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Abstract

For intelligent agents (e.g. robots) to be seamlessly integrated into human
society, humans must be able to understand their decision making. For
example, the decision making of autonomous cars must be clear to the
engineers certifying their safety, passengers riding them, and nearby
drivers negotiating the road simultaneously. As an agent’s decision making
depends on its reward function to a great extent, we focus on teaching agent
reward functions to humans. Through reasoning that resembles inverse
reinforcement learning (IRL), humans naturally infer reward functions
that underlie demonstrations of decision-making. Thus agents can teach
their reward functions through demonstrations that are informative for
IRL. However, we critically note that IRL does not consider the difficulty
for a human to learn from each demonstration. Thus, this thesis proposes
to augment teaching for IRL with principles from the education literature
to provide demonstrations that belong in a human’s zone of proximal
development (ZPD) or their “Goldilocks” zone, i.e. demonstrations that
are not too easy nor too difficult given their current beliefs. This thesis
provides contributions in the following three areas.

We first consider the problem of teaching reward functions through select
demonstrations. Based on ZPD, we use scaffolding to convey demonstra-
tions that gradually increase in information gain and difficulty and ease
the human into learning. Importantly, we argue that a demonstration’s
information gain is not intrinsic to the demonstration itself but must be
conditioned on the human’s current beliefs. An informative demonstration
is accordingly one that meaningfully differs from the human’s expecta-
tions (i.e. counterfactuals) of what the agent will do given their current
understanding of the agent’s decision making.

We secondly consider the problem of testing how much the human has
learned from demonstrations, by asking humans to predict the agent’s
actions in new environments. We demonstrate two ways of measuring
the difficulty of a test for a human. The first is a gross measure of
difficulty that correlates test difficulty with the answer’s information gain
at revealing the agent’s reward function. The second is a more tailored
measure that conditions the difficulty of a test on the human’s current
beliefs of the reward function, estimating difficulty as the proportion of
the human’s beliefs that would yield the correct answer.
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Finally, we introduce aclosed-loop teaching frameworthat brings together
teaching and testing. While informative teaching demonstrations may
be selectedh priori, student learning may deviate from the preselected
curriculum in situ. Our teaching framework thus provides intermittent
tests and feedback in between groups of related demonstrations to support
tailored instruction in two ways. First, we are able to maintain a novel
particle Iter model of human beliefs and provide demonstrations targeted
to the human's current understanding. And second, we are able to leverage
tests not only as a tool for assessment but also for teaching, according to
the testing e ect in the education literature.

Through various user studies, we nd that our demonstrations targeted
for a human's ZPD increase learning outcomes (e.g. the human's ability
to predict the agent's actions in new environments). However, we nd
that learning gains can be associated with increased mental e ort for
the human to update their beliefs, highlighting again the importance of
selecting demonstrations that di er just enough from human expectations
to be informative but not too di cult to understand. We also see that
such informative demonstrations often illuminate trade-o s inherent in
an agent's reward function that may be subtle and di cult to predict a
priori, such as how far an agent is willing to detour around a potentially
dangerous terrain like mud. And nally, we nd interesting interaction

e ects between our various grid world domains and our results in our
later user studies, and we provide further insights on how domains may
be characterized in light of the observation that the best teaching method
is likely domain-dependent.
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Introduction

As intelligent agents (e.g. robots) become ubiquitous in our world, our capacity to
deploy, collaborate, and co-exist uently with them as humans is contingent on our
ability to understand and predict their decision making. For example, an engineer
certifying the navigation policy of a ground delivery robot may ask, \Does the robot
understand all the terrains it might encounter well enough to successfully balance
e ciency and safety?" A human driver may wonder, \Will this autonomous car slightly
ahead of me try and merge into my heavily crowded lane?" And nally, new owners
of an autonomous vacuum may wonder, \\How much clutter will the robot tolerate
in an area before it steers clear to ensure it does not get stuck?" An incorrect model
of agent decision making may lead to premature deployments, unsafe interactions,
and ine cient use of such agents. It is thus imperative that agent decision making is
predictable and understandahbl@nd thus transparent [23], to developers, collaborators,
and end-users of intelligent agents.

A critical way in which people communicate and comprehend each others' decision-
making is through demonstrations. Humans will naturally observe agent behavior over
time and continuously re ne their belief of the agent's decision making in a process
called familiarization [L9]. But as Huang et al. B5] note, this passiveprocess can be
ine cient. Instead, we explicitly model both how humans learn and their current
belief over the agent's decision making tactively select informative demonstrations
that help the human converge quickly to the agent's true model. Predictably, the
e ectiveness of such a method hinges in part on the accuracy of our models of human
learning and human beliefs. Cognitive science suggests that humans often model

1



1. Introduction

one another's behavior as exactly or approximately maximizing a reward function
[38, 39, 62], which they can infer through reasoning resembling inverse reinforcement
learning (IRL) [10, 11, 37, 66].

