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Multi-Task Reinforcement Learning: From Single-Agent to Multi-
Agent Systems

Matthew L. Trang

(ABSTRACT)

Generalized collaborative drones are a technology that has many potential benefits. Gen-
eral purpose drones that can handle exploration, navigation, manipulation, and more without
having to be reprogrammed would be an immense breakthrough for usability and adoption of
the technology. The ability to develop these multi-task, multi-agent drone systems is limited
by the lack of available training environments, as well as deficiencies of multi-task learning
due to a phenomenon known as catastrophic forgetting. In this thesis, we present a set of
simulation environments for exploring the abilities of multi-task drone systems and provide
a platform for testing agents in incremental single-agent and multi-agent learning scenarios.
The multi-task platform is an extension of an existing drone simulation environment written
in Python using the PyBullet Physics Simulation Engine, with these environments incorpo-
rated. Using this platform, we present an analysis of Incremental Learning and detail the
beneficial impacts of using the technique for multi-task learning, with respect to multi-task
learning speed and catastrophic forgetting. Finally, we introduce a novel algorithm, Incre-
mental Learning with Second-Order Approximation Regularization (IL-SOAR), to mitigate
some of the effects of catastrophic forgetting in multi-task learning. We show the impact
of this method and contrast the performance relative to a multi-agent multi-task approach

using a centralized policy sharing algorithm.



Multi-Task Reinforcement Learning: From Single-Agent to Multi-
Agent Systems

Matthew L. Trang

(GENERAL AUDIENCE ABSTRACT)

Machine Learning techniques allow drones to be trained to achieve tasks which are otherwise
time-consuming or difficult. The goal of this thesis is to facilitate the work of creating these
complex drone machine learning systems by exploring Reinforcement Learning (RL), a field
of machine learning which involves learning the correct actions to take through experience.
Currently, RL methods are effective in the design of drones which are able to solve one
particular task. The next step in this technology is to develop RL systems which are able
to handle generalization and perform well across multiple tasks. In this thesis, simulation
environments for drones to learn complex tasks are created, and algorithms which are able
to train drones in multiple hard tasks are developed and tested. We explore the benefits of
using a specific multi-task training technique known as Incremental Learning. Additionally,
we consider one of the prohibitive factors of multi-task machine learning-based solutions, the
degradation problem of agent performance on previously learned tasks, known as catastrophic
forgetting. We create an algorithm that aims to prevent the impact of forgetting when
training drones sequentially on new tasks. We contrast this approach with a multi-agent

solution, where multiple drones learn simultaneously across the tasks.
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Chapter 1

Introduction

Collaborative drone, or unmanned aerial vehicle (UAV), technology has been rising in impor-
tance over the past decade and has been used in a variety of domains. Examples of UAV use
can be seen in their applications for wildfire monitoring [1, 2, 3, 4], agricultural monitoring
[5, 6], autonomous mapping [7, 8], and traffic monitoring [9]. Drone and UAV technology
has become ubiquitous, with new applications for the technology arising constantly. How-
ever, one limiting factor of UAV technologies is that the development of these autonomous
systems is difficult, and with the rise in potential applications, an approach to these sys-
tems which can generalize to different tasks is growing increasingly important. Advances in
Reinforcement Learning (RL) have shown promise in demonstrating viability of the method
to generate solutions to these complex systems. Reinforcement Learning is a method to
create Artificial Intelligence (AI) agents which are able to choose the optimal actions to take
in an environment to maximize the accumulated reward throughout an experience. With
RL, complex drone systems have been successfully trained to accomplish tasks such as safe
coordinated path-planning and navigation [10, 11, 12}, field coverage [13], and drone-based
delivery [14]. These RL approaches are designed to do well in one singular task. In order
to consider general purpose drones, we explore the field of Multi-Task Reinforcement Learn-
ing (MTRL), which aims to create an RL agent which can generalize and apply knowledge
across different tasks. Approaches to Multi-Task Reinforcement Learning include algorithms

such as MT-Opt [15] or IMPALA [16], learning techniques such as curriculum learning [17]
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or incremental learning [18], and many other innovations, such as gradient surgery [19], or

Hindsight Experience Replay [20].

While MTRL shows significant promise in creating general task drone agents, MTRL does
have a few significant limitations. One of these downfalls is that MTRL agents can encounter
a problem known as catastrophic forgetting [21]. When agents undergo training, the learning
process causes agents to occasionally forget what to do in an old task or scenario. This means
that to train an RL agent on multiple tasks we risk overwriting information for the previously
learned tasks. In scenarios where multiple policies can be stored, one option to avoid this
problem could be to train the agent on each environment and store different policies for each
task. However, this approach does not scale well and would be impossible in memory-limited
scenarios. Thus, we study a solution to the catastrophic forgetting problem in cases where
the agent uses only a single policy that can learn a new task without forgetting previous
tasks, i.e., a restricted variant of incremental learning. With catastrophic forgetting in mind,
we investigate methods of multi-task learning which can mitigate this issue. Additionally,
we analyze how these training methods can benefit learning speed in general. In this thesis,

we focus on approaching multi-task learning in the domain of navigational drones.

1.1 Goals and Objectives

In this thesis, an attempt at solving the catastrophic forgetting problem is made through the
use of an algorithm we refer to as Incremental Learning with Second-Order Approximation
Regularization (IL-SOAR). Incremental Learning (IL) is the process of learning different
tasks sequentially, while using information, generally the policy, from previous tasks to con-
tinue learning. The IL-SOAR method is based on the concept of using a second-order Taylor

series expansion to represent the previous environments, allowing us to simulate testing our
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performance in an approximation of the previous environment, similar to rehearsal methods

[22).

This approximation is required as we aim to solve multi-task learning in a setting where
we cannot access old environments after moving on and do not store training information
from the previous environments in the form of trajectories or episodic buffers. We impose
this restriction as it is generally difficult and costly to test over different environments, as it
would require simulating all environments and would increase computation time and stor-
age requirements. While our technique does increase the amount of computational storage
needed to train an agent compared to a generic IL approach, we are able to restrict our
method to require a constant amount of memory for learning new environments regardless
of the number of additional tasks we learn. We test the effect of our technique in mitigating

catastrophic forgetting when compared to generic reinforcement learning.

We also study a multi-agent training scenario where multiple agents can train simultaneously
in each of the tasks in question. While a multi-agent solution to the catastrophic forgetting
problem violates the restriction on environment access and memory storage we place on the
single agent case, the information is still useful as an comparison for optimality of the single
agent case. The multi-agent scenario is trained using a centralized approach, where each
agent trains in one for some amount of time to update its policy, then all the policies are
aggregated, averaged, and redistributed to the agents by some fully-omniscient controller.
This approach to multi-agent RL is known as Policy-Sharing, or Parameter-Sharing MARL
23].

In this thesis, we also study the statistical benefits of incremental learning in terms of training
speed, to see if training an agent using incremental learning is more efficient than training
a brand-new agent from scratch. We consider the benefits and detriments of incremental

learning in a scenario where environments are increasing gradually in difficulty. We hope to
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corroborate other research which shows that incremental learning or curriculum learning is

beneficial in multi-task scenarios [24].

Lastly, we present a simulation framework for the testing and development of multi-task and
multi-agent reinforcement learning. The simulation framework is an extension of the work
done previously by Panerati et al. [25], who developed a multi-agent reinforcement learning
environment called gym-pybullet-drones. Changes were made to include additional testing
environments and configurable reward and termination scheming through configuration files
for rapid RL development. The set of custom environments includes both multi-agent RL
tasks and single-agent RL tasks. The code for the updated simulation framework can be

found at https://github.com/trangml/multi-task-pybullet-drones.

1.2 Applications

As stated earlier, reinforcement learning for drones can be applied to a multitude of tasks,
and with additional research in the field, we can achieve drones which are applicable to
multiple tasks at once. Here, we present two applications of drone technology that drones

could assist in.

1.2.1 Remote monitoring of wildfires using drones

Wildfires can cause disastrous amounts of damage to society and have recently become more
frequent [1]. To protect against wildfires, it is important to monitor the fronts on which the
wildfires may be spreading. One option to do so is the use of autonomous drones, which are
able to stay above the dangerous flames and keep track of the fire boundaries until a team

of firefighters can respond. Fires are generally unpredictable, thus designing an autonomous
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drone system that can take action to avoid damage from the fires is a particularly difficult
task. With RL, robust monitoring technologies could be made, and with some form of
communication, a swarm of drones could potentially monitor a vast area of the wildfire

3, 26].

1.2.2 Autonomous mapping of urban areas

There are multiple contexts where mapping is a valuable task for drones to conduct, such as
in a military scenario, disaster relief, and search and rescue. A swarm of drones is a good
solution to these types of scenarios as they can cover a larger area than a team of humans
and also reduce the risk significantly. For example, prior work in autonomous mapping [7]
has led to UAV systems which are able to fly and monitor buildings to determine heat loss
in order to maximize energy savings. A collaborative system of drones would can increase

the speed at which such mapping takes place [§].

1.3 Challenges

Applying multi-task reinforcement learning to the domain of drones is challenging as the
domain has continuous states and actions in a three-dimensional space and has policies that
lead to unrecoverable states. This makes it difficult to find an optimal stationary state
distribution [25]. The problem of catastrophic forgetting is also difficult to solve due to the
complex, interconnected nature of deep neural networks and the backpropagation algorithm
[21]. Applying RL to multi-agent systems also presents a plethora of difficulties because the
problems for each agent become only partially observable, as the actions the other drones may

take are unknown. Overall, the multi-task drone learning problem is particularly difficult,
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which is one reason why the incremental learning approach taken in this research may be

particularly effective.

