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Abstract

As human students benefit from teachers’ advice to accelerate their learning,
so could agents benefit from advice. Agents can not only learn from humans, e.g.
via human expert demonstrations, but also from other agents. This thesis focuses
on action advising, a knowledge transfer technique built upon the teacher-student
paradigm of reinforcement learning. In this approach, the teacher agent provides
action advice calculated from its policy given the student’s observations.

Although action advising has been studied over the past decade, the focus of the
related work has primarily been on when to advise. We extend the current state-of-
the-art by studying the following additional challenges: (1) In existing work, advice
is given without explaining the rationale behind it. The student can therefore hardly
understand teacher’s decisions, or internalize the knowledge to generalize teacher’s
advice; (2) In many situations, the teacher might be suboptimal in a new environment,
but there are no current approaches that enable the student to discern when some
particular pieces of advice might not be applicable; (3) No present techniques enable
the teacher to evaluate the quality of its advice before giving it to the student; (4) If
the student interacts in a new environment, the teacher has limited knowledge as it
does not collect the student’s data; (5) The teacher with a fixed pre-trained policy
might not be able to provide flexible advice; (6) The advice has rarely been applied
to human students.

In this thesis, we present our solutions to tackle the aforementioned challenges
and exhibit the empirical effectiveness of our proposed methods. We also propose
potential pathways for subsequent research. Our ultimate goal is to delve into the in-
tricacies and potentials of action advising in reinforcement learning, thereby directing
future advancements in the field.

Additionally, this thesis broadens its scope by examining further applications of
transfer learning, showcasing its utility and adaptability in varied contexts beyond
action advising. These explorations contribute to a deeper understanding of transfer
learning’s potential within the broader field of reinforcement learning.
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Chapter 1

Introduction

1.1 Motivation

We believe that agents could bene t from advice from other agents. This could prevent them
spending time exploring unpromising directions and accelerate learning. One suitable area for
action advising is Reinforcement learning (RL). RL's success spans numerous elds, such as
learning to play various game84, 133 134, and training complex policies in autonomous
driving [81, 113 158§. However, even the most accomplished RL algorithms have not fully
resolved the issue of sample inef ciency in high-dimensional tasks, necessitating large amounts of
training data 127, 162. High sample complexity remains a bottleneck in various algoriti8gk [
resulting in extended training times. In the case of real-world robots, where RL is used for complex
tasks, this poses signi cant challenges due to the extended time required for sample collection, and
the risk of damage to costly robots or other equipment during prolonged exploratory long-runs.

Recent research in action advising for RL has seen a rise over the past d&3ad40[
144 172 . Central to action advising in RL is the teacher-student paradigm, where a teacher
agent, trained in a source task, offers advice to a student agent trained in a target task. The
goal of teacher-student action advising is expediting the learning process of the student agent in
previously unseen situations by transferring the knowledge of the teacher agent to the student.
These methods present potential in various scenarios, including but not limited to: (1) situations
where a direct transfer of all the teacher's knowledge is infeasible, such as copying a policy from
a different model or from a human; (2) situations when the teacher is sub-optimal, and it would be
bene cial to transfer only a speci ¢ subset of its knowledge, instead of a complete application; or
(3) situations where the teacher provides a curriculum for incremental student learning. In teacher-
student action advising, the teacher offers advice in the form of state-action pairs to the student,
suggesting a recommended course of action. This differs from related techniques such as inverse
reinforcement learningop], intention inferencej0], and of ine reinforcement learningdh],
which rely on an of ine dataset of expert trajectories. Most of the work on teacher-student action
advising to date focuses on when and how to provide advice [144].

We extend the current literature by providing methods to answer the following research
questions:

1. Can the teacher provide explanations for the given advice in addition to the advice itself,



and let the student assimilate them?

2. If the teacher is non-expert and as a result may give inappropriate advice, how can the
student discern if it should reject the advice?

3. From the teacher's perspective, how can it Iter out bad advice, or suggest advice that
adapts to the student's preferences?

4. What is the human's acceptance towards the advice?

Addressing these issues could signi cantly enhance the teacher-student action advising frame-
work, leading to more effective and ef cient knowledge transfer.

Beyond the primary focus on action advising in RL, this thesis expands its exploration to
assess the utility of transfer learning in various contexts, enriching our comprehension of its
versatility and strategic applications. While we delve deeply into action advising to address
sample inef ciency and knowledge transfer challenges in RL, the inclusion of further chapters
broadens our discourse, demonstrating how transfer learning principles can be adeptly applied to
optimize learning and decision-making in distinct domains. This broader examination is integral to
contextualizing our methodology's strengths and delineating potential applications. By contrasting
these diverse applications with our focused methodologies in action advising, we gain valuable
insights into our approach's advantages and the prospective directions for its application. These
additional explorations underscore the adaptability and wide-reaching impact of transfer learning
strategies, showcasing their critical role in propelling the eld of reinforcement learning forward
and highlighting their potential to foster ef cient learning and robust decision-making.

1.2 Related Work

Work on action advising in the eld of reinforcement learning (RL) encourages knowledge transfer
from the teacher agent to the student agent. Most of this research considers the advising process
as happening during the training of a student agent, where the student utilizes the teacher's
knowledge to accelerate and improve its own training process. Early work at the end of the last
century shed light on the direction that advice provision may come from an external observer
[97]. Although the number of studies has grown signi cantly over the past decade, they stem from
earlier works where the idea of agent advising was rst introdu&198, 143. In these studies,

RL agents were considered teachable and could be guided to improve their training ef ciency.
The instrumental assistance came from human agents who could potentially map their expertise
to RL tasks effectively, while a mapping based on domain knowledge had to be pre-designed
by the users to ensure the knowledge could be transferdilg 146. In the eld of action
advising for reinforcement learning over the recent decade, the teacher guides the student agent
by recommending suitable actions within a given state, based on the student's observations. This
enables the student agent to swiftly uncover effective actions, leading to ef cient explorations,
especially within vast observation spaces, rather than relying solely on self-exploration.

This advising approach typically embeds the teacher-student paradigm where both of the agents
are RL agents, and encompasses a teacher's knowledge transfer to a student in the form of state-
action pairs. A survey papeB()] lists and analyzes many signi cant approaches which deploy the
proposed paradigm. Foundational work ventured into the domain with budget constraints as an



important measuring metric to determine if the advising was ef cient, and also offered heuristic
methodologies for issuing advice in single-agent tagkg][of simple video games. Subsequent
studies delved into various teacher-student dynamics that were de ned by who initiated the advice,
for example, (a) student-initiate®7], (b) teacher-initiated38], and (c) jointly-initiated f].

Most of the work still considers the teacher initiating the advice, as the teacher is often more
knowledgeable to determine the situations encountered by the student. Additionally, many of
the approaches center arounbdenandwhichaction should be advised. The core of the work
considers how advice allocation can maximize its effect given the limited budget of advising.
Framing advising as a reinforcement learning task, where the teacher agent's reward is based on
the student's performanc&8§, 110, 177, has received much attention. This approach tackles
the problem of when to issue advice in a more robust way, but prolongs the training process
because every time the teacher improves its advising technique in a session, the student has to
converge from scratch in its training episodes. On the other hand, some work advances previously
established heuristic methods for deep reinforcement learBhg (], especially when the focus

of the work is not when to advise. Typically the work involves comparing various heuristic
methods or solely implementing the most feasible one.

Within the setting of multi-agent reinforcement learning (MARL), action advising approaches
consider each agent as both a student and a teacher, switching roles alteBia@ly 110.

This means the agents teach each other to complete a goal together for the entire team. No
prerequisite expert knowledge is required for the agents, thus all agents start in inexperienced
roles and gradually learn over the training process. These approaches do not assume stationarity in
the MARL setting, but do assume that the policies of other teammates are temporarily xed while
each agent is being optimized. In order to determine whether to accept advice, some studies have
proposed agents that can probabilistically reject advice from their teamrm3aiedwever, this
approach does not comprehensively consider the quality of the advice. A more robust approach
considers agents learning to teach each other by switching roles of teachers and stidgnts [
where the quality of the advice is further measured and the mechanism determines if it is helpful
to give advice. To enhance ef ciency in the framework of agents learning to teach each other,
option learning is used to train a high-level agent polit§( so as to handle more complicated
situations by abstracting the atomic actions away. Additionally, distillation and value-matching
techniques are utilized to aggregate knowledge from various homogeneous agents, simplifying the
multi-agent task153. Besides the framework of agents learning to teach each other, studies have
also delved into teaming with agents who are in partially observable environments in decentralized
settings 9. Here, heuristic teaching strategies are employed to offer advice to a decentralized
team. This approach contrasts with the centralized settings, which use a single centralized teacher
to oversee the entire space and communicate advice to the student &ggm$ do not have a
complete global awareness.