Though standard IRL [66] (henceforth referred to simply as IRL for the sake
of brevity) is a good foundation for modeling human learning of potential reward
functions underlying demonstrations, it does not fully capture the multi-faceted
nature of human learning. One key aspect of human learning that it fails to consider
is the di culty for a human to learn from a demonstration. Humans are limited in
their computational capacity [28 and may struggle to fully understand all of the
nuanced implications of a demonstration given their current knowledge. This relates
to the in uential idea of Lev VWgotsky's zone of proximal development (ZPD) 92,
which suggests that learning best occurs in the region between what a student can
accomplish on their own and what they can accomplish when they are supported with
the right level of assistance. ZPD is a general principle that has been leveraged in
analyzing and informing instruction across various knowledge-based learning subjects,
such as mathematicsd5, 46, 86] and language 3, 42, 50], e.g. the popular language
learning app Duolingo de nes ZPD for their questions as those that the user is 81%
likely to get correctly [24, 89). ZPD can inform subject-agnostic learning environments
such as game-based learningd] as well. This thesis builds on thekey insight
that information gain and di culty are often correlated with one another for human
learners. Thus, in contrast to the standard paradigm of providing humans with
demonstrations that simply maximize information gain 35, 47, 76], we hypothesize
that teaching in the ZPD (i.e. engaging at the right level of information gain and
di culty conditioned on the human beliefs) will be informative to the human, and will
signi cantly improve human learning of agent decision making. In our hypothesis, we
take care to di erentiate betweeninformation gain, which corresponds to theexpected
reduction in human uncertainty over agent reward function, andnformativeness
which corresponds to theactual reduction in human uncertainty over agent reward
function.

Consider how an autonomous car may convey its reward function to a human. For
example, the car could ease in someone with no prior knowledge by rst demonstrating
successful driving in nominal conditions that have moderate information gain but also
easy to comprehend (e.g. in open roads with minimal required turns or lane changes).

2



1. Introduction

Figure 1.1: This thesis aims to provide instruction at the right level of information
gain and di culty for learners, i.e. in their zone of proximal development.

Then it could proceed to demonstrate more nuanced behavior, such as how it trades
0 e ciency and caution in more challenging scenarios that have high information
gain but perhaps more di cult to comprehend (e.g. needing to make a quick lane
change to make an upcoming exit). This intuitive sequence of demonstrations carefully
balances the goal of communicating information with the di culty of comprehension,
namely by gradually increasing in both information gain and di culty.

In sequencing informative yet comprehensible demonstrations, it is important
to model the human's prior knowledge and tailor the demonstrations accordingly.
For example, a \novice" would benet from starter demonstrations that convey
introductory information that are comprehensible with no prior knowledge. However,
these same demonstrations would elicit boredom or frustration when shown to an
\expert", who should instead directly be shown more nuanced behavior that further
re nes their current knowledge.

To test the human's understanding of the agent's reward function after seeing
demonstrations, we can ask how they believe the agent would behave in unseen
environments. For example, we could test a human's understanding of an autonomous
car's reward function by asking how they believe the car would attempt to reach a
quickly approaching exit if they were one lane away, two lanes away, in light tra c,
or in heavy tra c, etc.

Finally, though a curriculum of informative demonstrations may be selected
priori, student learning may deviate from the preselected curriculunm situ. Thus
testing is not only critical for assessing understanding after the full curriculum has
been shown, but also intermittently throughout the curriculum to ensure an up-
to-date model of human understanding and to provide tailored instruction. And
the testing e ect [79 from the education literature predicts an increase in learning

3



1. Introduction

outcomes when a portion of the teaching budget is devoted to testing the student, i.e.
leveraging testing not only as a tool for assessment but also for teaching.

Thesis contributions

The following chapters provide algorithms for both teaching and testing with various
contributions (C1 - C9), with corresponding user studies to test our hypotheses.

Chapter 4  primarily concerns how to measure and account for the information
gain of a demonstration (at revealing the agent's underlying reward function) for
teaching and testing.

C1. We posit that the information gain of a demonstration during teaching also
corresponds to the e ort required for a human to extract that information.
Thus we propose an algorithm fosca olding when conveying demonstrations
to a human, such that they gradually increase in information gain and di culty
and ease the human into learning.

C2. We show that the information gain of a demonstration during teaching correlates
directly to the diculty for a human to predict it in an unseen environment
during testing.

C3. We also note that human learners are likely also in uenced by thesual features
and sequenceén which demonstrations are conveyed. We show how promoting

the simplicity of visuals and a ordance of a discernible pattern during teaching
can improve learning outcomes.

Chapter 5 primarily concerns how a human's beliefs over the agent's reward

function impact the measure of a demonstration's information gain during teaching

and testing.

C4. We update our measure of a demonstration's information gain by leveraging the

idea that a teaching demonstration that provides information gain is one that
di ers meaningfully from the learner's expectations (i.e.counterfactualg of
what the agent will do given their current understanding of the agent's decision
making. We provide an algorithm that sca olds demonstrations accordingly
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which yields mixed results.

C5. We update our measure of test di culty by conditioning it on a human's current
beliefs and measuring how many of that individual's beliefs would yield the
correct agent behavior, and show that it correlates with test performance.

C6. With the hypothesis that encouraging simplicity in not only the visuals but also
in reward features will assist in teaching, we propose a method for gradually
scaling up of the number of features conveyed to further ease information
transfer.

Chapter 6 explores augmenting a curriculum of informative demonstrations (se-
lected using the ideas from the prior chapters) with a closed feedback loop to provide
tailored instruction in real-time. And while this thesis focuses primarily on increas-

ing transparency via increasing predictability, this chapter also brie y discusses

understandability.

C7. We propose a closed-loop teaching framework based on insights from the
education literature that complements demonstrations with intermittent tests
and feedback and show that the framework reduces regret of human test
responses by 43% over an open-loop baseline.

C8. We develop a novel particle Iter model of human beliefs that simultaneously
supports iterative updates and calibrated predictions of the counterfactuals
likely considered by the human for each subsequent demonstration that could
be provided.

