around in the dame

ffg ;fLEFTQ;f RIGHTg;f LEFT, DOW Ng;f RIGHT, DOW Ng; f DOW Ng; f DOW N, Bg; f Bgg

2This method is similar to Safe Reinforcement Learning (SRL) approaches that use Run Time Assurance (RTA) (see Section 11.4.1).
In the SRL case, the RTA is the source policy that is intermittently used.

Shttps://github.com/openailretro

4For those not familiar with the Sonic gam&simakes the character jump.
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(a) Sonic (b) Knuckles

Figure I11.3: Example observations from the Sonic 3 & Knuckles video game. The screenshot on the left
shows the observation for an agent playing as the Sonic character. The yellow character behind Sonic is
Tails, who cannot be removed and is not controllable. The screenshot on the right shows the observation for
an agent playing as Knuckles.

Additionally, we modi ed our environment to employ tlieme skipandsticky keysnodi cations, which
combine to make thsticky frame skipnodi cation described in [2]. The rst, frame skip, makes the agent's
response time more similar to a humans. Instead of selecting an action for each frame of the video game
occurring ever;leoth of a second, each action is repeated 4 times. Now, the agent makes decisior%tgvery
of a second. Each action is determined by a singular frame of the game, shown in Figure 111.3. Since each
timestep/interaction still occurs faster than the human reaction time, we include the second modi cation,
sticky keys. With sticky keys, at each step, there is a 25% chance the last action executed will be used for an

extra frame. An example of sticky frame skip is shown in Figure 111.4.

Figure 111.4: A visualization of “sticky frame skip” described by, and image copied from, Schulman et al. [2]

Since advantages are computed backwards from the end of an episode, we had to de ne boundaries for an

episode. We used de nitions similar to Schulman et al. [2]. An episode ends if any of the following occurs:

« The character completes a level successfully. In this case, that means reaching a speci ed horizontal

offset.

« The character loses a life. Since this results in the character starting back at the beginning, it makes

sense to terminate the run.

« The agent has executed 4500 interactions in the environment. This is about 5 minutes of in-game time.

19



This forces the agent to complete the level within a set time limit.

[11.3.2 Choosing a Reward Function

Although reinforcement learning is seeing a surge in popularity, it faces many signi cant challenges, one of
the most notable being the problem of sparse rewards. The most effective reinforcement learning agents must
be rewarded very frequently, often at every step of play or multiple times per second. Withodesisere-

wards, a reinforcement learning agent will, at the beginning of training, act at random until it stumbles across
rewards or punishments to guide its behavior. Additionally, once it is actively achieving certain rewards, it
will not explore the state space suf ciently to discover rewards it may not yet be aware of. When rewards are
not clearly related to recent actions, distributing credit for success or failure to the appropriate actions in a
long sequence may take many trials.

These challenges highlight the importance of reward function desigreward shaping for current
agents. A well-designed reward function will greatly improve the speed of an agent's learning process.
However, for a given environment and task, the optimal reward function is not necessarily clear. We evaluate
4 possible reward functions for our Sonic environment. We used the game's built-in rewards, known as
points, the reward function provided as a baseline by OpenAl, the number of rings collected by the agent, and
apotential-basedeward using the agent's position.

Score in Sonic is mostly provided on a milestone basis, i.e. the score increases whenever certain hori-
zontal distances in the level are reached. But these score rewards are sparse, from a reinforcement learning
perspective, meaning that a reinforcement learning agent trained on this reward may not receive any feedback
for some time. The ring-based reward awards the agent for collecting rings, but does not punish the agent for
losing them. This was intended to encourage exploration, as rings are scattered throughout each level. The
OpenAl reward provides reward to the agent for traveling further to the right than it has before, as well as a
bonus for level completion, but does not punish the agent for traveling left as this is sometimes necessary. Our
“potential-based' reward was also based on position. It rewarded the agent for traveling to the right, (closer
to the ultimate goal at the end of the level), but punished it for traveling left. This was intended to prevent
possible cycles in the reward function that could be exploited by the agent, as outlined by [55].

We tested each reward function 3 times, each with a different random seed, and averaged results due to
the high variability of training trajectories. Each time, the agent was trained for 1 million timesteps, or an
average wall time of about 10 hours. Initially, we expected the training reward to follow a simple upward
trend which soon saturated, indicating the agent learning an optimal policy for each reward. However, the
trials were signi cantly more chaotic than we initially expected. Sometimes, results uctuated wildly due to

fatal trajectories. If Sonic happened to die, the reward in that episode was signi cantly lower than average.
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Figure 111.5: A comparison of how the reward function in uences the learning process. Each curve represents
the average of three training runs, each with a different random seed, using the indicated reward function.

The averaged results are compiled in Figure 111.5. The OpenAl reward led to the highest overall perfor-
mance, in that the agent trained with this reward eventually traveled the furthest distance through the level in
the shortest number of timesteps.

Other reward functions often led to unanticipated behavior. For instance, the potential-based reward,
in a result which could not have been predicted in advance, led to the agent often stumbling into a hidden
bonus levelwhich prevented them from traveling any further throughout the original level. This may be
the primary reason it underperformed the OpenAl reward function. The ring-based reward was expected to
lead toreward farming through cycles. The agent could have learned to jump into a hazard, lose its rings,
and then quickly collect them again, accumulating arbitrary amounts of reward without completing the level.
However, this did not seem to occur, perhaps because there were not many rings near the beginning of the
level and because learning to carry out this cycle was dif cult in and of itself. We did, however, observe the
agent going backwards to collect rings that it had missed.