1.4 Contributions

In summary, for this project, the following contributions are presented

o Simulation Environment:
1. Training pipeline and environments for drones on a variety of single-agent and
multi-agent navigational tasks.

2. Configurable reward and termination schema for rapidly testing new environ-

ments.
3. Combined RGB and kinematic observation space as inputs to the agents neural
networks.
o RL agent training techniques:
1. Demonstrations of the statistical impact of using incremental learning on the
training time across tasks with increasing difficulties.

2. Analysis of the impact of training an agent with incremental learning and incre-

mental learning with SOAR on catastrophic forgetting.

3. Analysis of the effectiveness of multi-agent centralized learning on multi-task

learning.

We now provide background for our investigation of the following research questions:
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« What is the statistical effect of incremental learning on training time using PPO?
Additionally, does training using incremental learning on PPO speed up overall learning
time when the tasks are incremental in difficulty, i.e., each task covers the same goal,

but becomes slightly harder than the previous?

o What are the impact of incremental learning and incremental learning with SOAR
on catastrophic forgetting in multi-task scenarios? How do multi-agent centralized

learning methods perform on multi-task scenarios?



Chapter 2

Background

2.1 Markov Decision Processes

The concepts of this research are dependent on the mathematical properties of stochastic
environments which are governed by a Markov Decision Process (MDP). A MDP is a model-
ing framework that defines how the transitions of states occur within an environment that is
being acted upon by an agent and what response the agent receives for each transition [27].
Many problems can be considered to fall under the frameworks of MDPs, which provides us

with the following mathematical formulations to solve them.

2.1.1 Mathematical Formulation of MDPs

For Markov Decision Process problems in RL, we generally define the scenario as part of an
infinite-horizon problem. We represent these with the tuple (S,.A,P,r,~), where S is the
state space, A is the action space, P is the transition probability matrix that specifies the
next state given the current state and action, r is the reward function that maps a reward

value to the specific transition, and v € (0, 1) is the discount factor for future rewards.

The MDP tuple is interacted with by a policy, 7, which is the mapping from 7 : § — A. More
specifically, the policy represents the probability distribution 7(-|s) over the set of actions

A. Given some policy, we can determine the value function, V™(s), as a representation of

8
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the long-term reward of following the policy from some state s.

The value function measures how good a state is overall, by factoring the current state and
action as well as a prediction of future rewards, generally done by computing a discounted

return of steps in the future. This is expressed as,

V7 (st) = Equnlr(s,a)] + Z Pssr(m(als))V7(s") (2.1)
s'eS
V™(s) = ]E[Z Yo (s, ar)|so = s, ap ~ 7(-|5k), Skats Sk1 ~ P (|5, ar)]. (2.2)
k=0

Similarly, we can denote the Q-function, which is the state-action value function Q) : Sx A —

R represented by Q7 (s, a), as

Q™ (s¢,a4) = ]E[Z Yor(sw, ax)|so = s, a0 = al. (2.3)

k=0

Equation 2.1 is also known as the Bellman equation for RL [28], and it represents a recursive
dependency of the expected value of the current state, V™ (s), on the expected values of
the next possible states, V7 (s'). This allows us to use the Bellman equation as an iterative
update to estimate the value function. We know that due to the Fixed-point theorem, the
Bellman equation will eventually converge to a unique V™, and that this convergence point
is an optimal policy, which we denote as 7*. Thus, we have the following equations for the

Bellman optimality equation for the value and Q-value functions.

V*(s) = max E[r(s,a)] +~ Z P (a)V* (). (2.4)
s'eS
Q*(s,a) =r(s,a) +~ Z Pssi(a) max Q' (s',d). (2.5)

s'eS
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2.2 Reinforcement Learning

Reinforcement Learning is a subset of Machine Learning where an agent must learn a set
of behaviors by interacting in an unknown environment [29]. In RL, an agent in any given
state uses its policy to choose an action to take based on the observed state and receives
a reward from the environment for doing so. This action also causes the agent’s state
observation to change, as dictated by the environment dynamics. The reward tells the agent
how "good” the action it performed was at the previous state. This process continues, with
the agent repeatedly taking actions and receiving rewards, until the environment terminates,
or the agent reaches a goal state. Reinforcement learning uses the output reward from the
environment to update the agent’s policy and progress toward the optimal policy in an
environment. Essentially, reinforcement learning allows an agent with no prior information
about the environment to learn a strategy about how to interact with the environment and
maximize the accumulated rewards throughout its interactions [30, 31, 32]. In Figure 2.1, a

simplified model of RL interaction is illustrated.

One of the key aspects of reinforcement learning is that RL problems follow the properties
defined by an MDP. Crucially, this means that there is some optimal policy that can be
achieved by leveraging Bellman’s Equation, as described above. This is the foundation for
many of the theorems and proofs regarding the optimality and convergence of RL, and is
the basis for the value iteration and policy iteration approaches to solving RL problems [29].
This has led to the traditional RL field, which has typically consisted of tabular methods
or linear function approximator to estimate the action-value function. This is expanded on

and made more capable by Deep Reinforcement Learning.
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Actions

A4

[ Agent ] [ Environment J
A

States
Rewards

Figure 2.1: Simplified Reinforcement Learning interaction loop
2.2.1 Deep Reinforcement Learning

Deep Reinforcement Learning (DRL) is an extension of RL which uses a deep neural network
to do the function approximation for aspects of the RL problem which are difficult to model,
such as the policy [33]. In many practical problems, most MDPs have high-dimensional state
spaces which makes it difficult to solve using traditional RL. Most modern advancements
in reinforcement learning are in DRL, as the usage of deep neural networks as function
approximators has allowed RL algorithms to solve several major problems. One of the
first critical breakthroughs of DRL was when the Deep Q-Network algorithm was used to
solve Atari games [34]. Since then, deep reinforcement learning has been used to solve
problems such as Chess, Go, StarCraft II, and many more [32, 35, 36, 37, 38]. Many different
reinforcement learning algorithms exist, but for this project, we focus on policy gradient

methods.

2.2.2 Policy Gradient

Policy gradient methods are one of the main approaches to achieving a policy with maximizes
the expected return in an environment. Policy gradient methods refer to reinforcement

learning algorithms that store and update a policy as opposed to storing and updating
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values of a state [29]. These methods generally keep a model of the policy as a parameterized
function with respect to 0, mg(als). This policy is then updated by calculating a gradient with
respect to the reward function and then using gradient ascent to update the parameters of the
policy to approach an optimal stationary point. Some examples of Policy Gradient-based
RL algorithms include REINFORCE [39], A2C [40], Deep Deterministic Policy Gradient
(DDPG) [41], and Proximal Policy Optimization (PPO) [42]. A commonality behind many
of these techniques is that they use estimates of the gradient of the policy, then use this
value in stochastic gradient ascent or descent algorithms like Adam or AdaMax [43]. We
know that by using these gradient methods, we can find the optimal policy by finding the

stationary point via the gradient domination condition,

1

= 7(7T — IV f (). (2.6)

f(m) = f(@) S

Thus, we can solve policy gradient methods using policy iteration to approach the optimal

policy. Because 7 is parameterized by 6, we can represent our objective function f(m) as
f(0).

Beginning with the equation for the objective function, which represents the function which

we want to maximize, we have
1(6) = [logmy (a, | 51) Ao (2.7)
which we can differentiate with respect to € in order to get
Vf(0)=E,|Vglogmy (as | s¢) Al (2.8)

In this, A, is an estimator of the advantage function at timestep ¢, where the advantage
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function is defined as

AT (84, a1) = Q7 (s, a) — VT (sy). (2.9)

Thus, to optimize the policy, we can use this gradient to update the policy parameters

Opr1 = O + Vo f(Or). (2.10)

Policy gradient methods use this update to iteratively progress towards an optimal policy.

We discuss REINFORCE and PPO, two policy gradient reinforcement learning algorithms.

2.2.3 REINFORCE

Here we discuss one of the earliest policy gradient methods, REINFORCE [39]. REINFORCE
is also known as Monte-Carlo policy gradient, as it requires an agent to generate a full

trajectory of an episode to then be optimized using the policy gradient theorem.

Algorithm 1: REINFORCE, Monte-Carlo Policy Gradient
Data: a differentiable policy parameterization my(a|s), a learning rate a > 0
Initialize 6 arbitrarily
for each episode {sy,ai,rs,...,sr_1,ar_1,77} ~ ™o dO
fort=1toT —1do
G Zfzm 7y,
0 < 0+ ay'GVyInmy(se, ay)
end

end

The algorithm samples a trajectory based on the current policy, uses this data to perform an
update on the gradient, then discards the collected trajectory. This results in an algorithm
with poor sample efficiency. Additionally, as the trajectories the agent follows can change
very rapidly with any update, the accumulated reward of each trajectory will have high

variance, causing the algorithm to experience instability. These issues cause the algorithm
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to be impractical for most use cases, and other modified policy gradient approaches which

improve upon these deficiencies have become more common.

2.2.4 Proximal Policy Optimization

The Proximal Policy Optimization (PPO) algorithm is a model-free reinforcement learning
algorithm that aims to solve some of the issues of REINFORCE [42]. PPO is a policy
gradient method based on an algorithm called Trust Region Policy Optimization (TRPO)
[44], where the goal is to update the policy in a restricted manner so as to remain close to
a known policy. TRPO is not commonly used due to its computational requirements and
dependency on the natural gradient, however, the concept of constraining policy updates
with a KL divergence policy was proven effective. Thus, PPO simplifies the algorithm by
using a clipping method to limit the amount it changes the policy at each step. Additionally,
by using the advantage as the estimator for the return instead of the Q-function or value
function, the agent can assess if an action was better or worse than expected, thus addressing
some of the credit assignment issues other algorithms may face. This method also helps to
reduce variance, as the advantage is always relative to a learned baseline in the Q-function.
Lastly, to improve the sample efficiency, PPO can learn on a batch of data multiple times
by using an importance sampling term to determine the weight that old samples can effect

the new policy [45].