C9. We nally contextualize our results in light of another common reward teaching
technique (direct numerical reward explanation) with an exploratory user study,
nding a strong interaction e ect of domain on learning outcome.
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Related Work

2.1 Principles from Education and Cognitive Sci-
ence for Teaching Humans

The science of teaching and explaining concepts to humans is a multifaceted process
that has been studied extensively. Thus, we take inspiration from the education
and cognitive science literature on how humans provide explanations in informing
how an agent may teach a skill to a human learner so that the learner may correctly
reproduce that skill in new situations. We highlight below the major principles that
guide the teaching and testing frameworks developed in this thesis. For a list of just
a few of the many other educational principles and factors that in uence student
learning, we refer the reader to [44] and [30] respectively.

Teaching

First, we focus on teaching in the zone of proximal development (ZPD97], which
suggests that learning best occurs in the region between what a student can accomplish
on their own and what they can accomplish when they are supported with the right
level of assistance. To do so, we combine the following principles (from the education
literature and cognitive science) to inform our approach.

Scaolding is a well-established pedagogical technique in which a more knowl-
edgeable teacher assists a learner in accomplishing a task currently beyond the
learner's abilities, e.g. by reducing the degrees of freedom of the problem and/or

7
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by demonstrating partial solutions to the task Pg. Noting the bene ts seen by
automated sca olding to date (e.g. 0]), we implement the rst recommendation
made by [78] for software-based sca olding, which is to reduce the complexity of
the learning problem through additional structure. Speci cally, we incorporate this
technique when teaching a skill by providing demonstrations that sequentially increase
in information gain and di culty.

In our work, we note that information gain is not an intrinsic quantity but is
dependent on the human's current beliefs in two ways. First, the literature on how
humans explain to one another notes that \explanations are contrastive|they are
sought in response to particular counterfactual cases," and that it is critical that the
learner's counterfactuals matches the ones intended by the teach6B][ Thus, we
select demonstrations that provide information with respect to the learner's current
beliefs and thecounterfactuals that they will likely consider. Second, Reiser7g]
suggests that sca olding should sometimes challenge the learner by inducing cognitive
con ict. Thus, we not only wish to provide demonstrations that are supported by
the learner's beliefs but demonstrations di er just enough from the human's current
expectations to be meaningfully informative. Too small of a di erence and the
reconciliation in the human's mind is trivial, and too large of a di erence and the
gap is irreconcilable in one shot.

Finally, though the information gain of a demonstration is a critical factor in
sca olding, human learning is multi-faceted and is also in uenced by other factors.
For example, studies on explanations preferred by humans indicate a bias toward
those that are simpler and have fewer cause8l]. Furthermore, [95 found that
explanations can be detrimental if they do not help the learner notice useful patterns
or even mislead them with false patterns. Together, these two works support the
idea that explanations should minimize distractions that potentially inspire false
correlations and instead highlight and reinforce the minimal set of causes. We thus
also optimize forsimplicity and pattern discovery when selecting demonstrations
that naturally \explain” the agent's underlying reward function.

8
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Testing

E ective sca olding requires an accurate diagnosis of the learner's current abilities to
provide the appropriate level of assistance throughout the teaching proced$|[ A
common diagnostic method is presenting the learner with tests @érying di culties

and assessing their understanding of a skill. Toward this, we propose a way to quantify
the di culty of a test that speci cally assesses the student's ability to predict the
right behavior in a new situation.

Finally, the testing e ect from the education literature [79] predicts an increase
in learning outcomes when a portion of the teaching budget is devoted to testing
the student. We thus leverage tests not only for assessment but also intermittently
during teaching. And when testing, immediatefeedback on errors made in the test
responses can be leveraged to yield better learning outcomes [44].

2.2 Explainable Reinforcement Learning

The eld of explainable reinforcement learning (RL) focuses on assisting humans
in understanding the decision making of RL agents. Recent survey&4| 75, 94
highlight a variety of approaches, such as approximating a black box RL policy via an
interpretable model (e.g. a decision tree3p)]), using saliency maps to highlight features
of a state used for decision making[], visualizing minimally di erent counterfactual
states that would have yielded a di erent action §7], and identi cation of critical
training points (e.g. for estimating Q-values 26]). The most recent survey by Milani
et al. [64] divides the work in this eld into three categories of methods:feature
importance methods that highlight the features that in uenced the agent's decision
making, learning process and MDPmethods that highlight relevant past experiences
or MDP components that lead to the agent's current action, angbolicy-level methods
that convey the agent's general long-term behavior. In this work, we contribute a
policy-level method that conveys an understanding of an agent's overall behavior to a
human through representative demonstrations.
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2.2.1 Policy Summarization

The problem of policy summarization considers which states and actions (i.e. demon-
strations) should be conveyed to help a user obtain a global understanding of an
agent's policy [6]. There are two primary approaches to this problem.

Heuristic-driven

The rst relies on heuristics to evaluate the value of communicating certain agent
states and actions to humans. Huang et aJ34]considers conveying \critical states" in
which it is much worse to act randomly than optimally, measuring the entropy of the
agent's action distribution for a policy trained using maximum-entropy reinforcement
learning. Amir and Amir [5] similarly measures a state's \importance" for being
conveyed to a human as the di erence between its best and worst Q-values. Finally,
this class of methods can be extended to comparing and contrasting the policies of
two agents [7].