These results are another clear demonstration of the impact reward engineering has on reinforcement
learning. The OpenAl reward seemed to achieve high performance by encouraging the agent to travel right
without punishing it for traveling left when necessary. Under other reward conditions, the agent sometimes
got stuck against an obstacle, and did not back-track for fear of losing points. It is worth noting that the
OpenAl reward function is a blend of the in-game gudential-basedeward functions. The reward is based

on more dense milestones with the maximum traveled distance rather than current location, and as such does

SReward Farming is explained best at: https://openai.com/blog/gym-retro/
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not contain reward cycles.

[11.3.3 Neural Network Architecture

The neural network used in these experiments is split into two main components, the main body, and the split
output. The main body's architecture is designed after the architecture used by OpenAl in their competition,
which comes from [3]. The architecture, shown in Figure Il1.6, consists of three convolutional layers where
the output is rolled out into a vector and passed through a fully connected RelLU layer that reduces the size.
The layer dimensions were scaled down to t our application. The dimensions of the rst layer match that
of 1=16" the game's output screen image, 52x76x3 with a Iter size of 8x8 and stride length 4. We reduced
the image to £16" its original size to help with memory management. Without this reduction, we were not
able to store the information needed to complete a single hérizbime dimensions of the second layer are
12x18x32 with a Iter size of 4x4 and stride length 2. The dimensions of the third layer are 5x8x64 with a
Iter size of 3x3 and stride length 1. The output of the third convolutional layer is rolled out to 1152 inputs

for the fully connected ReLU layer with 512 output nodes.

Figure I11.6: The main body of the neural network used in this experiment. The structure is based on that
used in [3] and [2]. The output is fully connected to two separate outputs, the actor and critic, respectively.
Model generated using the web tool at http://alexlenail. me/NN-SVG/LeNet.html

The 512 output nodes of the main body are used as the input to the split output section. The nal output
is split to represent the actor and the critic. The actor output uses a fully connected ReLU layer to output 8
nodes, which are then scaled proportionally usingsthémaxfunction. Each of the 8 nodes represents an
action in the reduced action space described in Section I11.3.1. The critic output uses a fully connected RelLU

layer to output a single node representing the estimated value of the input observation.

A horizon is made up of one or more episodes, where the policy is not updated until after the horizon is completed. The term is
often used in the literature interchangeably with the tepach
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[11.3.4 Experiments

We ran the following experiments on Angel Island Zone 1 Act 1 of “Sonic 3 & Knuckles”. We used this
level, because it is the same level and structure for both Sonic and Knuckles. Many of the other levels have
different starting points or completely different structures for Sonic and Knuckles. By using the same level,

we simplify the problem to focus solely on character differences and not level differences.

@ (b)

Figure 111.7: Three training results run for8 million simulated steps using the (a) Sonic character and (b)
Knuckles character. The results show a large amount of variation due to the inherent randomness in using a
stochastic on-policy method. The best performing trace from (a) generated the source policy for all transfer
learning experiments.

To develop thesource policy we ran six instances of PPO training an agent. Three were trained as
Sonic and the other three were trained as Knuckles. Training was done with the hyperparameters shown in
Table Ill.1, which are the same ones used in [2]. Because of a typing error, the code ran for a longer training
time than intended. The plan was to run the training for 1e6 steps instead of up to 8e6. We kept and used the
result because the distance Sonic reached was better than anything we had previously seen. The last saved
le of the best performing Sonic Neural Network's parameters was used in the transfer learning tests as the
source policy.

The results of this training session, shown in Figure 111.7, highlight the large variance that occurs in
training agents with RL. Experiments conducted in [14] show how the variance in runs is enough to create
statistically different distributions by varying random seeds alone. To reduce that impact and make our results
more repeatable, we conducted all of our experiments using the same random seed. However, using the same
random seed in every trial does not eliminate the variance. PPO uses a stochastic policy, which is inherently
random. Actions are randomly chosen according to the output policy distribution. Since the random decisions
made by the agent impact the future training data it obtains, the trajectories can take very different paths and

converge with varying levels of success. Additionally, fatal trajectories are present in the environment. If
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Table Ill.1: PPO hyperparameters for training toairce policy

Hyperparameter Value
Horizon length 8192
Updates per horizon 4
Minibatch size 8192
Discount factor @) 0.99
Clipping factor 0.2
Learning rate 2e-4
Episode length 4500
Total steps 8eb6
Save interval 1
Load model none

the agent selects actions that result in the character's death, the episode ends early, resulting in a drop in the
accumulated reward. These random drops make the plots very dif cult to understand, so we have Itered
them using a Gaussian Iter (length 39,= 5) to better highlight the reward trend.

Two transfer learning tests were run using fin@pstart methodBoth tests used the same source policy,
but the rst trained the agent to play as Knuckles and the second trained the agent to play as Sonic. We tested
both characters to see how the transfer changed between the two characters. We expected to see the transfer
to Sonic perform better because of the matching character dynamics. Both tests were run on three instances

with the same hyperparameters, shown in Table 111.2, except for the character selected.