Recent studies have pioneered the reuse of advice, structured as state-action pairs, in order to
save advising budgets and maximize communication ef ciency. One such methodology involves
storing state-action pairs directly in memory, and selectively reusing the advice EI&}. [

In this work, multiple methods are used to determine if the storage has reached its maximum
capacity. An imitation learning module has been proposed that mimics the teacher's advice,
enabling the generation of advice even after the advice budget has been us&il uphjs

further improves the reuse of xed advice by providing similar pieces of advice. Additionally,
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researchers have considered a teacher that can provide qualitative evaluations of a given state,
when advice is required for it. This provides students with an understanding of how favorable

a particular state is6], which may improve the selection of advice. Nevertheless, while these
approaches successfully save the budget, they encounter dif culties when generalizing action
advice to unfamiliar states and environments.

Human teachers have an innate ability to rst determine if their advice is appropriate, and
adjust their advice based on the observed experiences of their students. Even though the human
teachers are not perfect, it is undoubtedly more dif cult for arti cial teachers to make adjustments.
Most recent approaches in action advising, which rely on an expert policy for advising, struggle
when the teacher's domain differs from the student's domain. This especially happens when
agents learn to teach each other and all agents are homogeB&adl&]]. In a scenario where
the teacher is sub-optimal and the student's domain differs from the teacher's, the utility of the
teacher heavily relies on the quality of its advid&f. This research problem, inspired by
DAGGER [125, was addressed §5 through a curriculum of teachers who constantly observe
and adapt their behaviors. This approach, however, necessitates the presence of multiple teachers,
which means it may not be applicable in scenarios where there is only one sub-optimal teacher.

Even though the eld of action advising for reinforcement learning has been studied for more
than a decade, rarely has work been done for representing the rationale behind advising. The
aforementioned approaches overlook the importance of explainability or transparency when the
teacher issues its advice, which is an important part of handling teacher's suboptimality. In our
work [54], where the teacher is not limited to providing the advice itself, explanations on why
the advice are given are also sent to the student. Although the teacher cannot improve its own
xed policy, which is equivalent to reusing advice in memofiy’p], the explanation enables the
student to re ect on the given advice and transfer to a different environment.

We also introduce the approach allowing the teacher to re ect upon its own a@dceThe
teacher withholds its advice if the expected outcome does not align with the student's experience,
and gradually learns to Iter out bad advice and keep the good ones. Previous work exists to
address sub-optimal teachel8f], however, there is little work done on mechanisms that enable
a student to comprehend the rationale behind sub-optimality. We directly address the domain
shift between the student's and teacher's tasks, which quickly adapts the teacher's world model
composed of prediction networks based on a collection of the student's observed behavior and
returned reward. Our teacher is thus not limited to withholding advice that negatively impacts
the student, but also can actively improve the quality of issued advice, which is beyond previous
approaches.

1.3 Preliminaries

Reinforcement Learning: We consider the problem of transferring knowledge from a teacher to a
student in the context of reinforcement learning. In our model, both single-agent and multi-agent
scenarios t our work.

The Markov Decision Process (MDP139 of a single-agent reinforcement learning task is a
tuple of S;A;R; T ), whereS is a set of stated\ is a set of action®R : S 7! Ris a reward
function,T (s; a; &) = P(sYs; a) is a transition function, and is a discount factor. A stochastic



policy is denoted by (ajs) : A S 7! [0; 1], indicating the probability that an agent chooses
actiona given the stats. To calculate the state-value and action-value functions, de nitions are
given as follows:

" #
X k
\ (St): E M+k+1 St 5
n k=0
#
X k
Q (s;a)=E leke1 St
k=0

whereE []is the expected value given that an agent follows its polic¥he goal is to learn a
policy which maximizes the discounted cumulative reward, i.e. to leauch that the expected
discounted retur’V or Q is maximized.

The Multi-agent Markov Decision Process (MDP) of a multi-agent reinforcement learning
task is atuple ofN ;S;A;R;T; ), whereN = f0:::ngis a set of agents5 is a set of states,

A = A, is a set of joint actionsR : S 7! R is a reward functionT (s; a; a1:::a,; 8% =

P(sYs; a; a1:::a,) is a transition function, and is a discount factor. There is a set of policies
i(s;a) = P(ajs) for each agent, where the single-agent setting is a special case. The goal is

similarly also to learn a policy which maximizes the discounted cumulative reward. Same as the

single-player case, value-based methods similar to Q-learning maintain a Q-table or a Q-value

network, and agents choose actions to maximize Q values, such asM3Nahd QMIX [120.

Actor-critic methods such as COMA]] have one policy network for each agent, which takes in

an agent's observation and infers an action, while another critic network estimates the quality of

the policy.

Action Advising We investigate action advising in the context of reinforcement learning.
Action advising hinges on the teacher-student paradigm, where a teacher agent aims to advise
the student agent by offering guidance in the form of actions based on the student's observations
during the training process. The teacher agent has access to a policy pre-trained in a source task,

T, and provides recommended actions to the student agent, who attempts to learn ailicy
a target task. Formally, let represent the student's perceived state of the environment at time
stept, anda; denote the action undertaken by the student. Thus, following the formulation in a
prior work [23], we have:

a=a  T(ajs)ifH(s)=1;o0ra’ S(ajs)if H(s) =0; (1.1)

whereH : S 7! f 0; 1g serves as a binary indicator function, which is assighedhen the
teacher provides advice, afdvhen the teacher does not.

1.4 Overview of Chapters

The arrangement of the rest of the chapters is as follows:
Chapter 2 We present our work34] to demonstrate how we use a decision tree policy as the
distilled policy of a teacher, and how its decision tree paths are served as explanations given to



the student, in addition to the action advice. Experiments show that the student performance is
accelerated and improved as student assimilates knowledge from teacher into its internal model.

Chapter 3 Based on the explanation work, we let the student determine if the advice from the
teacher should be taken or rejected in an environment that the teacher has never seeb4pefore |
The student also tests its transferability to an unseen environment without the teacher - only
depending on its learnt internal knowledge.

Chapter 4 Instead of letting the student decide if the advice is good enough, we let the teacher
introspect its own advice?B]. If the teacher's estimated outcome is similar to what the real
situation is, then the teacher considers the advice bene cial.

Chapter 5 We take one further step where the teacher may improve its own policy to provide
alternative advice. The teacher collects data from its own environment and the student's environ-
ment to train prediction networks on the student rewards, for the teacher to train in its imagination
to adapt to the student's need.

Chapter 6 We examine if the arti cial agent's advice is acceptable to human students, and if
explanations improve the acceptance.

Chapter 7 The advising methodology extended to advising humans, utilizing the quickly-
developing large language models.

Chapter 8 We explore transfer learning in urban search and rescue, showcasing how a model
trained in one environment can generalize to aid decision-making in a new, complex setting. This
chapter demonstrates transfer learning's impact on improving response strategies and operational
ef ciency in critical rescue operations.

Chapter 9 Application of transfer learning in self-driving technology, focusing on an inno-
vative approach to optimize parameter selection across different driving contexts. The chapter
highlights a reinforcement learning-based method to enhance model adaptability and ef ciency in
international automotive markets.

Chapter 10 We conclude our existing contributions and plan for the future.

While Chapter 2 focuses on providing explanations, and paves the way for Chapter 3 that
utilizes explanations and internal model to reject bad advice, Chapters 3 - 5 considers handling
the sub-optimal advice. Chapter 3 handles from the student's side, however, as teacher is a more
experienced agent, Chapter 4 - 5 handle sub-optimally from the teacher side and are more effective.
Chapter 6 -7 are the human experiments, where we evaluate our methods with human feedback.
Chapter 8 - 9 are previous related works of transfer learning, that we would like to show how we
motivate our directions and are inspired.