Machine Teaching

We build on the second approach, which follows the machine teaching paradigh®4].
Given an assumed learning model of the student (e.g. IRL to learn a reward function),
the machine teaching objective is to select the minimal set of teaching examples (i.e.
demonstrations) that will help the learner arrive at a speci c target model (e.g. a
policy). Though machine teaching was rst applied to classi cation and regression
[60, 103, it has also recently been employed to convey reward functions from which
the corresponding policy can be reconstructed. Various methods for conveying a
reward function to humans are surveyed by Sanneman et aBl] and we summarize

a couple of relevant works below.

Huang et al. [35] selected informative demonstrations for humans modeled to
employ approximate Bayesian IRL for recovering the reward. This technique requires
the true reward function to be within a candidate set of reward functions over which
to perform Bayesian inference, and computation scales linearly with the size of the
set. And as the candidate set of reward functions is not updated with additional
demonstrations (e.g. to remove unlikely original candidate reward functions and
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resample new candidates in a more likely region), this method is sensitive to the initial
sampling and perhaps leads to slower convergence to the robot's reward function.
Cakmak and Lopeq13]instead focused on IRL learners and selected demonstrations
that maximally reduced uncertainty over all viable reward parameters, posed as a
volume removal problem. Brown and Niekunj12]improved this method (particularly
for high dimensions) by solving an equivalent set cover problem instead with their
Set Cover Optimal Teaching (SCOT) algorithm. However, SCOT is not explicitly
designed for human learners and this thesis builds on SCOT to address that gap.
And nally, though this eld has traditionally focused on methods where the agent
directs human learning, recent methods explore giving control to the human. Qian
and Unhelkar [76] explore interactive policy summarization in which they explore
how allowing the student to request speci ¢ demonstrations impacts their learning
via a GUI. They nd that a hybrid strategy of Al-selected and human-selected
demonstrations yields the best objective and subjective results; our proposed methods
could supply the former demonstrations in their framework. Finally, Amitai et al.[8]
develop a GUI-based interactive tool that allows a human to request video clips of the
agent acting in ways that satisfy the requested temporal properties of interest. Future
work could continue to look at leveraging other forms of communication between
the human and the agent, e.g. the agent supplying language-based summaries of its
behaviors to the human 20, 21] and the human being able to request demonstrations
via language as well.

11
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Approach

We seek to teach the reward functions underlying intelligent agents to humans by
accurately modeling human beliefs and leveraging teaching strategies to provide
instruction at the right level of informativeness and di culty.

This teaching process can be characterized as a forward pass and a backward
pass that inform one another. The full forward pass involves rst selecting good
teaching demonstrations (by considering how they will in uence the learner's beliefs),
conveying the demonstrations and updating a model of their beliefs accordingly, then
selecting tests that assess their true beliefs. The full backward pass involves assessing
the learner's test responses, which provides insight into their current beliefs, and can
in turn help select the next teaching demonstration to provide. This teaching process
can be summarized by the block diagram in Fig. 3.1 and the rest of this chapter
will enumerate each of the key components of this diagram. First, thessumptions
that we make regarding the agent's world model, reward function & policy, and how
the human learns from demonstrations. And second, the three key components of
teaching, modeling of human beliefs, and testing, with the educational and algorithmic
principles that inform each component as well as how they each in uence one another.

As a running example in this section, we will consider the delivery domain in
which a robot is rewarded for e ciently delivering the package to the destination while
avoiding the mud if the detour is not too costly. Two sample teaching demonstrations
and a sample test in this domain are shown for reference (Fig. 3.2).

13



3. Approach

Figure 3.1: An overview of the teaching process explored in this thesis.

Figure 3.2: Sample teaching demonstrations and a sample test in the delivery domain.
The green dotted line demonstrates the robot's chosen path for delivering the package
to the destination, while avoiding mud if the detour is not too long. After seeing a
series of teaching demonstrations, the human is asked to demonstrate the robot's path
for delivering a package in a new environment to test the human's understanding of
the robot's reward function.

3.1 Assumptions

World model:  The agent's environment is represented as an instance (indexed
by i) of a deterministic Markov decision procesMDP; = (S;;A;Ti; ;S R). As
the methods described here naturally generalize to MDPs with stochastic transition
functions and policies through the use of an expectation, we assume a deterministic
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MDP for simplicity. S; and A denote the state and action sets]; : Sy A S  the
transition function, 2 [0; 1] the discount factor, andSP the initial state distribution,
S: Si Si the union over the states of all related instances of MDPs, which we call a
domain (described below), andR : S A! R the reward function that operates
over domains.

Let a domain refer to a collection of related MDPs that sharé;R; but dierin
Si; T; and SP. Take for example the delivery domain. Though MDPs in this domain
may vary in the number and locations of mud patches and subsequently o er a diverse
set of demonstrations (e.g. see the two distinct MDPs that underly the teaching
demonstrations in Fig. 3.2), they importantly share the same reward functioR,
which we describe next.

Reward function & policy: A reward function R is a function that prescribes how
an agent ought to behave, rewarding certain states and actions and punishing others.
Ng and Russell[66] famously note that \The reward function, rather than the policy,

is the most succinct, robust, and transferable de nition of a task," and we focus in
this thesis on conveying an agent's reward function to a human. Following prior work
[1], reward R is represented as a weighted linear combination of reward features
R=w > (s;a;9). Though the reward features can theoretically be nonlinear with
respect to states and actions and capture arbitrarily complex reward functions, the
methods proposed in this thesis were designed for domains with reward functions that
cleanly decompose into a set of disentangled, semantic features. Finally, also assume
that the human is aware of all aspects of an MDP (including the reward features)
but not the weightsw .