PPO can be formulated as follows, as described in Schulman’s paper. We denote the prob-

mo (atst)
Moo 1q (@tlse)”

ability ratio between old and new policies as, r;(0) = The restricted update of
PPO aims to keep this probability ratio within a small interval in order to achieve stability.

Thus, we have the following objective function for the policy of PPO

FPPO () =E [mm (r(e)/i,,old (s,a), clip(r(0),1 — e, 1 + ¢)Ag_,, (s, a))] . (2.11)
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Where Ag(s, a) is an estimator of the advantage function, and the function clip(r(6), 1—e, 1+
€) clips the input ratio between 1 4 ¢ and 1 — €, where € is some constant. The minimum
operator makes it so that the smaller value of the original value and the clipped version is

used to enforce controllable policy updates.

PPO is well known for ease of use and effectiveness in a variety of cases without having to
perform excessive hyperparameter tuning. Generally, without performing hyperparameter

tuning, PPO achieves better performance than other policy gradient algorithms such as

DDPG and REINFORCE [42].

Since its creation, PPO has been one of the mainstay algorithms for generic single-agent
reinforcement learning use cases, included in the UAV domain. For example, PPO has
previously been used to train UAV attitude control [46]. In other works, PPO has been
shown to be surprisingly effective when applied to multi-agent scenarios [23]. PPO-based
algorithms have demonstrated robustness to environment nonstationarity common in multi-
agent problems [47]. Thus, for the research we cover in the thesis, we use PPO as our main
RL algorithm, for both the single-agent tests and as the training algorithm for the centralized

multi-agent learning scenario.

2.3 Catastrophic Forgetting

Catastrophic forgetting is the phenomenon where an agent forgets how to solve a state that
it was previously able to solve. The issue arises when an agent has to learn more information,
and the new learning completely erases or invalidates previously learned information. The
phenomenon has been a well-known issue in machine learning, being described as early as

1969 [48], however, the issue still plagues deep neural nets.
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This catastrophic forgetting behavior of Deep RL agents is contrary to the way that the
human mind works, and one of the main limitations preventing RL from achieving a gen-
eralized agent. For example, a human who has learned to ride a bicycle remembers how
to ride, even after a significant amount of time and learning different tasks. Catastrophic
forgetting makes it prohibitive for an RL agent to continuously learn new functions, as the

agent would be unable to go back to solving the old functions without retraining once more.

There are many previous attempts to solve the problem of catastrophic forgetting in gen-
eral machine learning. Approaches to solve the catastrophic forgetting problem with more
advanced replay methods, new model mechanisms, and regularization factors like maximum
entropy regularization or incremental iterative regularization are just a few of the previous

attempts to solve the problem which can be found in the literature [49, 50, 51, 52, 53].

Other work has created benchmarks to measure catastrophic forgetting, as well as make
comparisons between mechanisms such as regularization, ensemble methods, rehearsal, dual-
memory, and sparse-coding as attempts to reduce the effects of catastrophic forgetting in
deep neural networks for classification tasks. These methods were tested on incremental

class learning for the supervised learning problem [54].

Similar work uses a separate memory system to represent continual task learning and re-
inforcement learning processes, as well as a pseudo-rehearsal system that generates repre-
sentations of previous tasks using a deep generative network [22]. This allows the agent to
continuously learn while not forgetting, but also without having increasing memory require-
ments for each task, having to store data generated from previous tasks, or revisiting prior

tasks.

For reinforcement learning problems, the goal of solving catastrophic forgetting has been

explored through training techniques such as elastic weight consolidation augmentation,
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and training using algorithms designed for multi-task RL in experiments [55, 56]. These
results have been shown to benefit training and reduce the impact of catastrophic forgetting.
This approach is the most similar to our approach in the IL-SOAR algorithm, however,
our augmentation technique does not use elastic weights, and instead uses environment

approximations which we will describe the details of later.

2.4 Multi-Agent Reinforcement Learning

Humans demonstrate intelligence in a multitude of tasks and scenarios, not only due to
our ability to learn by experience, but also by cooperation through sharing some form of
information with others, by means of sharing methods of solving something, ideas about
a problem, or instantaneous knowledge. The goal of Multi-Agent Reinforcement Learning
(MARL) is to draw upon similar concepts to achieve performance greater than independent
agents which do not cooperate during learning [57]. MARL systems refer to any RL problem
where there are multiple agents which learn to take actions in a shared environment. The
agents can interact with each other or can each have separate roles. An example of a MARL
scenario could be a drone swarm which has to explore an area as a team. In such a scenario,
all the drones must have the ability to learn to explore the areas. This means that for each
drone, a policy could be learned. This policy could either be shared or learned individually.
There are many different techniques to train multi-agent systems, such as having a central
controller for all the agents, having each agent have individual policies, or hybrid methods,
for example, techniques where agents each have a policy but share some policy weights [58].
Collaborative drone tasks can be considered multi-agent systems, as each drone would take

an action.

Recent developments in MARL have included agents which can collaborate to play real-time
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strategy games [37, 47, 59], autonomous driving and navigation [60, 61], autonomous drone
field coverage [13], and card games [62]. MARL has some critical barriers, as the increase in
agents leads to a much higher computational complexity, and the interactions between agents
can cause the Markov properties of the environments they interact within to be invalidated.
Furthermore, additional challenges such as partial observability and credit assignment are
involved in MARL settings. Thus, steps have to be made to ensure that MARL algorithms
can handle these challenges. Some well-known MARL algorithms include QTRAN [63] and
QMIX [64].

Within the field of multi-agent RL, algorithms are generally classified based on of the train-
ing schemes they used, for example, centralized training methods and decentralized training
methods. In centralized training methods, there exists some centralized point that is able
to communicate with all of the individual agents, similar to the client/server model of co-
ordination. The server uses information from each of the client agents, effectively causing
the policies of any one agent to be impacted by all the agents [65]. In decentralized train-
ing methods, the policies of the agents are impacted by not all other agents, and instead,
information is only shared between agents in local networks. In a decentralized learning
scenario, there is no central server that communicates with every agent at once. However,
there can be some shared communication between agents within their local networks [66].

In this project, we focus on centralized MARL settings.

2.4.1 Centralized Multi-Agent Reinforcement Learning

Centralized MARL is based on the ability to share learned policies or episodes among agents,
which has been shown to contribute to expedited learning [67]. In centralized MARL, each

individual client agent must communicate some information back to the central server. The
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earliest approaches to multi-agent reinforcement learning explored three main ways of com-
munication. The first was sharing instantaneous information such as the state, action, and
reward at any specific timestep. Second, agents could share experience replay information
or full trajectories of episodes. Lastly, agents could share learned policies. Since then, ap-
proaches to centralized MARL have explored variations of these communication techniques,
with work done to share only specific parameters [68], policies [33], and other combinations
showing merit. In our approach, we share policies of the agents, which results in the least

amount of communication needed.

2.5 Multi-Task Reinforcement Learning

Multi-Task Reinforcement Learning (MTRL) refers to agents being able to generalize around
different tasks. A generalized RL agent is an agent which is capable of performing multiple
different things without having to be retrained or relearn weights [69]. For example, a well-
trained general drone would be able to perform both a navigation task and a surveying task.
One problem with the most commonly successful RL solutions of the past is that most RL
results have been when a single agent learns to master a single task. To train an agent for
a new task using traditional RL, oftentimes the training process is restarted from scratch,
with each new task requiring a large amount of training time, computation, and data. This
single-task limitation of RL is one of the main drawbacks of the field and falls behind the
ability of humans to quickly learn and generalize to new tasks [70]. Improving the capabilities
of RL agents to learn and adapt to multiple tasks is a key step in achieving generally useful

AT, and general purpose drones [71].

MTRL algorithms have agents train in multiple tasks or environments and continuously learn

new behaviors throughout training [69, 72, 73]. These different tasks could have different
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goals but should have some similar characteristics or behaviors. For example, in other
previous work, multi-task learning has included multi-armed bandits each with different
reward probabilities, or mazes that all have different solution paths [74]. The intuition
behind multi-task reinforcement learning is that within different simulation environments,
there are shared aspects that an agent should be able to transfer over. For example, for
a drone that is being trained to handle the task of exploring a room versus exploring the
outdoors, the ability to fly should be retained between environments, similar to ideas used

in previous robotic grasping work [75].

Some approaches to solving multi-task RL include using specifically designed algorithms,
general learning techniques, or methods of imparting multi-task knowledge through param-
eterization or regularization. One algorithm for solving the problem is IMPALA [16], which
uses importance weighting and decoupled acting and learning in order to perform well for
generalization. However, in IMPALA, multiple tasks are learned in parallel, with separate
learners allocated to each task. Similarly, MT-Opt is another learning method designed to
handle multiple tasks, specifically for a robotics setting [15]. However, the algorithm relies
on human examples, as well as storing data from continuous learning. This requires record-
ing trajectory data for a specific task and carrying the trajectory data throughout learning,
which can become restrictive and requires large data storage capabilities. Other approaches
include representing the MDPs of different tasks within a hierarchical Bayesian infinite mix-
ture model to represent shared characteristics of new environments [76]. Another learning
paradigm for multi-task learning is Scheduled Auxiliary Control, which aims to use active

scheduling to make agents explore [77].