Table II.2: PPO hyperparameters for flaenpstart method

Hyperparameter Value
Horizon length 8192
Updates per horizon 4
Minibatch size 8192
Discount factorg) | 0.99
Clipping factor 0.2
Learning rate 2e-4
Episode length 4500
Total steps le6
Save interval 1
Load model source policy

Two transfer learning tests were run using timétation method Both tests used the same source policy,
but the rst trained the agent to play as Knuckles and the second trained the agent to play as Sonic. We tested
both characters to see how the transfer changed between the two characters. We expected to see the transfer
to Sonic perform better because of the matching character dynamics. Both tests were run on three instances
with the same hyperparameters, shown in Table 111.3, except for the character selected.

Imitation lengthand Imitation frequencyhave no mathematical reason for their selected values. The

imitation method is too theoretical to have recommended values, so we chose what we thought would work
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Table 111.3: PPO hyperparameters for tingitation method

Hyperparameter Value
Horizon length 8192
Updates per horizon 4
Minibatch size 8192
Discount factor @) 0.99
Clipping factor 0.2
Learning rate 2e-4
Episode length 4500
Total steps le6
Save interval 1
Load model source policy
Imitation length 10
Imitation frequency | 0.1

well. The imitation length refers to how many steps the agent follows the actions determined by the source
policy in succession. Imitation frequency determines how often the agent follows the source policy. With
these particular settings, the agent follows the source policy for the rst 10 steps out of every 100 steps

simulated.

lll.4 Results
Our results show an increase in learning speed for all transfer learning tests. Additionally, we saw consistent
transfers for both characters, which suggests the differences in the character dynamics were not large enough

to drastically affect the learning process. These results are discussed more in-depth below.

.4.1  Jumpstart Method

The jumpstart method showed us the expected large increase in performance at the start of the training pro-
cess, despite being used for a different character. The large dips seen in Figure 111.8.a occur when the character
ends the episode prematurely by losing a life in a region with multiple traps. This behavior was also seen in
the source policy, so it was expected. The agent does not appear to improve the policy, but instead simply
maintains the results. The ending point reached when simulating the nal policy of these learning curves

shows that the character gets stuck at the same point as the source policy.

[11.4.2 Imitation Method
The imitation method showed an increased learning speed, but was not allowed to run for long enough to
show if it might eventually surpass the source policy. The results in Figure 111.8.b show the policy changes

regularly increase the episode reward.
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@ (b)

Figure 111.8: Three training curves showing the result of transferring the source policy to an agent playing
as Knuckles using (a) the jumpstart method and (b) the imitation method. The average Knuckles baseline
result is provided in both plots for comparison. The jumpstart method (a) maintains the end results seen
using the source policy with no improvement. The large dips show the learned policy is not very safe because
the character keeps dying early, resulting in a much lower reward. The imitation method (b) shows a steady
reward increase with each update to the policy.

I11.4.3 Knuckles Results

Comparing the results of the transfer learning methods to the results of training without transfer, shown in
Figure 111.9, indicate both transfer learning methods increased the nal result. The jumpstart method had a
signi cant increase in the early results, but did not increase after that. The imitation method did not see as
large of an initial increase, but the learning speed was noticeably steeper than the baseline without transfer.

The jumpstart method resulted in the largest nal result after running for one million steps.

[11.4.4 Different Dynamics vs. Same Dynamics

In our nal results comparison, Figure I11.9, we looked at how transferring between systems with the same
dynamics (Sonid Sonic) compares to transferring between systems with different dynamics (Sonic
Knuckles). The grouping in the results suggest that the change in dynamics does not create a noticeable
effect. The lack of a noticeable effect suggests the slight differences in speed and jump height had very little
impact on the learning process.

One interesting thing to note is transferring SohicSonic using the jumpstart method is essentially
continuing the training session. Picking up right where it left off. Since the policy had already converged,
we expected the agent to maintain the same level of performance and decrease the time it takes the agent to
reach the nal position. Figure 111.9.b shows the Sohic Sonic transfer roughly maintains the same level
of performance, and our viewing of the playback supports the increased speed with which Sonic reaches the

nal position. There were more fatal trajectories than we had anticipated, but the number should decrease
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@) (b)

Figure 111.9: (a) Averaged results of all tests run (three trials each) using the Knuckles character. (b) Averaged

results of all tests run (three trials each) using both the Sonic and Knuckles characters. In both plots, the
results are limited to fewer than 1 million steps. The results suggest either the character differences were not
large enough to affect the transfer learning methods, or the transfer methods were effective at reducing the
impact of the character differences.

with more training.

.5 Summary

This project successfully implemented PPO and tested the desired Transfer Learning methods. The results
suggest there is a noticeable improvement using the transfer learning methods. More speci cally, Jumpstart
had the largest effect, but did not improve upon the source policy signi cantly, and the imitation method
increased the learning speed gradually. In conclusion, the differences between the characters were not enough
to hinder the transfer learning methods, however, more tests with the platform and with more characters are

needed to form any de nitive conclusions.
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CHAPTER IV

Zero-Shot Policy Transfer in Autonomous Racing: Reinforcement Learning vs Imitation Learning