The agent has an optimal policy ; : S ' A that maps each state in an MDP
to the action that will optimize the reward in an in nite horizon. A sequence of
(si; a; ) tuples obtained by following  gives rise to an optimal trajectory (i.e. a
demonstration) , wheres;;s°2 S;;a2 A.

Because instances of a domain shakRg the various demonstrations all support
inference over the sam& through IRL. Thus, we overload the notation to refer
to any policy of a domain instance that optimizes a reward witlw . Furthermore,
while a demonstration strictly consists of both an optimal trajectory (obtained by
following ) and the corresponding MDP (minuswv ), we will refer to a demonstration
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only by in this thesis for notational simplicity.

We emphasize that the agent has a separate policy for each environment (rep-
resented as an MDP) and our problem formulation focuses on teaching the agent's
decision makingi.e. how the agent would generate its policy for any environment
givenw , rather than a single policy.

Human learning style: Cognitive science suggests that humans also often model
one another's behavior as exactly or approximately maximizing a reward function
[38, 39, 62. And given demonstrations of behavior, they can infer the underlying
reward function through reasoning resembling inverse reinforcement learning (IRL)
[10, 11, 37, 66]. Thus, we assume in this work that humans will employ standard IRL
[66] to infer an agent's reward function from demonstrations of its policy.

And while an understanding of the reward function is arguably necessary for an
understanding of the agent's decision making that generalizes across environments, it
may not be su cient. For example, an agent could simply convew explicitly to a
human instead of having the human infew given demonstrations. However, it can be
nontrivial for humans to map precise numerical reward weights to the corresponding
optimal behavior through reasoning resembling planning{l, 98], especially if there
is a large number of reward features or the reward features interact in complex ways.
Thus, providing demonstrations that inherently carry information regardingw and
directly conveying the optimal behavior can be more a e ective teaching method for
human learners. We in fact verify this through a user study in which people struggle
to utilize explicitly provided w to predict agent behavior in our domains of interest
(see Section 6.5).

Finally, we brie y note that another common learning style is imitation learning
(IL) [47]. This models humans as learning the optimal behavior directly from demon-
strations (as opposed to through an intermediate reward function like IRL) and also
has a basis in neurosciencéq]. In this work, we focus only on IRL-based learning
and leave incorporating IL (e.g. determining which style the human is currently
employing and catering to it accordingly) for future work.

INote that the term “behavior cloning' is sometimes used instead to refer to the process of directly
learning the optimal behavior. Accordingly, “imitation learning' is sometimes used to refer to the

broad class of techniques that learn optimal behavior from demonstrations, encompassing both
behavior cloning and IRL [68].
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3.2 Teaching Components

Here, we introduce the teaching components and concepts that are relevant to our
system (shown in Fig. 3.1 as a block diagram).

Teaching:  This component considers which demonstrations of the agent's optimal
behavior to provide to best teach the agent's reward function to a human. In
order to tailor the demonstrations to human learners, we utilize techniques from
social constructivist learning theory such as sca olding9f] (which serves as the
foundational method, Section 4.2), insights from cognitive science on how humans
provide explanations that optimize for simplicity and pattern matching $1, 95
(Section 4.2) and accounting for the counterfactuals likely considered by the human
[65] (Section 5.2). We nally incorporate demonstrations in the form of feedbacld]

to tests (Section 6.1).

Teaching importantly informs the model of the human's beliefs (i.e. what infor-
mation each demonstration that is conveyed to the human provides regarding the
agent's reward function). By modeling expected change in human beliefs due to
each demonstration, and sca olding demonstrations such that they do not change
the human's beliefs too drastically at each step, we aim to teach in an incrementally
informative yet comprehensible manner.

Modeling of human beliefs: We maintain an up-to-date model of the human's
expected beliefs of the agent's reward function given a series of demonstrations and
tests. We constrain the human's expected beliefs am to lie on the surface of the

N 1 sphere wherdN = jw |, the dimensionality of the weight vector. As a reward
function will yield the same policy even when multiplied by an arbitrary scale factor,
we requirejjw jj, = 1 to bypass both the subsequent scale invariance of IRL and the
degenerate all-zero reward function without loss of generality. See Fig. 4.1 for an
example human belief model whejw j = 3.

To translate a set of demonstrations and tests into a corresponding model of
human belief, we use inverse reinforcement learning (IRL). In Chapters 4 and 5, we
assume an exact IRL modelgf] that makes precise, and e cient inference on the
underlying reward function through constraints that remove sets of candidate reward
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functions.

However, research has shown that humans often employ more approximate reason-
ing in inferring reward functions from demonstrations35, 90]. Though it may be less
computationally e cient, this more gracefully accounts for the inherent uncertainty
in the useful but imperfect model of humans as IRL learners, and better supports
iterative updates through continual teaching and testing. We thus develop a particle
lter-based model of human beliefs that can be updated using approximate IRL
(Section 6.1).

A human's current beliefs will inform how they will interpret a demonstration,
and thus also inform how much information a demonstration may convey to them
(Section 5.2). A human's currently beliefs will also inform how di cult a test will
likely be to a human, which is addressed next.