Chapter 2

Providing Explanations and Building
Student's Internal Model

In this chapter, we introduce our work on how Explainable Action Advising (EAA) could improve

the transparency of teacher-student action advi$dly [n our proposed method, we assume we
have access to a teacher's “black box” policy, i.e., neural network, from which we can sample
demonstration trajectories. These trajectories are used to distill the policy into a decision tree
in which each leaf represents an action, and the corresponding path from root to leaf represents
the explanation for why an action should be taken. When the teacher issues advice, both the
decision path (explanation) as well as the leaf (action) are given to the student, who incrementally
re-assembles the decision paths together in an attempt to reconstruct the teacher's decision tree in
its internal model. This internal model serves two purposes: 1) it acts as a memory and allows
a student to apply prior advice to same or similar future states, and 2) it allows a student to
identify unhelpful advice and selectively ignore it, which is useful for novel environments. This is
analogous to the self-explanatiorZ6] employed by human students in order to improve learning
effectiveness. Importantly, EAA is agnostic to the student's underlying reinforcement learning
algorithm — intuitively the teacher is guiding policy exploration.

EAA makes three main contributions: a) introduce an RL algorithm-agnostic action advising
method which uses explanations to improve advice generalization; b) empirically show that
our approach improves policy returns and sample ef ciency in single-agent and multi-agent
environments, when compared to multiple state-of-the-art baselines; c) utilize explanations to
make use of sub-optimal advice in transfer learning. Speci cally, we discuss (a) and (b), which
focus on how the explanations are generated and how this approach helps the performance, in this
chapter, and (c), which considers transferring to an unseen scenario, in the next chapter.



2.1 Background

Decision Trees and Policy Distillation A precondition of our method is the distillation of a
black-box teacher agent policy into an interpretable representation, i.e., a decision tree which is
commonly employed as an interpretable proxy modé).[Given a pretrained neural network
policy, we extract it into an equivalent decision tree model utilizing the distillation method from
the Veri ability via Iterative Policy ExtRactionVIPER) [15] framework. VIPER extracts a
suitable decision tree policy from a policy network through an iterative process of sampling
trajectories and training a decision tree with standard algorithmsDinGGER-based 125 setup.

Over the course dfl iterations, VIPER samples trajectories of state-action fdairs (s)) into a
running data seb,. This data set is re-sampled accordingspa) P ((s;a)) / f(s)1[(s;a) 2

D] wherel() is the indicator function and the loss is computed by:

fis) = V' () mingpaQl (s;a)

After re-sampling to get the current data Bgt a single decision tree policy is trained. Aftér
iterations, the best tree poli¢y out of all candidate policies is selected.



2.2 Methodology

We introduce Explainable Action Advising (see Fig. 2.1), in which a teacher agent provides action
advice as well as an explanation to a student agent. The student may query its internal model if
there is an advice, or ask the advice from the teacher. If no advice is provided, the student may
take its own advice over its training process.

2.2.1 Explainable Action Advising

An outline of the EAA algorithm is shown in Algorithm 1. The distilled teacher poli¢igs®,:::",
are provided as input to EAA — one for each student agent — along with a heuristic fuimgjion
which determines when advice should be issued to an agent. We de ne two hyperparameters: an
advising budgeband a decay parameter The budgebis used to limit the amount of advice that
is issued during the student's training, which is useful for limiting the communication between
teacher and student, and motivated by preventing cognitive overload in potential human students
[144]. The decay rate determines the likelihood with which an agent will re-use advice that
has been stored in its internal modg] giving the student freedom to execute its own policy
after it has suf ciently learned from the teacher's advice and potentially exceed the teacher's own
performance.

Our algorithm operates over multiple iterations, during which we roll out a policy and sample
T timesteps from the environment. For each time st@me of three things happens: a) the student
will query its internal model for an action, b) the teacher will issue advice and an explanation
which the student will incorporate into its internal model and then follow, or c) the student will
sample an action from its own current policy. In the rst case on Line 6, if the student has
previously received and stored advice applicable to its current state, it follows the corresponding
action with a probability determined by the decay raténtuitively, the agent should become less
reliant on the teacher's prior advice over time and increasingly follow its own actions.



Figure 2.1: Overview of EAA. As the student makes observations during training, one of three
cases may occur.

1) The student has previously received advice for a similar state and is able to identify it through
an explanation in its internal model, then follow the associated action.

2) The student has not previously received advice, but is now given advice by the teacher and
stores the explanation in its internal model, then follows the advised action.

3) The student has not previously received advice and the teacher is not currently providing advice;
the student follows its own policy. In cases where the teacher is trained in a different environment
than the student, the student may choose to reject unhelpful advice.
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Algorithm 1 Explainable Action Advising

Input: Distilled teacher policie$;; :::”, for n-agent mission, heuristic functidi( )
Parameter. Advice budgeb, advice decay rate

1: Internal modeh;, = ;, student ; = ;8i=1;::::n
2: foriterj =1;2;::: do
3 for time stept =1;:::;T do

4: for agent =1;:::;ndo

5: if 1< U [0;1]ands! 2 ~ then

6: take actiorg! = " ;(s!)

7: else ifb > 0 andh(s!) then

8: give adviced! and expl.pf = path (*;;s!)
9: update internal modéY, = store (*; )
10: take actiorf!

11: else

12: take actiore! = ;(s!)

13: end if

14: end for

15: end for

16: Update ; via policy optimization foi =1;:::;n
17: end for

In the second case on Line 8, if the student has not previously received relevant advice the
teacher agent determines whether advice should be issued to its student, which is controlled
by the heuristic functiom( ), the remaining budgdg and the uncertainty associated with the
advised action such that only suf ciently con dent predictions are used as advice. If this occurs,
the teacher samples a leaf node aciband its decision path explanatighfrom its distilled
decision tree and sends them to the student. The student takes this explanation, incorporates it
into its own internal mode?t,;, and follows the advised action.

Lastly, in the third case on Line 12 the student simply follows its own current pojioyhich
is itself updated on each iteration with the data collected from the rollouts. Additionally, there
is an optional check in which a teacher agent may only issue advice if: a) the uncertainty of
executing the action is suf ciently small, and b) the advice from its internal model matches the
action from its expert policy — useful if the distilled tree is overly noisy. If the action uncertainty
is too high, the teacher may choose to issue only action advice and withold the explanation from
the student. This allows the student to leverage the teacher’s learned action probabilities without
committing them to memory.

The algorithm is explainable as the decision tree policy, who represents the original agent's
policy, is explainable. The features on the decision tree paths indicate what features lead to
the output action as the leaf node. This ensures the decisions generated from black-box neural
networks could be explained.

11



Figure 2.2: The decision tree reconstruction process that is performed when updating a student's
internal model*. The student receives an explanation decision patfiF , from the teacher's
distilled policy”™ , nds the last common nodE; currently in its model, and adds all subsequent
missing nodes — in this case onfy,.

2.2.2 Decision Tree Reconstruction

The reconstruction process performed in shere function, shown in Fig. 2.2, consists of
merging the current decision trég and the decision path explanatigh, which reduces to
merging two trees. Following standard decision tree architecture, we assume that the tree consists

and branching condition. By transferring the teacher's tree in a piece-wise fashion, we transmit
only useful advice which aids in the generalization process — uncertain actions are ignored — while
minimizing the amount of information transmitted. The size of the student's tree is conditional on
the budget and complexity of the policy.
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Figure 2.3: Environment Screenshots. The 4 and 14 room environment have a medic (red circle),
engineer (blue circle) and victims (red plus).

2.3 Experiment

We empirically evaluate EAA in three simulated environments: Pacman, Half Field Offense
(HFO), and Urban Search and Rescue (USAR). In each of the environments we rst train a teacher
policy to convergence and use this policy to subsequently advise a student policy using EAA as
well as several baseline algorithms. To evaluate EAA's transfer learning ability, we perform an
additional experiment in the USAR environment where the teacher is trained in a variant where a
feature is missing, and then advise a student in the environment with that feature.
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2.3.1 Experimental Setup

Figure 2.3 depicts our three environments (Pacman, HFO, and USAR), with the USAR task
implemented in a simpler 4-room and more dif cult 14-room setup.

Pacman a single-agent scenario with a discrete state spat3}. We use the standard
single-agent environment? §] with the OriginalClassiclayout (Fig. 2.3 (a)) and aggressive
ghosts. An additional reward penalty ofl is received when an invalid action is predicted, in
place of action masking. The student and teacher policies were trained viglBgdof 10, 000
episodes with an advice budgetlof 10. The teacher and distilled teacher achieved average
rewards o#45Q

HFO: a multi-agent scenario with a continuous state space where two homogeneous RoboCup
agents play as a tean61, 77]. We use the standard 2v2 environment|[(Fig. 2.3 (b)) and
train teacher and student policies for the offense agents with SARS3 ds in prior work B1]
for 2; 000episodes with an advice budget3{iQ The teacher and distilled teacher achieved an
average reward d.8.