There are few technologies that hold as much promise in achieving safe, accessible, and convenient trans-
portation as autonomous vehicles. However, as recent years have demonstrated, safety and reliability remain
the most obstinate challenges, especially in complex domains. Autonomous racing has demonstrated unique
bene ts in that researchers can conduct research in controlled environments, allowing for experimentation
with approaches that are too risky to evaluate on public roads. In this chapter, we compare two leading
methods for training neural network controllers, Reinforcement Learning and Imitation Learning, for the au-
tonomous racing task. We compare their viability by analyzing their performance and safety when deployed
in novel scenarios outside their training via zero-shot policy transfer. Our evaluation is made up of many
experiments in simulation and on our real-world hardware platform that analyze whether these algorithms
remain effective when transferred to the real-world. Our results show reinforcement learning outperforms

imitation learning in most scenaribs

IV.1 Introduction
Autonomous Racing a growing topic of interest, ranging from small-scale academic competitions (e.g.
F1/10 [56]) to full-scale competitions (e.g. Roborace, AWS DeepRacer [57] and the Indy Autonomous
Challenge [58]). These racing competitions are integral to the developménta@iomous VehiclegAVs)
as they help promote general con dence and societal acceptance of a novel emerging technology. Moreover,
they allow researchers to conduct explorations of possible solutions to dif cult scenarios such as high-speed
obstacle avoidance and other risky maneuvers that may be too dangerous to consider in urban settings [4].
Within this realm, one classical approach of constructing these systems involves a decomposition of
tasks into four main areas: perception, planning, control, and system supervision [59]. Con ning our focus
to the control of these vehicles, many platforms favor classical or model predictive control techniques for
their predictably safe performance. However, in recent years, many researchers have proposed the use of
machine learning for control tasks, as these methods have shown signi cant potential in solving optimal
control problems for highly nonlinear systems with varying degrees of uncertainty [59]. This prowess has
made these types of regimes particularly attractive for autonomous vehicle development.
One of the most successful frameworks for solving machine learning control problems haldieen

forcement LearningRL). RL is a branch of machine learning that focuses on software agents learning to

1This chapter is based on [16], portions of which are reprinted here.
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maximize rewards in an environment through experience. The general idea is similar to training a dog to do
tricks by giving it treats when it performs the desired task. Thus, an optimal controller can be synthesized
using data evaluated by key performance criteria through trial and error [60]. Many RL approaches leverage
neural networks due to their advantages in dealing with complex data. These approaches can be referred to
asDeep Reinforcement Learnirfglso referred to as RL) techniques, and recent successes such as OpenAl's
OpenAl Fiveoutperforming pro-level players at Dota 2 [7], and MicrosoftaZero[8] mastering Atari, Go,

Chess and Shogi have helped bring RL to the forefront of Al discussion.

Despite their success in numerous realms, RL approaches can be costly to train, especially as systems
become more complex and dynamic. Additionally, RL allows agents to learn via trial and error, exploring
any behaviorduring the learning process. In many realistic domains, this level of freedom is unacceptable,
thus training in simulation is standard. Therefore, the challenge becomes how to minimize the inherent
mismatches between real-world settings, and the simulation environments used to train RL agents [61].

Training agents in simulation and then deploying them on real-world hardware platforms, known as a
sim2realtransfer, is a challenging problem. In many cases, the agents do not perform as expected in the real
world, sometimes resulting in unsafe or catastrophic behavior [10, 11]. Their performance can be improved
with further training in the new environment, but that is only possible if the behavior policy is safe from the
outset. Transferring a learned policy and evaluating before any additional training is done is referred to as a
zero-shot policy transfer

In this chapter we focus on zero-shot policy transfer since active learning, i.e. learning during evaluation,
is impractical for real-time systems because updates to the neural network control policy are computationally
expensive and time-consuming. Instead, we evaluate trained policy networks as they are. This is standard
practice in industry, to deploy a trained model and release updates intermiftently.

One way to achieve high performance with a zero-shot policy transfer is by leveraging external or expert
knowledge.Imitation Learning(IL) utilizes expert demonstrations to train an agent to mimic the behavior.
Using IL, an agent can be trained to mimic a human or a complicated array of computationally intensive
classical control methods that perform optimally in different scenarios. In this way, complicated algorithms
and/or human experience can be boiled down to one neural network capable of replicating their behaviors.

While the last several years have withessed a signi cant number of approaches for addressing these chal-
lenges, there have been few in-depth empirical studies comparing the ef cacy of different learning frame-
works for learning robust agent behavior [62]. In [62], Gros et al. note that RL approaches generally outper-
form IL. However, this performance comes at a cost of signi cant reward shaping. While this work provides

an enlightening discussion, the authors consider only discrete environments and do not sidu2esa

2The rate at which these updates occur depends highly on the application.

29



challenges.

In light of the lack of empirical comparisons of IL and RL, in this chapter, we experiment with and
compareNeural Network Controller§NNCs) trained using these approaches for the control of a 1/10 scale
autonomous vehicle. The performance of these trained NNCs are compared through a number of experiments,
testing their ability to handle scenarios outside their training environment via zero-shot policy transfer. These
experiments include changing the vehicle's constant speed, adding unknown obstacles to the track, and evalu-
ating on different tracks. These experiments culminatesimerealtransfer and evaluation of the controllers
on our hardware platform.

In summary, the contributions of this chapter are:

1. We train 2 NNCs using IL to imitate a path following algorithm that effectively balances ef ciency and

safety.
2. We train 2 NNCs using state-of-the-art RL algorithms, DDPG and SAC.
3. We compare their performance in a series of zero-shot policy transfer experiments in simulation.