Testing:  After providing a number of instructive examples selected to teach a
concept, a natural way to assess student learning is to test them. In this work, we do
not ask the human learner for the agent's exact reward function in terms of reward
weights, as humans are likely approximate in their reasoning as noted previously.
Instead, we ask the human to predict the agent's behavior in unseen environments,
querying the human's understanding of the agent's policy as a proxy. De ning a test
as a prediction of the agent's behavior, we provide two novel measures of how di cult
a test will likely be for a human to answer correctly in Sections 4.2 and 5.2. The
assigned di culty of a test and the correctness of the human's corresponding answer
provide an approximate measure of the accuracy of their beliefs regarding the agent's
reward function.

Finally, the testing e ect [ 79] is a well-established idea in the education literature
that suggests that tests are not only useful for assessing but also in learning (e.g. by
strengthening retrieval from memory). Thus, we integrate intermittent testing in our
closed-loop teaching framework developed in Section 6.1, and leverage tests not only
for assessment but also for teaching.

A human's response to a test can importantly be used to further inform and
update our model of the human's beliefs, which we explore in Section 6.1.
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This chapter primarily explores how to select a sequence of demonstrations that
will e ectively teach a robot's reward function to a human. First, we leverage the
educational principle ofsca olding to select demonstrations that gradually increase
in information gain and di culty and ease the human into learning. Second, we
note cognitive science literature that suggests humans favor simple explanations that
follow a discernible pattern §1, 95 and also optimize for visuakimplicity and pattern
discoverywhen selecting demonstrations, which we refer to jointly as visual saliency.
And toward e ective testing of the learner's understanding, we nally show that
the expected di culty for a human to predict an agent's particular behavior as a
test inversely correlates to that behavior's expected information gain as a potential
teaching demonstration.

We assess our methods with user studies and nd that our measure of test di culty
corresponds well with human performance and con dence, and also nd that favoring
visual simplicity and pattern discovery increases human performance on di cult tests.
However, we did not nd a strong e ect for our method of sca olding, revealing likely
shortcomings in our measure of demonstration information gain to a human, which
we address in Chapter 5.

1The contents of this chapter were published in [51].
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4.1 Problem formulation:

The problem of selecting informative demonstrations for teaching the robot's reward
function and subsequent policy can be formulated as an instance of machine teaching.

Machine teaching for policies: As formalized by Lage et al. 47], machine
teaching for policies seeks to convey a set of demonstratidnsof sizen (i.e. the
allotted budget for teaching set) that will maximize the similarity between and
the policy ” recovered using a mode¥l on D

argmax ("(D;M); ) st: jDj=n (4.1)
D

where is the set of all optimal demonstrations of in a domain. We assume that
the M employed by humans to approximate the underlyingv is IRL. Oncew (and
the subsequent reward function) is approximated, we assume that human learners
are able to arrive at  through planning on the underlying MDP.

Thus, the teaching objective reduces to e ectively conveyingy through well-
selected demonstrations. In order to quantify the information a demonstration
provides onw , we leverage the idea of behavior equivalence classes.

Behavior equivalence class:  The behavior equivalence clagB8EC) of s the set
of (viable) reward weights under which is still optimal. The larger the BEC( ) is,
the greater the potential uncertainty overw that is underlying the robot's optimal
policy. 0 o

BEC( )= w2R'j optimalwrt R=w” (s;a;) (4.2)

The BEC( ) can be calculated as the intersection of the following half-space constraints
generated by the standard IRL equation [66]

w> (s;a) (sib) 0

(4.3)
8a 2 argn;ng (s;8);b2A;s2S
a.

. P . .
where 9 = E[ L, ' (s)] ;So0=S;a = d is the vector of expected reward
feature counts accrued from taking actiort in s, then following after, and Q (s; a)
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Figure 4.1: (a) : A demonstration D of an optimal policy in the delivery domain.
Agent aims to deliver the package to the destination while avoiding walls and mud if
the detour is not too costly.

(b) : The demonstration can be translated into a set of half-space constraints (the red
and blue half-spaces) on the possible underlying reward function using standard IRL
(Eq. 4.4). The set of reward functions that obey the constraints (which includes the
agent's true reward function) corresponds to BEJ); ), and can be used to model
the human's subsequent belief over the agent's reward function.

refers to the optimal Q-value in a state and a possible action [93].

Brown et al. [12] proved that the BEC(Dj ) of a set of demonstrationD of a
policy can be formulated similarly as the intersection of the following half-spaces

w> o sa) (sib) 0;8(s;a) 2D ;b2 A: (4.4)

Using the Eq. 4.4, every demonstration can be translated into a set of constraints on

the viable reward weights. Whereas Eqg. 4.3 generates constraints from rollouts from

all states that comprise the state space of a domain, Eq. 4.4 generates constraints
from only rollouts that start from states that comprise the demonstration of interest.