USAR: a multi-agent scenario with a discrete state space and heterogeneous agents with
different action spaces and hard coordination constraid 53, 86]. We have two layouts:

a simple 4-room layout (Fig. 2.3 (c)) and a more complex 14-room layout (Fig. 2.3 (d)). The
environment consists of rubble which can be cleared and victims which must be healed, and a team
of two agents: a medic who heals unblocked victims and an engineer who can clear rubble from
blocked victims. The reward is team-level and givé® for each victim healed. Both layouts
contain rubble in every room, while the 4-room layout contains 1 victim randomly distributed
and the 14-room layout contains 2 victims. The teacher and student policies are trained using
COMA [41]] for 16,000episodes with an advice budgetdddQ 000 The teacher and distilled
teacher achieved an average reward®in both layouts, indicating a sub-optimal teacher for the
14-room layout. This task necessitates cooperation between a medic and an engineer robot to save
trapped victims — the engineer must remove rubble before the medic comes across and heals the
victim, and is the most dif cult environment.
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2.3.2 Benchmarks

In all experiments, we de ne four variants of EAA utilizing the heuristic functions established
in prior work [144] ash( ): EAA with early advising (EAA-E), alternative advising (EAA-A),
importance advising (EAA-I), and mistake correcting advising (EAA-M). EAA-Median indicates
the median performance of all EAA variants. The heuristics are the same as in the Action Advising
baselines and are de ned below.

Action Advising: We compare EAA to four heuristic-based Action Advising algorith$]
in all environments:

1. (AA-E) Early: Continuously advise at each state.

2. (AA-A) Alternative Advise with a xed frequency.
3. (AA-l) Importance Advise when the state importantés) > threshold.

4. (AA-M) Mistake Correcting Advise if | (s) > threshold an@ %" & a .

Memory-based Action Advising For the discrete state environments, we compare EAA
to three recently introduced 72 benchmark algorithms: Q-change Per Step, Decay Reusing
Probability, and Reusing Budget. These works are conceptually similar to ours in that students
have a memory and reuse teacher advice in the form of state-action pairs, so they serve as a strong
state-of-the-art comparison.

Action Advising with Adaptive Teacher: In the USAR environment, we further compare
EAA against an approach in which reinforcement learning is used to learn an optimal teldidher [
177, and denote this alsearn to Teach This algorithm learns over multiple sessions, within
each of which the teacher learns to allocate its advice budget with the constraint that the student's
policy must converge. All methods except for Learn to Teach are train€slreomdom seeds.

Due to the computational demand of the inner reinforcement learning loop, Learn to Teach (100x
slower) is only evaluated once for USAR.
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Figure 2.4: Comparing Explainable Action Advising (Early: Red, Alternative: Purple, Importance:
Yellow, Mistake Correcting: Green) with Action Advising (Blue) on the PacMan, HFO, and USAR
(four and fourteen room) environments.

Dash-Dotted lines indicate when advising budget is exhausted.

Results are averaged over 5 independent trials except for 14-room over 3.

2.3.3 Results

Figures 2.4 and 2.5 show the results of our EAA variants to the action advising baselines described
above, and are intended to demonstrate improved policy return and sample ef ciency owing to
advise re-use from explanations.

Comparison to Action Advising: In Fig. 2.4, we compare our four EAA variants described
in Sec. 2.3.2 to AA144 in all environments. We observe that EAA converges to the teacher's
reward signi cantly faster than the AA baselines and with lower reward variance, indicating more
training stability. Of note is PacMan, where the lack of initial state randomization enables heavy
advice re-use and offsets the small advice budget, allowing EAA to perform remarkably well. In
HFO, EAA achieves only a slight improvement over AA; we conjecture that this is due to the
simplicity of the task — it was designed for classical methods such as SARSA, which enables AA
to perform well. Advise re-use and generalization is evident in the HFO and USAR environments
where EAA results in later budget exhaustion (dashed lines, Fig. 2.4) across all heuristics. This is
not evident in PacMan simply due to the extremely small advice budget; it is spent quickly at the
start of training. All algorithms except for EAA-A (Fig. 2.4 (b)) also suffer from a large drop in
reward when the teacher's budget is exhausted. While this is expected, it is interesting to observe
that our EAA variants tend to recover quicker from this drop than AA.
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Figure 2.5: Baseline of Pacman (left) and 14-room USAR comparing EAA to SOTA algorithms.
Results are averaged over 3 random seeds except for Learn to Teach which uses 1 due to run-time.

Comparison to Memory-based Action Advising In Fig. 2.5, we see that EAA again
demonstrates both improved convergence rate and maximal policy return when compared to the
memory-based action advising baselines, achieving optimal performance in both the Pacman and
USAR 14 room environments. The memory-based method simply maps from observations to
actions by storing teacher's previous advice, so the advice from student model always matches
teacher's. Q-change Per Step displays the worst performance because it assumes a strict increase
in Q-values when the student receives advice, otherwise discarding it. However, this assumption
is often violated, especially in USAR where an action such as removing rubble does not directly
result in an increase in Q-values — only healing victims does. Decay Reusing Probability and
Reusing Budget are able to achieve optimal performance, yet take signi cantly longer to converge
than EAA.

Comparison to Action Advising with Adaptive Teacher. Figure 2.5 (b) shows the compari-
son the adaptive teacher action advising method, Learn to Teach, in the USAR 14-room layout.
While Learn to Teach converges to the teacher's reward, it takes considerably longer to do so,
requiring nearlyl2;, 000episodes compared to EAAS 000
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2.4 Conclusion

We propose Explainable Action Advising (EAA), a novel action advising algorithm in which

a teacher agent issues explanations in addition to action advice to student agents. Our results
show that EAA improves both policy reward as well as convergence speed with agents trained
via MARL when compared to eight state-of-the-art benchmark algorithms. We demonstrate that
our method is especially effective in budget-constrained advising, as each piece of advice now
conveys more information and helps reduce communication frequency with respect to advice in
the case of arti cial agents. EAA also enables explainable transfer to unseen scenarios, which
will be discussed in the next chapter.
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Chapter 3

Student Rejecting Bad Advice Based on
Explanations and its Internal Model

We present how Explainable Action Advising (EAA) leads to explainable generalization in this
chapter, as part of our work ibfl]. Recall that EAA improves the transparency of teacher-student
action advising by utilizing the decision tree paths of the distilled decision tree policy, from the
teacher's “black box” policy where we sample demonstration trajectories with VIPER. Through
collecting those paths where the nodes are features forming explanations leading to the leaves
as the resulting action advice, students may have its internal model to reconstruct the teacher's
decision tree policy.

If the student is faced with an unseen scenario, 1) It may tell if the teacher's advice is
generalizable in this new scenario by examining the features in the explanation, which allows
the student to identify the unhelpful advice and selectively ignore them to avoid being misled; 2)
The student may query its internal model to seek for a solution when faced with any observation,
and only explore the environment when its own knowledge is not applicable. In short, every
time the student receives advice, it examines the explanations and internal model, to decide if
the teacher's advice should be accepted or rejected. Therefore, our method helps improve the
generalizability with the student taking the role of rejecting unsuitable advice and re ecting on its
internal knowledge. We performed experiments to demonstrate its improvement empirically, and
compared with common transfer learning approaches.
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3.1 Background

A fundamental property of decision trees is their ability to perform feature seledticng7Q.
Decision trees operate by partitioning the data along certain feature dimensions in a way that
best separates the target classes. Notably, only a subset of features, known as decision features,
are employed in this process, while others are ignored. This property lends decision trees their
interpretability, as the decision path from the root to a leaf node provides a clear explanation
of the classi cation decision based on a subset of features. Leveraging this characteristic, EAA
enhances the transparency and adaptability of action advising in reinforcement learning.

The importance of decision tree features is intrinsically determined by their position and
frequency of appearance within the tree's paths. A feature that frequently appears close to the
root of the tree is generally more important for classi cation, as it contributes to the majority of
decision paths. On the opposite, a feature sits far away from the root or not shown in the tree is
less important. Let's denote the set of all features aand the set of decision features, which
appear in the decision paths of the treef-gs whereFp, F . These decision featurés, form
the basis of classi cation decisions. Consequently, understanding these decision paths allows for
an effective and interpretable transfer of knowledge, which is a crucial aspect of our proposed
EAA approach.
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3.2 Methodology

Using a decision tree representation for the internal model allows the student to generalize the
advice to novel states which differ from that in which it was issued. We do this by treating the
decision tree as a classi cation model, in which the sti®the input and the actioais the
target, and extracting a generalizable classi cation tree during distillation. Formally, let the set of
all possible observed features in the teacher's environment, i.e. a source environnfiengrize
the set of features modeled by our reconstructed decision tre@ éhereFr F s. Thena
given decision path corresponding to a feature veictdr s will also generalize to any other
feature vectof °2 F g as long as the features in which they differ are not containéckinSuch
generalization leads to improved advice reuse, and as a result improved learning performance as
is empirically shown in Sec. 3.3.2.