Another method is to performing routing to determine which parameters are used for specific
tasks [78], and performing gradient surgery to project gradients onto each other to detect

conflicts [19]. Beyond these methods, training strategies can play a significant impact on
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the ability of agents to learn multiple tasks [79]. These training strategies include transfer

learning and curriculum learning, which we expand on later.

2.5.1 Mathematical representation of RL for a multi-task system

To represent the mathematical formulation for MTRL training, we utilize the descriptions
presented by Zeng et al. [72]. In their paper, which focuses on decentralized policy gradient
methods for multi-task learning, the authors present a formulation for the multi-task RL

problem which holds regardless of decentralized learning or centralized learning.

We formalize the MDP with N tasks by using ¢ to denote each task in N, with the tuple
revising to (S;, A;, Pi,ri,7:). Thus, for the multi-task system, the goal is to maximize the

accumulated discounted rewards for each of the tasks as follows

P1
maXV (73 p) ZV” pi), p=1+:1. (2.12)

PN

In this equation, p; is an initial state distribution over S;.

In instances where each task has its own optimal policy, 7}, these policies would be those
which maximize each respective value function, V;". However, to store an optimal policy
for each environment ¢ would increase the storage requirement to scale linearly with N. We
explore a system where each agent shares a policy that we define as 7, and try to optimize
the system over all agents to reach 7*, which is the most optimal over Equation 2.5.1. Thus,

given this restriction, we can make our goal to find the single policy which optimizes the

aggregate rewards by solving

max f(r Z fi(x (2.13)
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where fi(r) is the objective function for each task, and f(7) is the overall objective of the

MARL problem.

2.6 Transfer Learning

Having established the formulation for the problems and algorithms, we have set the back-
ground to discuss our overall learning techniques. Transfer learning for deep learning is when
a model which was already trained is used to bootstrap training for another domain. The
goal of transfer learning is to utilize the successfully trained network to perform knowledge
transfer to the new domain and thus improve the learning performance [80, 81, 82]. Work
done to study the process of multi-task reinforcement learning in humans have demonstrated
that transfer learning is one method which humans use to generalize knowledge to solve new

tasks [70]. Thus, we study transfer learning as it applies to this case.

The transfer learning process could include freezing some layers of the old model to train on
top of it, using only limited steps, or any number of different techniques [82, 83]. Transfer
learning could be used as one approach which addresses adapting to multiple tasks, however
generic transfer learning usually does not have the goal of applying to the original distribution

after retraining.

The literature for transfer learning is vast, but in this paper we mention a few of the ad-
vancements of transfer learning for reinforcement learning. Algorithmic approaches such
as Actor-Mimic have attempted to solve the multitask learning problem by using transfer

learning with agents learning in each task simultaneously with guidance [84].

In the drone domain, transfer learning has been explored in a number of other papers as

well. A transfer learning based approach is used to reduce on-board computation of resource
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constrained edge node drones in work [12]. Transfer learning has been used as part of

simulation to real world transitions for quadcopters, with proven effectiveness in the real

world [85].

2.7 Incremental Learning

We consider incremental learning, or curriculum learning, to be a multi-task reinforcement
learning scenario where the tasks are learned sequentially to achieve a final difficult task. In
this, a single agent trains and updates its policy on one task, then after a certain amount of
training is given the next task to learn. This next task is a slightly more difficult version of

the previous, and this process continues until we reach the final task [17].

Incremental learning can be considered a specific form of transfer learning, where the trans-
ferring environments conform to certain restrictions. Prior work in exploring the field has
indicated empirically that when using an incremental curriculum, a significant boost in con-
vergence speed is observed. Similar improvements are seen in generalization abilities [24].
Successful incremental learning could be considered as one of the key steps to achieving
continual reinforcement learning, which is a requirement for agents which are able to learn

and adapt to tasks in the real world [86].

Prior successes in area have shown that incremental reinforcement learning can be used
to design multi-agent systems for toy gridworld environments [18]. By doing so, some of
the effects of problems of multi-agent computational explosion, credit assignment, and par-
tially observable environments can be reduced. However, despite this incremental learning

continues to suffer from catastrophic forgetting.

Research has been done to explore avoiding catastrophic forgetting in incremental learning
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through using an end-to-end training framework [87], and by incorporating concepts such
as distillation loss [49]. Other work has been done to achieve incremental learning with
regularization methods like dropout and Maximum Entropy Regularizer, which effectively
induce a curriculum [52]. In these methods, learning is adapted on specific important nodes
in order to control forgetting. However, none of these methods are complete solutions to the

catastrophic forgetting problem in incremental learning.

2.7.1 Meta-Learning

The term Meta-Learning refers to overarching processes which allow an agent to learn to
learn [88]. Throughout the years, the term has been applied to a variety of slightly different
principles, but we use Meta-learning as defined by Schaul and Schmidhuber [89]. By their
definition, meta-learning techniques are learning algorithms that change meta-parameters
of a learning algorithm to impact performance gain. A meta-parameter is anything which
can be altered within an algorithm, such as the learning rate, initial model weights, etc.
The performance gain is considered as a relationship between the training experience and

expected reward for that experience.

Meta-learning techniques are meant to address some of the deficiencies of learning techniques
in learning different tasks, and are aimed to either improve learning speed or the quality of the
learned policy. Both incremental learning and transfer learning could be considered "Meta-
Learning” techniques as the methods aim to use previously acquired information to aid in
learning [90]. Thus, training methods like incremental learning vary the meta-parameters of

the initial model weights.

Prior work in meta-learning includes work done in inductive transfer, self-modification meth-

ods, and distributed learning algorithms, to name a few [89]. We focus on prior work for
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meta-learning specifically for reinforcement learning using gradient methods. The process of
applying gradient descent methods towards meta-learning has been explored in the context
of learning using recurrent neural networks [91]. Meta-learning in terms of reinforcement
learning has been discussed by Schmidhuber et al., and the technique has been shown to
succeed even in conditions where traditional RL algorithms struggle, like non-Markovian
environments [92]. In algorithmic approaches to meta-learning, prior work has explored the
issue of backpropagating through adapting neural networks, which is difficult as the nodes
may change throughout time [93]. Other meta-learning work explores using episodic recall
to counter the catastrophic forgetting problem by using an LSTM [94]. Our approach is sim-
ilar to these, as we aim to use previous information from old tasks to counter catastrophic
forgetting, but without requiring the use of LSTMs or an adaptive neural network, but by

instead changing initial model weights and parameter update functions.

2.8 Simulation Environment

Having discussed the algorithms behind the research, the next aspect which is important to
discuss is the actual simulation environment chosen to conduct research. The environment
selected was the gym-pybullet-drones environment developed for testing multi-agent quad-
copter simulations [25]. The simulation environment is described as the first general-purpose
multi-agent OpenAl Gym environment for quadcopters. The simulator that the environment
used is the PyBullet simulator, which is a freely available open-source simulator which has

been used in a large number of prior RL works [95].

PyBullet is designed to be used as a robotics simulator for research and education. It is a
Python wrapper on the Bullet physics engine, a fast real-time simulation built in C++, and

thus supports realistic collisions and aerodynamics at a level that other physics simulators
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may lack. The relative performance of PyBullet compared to other popular simulators can
be seen in prior work by Korber et al. [96]. The Python integration of PyBullet allows
for easy interaction with reinforcement learning algorithms, which are primarily developed
in Python as well. The gym-pybullet-drones environment came with simple single-agent
reinforcement learning environments, such as a hover environment, as well as simple multi-

agent environments, such as a leader-follower task.

This simulation environment was chosen over alternatives such as MuJoCo [97], AirSim [98],
PEDRA [12, 99], CrazyS [100], Flightmare [101], etc., due to a number of reasons. Mainly,
the benefits of the environment are that it provides realistic collisions, aerodynamics, and
extensible dynamics, it has built-in OpenAl Gym style RL environments, it can be run in
parallel with GPU, and it has pre-implemented StableBaselines [102] and RLIib workflows
[103]. Additionally, creating simulation environments in gym-pybullet-drones is easy as
objects can be loaded in using the Unified Robot Description Format (URDF), or Simulation

Description Format (SDF), with configurable scaling, orientation, and collision information.
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Simulations

We hope to create simulation experiments to solve the problems stated earlier. These simu-

lation environments are intended to be testing platforms for multi-task learning problems.

3.1 Simulation Setup

The simulation environments were set up as follows. The gym-pybullet-drones environ-
ment was updated with additional features and environments. For each environment, agents
were trained using StableBaselines3, in either single agent or multi-agent approaches. We
recorded these results on a local computer running Linux with NVIDIA Titan Xp GPUs.

Here we provide additional information about the simulation environment.

3.1.1 Drone action spaces

The available action spaces for the drones in the gym-pybullet-drones simulation environ-

ment are as follows:

« RPM - Rotational speed of the motors in rotations per minute.
e DYN - Dynamics-based controls via the desired thrust and torque of the motors.

o PID - Proportional-Integral-Derivative Controller based control.

27
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e VEL - Desired velocity vector input, given the X, Y, and Z directional unit vectors,

and some magnitude.

The action choice chosen to represent the drone action space in these tests was RPM control,
as the RL policy should be able to learn how to control the drone with any of the control
schemes, and this method was tested in prior work. A further extension could be to explore
the effectiveness of learning using a different control scheme. A simpler control scheme may

show promise in creating more advanced policies.

3.1.2 Drone observation spaces

The drone observation spaces as packaged with the gym-pybullet-drones environment were

limited to either RGB or kinematic information.

o RGB - RGB representation of the onboard drone camera, which provides a 64 x 48-pixel

image view from the single forward-facing camera of the drone.

o KIN - Kinematic representation of the drone state, in terms of global X, Y, and Z
positions, quaternion orientation, roll, pitch, yaw, velocity, and angular velocity all

represented as scalar values as returned by the simulation environment.