To gain an intuition for how IRL translates a demonstration into a set of half-space
constraints on the possible underlying reward function, consider again the delivery
domain where the agent is tasked with delivering the package to the destination
while generally taking the fewest number of actions, avoiding mud, and recharging
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its battery at a recharge station (not shown in Fig. 4.1) if possibfe The domain
accordingly has three binary reward features = [traversed mud battery recharged
action taken andw / [ 3;3:5; 1], wherew is shown as proportional to the vector
because of the requirement fojw jj, = 1 to bypass both the scale invariance of IRL
and the degenerate all-zero reward function (as previously noted in Section 3.2). Thus,
with no prior information, the expected space of reward weights in the human's mind
for the delivery domain is the surface of the 2-sphere. Imagine that the robot provides
the demonstration in Fig. 4.1a, which yields the constraints in Fig. 4.1b that leaves
only the sliver of the 2-sphere that contains the robot's true reward weights. The
red constraint plane in Fig. 4.1b intuitively indicates thatw, 0, since no arbitrary
additional actions were taken in delivering the package, and jointly with the blue
constraint plane indicates thatw, 0 andw, 2w,, since two actions were taken
to detour around the mud. Note that because this demonstration environment does
not have a recharge station that could be visited or not (e.g. if it is too far away),
the constraints do not convey any information on the “battery recharged' weight in
Fig. 4.1b. Additional demonstrations that contain a recharge station will be needed
accordingly to convey the recharge weight.

Importantly, the surface area of theN 1 sphere that remains after incorporating
a demonstration's constraints can be used as a measure of its information gain.
The smaller the area, the fewer viable reward weights remain, and the higher the
information gain. However, we note that we must also consider the di culty of human
learners to extract the information from demonstrations, which we address next.

4.2 Methods

Sca olding

The SCOT algorithm [12] e ciently selects the minimum number of demonstrations
that results in the smallest BEC area for a pure IRL learner. Such a learner is

assumed to fully grasp these few highly nuanced examples that delicately straddle
2Note that this version of the delivery domain is slightly di erent from the one used in the
original paper [51] and in the experiments in this chapter. A change in one of the reward features

and the use of theL? norm on the weights rather than the L norm to accommodate IRL's scale
invariance allows for consistency with subsequent chapters in this thesis.
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decision-making boundaries and nd any other demonstrations redundant. However,
we posit that the BEC area of a demonstration not only inversely corresponds to the
amount of information it contains about the possible values wof , but also inversely
corresponds to the e ort required for a human to extract that information. Thus
humans will likely bene t from additional sca olded examples that ease them in and
incrementally relax the degrees of freedom of the learning problem.

We develop a sca olding method for a learner without any prior knowledge,
outlined as follows. First, obtain the SCOT demonstrations that contain the maximum
information onw . To do so, the robot rst translates all possible demonstrations of its
policy in a domain into a corresponding set of BEC constraints. After taking a union
of these constraints, redundant constraints are removed using linear programming
[71]. These non-redundant constraints together form the minimal representation of
BEC( ). SCOT now iteratively runs through all possible demonstrations again and
greedily adds to the teaching seD the demonstration that covers as many of the
remaining constraints in BEC( ), until all constraints are covered. These steps for
obtaining SCOT demonstrations correspond to lines 2-14, as part of our overarching
sca olding method detailed in Algorithm 1

If space remains in the teaching budget for additional demonstrations after
selectingj SCOT demonstrations, begin sca olding by sorting all possible demonstra-
tions in a domain according to their BEC areas. Then cluster them using k-means
into 2(n j) clusters to ensure that no two consecutive demonstrations are nearly
identical in BEC area (see Fig. 4.2). Randomly drawn candidate demonstrations
from every other cluster, where stochasticity in demonstration selection increases as
m decreases; in the limit, candidate demonstration selection will be deterministic
whenm is set to the size of the cluster. We randomly drew one-sixth of the possible
demonstrations from each cluster for some stochasticity (e.g. to avoid showing a
special type demonstration early on that would “exit' rather than complete the task,
which will be further explained in the discussion section). Finally from these pools of
candidate demonstrations, select the ones that best optimize visuals for the teaching
setD (as described in the next section) to show in addition to the SCOT demonstra-
tions. See lines 17-22 in Algorithm 1. In our experiments, the algorithm divided the
BEC areas into 6 clusters, considering every other cluster (starting with the second
cluster) to correspond to \low", \medium"”, and \high" information respectively and
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m was set as a quarter of the number of demonstrations in the cluster.

Figure 4.2: Histogram of BEC areas of the 25,600 possible demonstrations in the
delivery domain, where the agent, passenger, mud, and recharge station locations are
allowed to vary. Cluster centers returned by k-means (for k = 6) are shown as red
circles along the x-axis. Demonstrations from every other cluster are selected and
shown in order of largest to smallest BEC area for sca olded machine teaching.

Visual Saliency

Studies on explanations preferred by humans indicate a bias toward those that are
simpler and have fewer cause§]]. Furthermore, [95 found that explanations can be
detrimental if they do not help the learner notice useful patterns or even mislead them
with false patterns. Together, these two works support the idea that explanations
should minimize distractions that potentially inspire false correlations and instead
highlight and reinforce the minimal set of causes. We thus also optimize for simplicity
and pattern discovery when selecting demonstrations that naturally explain the
underlying reward function.

Though the BEC area of a demonstration provides an unbiased, quantitative
measure of the information transferred to a pure IRL learnethuman learners are
likely also inuenced by the medium of the demonstration, e.g. visuals, and the
simplicity and patterns it a ords. For example, visible di erences between sequential
demonstrations can highlight relevant aspects, while visual clutter that does not
actually in uence the robot's behavior (e.g. extraneous mud not in the path of the
delivery robot) may distract or even mislead the human.
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We perform a greedy sequential optimization for visual pattern discovery and then
for visual simplicity, which we collectively term visual saliency. We rst encourage
pattern matching by considering candidates from di erent BEC clusters (which often
exhibit qualitatively di erent behaviors) that are most visually similar to the previous
demonstration. We measure the visual similarity of two states by de ning a binary
hash function over a domain's state space (such that each non-zero value in the state
hash corresponds to the presence of a consistent visual feature, like a mud patch at a
particular location) and calculating the edit distance between the two corresponding
binary state hashes. The aim is to highlight a change in environment (e.g. a new
mud patch) that caused the change in behavior (e.g. robot takes a detour) while
keeping all other elements constant. We then optimize for simplicity. A measure
of visual simplicity is manually de ned for each domain (e.g. the number of mud
patches in the delivery domain), and out of the sca olding candidates, the visually
simplest demonstration is selected.