Similarly, a decision tree representation also lends itself to transfer learning, by allowing
a student to recognize situations in which advicaasapplicable and as such should not be
followed, e.g. when the teacher is trained in a different environment. Let us denote the set of
features in the teacher's source environmerf asind the set of features in the student's target
environment a§ . We impose an additional constraint on the student such thgettsadvice if
the decision path explanation contains featurds{n F s, which means the advice is applicable
in the source environment but not in the target, and the student instead follows its own policy
to explore to deal with this unseen scenario. Intuitively, we only want to follow advice if it is
dependent on features found in both environments. We refer to this prodessrasg through
re ection, and empirically demonstrate that this yields signi cantly improved policy transfer in
Sec. 3.3.2.
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The overall generalization procedure is shown in Algorithm 2. Ideally, the student will need
to seek for exploration when the advice is not generalizable. This happens when there is one
decision feature given from the teacher or its internal model, where the feature is never observable
by the teacher, and de nitely not observable by the student's own internal model as it is a subset
of teacher's knowledge. However, if the student will need this feature to make a decision, then
clearly the advice from the teacher is not applicable. If such an feature exists when student is
faced with, the student will reject the advice and explores.

Algorithm 2 EAA - Generalization
Require: Fs, Fr, F7
1: Initialize EAA normal process.
2: while not End of Trainingdo
3 S current state

4: a action advice from teacher
5: f  extract every decision feature from advice
6: if f 2Fgr andf 2F 1+ F s then
7: Follow student's own policy
8: else
9: Follow advicea
10: end if

11: Update the student internal model
12: end while
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3.3 Experiment

3.3.1 Experiment Setup

We use the same environment of USAR in the last chapter. Here we let the teacher train in a
USAR variant where there is no rubble but only victim(s) to be healed. However, the student
is faced with a USAR variant where the team must remove the rubble rst before healing any
victim. Rubble existence is an important feature where the student would reject any advice if in
the teacher's explanation the student does not see this critical feature.

More speci cally, the teacher is a trained expert in a USAR 4-room source environment
withoutrubble, and is used to advise a student in a target environwidntubble, in which
it is a non-expert due to the additional coordination requirement of removing it. The student
rejects advice if the teacher's advised explanation contains no features related to rubble when
encountering a room with rubble. The team is rewarded only when the medic has healed a victim,
which may be hidden behind rubble and thus requires the engineer to remove. Rubble is scattered
randomly in various rooms without replacement. The action set is meta-actions with respect to
navigation, healing victims, and removing rubble (for the entire room). In the transfer learning
experiments presented in the manuscript, the teacher is trained with the same room layout but
without rubble (0 rubble, 1 victim), and is used to teach students who learn in the standard layout
with rubble (3 rubble, 1 victim).

In the experiments, we rst compare EAA against the standard transfer learning technique in
which a policy is pre-trained in a source environment, and then ne-tuned in a target environment,
denoted as NN Pre. We also include results for the pre-trained policy without ne-tuning (NN
Tns.) and a policy baseline trained from scratch (Scratch).

Experiment plots show the results when self-re ection is used to selectively transfer advice
from a teacher trained in a different environment than the student.
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Figure 3.1: Transfer learning performance for students training in the USAR environment with
rubble by a teacher who was originally trained without rubble. The teacher only has access to
the extracted decision tree where the teacher NN is not present in (b), compared to (a) where the
teacher NN is present. Results are averaged over 5 independent trials.

3.3.2 Comparison to Fine-tuning

Figure 3.1 shows EAAs performance when transferring advice from a teacher's source environ-
ment to a student's target environment, as compared to standard transfer learning approaches.

In Fig. 3.1 (a), EAA has access to both the distilled and original policy and does not store
explanations in which the action has a low probability, as discussed in Sec. 2.2.1. This is the
default behavior used for prior experiments in Sec. 2.3.3, and represents the best-case transfer
learning scenario. In Fig. 3.1 (b), the EAA variants are trained by a teacher who only has access
to its distilled decision tree and not its original policy. This represents a more dif cult task, and
establishes a baseline for the later case where there is no teacher and the student relies only on its
internal model trained in the source environment (Fig. 3.2).

In Figure 3.1 all four variants of EAA signi cantly outperform the neural network baselines
and converge to the optimal reward witHi; 000episodes. The transferred teacher policy (NN
Tns.) serves as a baseline of the non-expert teacher behavior in the target environment without
any additional training; this is the upper limit on the expected sub-optimal advice performance.
Notably neither training from scratch (Scratch) nor pre-training on the source environment
followed by ne-tuning (NN pre.) consistently converges to the optimal reward. Given that EAA
performs nearly as well in Fig. 3.1 (b) as Fig. 3.1 (a), we conclude that maintaining the original
black-box teacher policy is unnecessary.
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Figure 3.2: A comparison of EAA with re ection, called EAA (Explore), to standard EAA.
The student is pretrained in a source environment (4-room no rubble) and transferred to a target
environment (4-room with rubble). Results are averaged over 5 independent trials.

3.3.3 Self-Re ection

Fig. 3.2 shows the results when a student trained via EAA in a source environment continues
training in a target environment, when no teacher — and therefore no advising — is present. We
implement a version of EAA with re ection in which the student examines its own reconstructed
decision tree and ignores actions learned from unhelpful advice and instead executes an exploratory
action (EAA Explore).

When compared to an ablated student without re ection, we nd that re ection not only leads
to improved rewards at the start of training, but also an improved convergence rate for EAA-E,
EAA-A, and EAA-I variants. These results show that not only does EAA improve policy transfer
to novel environments in the presence of a teacher, but it even yields bene ts when the student
operates in novel environmertiy itself

25



Figure 3.3: A comparison of an ablated version of EAA which always takes the teacher's advice,
EAA (Always Accept), to standard EAA when the teacher has access to both its original neural
network policy and the extracted decision tree (DT + NN).

3.3.4 Comparison to Ablated Version

In this section, we include an experiment in which we compare standard EAA to an ablated
version which lacks the transfer learning check. The results are shown in Figure 3.3 and Figure
3.4.

In both cases — a DT + NN teacher and a DT-only teacher — always accepting the advice
from a non-optimal teacher performs worse than standard EAA. Since the teacher is trained in an
environment with no rubble, and thus when the student encounters a room with rubble, it is more
advantageous for the student to execute an exploratory action rather than listening to the teacher,
which happens in the standard EAA version. In the (Always Accept) versions, this exploratory
action is not taken and instead the student always accepts the teacher's (potentially non-optimal)
advice, resulting in worse performance.

For EAA-Early, the fact that always accepting advice is similar to standard EAA may be due
to advice being given continuously resulting in the budget being used up at a very early stage.
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Figure 3.4: A comparison of an ablated version of EAA which always takes the teacher's advice,
EAA (Always Accept), to standard EAA when the teacher only has access to its extracted decision
tree (DT).

This is similar to the Importance variant as the threshold for giving advice is rather low. It can be
observed that EAA is better at the beginning when it ignores non-optimal advice, but this effect is
limited if the advice is given too densely in a limited period of time as in the Early variant. We
suspect that this is due to limited updates in the network parameters per iteration. Instead, if the
advice is given more sparsely, for example in EAA-Alternative, ignoring non-optimal advice has
a more signi cant effect. Empirically, the later the budget is used up the better the performance,
something that is also seen in the Mistake Correcting variant.