4. We compare their performance isian2realzero-shot policy transfer experiment.

IV.2 Preliminaries
IV.2.1 Imitation Learning
Imitation Learning (IL) seeks to replicate the behavior of a human or other expert on a given task [63, 64].
These approaches fall within the eld @&xpert Systemm Arti cial Intelligence, and in recent years the
demand for these approaches has increased substantially. The surge in interest is spurred on by two main
motivations. (1) The number of possible actions needed to execute a complex task is too large to cover by
explicit programming. (2) Demonstrations show that having prior knowledge provided by an expert is more
ef cient than learning from scratch [63].

In this chapter, we employ one of the most common methods dBéhavior Cloning which was rst
introduced to train a modi ed van to navigate paths at speeds up to 20 miles per hour [65, 66]. The work was

later replicated with an updated convolutional neural network architecture in [67] with great success.

IV.2.2 Reinforcement Learning
Reinforcement Learning (RL) is described in greater detail in Section I.2. For the work described in this
chapter, we utilize two well-known, state-of-the-art off-policy deep reinforcement learning algoigbfns

Actor-Critic (SAC) [25], and its predecessbeep Deterministic Policy GradielfbDPG) [23].
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Figure 1V.1: Visualization of our experimental F1/10 hardware platform. This platform is a one-tenth scale
RC car that has been altered to operate autonomously with the support of a sensor and compute architecture
for autonomous decision-making [4].

Iv.2.3 F1/10

For our experiments, we utilize the F1/10 simulation and hardware platform [56]. The platform was designed
to replicate the hardware and software capabilities of full scale autonomous vehicles. The hardware platform
is equipped with a standard suite of sensors including stereo cameras, LiDAR (light detection and ranging),
and inertial measurement units (IMU). The car is controlled by an NVIDIA Jetson TX2, and its software stack
is built on theRobot Operating Syste(®OS) [68]. In the Gazebo simulation environment, all the sensors
are replicated, so the transition from simulation to the real-world and back is straightforward without hours

worth of re-con guring.

IV.3 Experimental Setup

In order to make the comparisons as fair as possible, all the controllers we trained have the same neural
network architecture and are trained on Beeto track shown in Figure V.2 unless otherwise speci ed. The
trained NNCs selected for our experimental evaluations are the best performing of at least 3 NNCs trained the
same way using different random se&dadditionally, the control output has been limited to only steering

and the car travels at a constant speednafslduring training.

3The random seed used for training has a large impact on the training process and resulting policy, as demonstrated in [14, 18]
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Figure IV.2: The different tracks and the corresponding starting positions we used in our simulation experi-
ments. The bright green rectangle is the simulated car, and the blue region around it represents the full set of
range values collected by the LIDAR sensor.
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IV.3.1 Neural Network Architecture

In this chapter, we utilize a common architecture found in RL literature. The simple multi-layer perceptron
network consists of an input layer, 2 fully connected hidden layers of 64 nodes with ReLU activation func-
tions, and a fully connected output layer with a hyperbolic tandanty, activation function. The input layer
accepts nine range values collected from the LIDAR @0, 60, 45, 30,0,30,45,60,and90

from forward. The range values are clipped betwfm 10m]. The output layer provides a single value

betweer] 1;1], which is scaled up linearly for the desired steering angle betjvea# ;34 ].

IV.3.2 Training the Agents
IV.3.2.1 Imitation Learning
We trained the imitation learning agent using a procedure that is a simpli cation of the seminal work by Dean
Pomerleau, in which a neural network was trained to control an autonomous vehicle [66]. The agents in this
chapter were trained on sensor-action pairs collected during experiments where the vehicle was controlled
using a path following algorithm on the racetrack. The path we used for training lead around the middle of
the track, ensuring safe operation. The path following algorithm we utilRade Pursuit[69], does a quick
search for a waypoint that it can safely reach governed by a speci ed look-ahead horizon, it then steers the car
towards that waypoint. The pure pursuit algorithm has been used in numerous contexts and has been shown
to be a robust method for ef ciently and accurately following a path. However, the pure pursuit algorithm
requires access to accurate localization, which we did not have access to on our real-world racetrack. Using
imitation learning, we wanted to bring that same level of performance to a controller that used forward-facing
LiDAR ranges instead of localization. This was our main motivation in using this controller.

The rstimitation learning agent, IL, was trained only on data collected fronPdréo track. This makes
the training process more like what the RL agents will see, since they are also only trainedRortthe
track. The second agent, IL-3, was trained using data collected frofotthetrack as well as the two other
tracks,WalkerandBarcashown in Figure IV.2. We include IL-3 to highlight one of the main advantages of
using IL to train NNCs: any recorded data of the expert can be used for training. In both cases, the dataset
of state-action pairs was split into 70% training data and 30% validation data. The policy was then trained
with supervised learning, using Adam [70] with minibatches of 128 examples, until validation error stops

decreasing.

IV.3.2.2 Deep Reinforcement Learning
Both RL controllers, DDPG and SAC, were trained using common hyperparameters, which are provided in

Section IV.8. The agents optimize performance according to a dense reward function that assigns a positive
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reward for counterclockwise progress around the track. The reward is calculated using a reference path that
runs through the middle of the track. The value of the reward is the positive arc length between the previous
and current closest point along the path. This reward function encourages the agent to complete as many laps
as possible as quickly as possible.