As an extension in this project, the observation spaces were updated to include combined
observation spaces, representing a drone with both image and kinematic information as
input. Three new observation spaces, which combined RGB camera, camera segmentation,
and camera depth observation spaces were created. Here we list the three new observation

spaces.

« BOTH - RGB and Kinematic representations combined as a dictionary input.
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« DEPTH - Camera Depth sensor and Kinematic representation of the drone state. The
camera depth sensor returns 64 x 48 pixel-wise measurements of the distance to the

first object the camera can detect.

o ALL - Combined RGB, Depth, Segmentation, and Kinematic representation for ob-
servation spaces. Segmentation data represents object segmentation information on a

per-pixel basis for the objects that the camera can see.

The main content of the thesis will explore learning with a drone that uses the combined
observation space which uses the RBG camera and kinematic information, indicated as
BOTH above, although additional exploration was done to test the ability of the agents to

solve the environments given only RGB or Kinematic observation spaces.

Including the camera information allows the drone to learn to navigate around obstacles,
instead of following a path using the kinematic information, while the kinematic information
helps the drone understand the reward states, which tend to be dependent on global position

in the scenario. Examples of visual camera input for the agents can be seen in Figure 3.9.

3.1.3 Quadcopter model

The quadcopter used for the drone simulations was a Bitcraze Crazyflie 2.x nano. It was the
default model provided by Panerati et al. [25] in gym-pybullet-drones, and was chosen
due to its availability and usage throughout the field. The dynamics for the quadcopter are
well modeled in other work [104, 105]. The simulation environment includes dynamics for

complex quadcopter aerodynamic effects, such as drag, downwash, and the ground effect.
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3.1.4 RL training

RL training was done using StableBaselines3 [102]. Initial tests were done on the effective-
ness of few of the built-in algorithms, such as A2C, PPO, and DDPG. After verifying the
relative effectiveness on the environments, PPO was chosen as the main RL algorithm to
use for training agents in the project. CleanRL [106] algorithms were also tested but did not
perform as effectively as the algorithms in StableBaselines3. For Multi-Agent training, RLIib
[103] was tested, however, the choice was again made to use StableBaselines3 instead, as a
centralized multi-agent PPO (MAPPO) algorithm was chosen as the primary multi-agent

algorithm.

3.1.5 Regularized multi-task incremental learning with IL-SOAR

Here, we present the formulation of the IL-SOAR algorithm. The algorithm uses similar
ideas to the Taylor Expansion Policy Optimization algorithm [107], with differences as our
method does not aim to optimize over the same environment with off-policy data. The goal
of our IL-SOAR algorithm is to maximize the cumulative reward across all the tasks that the
agent will learn on and thus aim to solve the catastrophic forgetting problem. We provide

the mathematical theory for the algorithm as follows.

Given N different tasks, each with different objective functions f!, f2,..., f¥, we hope to
achieve a single policy 7 which is parameterized by 6, m(s, a) which will maximize the sum

of accumulated rewards across all N tasks, as described in Equation 2.13.

In a scenario where we cannot return to an old task after training on it once, we are unable
to directly evaluate the return of a new policy on the old policy. However, by using Taylor
series expansion, if we keep the last policy trained on the old environment, denoted as 71,

and the last gradient of the objective function at the last step of training, V!, we can
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make an approximation of how well a new policy, 7, does on the old task.

T Vin—l (ﬂi—l)

fi—l(ﬂ_) ~ fi—l(ﬂ_i—l) + vfi—l(ﬂ_i—l)T(ﬂ_ _ 7Ti—1) + (7T _ 7Ti—1) 5

(r—7"1). (3.1)

In this approximation, we have the objective of the previous environment used in the first
approximation term f!(7~1). However, in the policy gradient, we update the policy, 7 by
differentiating f with respect to m. Thus, the approximation does not need to access the old
environments, and can instead utilize the old gradients and policy as an approximation. To
simplify Equation 3.1, we can approximate the Hessian Term, V2 f;_;(#) with some constant
matrix, L, such as the identity matrix, since the gradient of f is Lipschitz continuous. Thus,

we can rewrite the approximation as follows

Fm) e FH )+ T = ) 4 (32)

We denote the approximation of the previous task defined in Equation 3.2 as ¢'(r).

gm) = F(x) + V7 (7)ol — ] 33

Now, we can generalize this approximation to N tasks. At environment i in IV, we have the

following problem:

i 1 i—1
mfrxxf (m) + )\i——l ; g'(m). (3.4)

To solve this using gradient descent, we need to get the gradient of ¢g*(), which is

Vyg'(r) = Vfir") + L(x — 7). (3.5)
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Thus, the gradient of the objective function when solving task i is

Y fin) + Ai_% SV (). (3.6)
V fi(m) +>\$(Z_: VA + LY (r - ). (3.7)
=1 =1

Thus, the policy update at step k for a policy gradient algorithm using second-order approx-

imation is as follows

i—1

i—1
. . o 1 1 ,
T = m + (V' (1) + A > VAl + ALY (m - ). (3.8)
=1 =1

3.1.6 Application of IL-SOAR to PPO

To use the IL-SOAR algorithm, the standard PPO algorithm from StableBaselines3 was
updated to incorporate Equation 3.8, and the PPO algorithm was incrementally trained.
During training, the first environment would effectively train with generic PPO, as both the
gradient and the old policy terms are 0. Then, once the agent completed learning in the
first environment, the training algorithm would store the policy and the final gradient of the
objective function. These values are then passed into the training algorithm as parameters to
be used during the PPO gradient update steps. Critically, for the PPO algorithm to continue
to update the policy within known bounds, we add the two regularization terms to the
gradient before we perform clipping on the gradient. The agent is trained with maximizing
Equation 3.4 as its objective. Then, once finished, the returned policy can be averaged with
the existing policy, as can the gradient. Thus, we achieve constant additional memory, while
retaining a regularization term for previous tasks. One important difference between the IL

and IL-SOAR methods is that for the results in the thesis, IL-SOAR did not use the previous
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environments optimal policy as a starting point for the next environment, while IL did. In
initial tests, when using IL-SOAR with the starting policy, agent performance was generally
worse overall. This may be because the combination of the second-order term and beginning
with a non-randomized policy was too restrictive to exploration. This is a topic for future

exploration.

3.2 Environment Design

Here we discuss the environments designed for the project. We first focus on single-agent
learning environments. Each different environment is referred to as an Aviary. For a brief
overview of the environments, the first scenario was a single-agent environment where the
drone attempted to land on a small box. The second scenario was an environment where the
drone attempted to land on a small box, but the path to the box was obstructed by pillars.
The third scenario was a rectangular hallway where the drone had to fly from one side of
the hallway to the other side to be considered successful. This environment had 3 variations
with multiple pillars within them. The fourth scenario was a variation of the third, but
with 6 incremental versions, where pillar obstacles were added to the path of the drone. An
additional set of scenarios were made by adding a wall on one side of the fourth scenario
for all 6 variations. Finally, the last scenario was a room-like environment where the drone
was tasked with flying from one end of the room to the other, and each room was filled with
unique furniture objects in order to make navigation difficult. Here, we go into more detail

on the environments, one by one.
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3.2.1 Landing Aviary

The first environment created was a single-agent navigation task, where the agent had to fly
from a starting point to a fixed landing zone, and then land on the box which represented

the landing zone. The environment can be seen in Figure 3.1.

_——

Figure 3.1: Landing Aviary with the drone at the starting point

3.2.2 Landing Obstacles Aviary

An extension to the Landing Aviary was created which contains the landing zone in the same
area, but also has some obstructions in the way of the drone in the form of vertical pillars
which stop the drone from being able to fly in the direct path to the landing zone. Figure

3.2 shows the environment.
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Figure 3.2: Landing Obstacles Aviary with the drone on the landing pad

3.2.3 Cross Obstacles Aviary

The Cross Obstacles environment tasked an agent to cross a long rectangular room and
hover above a certain area to be considered as completing the task and solving the problem,
mimicking an explorational task where the agent has to traverse some area. The environment

can be seen in Figure 3.3 with the agent at the starting point.

For this environment, different task variations were designed corresponding to difficulty
levels. The variations introduced vertical pillars which the drone had to avoid. Collision
with these pillars, or with the walls of the room, would cause the simulation to terminate
and the agent to receive a negative penalty. Figure 3.4 has the three different difficulty

variations of the Cross Obstacles Aviary.
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Figure 3.3: Cross Obstacles Aviary Difficulty 0

(a) Difficulty 1 (b) Difficulty 2 (c) Difficulty 3

Figure 3.4: Difficulty variations of the Cross Obstacles Aviary environments

3.2.4 Incremental Cross Obstacles Aviary

The incremental version of the cross obstacles aviary was a variation of the cross obstacles
environment tested previously that was intended to be easier to solve for the RL agent. A
single agent was first trained in an environment with no obstacles, then the flight path of

the successful agent was used to define the next difficulty level. A single pillar was placed
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as an obstacle in the direct flight path for the next difficulty environment. This process of

training and then placing prohibitive obstacles was repeated 6 times, resulting in 6 different

tasks with incrementally difficult obstacles, which can be seen in Figure 3.5.