In the ablated EAA version which always accepts advice, we notice that in some cases the
student fails to converge to the optimal reward. We conjecture that this occurs when the budget
lasts a long time — Alternative and Mistake Correcting variants — which prevents the student from
learning to converge to optimal on its own. Additionally, the variance in the policy returns is quite
a bit larger for the ablated versions — again likely due to taking occasionally poor actions resulting
in the policy being more likely to execute non-optimal sequences.
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Moreover, removing the original policy NN from the teacher slightly improves the ablated
EAA variants (Fig. 3.4). When the teacher's advice is based solely off the extracted DT, the advice
is more likely to be erroneous, which ironically means more likely to be correct if the initial
advice was incorrect (as in this case). So in a roundabout way, due to the lower quality advice
from the teacher, the ablated version which always accepts advice ends up performing better than
the ablated version in which the teacher has access to both its DT and NN policies.
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3.4 Conclusion

We demonstrate that EAA enables the advice to be transferable to other unseen scenarios, by
rejecting teacher's unhelpful advice and learning through re ection. Limitation exists that the
important feature from the student must be given in advance. Like our experimental scenario
where the rubble existence is an important factor that differs the student and teacher's environment,
this key feature must be given to EAA. Otherwise, it is dif cult to distinguish if the non-existence

of a particular feature is due to the fact that the teacher has no experience of it, or regards it as not
important. More robust transfer methods are introduced in the next two chapters.
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Chapter 4

Teacher's Introspection for Preventing Bad
Advice

This chapter introduces the work on Introspective Action Advising (IA23]] in which the
teacher determines when its advice is transferable from its source task to the student's target
task, in order to only give out bene cial advice. When the teacher's advice originates from a
policy trained in a different source task, ensuring its transferability is crucial to avoid misguided
exploration by the student, which could result in misleading the student into low-reward state
space regions. In IAA, advice is regarded as transferable if the resultant expected discounted
returns are considerably similar across tasks. This means the advice is considered suitable if it

triggers an outcome in the target task that is suf ciently “close enough” to the outcome observed
in the source task.
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Algorithm 3 INTROSPECTIVEACTION ADVISING (Actor-Critic)
Require: T, S,VSre, vnew
1. for iteration=1;2;::: do

2: Roll out student's policy foll timesteps
3: X

4: fort=1;2;,:::;T do

5: h  INTROSPECTS;; VS, Ve 1)
6: if hy =1 then

7: a  (ajsy)

8: else

e} a  S(ajs)

10: end if

11: X X[ (st;a; s e hy)

12: end for

13: Teacher critic update ovet

14: T, S CorRectiX; S; 1), yr vi+  TO LY
15: Student actor-critic update ovar

16: VS vs T SOVSL?/, s s + SO
17: end for

Lt

S

4.1 Methodology

Using standard de nitions [139] for the state-value and action-value functions,

#
R k
V()= E M+k+1 St s
k=0

whereE [ ]is the expected value given that an agent follows policAn agent's goal is to learn
through training such that the expected discounted réfuiis maximized, given an initial state
distribution.
Formally, the advice actioa, is transferable for a given staseif

VI(s) VE(s) (4.1)

Our approach involves accurately estimating" in the target task. However, we assume
advice is only bene cial in the early stages of training whien  and it is unlikely that our
estimate oV " has suf ciently converged to the optimal value function in the target tdsk,

Vi(s) VI(s) > ; (4.2)

which makes it dif cult to determine whether advice is not transferable due to a mismatch in
state-values or due to the student not having a suf ciently accurate estimate of the state-value.
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4.1.1 Introspection:

We let the teacher itself directly estimate the state-value function in the target task, with the
assumption that re ning the teacher's existing estimate of the state-values in the source task will
lead to quicker convergenceYb; than estimating it from scratch. Speci cally, we ne-tune a
copy of the teacher's state-value function learned in the source\téd8k,with observed returns

from the student's exploration in the target task as estimate afs;). Therefore, Eq. 4.1 becomes

VY (s) VI(s) (4.3)

We introduce a decay hyperparamete®, [0; 1), to approximate the temporal cut-off The
teacher's advice is issued according to a probability that decreases over'timijch gives a low
probability of advice issuance wheér  because while a speci ¢ action might lead to similar
results in both the source and target tasks, it may not always remaaptineal choice. The
student thus should be gradually permitted to explore on its own as time progresses. Furthermore,
a trade-off exists between how much returns the teacher should observe and incorporate into
vrew T and the necessity to provide advice early in the training for maximal efidht The
burn-inhyperparameter 2 R 0 manages this balance, specifying the number of timesteps the
teacher should observe prior to giving advice.

4.1.2 Off-Policy Correction:

IAA fundamentally alters the nature of samples used for training updates as they are no longer
solely derived from the student's policy rollouts;. Instead, actions suggested by the teacher's
policy intermingle with those produced by the student's policy, violating assumptions for on-policy
algorithms. To make an off-policy correction for the studehtlet's denote a trajectory of

where eachx; = (s;;&;Si+1;+1) represents a single timestep observationL lis a loss
computed oveK , off-policy correction is applied to optimize’L with respect to the student's
model parameters. The off-policy correctiohis a vector composed of scalar values.

Each value in S is an importance sampling ratié’% when a speci ¢ action comes from
the teacher's policy, ot when it is from the student's. Similarly, we also apply an off-policy
correction, T, when optimizing the teacher's state-value function estind@f. This correction

T contains an importance sampling ra{%af% when an action comes from the student's policy,
andl from the teacher's.

4.1.3 Algorithm:

During rollout of the student's policy (Lines 3-12), actions are from either the teacher's or student's
policy (Lines 7, 9). The decision whether to issue advice is determined by our introspection
function (Alg.4), replacindd (). An off-policy correction, calculated in Alg. 5, is applied to

the teacher's critic losktY (Line 15), and to the student's actor and critic losdets @ndLt")

in (Lines 17, 18). These losses are then optimized in relation to the model parameters of the
teacher's criticy T™°"), V T, as well as the student's actor and critic parameter§:and s,
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Algorithm 4 INTROSPECT

Require: s;, VS, VW t |
1. hy O
P Berr( max(0;t ))
ift> andp=1 then
it V®(si;a)  VS(si;a) then
hy 1
end if
7: end if
Ensure: h;

o g wN

Algorithm 5 CORRECT

Require: X, S, T
T .

1: Co, S
2: for eacha;, si, h; in X do
3 if h =1 then .

. T T S S (atjst)
4: [ 1, [ T(a:jst)
5 else ;

. T T (atjst) s S
6. ] [ S(a:js:)’ [ 1
7: end if
8: end for

Ensure: T, S

with a learning rate . This formulation allows for the application of IAA to numerous on-policy
algorithms, demonstrated in our experiments with Proximal Policy Optimization (RB®)gand
extends to off-policy algorithms, excluding the proposed off-policy correction.
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4.2 EXperiments

We quantitatively and qualitatively analyze our proposed algorithm over two different reinforce-
ment learning domains: Gridworld and Atari. In each domain we examine learning performance
when transferring between tasks of varying similarity with the goal of understanding: 1) does our
proposed approach yield positive transfer performance between tasks; 2) how does our approach
compare to methods based on ne-tuning and action advising; and 3) does our approach allow us
to understand what knowledge has been transferred between tasks.

Gridworld : The Gridworld environment consists of four inter-connected rooms and an agent
which must learn to navigate to a goal position as shown in Fig. 4.1. In the source task, there are
no doors and the agent is free to navigate to any room in order to reach the goal. In the target task,
there is exactly one locked door separating the agent from the goal; a key must rst be picked up
and used on the door in order to unlock it and provide access to the goal.

Atari : The Atari environment consists of a subset of games selected from the Arcade Learning
Environment §6]. This is a challenging domain, and has previously been shown to yield negative
transfer for ne-tuning-based transfer method2§. We have chosen a set of nine games sharing
similar visuals and strategies to evaluate for transfer — Air Raid, Assault, Asteroids, Beam Rider,
Carnival, Centipede, Demon Attack, Phoenix, and Space Invaders — as well as two games which
substantially differ — Ms. Pacman and Pitfall. Air Raid was arbitrarily chosen as the source task
and the remaining ten games serve as the target tasks as shwon in Fig. 4.2.
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Figure 4.1: The source and target Gridworld tasks. Agent start (red triangle), goal (green square),
and key positions are randomized. The agent must learn to navigate to the goal. The source task
contains no locked doors while the target task contains exactly one.

Figure 4.2: The source task (Air Raid) and a subset of target tasks in Atari (Phoenix, Space
Invaders, Carnival, and Demon Attack shown). The nature of the task is dependent on the game.
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4.2.1 Experimental Setup

In each domain we de ne a xed source task for which to train a source policy and then evaluate
transfer learning performance to a policy trained in one or more target tasks. We compare our
approach to the following six methods:

* Fine-tuning variants: (a) Fine-tune (All Layers) - all layers have weights copied from the
source policy but are ne-tuned in the target task. (b) Fine-tune - only the input layers have
weights copied from the source policy while the remaining are randomly initialized. (c)
Frozen - the same as Fine-tune, except the input layer is frozen and not updated.

* Action Advising: Action advising at every step with no budget constraint.

* Action Advising (Decay) Action advising which has been augmented with our proposed
advice decay rate. Rather than issuing advice at every timestep, it is issued according to a
decaying probability over time.