We trained the agents according to their respective algorithms. We halted the training process to evaluate
performance after every 500 training steps. The performance is measured by how many laps the agent can
complete within 100 seconds. This is more than enough time to complete 2 laps in the trainin@oréok (

We chose 2 laps because completing 1 lap is not enough to show the controller is capable of completing
multiple laps. The car always starts in the same position, but may not return to the same position at the end
of the rstlap. However, the starting position of laps 2+ will be about the same. Thus, if the controller is able
to complete 2 laps, it is likely capable of completing any number of laps.

The evaluation is repeated up to 10 times, and training stops when the agent is able to complete at least
2 laps 10 times in a row. Once the agent is able to complete at least 2 laps 10 times, the training process is

halted and control policy is saved for our experiments.

IV.3.3 Evaluating Performance
We evaluate the controllers through a variety of scenarios that test their ability to maintain optimal perfor-
mance in scenarios outside their training environment. These scenarios include changing the constant speed
value, adding obstacles to the track, evaluating on a different track, and a real-world evaluation on our hard-
ware platform. We compare the performance of the controllers according to three metrics we refeadk as
distance ef ciency, andsafety
Ef ciency is calculated as the distance the car travels around the track divided by the amount of time it
took to get there. Each test runs for a maximum of 60 seconds and cuts off sooner if the car collides with
a wall or obstacle. We refer to this as a measure of ef ciency because the distance is not measured by the
direct distance the car traveled. Instead, the distance is measured in relation to the arc length of a path going
through the center of the track, which we refer to astthek distance The closer the car stays to following
the center path, the closer the ef ciency value will match the constant speed. However, if the car takes sharp
turns around the corners, the ef ciency will increase since the car covers the same track distance in less time.
Safetyis a measure of how prone to collisions the controller is at a speci ¢ track. The safety value
corresponds to the percentage of runs that ended with no collision regardless of the time or distance traveled,

i.e. if safety = 100%, there were no collisions encountered in the experiments.
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Table IV.1: Performance on Porto with and without obstacles

No Obstacles Obstacles
Algorithm  Track Distance  Efciency Safety Track Distance  Efciency  Safety
IL 121.44 1441 194 0.25 100%| 41.80 0.88 1.93 0.02 0%
IL-3 12523 0.31 2.01 0.00 100%| 40.79 0.26 1.92 0.02 0%
DDPG 142.74 10.52 2.29 0.16 100%| 40.33 0.37 2.23 0.03 0%
SAC 144.04 0.47 231 0.01 100%| 182.98 2.92 294 0.01 96.66%

Table IV.2: Performance on Porto varying constant speed

0.5m/s 1.0m/s 1.5m/s
Algorithm ~ Track Distance  Efciency ~ Safety = Track Distance  Efciency Safety Track Distance  Efciency  Safety
IL 64.73 0.36 1.04 0.01 100% | 121.44 1441 194 0.25 100%| 171.24 41.24 290 0.06 93.33%
IL-3 64.60 0.09 1.04 0.00 100% | 125.23 0.31 2.01 0.00 100%| 178.54 20.94 2.92 0.03 96.67%
DDPG 73.60 0.22 1.18 0.00 100% | 142.74 10.52 2.29 0.16 100%| 18.09 0.29 257 0.08 0%
SAC 7297 10.05 1.20 0.03 93.33%| 144.04 0.47 231 0.01 100%| 174.11 6258 3.21 0.15 80.0%

IV.4 Experiments and Results
Our experiments were designed to test the performance of both the RL and IL controllers in challenging
scenarios. The rst experiment demonstrates the ideal test conditions, evaluating in the same environment
the controllers were trained in. The following three experiments introduce changes to the environment that
test the robustness of the learned control policies, building up towards the nal experiment, deploying on the
real-world hardware platforrh.

All simulation experiments test each controller 30 times in the designated scenario. Each test lasts for a

maximum of 60 seconds, stopping early in the event of a collidion.

IV.4.1 Training Environment (Porto)

Our rst experiment evaluates the performance of the controllers in the environment they were trained in. This
provides a baseline that we can compare to as we test these controllers in scenarios outside their training. The
results in Table V.1 show all the controllers operate safely without any recorded collisions. Additionally, the

results show both RL controllers operate more ef ciently and travel further than the IL controllers.

IV.4.2 Varying Speed

In our second experiment, we explore how changing the constant speed of the car impacts performance. This
subtle change tests the robustness of the controllers with respect to a change in speed. The control policies
were trained with the assumption the car moves@inds. Moving at different speeds, especially faster than

expected, might reveal unsafe behaviors. Additionally, this experiment provides some insight into how well

4The hardware experiments are summarized at:
https:/lyoutu.be/rgVb46RMMVE

5A video summarizing the simulation experiments can be
found at:https://tinyurl.com/2bjwpcxs
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the controllers will handle aim2realtransfer. Unlike in simulation, the hardware platform can experience
uctuations in speed caused by a poorly-tuned speed regulator, wheel slippage, etc.

We tested the controllers on tiRerto track with constant speedssin=s and 15m=s. We expected the
ef ciency and track distance of the controllers to be cut in half when run at half speed. We also expected
the controllers would remain safe at half speed. For the tests at a faster speed, we expected the ef ciency to
increase by a factor of:8, but experience more collisions.