(a) Difficulty 1 (b) Difficulty 2 (c) Difficulty 3

—— —

(d) Difficulty 4 (e) Difficulty 5 (f) Difficulty 6

Figure 3.5: Difficulty variations of the Incremental Cross Obstacles Aviary environments,
each level has more pillar obstacles placed in the learned flight path

3.2.5 Harder Incremental Cross Obstacles Aviary

The incremental version of the Cross Obstacles Aviary was difficult for agents to solve, but
if agents pursue the path along the right side of the room where there are no obstacles,
each difficulty is equivalent. Thus, a harder version was created where a wall was placed on

the right half of the room. Figure 3.6 shows this version, denoted the Harder Incremental
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Cross Obstacles Aviary. The initial difficulty, Difficulty 0, was the environment shown in
Figure 3.3. As these versions can be considered variations of the original Incremental Cross

Obstacles Difficulty levels, we denote them as Difficulty 11-16 to distinguish between them.

(a) Difficulty 11 (b) Difficulty 12 (c) Difficulty 13

(d) Difficulty 14 (e) Difficulty 15 (f) Difficulty 16

Figure 3.6: Difficulty variations of the Harder Incremental Cross Obstacles Aviary environ-
ments, with the wall placed along the right side of the room

3.2.6 Room Aviary

The Room Aviary environments are extensions of the Cross Obstacles environments, but
with more variation in the obstacles. In all three rooms, the objective remains to navigate
the room and reach the other side, however, the agent is also strongly rewarded if it reaches

the table at the end of the room. The three different room environments can be seen in
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(a) Room 0 (b) Room 1 (¢) Room 2

Figure 3.7: Room Aviary environments, each room has a different arrangement of furniture
and obstacles between the drone’s starting point and the goal state

The goal of the agent is to reach the end of the room. In all three environments, the
checkerboard table shown in Figure 3.8 is at the end. If the agent touches this table, the

agent receives a large positive reward, and the environment is considered as solved.

Figure 3.8: Room Aviary goal table, when the agents touch the table the episode ends and
they receive a very large reward

Figure 3.9 shows the drone camera’s perspective of the room at each of the starting frames.

The camera detects RGB images which are 64x48 pixels.
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(a) Room 0 (b) Room 1 (c) Room 2

Figure 3.9: Room Aviary tasks from drone camera view



Chapter 4

Results

Training was conducted for each of the environments, the results of which are presented here.
First, simulations were done on the new environments to create benchmarks, and other initial
observations and details are described. Multiple tests on each environment were conducted
to first create a reward-shaping scheme that would allow the agent to approach the desired
behavior. Next, simulations intended to explore the benefit of using incremental learning on
training time for the PPO algorithm were conducted and explained. Experimentation for
incremental learning was mainly for the Incremental Cross Obstacles Aviaries designed above,
as well as the Room Aviary. After these simulation experiments, the results of incremental

learning, IL-SOAR, and multi-agent learning on catastrophic forgetting are displayed as well.

4.1 Initial Results and Reward Shaping

4.1.1 Landing Aviary results

This simulation, while simple in design, turned out to be difficult for the agents to solve,
and many observations were made when trying to train an agent to succeed in this task.
The initial goal of the environment was to have the drone learn to fly and stop and land
on the landing zone. Throughout testing, this was not achieved within 10 million timesteps

using training with PPO, despite highly engineered reward schemes. Despite the agents not

41



42 CHAPTER 4. RESULTS

fully solving the environment, important lessons were still learned, most importantly, the

difficulties of creating a custom reward scheme for an environment.

Reward scheme exploitation

Reinforcement learning algorithms are well-known for reward function exploitation [108],
which refers to unexpected behaviors that can occur as agents learn to maximize reward.
For example, the initial reward function written for the landing task was a function that
rewarded based on the inverse of the Euclidean distance function relating the location of
the agent with respect to the landing zone. This led to the agent learning the behavior of
moving along the floor on its propellers to reach the landing zone. The agent learned that
it could maximize reward by leaning against the landing zone, seen in Figure 4.1, instead of
flying and landing on top. This showed that it was necessary to write more complex reward

and termination functions.

3

Figure 4.1: Landing Aviary exploiter, by leaning against the side of the landing zone, it is
able to achieve high positive reward while not terminating the episode
Reward shaping creation

In order to create environments which agents would not exploit and would be able to solve,

many different reward and termination schemes would need to be tested. In order to facilitate
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this, the gym-pybullet-drones repository was extended with a system which allows the user
to configure which reward and termination components are used by a reinforcement learning
agent for training, instead of having the reward that an agent gets being strictly dictated by
the environment. This was done using a YAML configuration file. By doing so, this allows
for hyperparameter tuning algorithms to optimize over the weights of different rewards to
create one which is most optimal for achieving some goal for a task. This system is available

in the code repository linked earlier.

Using this, dozens of variations of the reward schemes were written and tested. Through
these tests, it was found that using a combination of dense and sparse rewards was more
effective. Training an agent to land with only the sparse reward of landing was an almost
impossible task, as the algorithm has no guidance on all the prior actions to guide the agent
to the landing zone. Thus, reward shaping needs to be done to assist the agent to reach its
goal. The idea here is to create a dense-frequency reward that would give a smaller guiding
value, but would be able to consistently guide agents. These functions include distance based
reward functions, which reward positively for decreasing distance from the landing zone, or
rewards functions that give a constant reward for staying level in the air. Each environment

considered in these simulations will use a combination of sparse and dense rewards.

A few common reward schemes and termination conditions that were implemented were
based on if an agent flew outside of configurable boundary conditions, if an agent reaches a
certain roll or pitch angle, which are generally unsafe positions for quadcopters to be in, or
if an agent reaches a certain area in the world. In the Incremental Cross Obstacles Aviary
environments and forward, additional schemes were added based on if an agent collided with
objects, such as termination if a drone hit a wall, or a large positive reward if a drone were

to hit a goal object.
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Impact of negative rewards

Through empirical testing, it was learned that negative dense rewards for a reinforcement
learning problem were generally exploitable, as they can affect the agents will to survive.
Effectively, when the agents were receiving negative dense rewards, such as a negative reward
for being a certain distance from the goal, they would aim to terminate the simulation as
early as possible to avoid accumulating the negative rewards. Even if the agent has the
opportunity to achieve positive rewards later in the episode, due to how difficult the flying
task is, agents would learn to reach this state. However, negative sparse rewards, such as

punishments upon agent termination due to flying out of bounds were effective.

Learning to fly in the Landing Aviary

When given a reward scheme based on Euclidean distance as described earlier, the drones
would consistently fly towards the ground and cause the episode to terminate. Thus, instead
of taking the entire X, Y, and Z coordinates, the reward scheme was changed to take the
X and Y coordinates only, in order to encourage the drone to stay in the air. Then, when
the distance of the drone projected on the XY plane is within the bounds of the landing
zone, an additional reward component based on the vertical distance to the landing zone is
calculated to cause the agent to descend to the ground. This reward scheme was effective,
and after more tuning, agents in the task could learn how to fly seen in Figure 4.2. However,
despite learning to fly and hover near the landing zone, the drones were unable to learn how

to descend and land.

One likely reason why the single-agent landing task was not successful was due to the diffi-
culty of achieving fine-control tasks in reinforcement learning at the end of an episode. Once

reaching a policy where the agent can navigate to the area above the landing zone, the agent
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Figure 4.2: Drone flying in the Landing Aviary environment with a correct reward scheme

struggles to explore the states around that area and learn that it has to descend once reach-
ing that location. The drone instead exhibits negative behaviors such as continuing past
the landing zone, despite receiving a massive relative decrease in reward when leaving the
high-value area of the landing zone. This can be attributed to the training algorithm used
and the duration of training. With more training or techniques such as adaptive learning
rates, the agent would theoretically be able to reach that optimal behavior. However, to
provide a benchmark environment which is capable of being solved more easily, the scenario

used was instead adapted. Solving the landing task remains an extension for future work.

4.1.2 Landing Obstacles Aviary results

The Landing Obstacles Aviary was a harder problem than the Landing Aviary due to the
pillars, and the agents again failed to converge to a landing policy. Figure 4.3 shows a drone
which hits the pillar, even after 10 million training timesteps. After testing that agents could
not solve the original Landing Aviary task, tests for this environment are also considered as

routes for future exploration.
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Figure 4.3: Drone flying in the Landing Obstacles Aviary, hitting a pillar

4.1.3 Cross Obstacles Aviary results

The new simulation environment created after the failure of the Landing Aviary Environment
was a task that still involved navigation. Instead of also having the added difficulty of landing
on the landing zone, the task was simplified. The objective for agents in these environments

is to fly to the other side of the room and hover above a certain area.

For the three simpler versions of this task, referred to as Difficulty 0, 1, and 2 in Figures
3.3 and 3.4, the agents were able to solve it using PPO with 10 million training timesteps.
However, for the hardest version, the agents were not able to fly to the other side. Addition-
ally, the drones were found to exploit the environment by learning to flying into and rolling
along the wall to solve the first three environments, instead of learning to follow optimal
paths for each of them. Thus, for all future environments, a termination condition was added
for anytime the drone collided with an object. To deal with the difficulty increase between
the last two tasks being too steep, the Incremental Cross Obstacles Aviary was explored,

creating our setting for properly exploring the effects of incremental learning.
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4.2 Incremental Learning

For our tests in these environments, we explore the statistical effects of incremental learning
on training time, and describe the benefits and drawbacks of the technique. We start with

the Incremental Cross Obstacle Aviary.

4.2.1 Incremental Cross Obstacles Aviary results
Environment setup and reward scheme

For these tests, the agents were given reward functions that awarded 100 reward per timestep
that the agent was in the goal area on the other side of the room, indicated by the horizontal
red area at the ends in Figures 3.3 and 3.5. In this area, agents were allowed to collide with
other objects, thus, as long as the agent reached the end of the room, it could stay on the
red goal area and accumulate reward until the episode ended due to timeout. We consider a
successful agent in this environment any agent who achieves greater than 1000 reward i.e.,

the goal in this scenario was to reach the goal state and survive for 10 timesteps.