* Policy Distillation (Loss): Policy distillation through the introduction of a cross-entropy
auxiliary loss between the teacher's and student's policies [128].

* Policy Distillation (Reward): Policy distillation through a reward shaping term which
captures the difference in the teacher's critic between the current and previous tim2steps [

* Baseline A policy trained from scratch in the target task.

In addition to ne-tuning methods used in prior works2fg, we chose to compare to two
widely-used policy distillation methods which transfer knowledge from a teacher policy through
auxiliary losses and reward shaping terms. The source and target policies are trained using
Proximal Policy Optimization (PPO) [130].
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Figure 4.3: The training curves between our proposed method and ne-tuning methods (left) and
transfer methods methods (right) given a Gridworld environment where the source and target
tasks are similar enough such that the teacher issues helpful advice.

4.2.2 Results - Gridworld

Transfer Performance: In Fig. 4.3 we can see that IAA signi cantly out-performs all of the
ne-tuning based variants. In particular, we can observe that the ne-tuning methods fail to yield
positive transfer and under-perform the Baseline, while IAA results in positive transfer with a 66%
increase in reward. This is an interesting observation and seems to indicate that the target policy
is unable to separate features useful for navigation in an environment without doors to one with
locked doors. Additionally, this is one of the only cases we encountered where ne-tuning with
a frozen input layer outperforms any of the other ne-tuning variants, indicating that randomly
initialized layers after the input are more bene cial — likely due to over- tting to the source task.
Our decayed version of action advising, AA (Decay), fares better in this regard, producing positive
transfer with a 48% reward increase. Contrast this with the non-decayed action advising variant,
AA, which always gives advice at every timestep and fails to produce any meaningful policy. It
is clear that whilesomeof the advice is useful in the target task, the target policy must still be
allowed to explore on its own. We hypothesize that this is also why Distillation (Reward) yields
no performance improvement; the shaping term as propos@djinges not decay over time and
the student never becomes fully independent. Distillation (Loss) does decay over time, however,
and subsequently we see performance gains in line with IAA and AA (Decay).
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Figure 4.4: The training curves for a Gridworld environment where the source and target tasks
differ such that the teacher largely gives unhelpful advice.

Figure 4.4 shows performance when the source task differs more signi cantly — the agent starts
in the bottom rooms and must navigate to the top rooms — and consequently the teacher issues
more unhelpful advice. This is where we see the advantage of IAA, as it is able to successfully
Iter out unhelpful advice and still achieve modest performance improvements, at the expense of
increased variance due to the sparse reward. The policy distillation methods and AA (Decay) all
perform substantially worse than before due to transferring all knowledge, helpful or not.
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Figure 4.5: A sequence from a single training episode showing the student's sampled action
(red) and the teacher's advised action (blue) in Gridworld. Bold text indicates the executed
action as determined by IAA given=0:1.

Interpretability : Figure 4.5 shows a sequence of states from a training episode for IAA. In
the rstthree states, the teacher gives seemingly unhelpful advice as it advises the student to move
in the direction of the locked door before the student has picked up the key needed to unlock it.
This is expected behavior, as the source task in which the teacher was trained contains no doors
and keys and so the teacher is unaware of the key. However, this advice is Itered out by IAA and
the student instead performs its own action and collects the key. Once the agent enters the bottom
rooms, the teacher's advice becomes helpful again and is issued to the student in the fourth and
fth states. The fourth state in particular demonstrates helpful advice, where the student would
have moved in the wrong direction with its own action, but instead moves towards the goal by
following the teacher's advised action.
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Figure 4.6: The relative performance of our proposed approach and the transfer learning baseline
models to the Baseline policy learned in the target task without any transfer. Each value represents
the percentage of improvement in the mean reward dfdt environment steps over four
independent training runs with randomly initialized weights. The target task is shown along the
x-axis with Air Raid used as the source task in all scenarios.

| Metric | IAA Loss Reward AA AllLayers Fine-tune Frozen

PTR 9/10 8/10 3/10 7/10 3/10 5/10 0/10
MinT 10% 21% 93% 48% 90% 33% 95%
MedianT| 4.6% 3.6% 3.9% 5.4% 3.0% 0:7% 66%
MaxT 9% 43% 2% 93% 73% 31% 7%

Table 4.1: Summary of transfer performance shown in Fig. 4.6. Positive Transfer Ratio is the
number of tasks for which performance improved, Minimum Transfer is the smallest relative
performance achieved over all tasks, and Maximum Transfer is the greatest relative performance
achieved. Bold represents the best value for each metric. PTR, MinT, MedianT, and MaxT refer
to Positive Transfer Ratio, Minimum Transfer, Median Transfer, Maximum Transfer.

4.2.3 Results - Atari

Transfer Performance: Figure 4.6 shows the relative performance values for each method over
each target task aftdilOM environment steps. Across all target tasks we can observe several
trends: IAA consistently yields positive transfer between tasks, achieving the most number of
tasks with improved performance; IAA achieves the lmegjativetransfer performance for a
single task, producing the least worst result when a task fails to transfer; and I1AA also results
in the best positive transfer performance for a single task. This means that while IAA does not
produce the beshediantransfer performance — that falls to AA (Decay) — it does provide the
highest positive transfer rate while minimizing performance losses in the event transfer fails. We
opted not to show the results for AA as they are not meaningful; this reduces to simply running
the source policy in the target task which consistently yields performance worse than the Frozen
baseline.
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Figure 4.7: The training curves between our proposed method and transfer learning methods (left)
and advising methods (right) for Carnival. Each line is the average reward over four independent
training runs for 10M environment steps, with the shaded region indicating standard deviation.

The training returns for Carnival are shown in Fig. 4.7 where we can see that IAA produces
a signi cantly higher return than the Baseline while dramatically improving the convergence
rate. This task is interesting in that it is one of the few examples where ne-tuning over all layers
performs quite well, out-performing ne-tuning over just the input layers. This seems to indicate
that the state-action distribution is quite similar between source and target tasks, which would
also contribute to the high performance of both IAA and AA (Decay). Another interesting trend
is present which sometimes emerges for IAA, which is the drop in performance once the burn-in
period is over and advice begins to be issued. This drop occursbéfiérsteps — corresponding
with = 500K — and has two potential causes: 1) the burn-in period wasn't long enough for
V¥ to suf ciently converge tov ;, and 2) the behavior distribution shift induced by issuance of
advice means that even ifhlad converged for the prior behavior policy distribution, it may not be
anymore. This invites the possibility of future work which investigates an adaptive introspection
threshold conditioned on distribution shifts in behavior policy.
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Figure 4.8: The training curves between our proposed method and transfer learning methods
(left) and advising methods (right) for Demon Attack. Each line is the average reward over four
independent training runs for 10M environment steps, with the shaded region indicating standard

deviation.

Figure 4.8 shows training performance from another game, Demon Attack, exhibiting more
modest improvements. Rather than the signi cant increase to convergence rate as seen in Carnival,
this task produces slower, more consistent improvements at the same level as ne-tuning. From
these two tasks we can observe a more general trend: ne-tuning with a frozen input layer nearly
always results in negative task transfer and poor policies affdrsteps. This is unsurprising
given that the features encoded from the observation are likely over- t to the source task, but
adds further evidence that issuing advice in the form of state-action pairs which is agnostic to the
underlying visual features (like in IAA) may be a desirable strategy.
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Figure 4.9: Training curves for multiple introspection thresholds of IAA for different Atari tasks.

Figure 4.9 shows the sensitivity of IAA to different values of the introspection threshold.
While in general the tested thresholds yield similar results — suggesting that comprehensive hyper-
parameter tuning may not be necessary — an overly high threshold can cause large performance
drops for certain tasks. In Centipede for instance,0:45 produces a sharp drop in performance
right after the burn-in period has elapsed and advice is issued. Similarly, in Pitfall, a target task
which differs signi cantly from the source task, we can observe increasing variance in the returns
as more advice is issued. Intuitively, we observe that IAA should be used with a more conservative
introspection threshold for target tasks which differ signi cantly from the source task, which
consequently leads to a decrease in expected performance improveméhtéduces to baseline
performance).
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Figure 4.10: The relative performance of IAA compared to the distribution shift of each Atari
task.

Figure 4.10 examines this in further detail. We collect states and actions that are sampled
in the teacher's game and the student's game respectively. They are then computed to form
distributions, and the difference of the distributions is the distribution shift. The result shows that
there is indeed a negative correlation between performance and distribution shift between source
and target observation distributions, witg = 0:34.
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Figure 4.11: The amount of advice issued by each advising algorithm for the game Carnival.