The results in Table IV.2 show that cutting the speed in half leads the ef ciency and track distance to be
reduced by about half for every controller. Since the ef ciencies and recorded track distances of the con-
trollers at 05m=s are slightly above the expected half, the controller's ef cient behaviors are more impactful
at slower speeds. Every controller except for SAC maintained their safe performance. In the one trial that the
SAC controller collided with the wall, it was during the rst left turn. The controller turned too early while
driving close to the wall, resulting in a collision.

Furthermore, the results in Table 1V.2 show that increasing the speed reduces the safety of all the con-
trollers. In our experiments, none of the controllers were safe for all evaluated runs. In particular, DDPG was
unable to complete any runs without colliding after the rst curve. However, despite the increase in collisions,
all the controllers operated more ef ciently. IL, IL-3, DDPG, and SAC saw®,11:45, 112x, and 139
increase respectively. The IL controller was the only one able to meetketrease we expected to match

the speed increase.

IV.4.3 Obstacles

Our third experiment introduces unknown obstacles, orange traf c cones, tBattte track as shown in

Figure IV.2. This experiment tests the controllers beyond what they were trained to do. Not only does the
controller have to steer the car along the optimal path while avoiding the walls, there are now additional
obstacles to avoid. Thus, it provides a measure of each controller's ability to mimic the driving task, rather
than robust pattern matching. The IL controllers failed to generalize to this scenario, and failed to complete a
single lap without a collision failing around the last cone. DDPG was similar in nature, however, it maintained
its higher level of ef ciency over the IL controllers. SAC was the only controller able to handle obstacles and
successfully navigated the cones in 96.66% of our evaluations. Interestingly, the obstacles improved SAC's
performance. The last cone on the track was positioned just right to direct the controller to steer sooner,

nding a more optimal path.
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Table IV.3: performance across different racetracks

Porto (575m) Walker (7325m) Barca (22114m)
Algorithm  Track Distance  Efciency  Safety Track Distance Efciency Safety Track Distance  Efciency  Safety
IL 121.44 1441 194 025 100%| 33.50 1.55 1.89 0.02 0% | 108.54 33.26 1.96 0.03 83.33%
IL-3 12523 031 201 0.00 100%| 123.38 0.33 1.98 0.01 100%| 124 0.29 2.00 0.00 100%
DDPG 142.74 1052 2.29 0.16 100%| 130.08 0.34 2.09 0.00 100%| 31.54 0.03 1.80 0.01 0%
SAC 144.04 0.47 231 0.01 100%| 62.64 3831 211 025 0% 2427 4.09 176 0.02 0%

Figure 1V.3: Dif cult sharp turn on Barca track.

IV.4.4 Alternate Race Tracks (Walker and Barca)
In our fourth experiment, we examined how well the controllers perform when used on two different, more
complicated tracksyValkerandBarcashown in Figure 1V.2 Walkerintroduces a choice between two paths,
which we anticipated would cause issues because none of the controllers, except IL-3, have experience with
that scenario. We also anticipated tBatrcas long straightaways and sharp turns would cause more colli-
sions for controllers trying to cut corners. The results for this experiment, and the lengths of the tracks for
comparison, are shown in Table 1V.3

On theWalkertrack, both the IL and SAC controllers were unable to consistently navigate the junction.
Instead of picking a direction to pursue, the IL controller drove the car directly into the corner of the junction
in every test while the SAC controller managed to avoid that fatal mistake in some cases, but rarely passed
it in the second lap. In contrast, the DDPG controller was able to successfully navigate the divergent track
without prior experience. Additionally, both RL controllers navigated the track more ef ciently than the 1L-3
controller, which had prior experience on the track.

On theBarcatrack, only the IL controllers were able to safely navigate the sharp turn highlighted in
Figure 1V.3. Both DDPG and SAC collide with the track wall at the sharp turn by either turning too soon or

not turning at all.

37






	ACKNOWLEDGMENTS
	LIST OF TABLES
	LIST OF FIGURES
	LIST OF ABBREVIATIONS
	I Introduction
	I.1 Motivation
	I.2 Research Challenges
	I.3 Research Contributions
	I.4 Organization
	I.5 Copyright Acknowledgments

	II Preliminaries and Related Work
	II.1 Problem Formulation
	II.1.1 Observed Markov Decision Process

	II.2 Deep Reinforcement Learning
	II.3 Deep Reinforcement Learning Algorithms
	II.3.1 Proximal Policy Optimization
	II.3.2 Soft Actor-Critic

	II.4 Safe Reinforcement Learning
	II.4.1 Safe Exploration
	II.4.2 Reward Shaping
	II.4.3 Adversarial Training/Retraining

	II.5 Run Time Assurance
	II.5.1 Explicit vs Implicit
	II.5.2 Simplex vs Active Set-Invariance Filter

	II.6 Summary

	III Sonic2Knuckles: Evaluations on Transfer Reinforcement Learning
	III.1 Introduction
	III.2 Background and Technical Approach
	III.2.1 Deep Reinforcement Learning
	III.2.2 Jumpstart, a Starting Point Method
	III.2.3 Imitation Method

	III.3 Experimental Setup
	III.3.1 Learning Environment
	III.3.2 Choosing a Reward Function
	III.3.3 Neural Network Architecture
	III.3.4 Experiments