Single seed results

An initial test on the impact of incremental learning on training was conducted where the
number of training timesteps needed for the agent to achieve over 1000 reward on the environ-
ment was documented. Two techniques were compared, an incremental training technique,
and generic RL with no pretraining or transfer learning involved. In the method that tested
incremental learning, each difficulty began training by starting with the optimal policy of
the previous difficulty. For both methods, agents were trained for up to 10 million timesteps.

In the table, DNE entries indicate that the agent did not solve the problem within the 10
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million timestep training frame.

Training Method

Difficulty Incremental Generic

0 412 412
1 258 592
2 150 450
3 120 890
4 14 DNE
3 2380 610
6 DNE 350

Table 4.1: Timesteps (in thousands) to get above 1K reward during training for Incremental
Cross Obstacles Aviary

Analysis of single seed results

In this experiment, it was found that in general, incremental learning did decrease the number
of training steps needed for each difficulty. We see that in difficulties 1-4, the number of
training steps is less than that of the no-pretraining number. This is because the drone
uses its existing knowledge to bootstrap the initial policy, then only makes finer changes as

needed, instead of completely training a new policy that needs to learn how to fly.

However, in difficulties 5 and 6, the changes to the environment are more significant, with
multiple obstacles being added to the environment at once. In these instances, the envi-
ronment model seems different enough from the state distributions from environments 1-4
that the agent takes significantly longer to learn in environment 5 and fails to learn to solve
the task in environment 6. To measure the overlap between the environments, it is possi-
ble to use the Fisher information matrices, a method used by Kirkpatrick et al. in prior
work exploring overcoming catastrophic forgetting [109], however is beyond the scope of this

project.



4.2. INCREMENTAL LEARNING 49

Cumulative single seed results

Now, if the number of steps needed to train the previous difficulty is included in the incre-

mental training numbers, then the results become as follows

Training Method

Difficulty Incremental Generic

0 412 412
1 670 592
2 820 450
3 940 890
4 954 DNE
D 3334 610
6 DNE 350

Table 4.2: Cumulative timesteps (in thousands) to get above 1K reward during training for
Incremental Cross Obstacles Aviary

Analysis of cumulative single seed results

Effectively, when considering the cumulative timesteps, the incremental method is detrimen-
tal to training for this environment. Because the incremental method continuously learns
from the policy which followed the path the obstacles had been designed for, it does not ex-
plore along the right side of the room where there are no obstacles. A different agent trained
from scratch on the obstacle environments would have a random policy to begin with, and
thus would be more likely to follow the optimal path on the right side, albeit generally slower

than the incremental approach.

These experimental results show that strong statistical benefits exist to incremental learning
in terms of training time when the difference between environments is relatively small. If

the time needed to train an agent on the previous task is inconsequential, for example, if the
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drone has already trained for the previous task, then incremental learning is able to achieve

optimal policies with less training time.

Testing across random seeds

After demonstrating that the agents were unable to achieve learning at some points, sim-
ulation experiments to see the generalization across multiple different random seeds were
conducted to investigate if the effect was due to random exploration, or innate to the en-
vironment and algorithm. In Table 4.3, the average number of training timesteps across 5
different random seeds was recorded. The same incremental and no-pretraining test con-

ducted in 4.1 was repeated for each.

Training Method

Difficulty Incremental Generic

0 442.4 442.4
1 102 987.2
2 33.6 2519.6
3 101.2 1652.4
4 8.8 3044
3 92 958

6 126.4 708

Table 4.3: Timesteps (in thousands) to get above 1K reward averaged over multiple random
seeds during training for Incremental Cross Obstacles Aviary

Analysis of random seeds results

From this data, we can see that over multiple trials, the benefits of using incremental learning
becomes more pronounced, as it can be seen that the agents which are not trained from an
incremental version take millions of timesteps to solve environments 2, 3, and 4. Throughout

the training, these agents tended to get stuck in local maxima areas. Interestingly, the
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agents trained directly on difficulties 5 and 6 were able to learn faster than the three middle

environments, demonstrating the volatility of the algorithm.

4.2.2 Harder Incremental Cross Obstacles Aviary results

In the previous results, one flaw is that for each tasks, if an agent learns to just follow the
path along the right side, it would be able to solve the problem easily. Thus, to understand
the full benefits of incremental learning in a scenario where an agent training from scratch
would not necessarily have an advantage, we use the Harder Incremental Cross Obstacles

Aviary defined in Section 3.2.5.

Environment setup and reward scheme

We conducted the same simulations done in the previous environment on these environments,
with the same reward shaping, timesteps, and hyperparameters. As with the Incremental
Cross Obstacles Aviary, any collisions of the drone with any obstacle or the walls outside of
the goal area would result in the termination of the episode. Again, we consider success in

this environment any agent with is able to reach above 1000 reward.

Testing across random seeds

The main experiment here is again to determine the amount of training timesteps needed
by the algorithms to achieve success in training an agent. The results of training in the
environment over several different random seeds can be seen in Table 4.4. The maximum
amount of training that agents could perform was 10 million timesteps, and any agent which

did not succeed in that time is denoted with a DNE (Does Not Exist).
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Training Method

Difficulty Incremental Generic

0 442.4 442.4
11 156.5 654.4
12 73 1129.3
13 46.5 1558
14 34.5 1166
15 229.5 DNE
16 DNE DNE

Table 4.4: Timesteps (in thousands) to get above 1K reward averaged over multiple random
seeds during training for Harder Incremental Cross Obstacles Aviary

Analysis of random seeds results

These results show that incremental learning does improve training time in this case as well,
further demonstrating the benefits of the technique. For this problem, when using incre-
mental learning, the agent solves the Difficulty 15 environment within 10 million timesteps,
which it is unable to do in the non-pretraining case. Thus, incremental learning can im-
prove the ability of agents to solve hard tasks, that agents trained from scratch would have

difficulties solving.

4.2.3 Room Aviary results

Additional work was done to explore the results of training an agent on the Room Aviary
Environments, where each one is approximately equally difficult, and the optimal flight path
of one environment is not the same as flight path for another environment. This forces the
agents to combine the flight path information with visual reasoning to make more active

choices of which flight paths to follow.
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Environment setup and reward scheme

For the Room Aviary environments, the reward scheme was changed to reward more strongly
for consistent stable flight and survival, as opposed to reaching the goal area, which was the
main focus of tasks prior. The agents received dense rewards for maintaining level flight,
avoiding collisions, and decreasing the distance between themselves and the goal area. The
agent receives a high sparse reward for reaching the landing table at the end of the room, as

described in Figure 3.8.

Training curves - generic Reinforcement Learning

To understand the impact that incremental learning makes on training, we examine the
training curves for the three different algorithms. Figure 4.4 demonstrates the training
results for agents in each of the three rooms using only generic RL with no pretraining or

transfer learning.

Single Agent Training Reward over 1M Timesteps
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Figure 4.4: Training reward plot for generic single-agent learning in the three different Room
Aviary environments
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Training curves - Incremental Learning

Figure 4.5 shows training using incremental learning. Because each of the environments is
effectively equivalent in difficulty, the order of incremental training is arbitrary. Thus, the
order was chosen as Room 2 as the first environment, Room 0 as the second environment,
and Room 1 as the last environment, following the maximum to least reward from Figure
4.4. The training curves of the agents can be seen in Figure 4.5. Each agent is incremental

from the optimal policy of the agent before it.

IL Training Reward over 1M Timesteps
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Figure 4.5: Training reward plot for Incremental Learning in the three different Room Aviary
environments

Training curves - Incremental Learning with Second-Order Approximation Reg-

ularization

Finally, Figure 4.6 displays the training curves for agents trained using the IL-SOAR method
described in Section 3.1.6. The agents are trained in the same order as the previous incre-

mental training test.
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IL-SOAR Training Reward over 1M Timesteps
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Figure 4.6: Training reward plot for Incremental Learning with SOAR in the three different
Room Aviary environments.

Training curves - Multi-Agent Proximal Policy Optimization

In Figure 4.7, the training curves of agents using multi-agent PPO are shown. The agents
were trained on all tasks simultaneously, with each agent learning in their individual en-
vironment for 5000 steps, then each policy is collected and averaged together by a central
server. This policy is then redistributed to each agent for continued training, until a total

of 1 million training timesteps is completed.

Analysis of training curves

Overall, training only on the specific task is the most effective in achieving high reward for
one specific application. The peak achieved reward for agents in Figure 4.4 is higher than
any other achieved reward throughout the other training methods. The incremental learning
method is faster at achieving high reward for newly trained environments, as can be seen
by the orange curve indicating good performance on RO immediately from R2. However,

the incremental learning method does not reach as optimal of a solution for the problems as
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Multi-Agent Training Reward over 1M Timesteps
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Figure 4.7: Training reward plot for multi-agent learning in the three different Room Aviary
environments. Agents were trained with a Policy Sharing MAPPO approach.

that of the generic RL with no pretraining approach. For the IL-SOAR algorithm, while the
average training curves appear lower in general throughout training, the peak performance
for the algorithm are able to reach similar levels, and at times exceed that of IL. The final
agent of the IL process, R1-0-2, is able to reach a final reward of around 50, while the IL-
SOAR method shows a peak of around 70 before the training ends. In a later section, we

discuss the actual evaluation reward of these trained agents.