Figure 4.12: The amount of advice issued across Atari games by IAA gived:15.

The amount of advice issued by the advising algorithms for a single game, Carnival, is shown
in Fig. 4.11. As in the Gridworld environment, we see again that IAA is successful in identifying
only useful knowledge and achieves higher returns by giving fewer pieces of advice. Figure 4.12
shows the amount of advice issued for IAA across target tasks when the introspection threshold is
xed. Unsurprisingly, this indicates that some target tasks have an expected reward distribution
more similar to the source task than others, resulting in more advice being issued by IAA. However,
this gure also indicates tha¥ ; may be more dif cult to learn in some tasks, resulting in a
large variance in issued advice as seen in Ms. Pacman. This variance is undesired and as seen
in Fig. 4.6 led to the only negative task transfer for IAA, likely due to the introspective teacher
failing to discriminate bene cial advice from non-bene cial advice.
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Figure 4.13: A sequence of states from a single training episode showing the student's
sampled action (red) and the teacher's advised action (blue) in Carnival. Bold text
indicates the executed action as determined by IAA giverD :45.

Interpretability : Figure 4.13 shows a sequence of states from a training episode for IAA in
Carnival. We can observe that in the rst two frames the teacher advises the student to re, an
action which is Itered out in the rst state but issued and executed in the second. Afterwards, the
teacher advises the student to perform movement actions in order to reposition the agent so further

re actions can be taken. In the fourth state we can observe that the advice is indeed helpful,
as the advised action results in a high-value target being destroyed in the furthest row and a 60
point increase to the score. This example is demonstrative of the insight which IAA provides into
which knowledge is transferred between the teacher and the student; an external observer need
only examine the states for which advice is issued. While prior methods such as policy distillation
also transfer knowledge, it is much more dif cult to analyze an auxiliary loss term for a particular
state or even a reward shaping term — particularly as rewards require one to sample actions and
perform a comparative analysis to other state-action rewards.
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4.3 Conclusion

In this chapter, we have introduced Introspective Action Advising (IAA), that is capable of
distinguishing which knowledge is bene cial to transfer from the teacher to the student, while at
the same time providing an opportunity for more ne-grained knowledge transfer.
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Chapter 5

Teacher's Adaptation to Improve Advice
based on Estimating Student's Rewards

One of the challenges inherent to the teacher-student paradigm, however, is issuing helpful advice
in the presence of reward misalignment between the teacher's source and student’s target tasks.
This means the teacher can be an expert that is trained with a reward different from the student's.
A teacher which blindly issues advice without considering task differences can harm the student's
learning by actively guiding it to regions of the state space which yield low rewadjisHrior
approaches have attempted to address this by identifying the subset of states which is helpful
when following advice, and only issuing advice in these steidl put this leads to a more
conservative teacher and is thus less bene cial to the stu@8htlp this chapter, we instead
propose an approach in which the teacher adapts its own advice such that it maximizes the reward
associated with the target task. Rather than identifwhgchadvice is helpful as in prior methods,
our approach adapts the advice such #hladf it is helpful. Upon publication of this thesis, the
manuscript has not been of cially published yet, but is accepted and preparing for camera-ready
version and code release within the next month. We refer readers to the original paper [56].

Our proposed teacher, the Reward-Adaptive Teacher (RAT), performs the following steps,
it: a) estimates the unknown target reward function based on the student's observed returns, b)
uses an internal world model to optimize its own policy with respect to the estimated reward
function, and c) issues action advice from the updated policy. In line with prior action advising
formulations, we assume that our teacher lacks direct access to the environment when advising.
Thus, the key to our approach is the usage of a learned state-action mapped to reward function, to
adapt the teacher's policy with respect to the target task. The primary contributions of our work
are as follows: 1) We introduce a novel reward-adaptive teacher which is robust to differences in
rewards between the source and target tasks, leading to improved advice quality. 2) We validate
our approach through empirical testing in different environments: a simulated urban search and
rescue (USAR) scenario, a skiing game drawn from the Arcade Learning Enviror@éeanfl
Pacman. We empirically show that our method produces advice of higher quality than existing
methods, improving the sample ef ciency of reinforcement learning methods. We also examine
calculating the transition functions in a simulated urban search and rescue (USAR) scenario and a
real-world single-agent navigation task, to estimate the upper limit of the teacher. Our method
delivers superior performance compared to existing state-of-the-art methods in both environments.
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5.1 Background

Action advising, which, at its core, leverages the knowledgetefiaherto expedite the training
process of @tudentagent, has a long-standing history in the eld of R83[ 98, 143. Particularly,

in action advising, the teacher provides advice to the student agent by suggesting actions in a
given state, helping the student agent discover the correct actions faster than by relying purely on
their own exploration. To this end, Torrey et |45, 146] proposed methods that map human
knowledge to RL tasks by utilizing a user-provided mapping while Maclin and Shggiik
discuss giving advice by an external observer.

Human teachers have the remarkable ability to evaluate whether or not their advice should be
adjusted given the student's observed experience. Recent work in the domain of action advising
that utilize an expert policy in order to provide advice, struggle when the domain of the teacher
differs from the domain of the student, as most approaches assume the task to be ti3d shibik [

To decide whether or not to give advice, Torrey and Tajdd#] utilizes a heuristic approach while

later work formulates the advising task as a separate learning probl&fn [n such setting in

which the teacher is sub-optimal, as the domain of the student shifted from the teacher's, the utility
of the teacher heavily depends on the quality of its advié&|[ This work addresses this problem

with a curriculum of teachers that constantly observe and subsequently adapt their behavior in
an approach inspired by DAGGERZY. However, such an approach requires the existence of
multiple teachers. An alternative approach that addresses this domain shift is presented in Guo
et al.[54], in which the teacher does not only provide the advice itself, but also an explanation
as to why the advice was given. While this enables the student to re ect on the given advice,
the teacher does not improve its performance and continues to provide xed ativieThe

work presented in Campbell et §23] introduces Introspective Action Advising, which allows

the teacher to re ect upon its own advice, ultimately learning to withhold advice if the teacher's
expected outcome does not align with the student's experience.

In this chapter, we directly address the domain shift between the student's and teacher's tasks
by quickly adapting the teacher's reward model given the student's observed behavior and returned
reward. This allows our teacher to not only withhold advice that is expected to negatively impact
the student, but also allows it to go beyond prior work by actively improving the quality of issued
advice.
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Figure 5.1: An overview of Adaptive Reward Teaching. The teacher initially issues action advice

to the student from a policy trained in the source task — leading to low rewards in the target task
due to differences in the reward functions. For example, the teacher could be a ghost chaser while
the student is a conservative player that always avoids ghosts and eats food. The teacher has a
much higher reward of eating ghosts than the student, however, it would not nd this out until
examining the data collected by the student. After observing the student’s trajectory returns, the
teacher adapts its policy using its so as to maximize the student's reward in the target task.

5.2 Methods

In this chapter, we consider a scenario in which a teacher that has already learned a'policy

in a source task seeks to advise a student learning a (randomly initialized) policya target

task. We assume that the state-action spaces of the source and target tasks are the same, however,
the tasks exhibit different reward functions. This presents a problem for action advising in that

the teacher may issue advice that leads the student to regions of the state space associated with
low rewards in the target task, despite yielding high rewards in the source task. Our goal in this
chapter is to adapt the teacher's policy such that it maximizes the reward associated with the
target task, rather than the source task in which it is trained, side-stepping the above problem.

Our approach consists of three main steps:

1) learning a model of the reward function of the source task during teacher training, involving
the teacher collecting data in its own environment;

2) estimating the unknown reward function associated with the target task when at the begin-
ning of advising the student, so as to collect the true reward through the student's interaction with
its environment different from the teacher's, and

3) adapting the teacher's policy via ne-tuning so as to maximize the target task's reward,
which can then be used to issue action advice. While step 1 is only performed once prior to
student training, steps 2 and 3 are performed throughout the student's training process, leveraging
the student's interactions with the environment as training data.

Intuitively, our approach can be understood as the teacher observing the student's returns in
the target task, estimating how they differ from those in the source task in which it was trained,
and then tailor its policy to the target task and afterwards advising the student. The process is
shown in the Figure 5.1.

The teacher observes everything the student observes/receives from the environment. There-
fore, it knows the reward of students at every step. However, it does not know about the student's
current policy or the entire reward space of the student. If the teacher does not advise, the student
takes the action that is computed from its own neural network/internal model. Our method is
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