	III.4 Results
	III.4.1 Jumpstart Method
	III.4.2 Imitation Method
	III.4.3 Knuckles Results
	III.4.4 Different Dynamics vs. Same Dynamics

	III.5 Summary

	IV Zero-Shot Policy Transfer in Autonomous Racing: Reinforcement Learning vs Imitation Learning
	IV.1 Introduction
	IV.2 Preliminaries
	IV.2.1 Imitation Learning
	IV.2.2 Reinforcement Learning
	IV.2.3 F1/10

	IV.3 Experimental Setup
	IV.3.1 Neural Network Architecture
	IV.3.2 Training the Agents
	IV.3.2.1 Imitation Learning
	IV.3.2.2 Deep Reinforcement Learning

	IV.3.3 Evaluating Performance

	IV.4 Experiments and Results
	IV.4.1 Training Environment (Porto)
	IV.4.2 Varying Speed
	IV.4.3 Obstacles
	IV.4.4 Alternate Race Tracks (Walker and Barca) 
	IV.4.5 Real-World, Hardware Platform

	IV.5 Discussion
	IV.5.1 Model Mismatch
	IV.5.2 Domain Mismatch
	IV.5.3 sim2real
	IV.5.4 Lessons Learned
	IV.5.4.1 Reinforcement Learning vs Imitation Learning
	IV.5.4.2 Low Error is Not Necessarily a Good Indicator of Success
	IV.5.4.3 General Recommendations


	IV.6 Related Work
	IV.6.1 Offline Reinforcement Learning and Inverse Reinforcement Learning
	IV.6.2 Meta Reinforcement Learning
	IV.6.3 Run Time Assurance

	IV.7 Summary
	IV.8 Hyperparameters for Experiments

	V Ablation Study of How Run Time Assurance Impacts the Training and Performance of Reinforcement Learning Agents
	V.1 Introduction
	V.2 Preliminaries
	V.3 Deep Reinforcement Learning
	V.3.1 Safe Reinforcement Learning
	V.3.1.1 Reward Shaping
	V.3.1.2 Safe Exploration
	V.3.1.3 Adversarial Training/Retraining

	V.3.2 Run Time Assurance

	V.4 Experiments
	V.4.1 Run Time Assurance Configurations
	V.4.1.1 (1) Baseline (no RTA)
	V.4.1.2 (2) Baseline punishment
	V.4.1.3 (3) RTA no punishment
	V.4.1.4 (4) RTA punishment
	V.4.1.5 (5) RTA Corrected Action
	V.4.1.6 (6) Neural Simplex Architecture (NSA)

	V.4.2 Environments
	V.4.2.1 Inverted Pendulum
	V.4.2.2 Spacecraft Docking 2D & 3D

	V.4.3 Hyperparameters

	V.5 Results and Discussion
	V.5.1 Do agents learn to become dependent on RTA?
	V.5.2 Which RTA configuration is most effective?
	V.5.3 Which RTA approach is most effective?
	V.5.4 Which works better with RTA, off-policy (SAC) or on-policy (PPO)?
	V.5.5 Which is more important, Reward Shaping or Safe Exploration?

	V.6 Summary
	V.7 All Experimental Results From Ablation Study
	V.7.1 Pendulum Implicit Simplex
	V.7.2 2D Spacecraft Docking Explicit Simplex
	V.7.3 2D Spacecraft Docking Explicit ASIF
	V.7.4 2D Spacecraft Docking Implicit Simplex
	V.7.5 2D Spacecraft Docking Implicit ASIF
	V.7.6 3D Spacecraft Docking Explicit Simplex
	V.7.7 3D Spacecraft Docking Explicit ASIF
	V.7.8 3D Spacecraft Docking Implicit Simplex
	V.7.9 3D Spacecraft Docking Implicit ASIF


	VI Training Agents to Satisfy Timed and Untimed Signal Temporal Logic Specifications with Reinforcement Learning
	VI.1 Introduction
	VI.2 Preliminaries
	VI.2.1 Signal Temporal Logic
	VI.2.1.1 Quantitative Semantics
	VI.2.1.2 Horizon Length


	VI.3 Examples
	VI.3.1 Pendulum
	VI.3.2 CartPole

	VI.4 Our Approach: STLGym
	VI.4.1 Computing the Robustness Degree
	VI.4.2 Allowable Specifications
	VI.4.3 Calculating Reward
	VI.4.3.1 Dense vs Sparse


	VI.5 Example Case Studies
	VI.5.1 Sparse vs Dense Reward
	VI.5.2 STLGym is Algorithm-Agnostic
	VI.5.3 On Separating Specifications and Scaling
	VI.5.4 Retraining With New Goal
	VI.5.5 Learning a Timed Specification

	VI.6 Related Work
	VI.6.1 Quantitative Semantics
	VI.6.2 Reward Machines

	VI.7 Summary
	VI.8 Reinforcement Learning Hyperparameters
	VI.8.1 Pendulum
	VI.8.2 CartPole


	VII Conclusions
	VII.1 Summary
	VII.2 Future Work
	VII.2.1 Continuing and Expanding Ablation Study
	VII.2.2 Further Development with STLGym
	VII.2.3 More sim2real Demonstrations
	VII.2.4 Other Uses for RL


	VIII List of Publications
	IX List of Presentations
	IX.1 Poster Presentations
	IX.2 Research Talks

	 BIBLIOGRAPHY 