4.3 Multi-Task Catastrophic Forgetting Exploration

Here we explore the other main question of the thesis, the impact of training methods on
the catastrophic forgetting problem when training multi-task agents. To explore whether
catastrophic forgetting has occurred, we first train on the tasks, in the single-agent case
by using IL or IL-SOAR, and in the multi-agent case by using MAPPO. After completing
training, we evaluate the final trained agent in the tasks it has learned on and denote its

performance. We compare these results to performance of a single-agent which trained only
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in that task. The first environment we tested the effects of catastrophic forgetting in was

the Harder Incremental Cross Obstacles Aviary.

4.3.1 Harder Incremental Cross Obstacles Aviary catastrophic for-

getting results

We begin our exploration of the catastrophic forgetting problem with insight into the Harder

Incremental Cross Obstacles Aviary.

Experimental setup and reward scheme

Previously, training time to reach an optimal policy was tested. Instead, for this test, agents
are trained for a fixed number of timesteps, which for this test was 1 million, and the value
recorded was the reward that the resulting policy achieves on an evaluation environment.
For the incremental learning case, every difficulty level was given the opportunity to train
for 1 million timesteps, and the starting policy for learning was the best policy which was

achieved by the previous task.

In this experiment, in order to more clearly see the forgetting effect, we change the reward
function from what was discussed previously in Section 4.2.2. The new reward scheme for
the environments scales the reward achieved in reaching the goal area of the environment to
be significantly less, so the agents to focus less on achieving the goal and more on overall

survival in the scenario.
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Evaluation results

In Table 4.5, the reward accumulated for each of the different training methods was consid-
ered. The first 7 rows are the agent that had been trained only in one environment for 1
million timesteps, with no pretraining or transfer learning. The last 6 rows are the agents
which were trained incrementally. These agents were each trained for 1 million timesteps,

but from the starting point of the most optimal policy for the previous environment.

Difficulty
Training Method 0 1 2 3 4 5 6 ‘ Average

Trained on 0 447.82 825 46.23 3.08 1.77 2202 1.15 86.36
Trained on 11 398.36 467.82 45.69 46.71  45.73 44.76 33.79 | 154.69
Trained on 12 462.82 465.82 463.82  44.7 4571 457 19.51 | 221.15
Trained on 13 108.22 122.31 197.99 265.69 51.67 50.68 20.5 | 116.72
Trained on 14 258.7 337.61 169.8 220.24 338.46 49.73 25.29 | 199.97
Trained on 15 45.59 4256 4256 42.56 4256 42.56 32.51 | 41.55
Trained on 16 40.6 3253 3454 32,52 32.52 36.55 42.59 | 35.97
Incremental to 11 197.14 472.82 45.66 45.65 47.93 45.87 24.86 | 125.70
Incremental to 12 161.95 148.52 220.23 105.21 44.69 49.75 23.73 | 107.72
Incremental to 13 44.91 472.82 260.64 463.82 37.77 55.72 24.88 | 194.36
Incremental to 14 55.84 126.35 475.82 172.84 152.34 49.65 21.54 | 150.62
Incremental to 15 25.61 221.39 206.24 245.62 41.76 44.77 256 | 115.85
Incremental to 16  25.64  26.64 27.65 26.64 26.64 28.67 28.69 | 27.22

Table 4.5: Reward accumulated after training for 1M timesteps for the Harder Incremental
Cross Obstacle Tasks. Results are shown with agents trained directly on the environment
and incremental agents up to a certain environment

Analysis

It can be seen that the regular incremental training did lead to catastrophic forgetting. The
1st Incremental Learning-based agent was only able to achieve 197.14 reward on the easiest
0-difficulty environment, as opposed to the 447 reward it initially received when trained in

that environment. The agent would learn to maximize the reward in the environment it was
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learning on without retaining information about the policy which was successful previously.
The best performing agent overall was the agent which was only trained on difficulty 2, which

was able to use a flight path that was close to optimal for all three of the first environments.

If the agents trained in the harder environments used only kinematic information, a policy
trained in the higher level of difficulty should be able to achieve the same reward in a lower
difficulty. In practice, this is not true, as the agents learn to rely on a combination of
vision and kinematic information during training. Thus, when agents trained on higher-level
environments are tested on the previous versions, they tend to perform much worse. This

can be seen in the Incremental to 3 and Incremental to 4 agents.

Thus, the downsides of incremental learning with respect to catastrophic forgetting have
been denoted. However, in this environment, the difficulty of the simulation increases, so a
policy that can solve the hardest difficulty would theoretically be able to do equally as well

on the easiest difficulty. We address this dependency in the next set of tests.

4.3.2 Room Aviary catastrophic forgetting results

To further test these results, we explore the effects of catastrophic forgetting in the Room

Aviary.

Experiment setup and reward scheme

In this test, we keep the same reward scheme as defined earlier in Section 4.2.3. We again test
each training method after training for 1 million timesteps in each environment, and compare

to the results of a single agent trained for 1 million timesteps only in one environment.
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Single agent evaluation results

Table 4.6 shows the reward achieved by the agents in each respective environment. Again,
incremental agents were trained on environment Difficulty 2, then Difficulty 0, then Difficulty

1.

Room
Training Method 0 1 2 Average

Trained on 0 104.91 26.85 26.04 52.60
Trained on 1 12.06 93.8 19.26 41.71
Trained on 2 10.79 33.76 110.7 51.75
1L 53.8 59.35 33.07 48.74
IL-SOAR 68.02 77.05 60.60 68.57

Table 4.6: Reward accumulated after training for 1M timesteps in a Single-Agent setting

As evident in the table, the agents which trained directly on the environment with no pre-
training achieve the most optimal policy for that environment. This is as expected, and
parallels the results from Table 4.5. The performance of these agents on the two tasks they
were not trained on was very poor and was below 35 reward for all of them. We can see that
the Incremental Learning Method, which was trained in order on Rooms 2, 0, and 1, was
able to achieve an average reward across the three tasks of 48.74, which is lower than two of
the averages for the single agents, and its performance throughout the tasks is significantly
lower compared to the agent which was optimal for the task. This shows that there is some
catastrophic forgetting of the agent. The Incremental Learning with SOAR agent was able
to achieve the highest average score across the three tasks, and higher individual scores in
each of the three rooms. This shows that the incremental learning with SOAR method is

effective in reducing the effects of catastrophic forgetting.



4.3. MuLti-Task CATASTROPHIC FORGETTING EXPLORATION 61

Multi-agent evaluation results

Table 4.7 shows the reward achieved by the agents in each respective environment. Lastly,

Room
Training Method 0 1 2 Average

Trained on 0 104.91 26.85 26.04 52.60
Trained on 1 12.06 93.8 19.26 41.71
Trained on 2 10.79  33.76 110.7  51.75
Multi-Agent PPO  65.85 60.14 54.86 60.29

Table 4.7: Reward accumulated after training for 1M timesteps in a Multi-Agent setting

the Multi-Agent PPO results are also better than incremental learning, with the multi-agent
shared policy demonstrating higher reward on each task compared to regular Incremental
Learning, but a lower overall average than IL-SOAR. One aspect of the multi-agent training
results is that the agents seemed to be trending upwards at the end, indicating that they

likely would have continued to improve if training for longer than 1 million timesteps.



Chapter 5

Conclusions

We have shown that for UAV navigational tasks using PPO, Incremental Learning shows
significant benefits in improving training time for learning multiple tasks. We implemented
simulation environments that demonstrated the effectiveness in a simulation environment
that has incremental difficulties. We also demonstrated that incremental training can posi-
tively impact agents’ abilities to solve hard tasks, which an agent training only on the task
might not be able to solve. However, we have also demonstrated that incremental learning
can be detrimental in instances where the new environment differs significantly from the

original task, or if the agent which is being transferred is already in a local minimum.

In our exploration of catastrophic forgetting, we present an algorithm that demonstrates
promising results in mitigating some of the negative effects of incremental learning on per-
formance in old tasks. This algorithm, which we call Incremental Learning with Second Order
Approximation Regularization or IL-SOAR, demonstrated the highest average results when
tested across a set of tasks, even when compared to a Multi-Agent RL approach which was
able to simultaneously explore all environments. However, the effectiveness of this technique
depends heavily on the scaling at which the Second-Order Approximation term is applied,
and the value for the scaling term will vary heavily depending on a simulation-to-simulation
basis. Additionally, further improvements could be made the IL-SOAR algorithm to explore
alternatives to the approximation for the second-order Hessian Term. In our thesis, the Hes-

sian term is approximated simply with an identity matrix, however, other approximations
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might function better. For example, the approximation could be a matrix that varies based
on the importance of features, or something similar. More work needs to be done to estab-
lish how accurate of an approximation the IL-SOAR method provides, through comparing it
to different multi-task learning algorithms like IMPALA. Lastly, the Incremental Learning
with SOAR algorithm has yet to be tested on tasks in a different domain, which could be
an avenue for discovering deficiencies of the algorithm. For our context, the rewards for
the agents in each different task were the same scale. However, this might not be true for
different tasks in general. This imbalance may lead to certain tasks impacting the overall
policy more than another task. Thus, an improvement to this algorithm would account for

this difference, perhaps by using PopArt normalization [73].

Finally, while the theoretical and simulated data for the effectiveness of Incremental Learning
and Incremental Learning with SOAR are useful to determine the bounds at which the
algorithms can create an impact, an important step would be to test the simulated drone
policies on real hardware. Future work could explore utilizing the benefits gained from the
training algorithm improvements to produce policies for real-world drones to follow. The
decrease in training time in Incremental Learning and reduction of catastrophic forgetting
impacts could reduce the time and effort needed to put RL software on physical hardware.
On edge compute devices like drones, limited resources may make the storage-restricted
approximations of IL-SOAR particularly effective, but additional experimental results are

needed to verify this hypothesis.
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