The proposed methods for sca olding and visual saliency come together in Algo-
rithm 13. Since the highest information SCOT demonstrations are selected rst then
demonstrations are selected via k-means clustering from high to low information, the
algorithm concludes by reversing the demonstration list to order the demonstrations
from easiest to hardest (line 29). An example of a sequence of demonstrations that
exhibits sca olding, simplicity, and pattern discovery are shown in Fig. 4.3.

Testing

An optimal trajectory's BEC area theoretically correlates to its information gain as a
teaching demonstration. The smaller the area, the less uncertainty there is regarding
the value ofw .

We propose a complementary and novel ide#hat the BEC area can be inverted as
a measure of a trajectory's di culty as a question during testingi.e. when a human
is asked to predict the robot's trajectory in a new situation. Intuitively, a large BEC
area indicates that there are many viable reward weights for a demonstration, and
thus the human does not need to precisely understawd to correctly predict the

3An implementation is available at https:/github.com/SUCCESS-MURI/machine-teaching-
human-IRL.
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Algorithm 1 Machine Teaching for Human Learners

Require: . optimal policy, D: set of all MDPs belonging to a domain, : all
possible demonstrations of in a domain, n: teaching budget,m: cluster pool
size

1: // Obtain SCOT demos

22U=7

3: for MDP 2 D do

4: /I Obtain BEC( ) using Eq. 4.3 on each MDP comprising a domairiQ[ ]

/I extracts unit normal vectors corresponding to a set of half-space constraints.

5. U= UJ[ R[BEC( )]

6: end for

7: U = removeRedundantConstraints{J) . See [71]

g D=[],C="7

9: while jJUnCj60 do . n denotes set subtraction

10 =argmaxjN[BEC( j )]\ (UnC)j . Eq. 4.4
2

11: D:append( )

122 C=C[ N[BEC(j )]

13: = n

14: end while

15: /I Select candidates to Il the teaching budget via sca olding
16: if jDj <n then

17: Decand = ? . Set of sets
18: sorted = SOrtBylncreasingBECArea( )

19: custer = KMeans  sorieq; 2(n jDj )

20: for i=1;i=2(n jDj );i+=2 do

21: Dcand = Decang [T sampleTraj(m; custer [i])9

22: end for
23: /I Downselect from candidates based on visuals
24 fOf Dcand 2 Dcand dO

25: Dprelim = maximizeVisualSimilarity( Dcang; D)

26: = maximizeVisualSimplicity( D preiim )

27: D:append( )

28: end for

29: D =reverse(D) . Order demonstrations from easiest to hardest
30: end if

31: return D . Final demonstration set to show human
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Figure 4.3: Demonstrations hand-picked to illustrate ideal sca olding, simplicity, and
pattern discovery. We sca old by showing demonstrations that incrementally decrease
in BEC area (which appears to correlate inversely with information gain and di culty).
Simplicity is encouraged by minimizing visual clutter (e.g. unnecessary mud patches).
Pattern discovery is encouraged by holding the agent and passenger locations constant
while highlighting the single additional mud patch between demonstrations that
changes the optimal behavior.

robot's trajectory. We can also use this measure to select tests of varying di culties
to assess the human's nal understanding oiv and subsequently after having
seen a set of teaching demonstrations.

4.3 User Studies

We ran two online user studies that involved participants watching demonstrations of
a 2D agent's policy and predicting the optimal trajectory in new test environments
The rst study explored how BEC area of provided demonstrations correlates with a
human's subsequent understanding of the underlying policy, while the second study
explored how incorporating human learning strategies into demonstration selection
impacts a human's understanding of the underlying policy.

Domains

Three simple grid world domains were designed for the two studies (see Fig. 4.4).
The available actions werd up, down left, right, pick up, drop, exitg. Each domain

4Code for the user studies, videos of teaching and testing demonstrations, and the collected data
are available at https://github.com/SUCCESS-MURI/psiturk-machine-teaching.
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Figure 4.4. Three domains were presented in the user study, each with a di erent set
of reward weights to infer from demonstrations using inverse reinforcement learning.
(@) : delivery, (b) : two-goal, (c) : skateboard

consisted of one shared reward feature of unit action cost, and two unique reward
features as follows.

Delivery domain.  The agent is rewarded for bringing a package to the destination
and penalized for moving into mud.

Two-goal domain. The agent is rewarded for reaching one of two goals, with
each goal having a di erent reward.

Skateboard domain. The agent is rewarded for reaching the goal. It is penalized
less per action if it has picked up a skateboard (i.e. riding a skateboard is less costly
than walking).

To convey an upper bound on the positive reward weight, the agent exited from
the game immediately if it encountered an environment where working toward the
positive reward would yield a lower overall reward (e.g. too much mud along its path).
The semantics of each domain were masked with basic geometric shapes and colors
to prevent biasing human learners with priors. All domains were implemented using
the simplerl framework [2].

Study Design

The rst and second user studies (US1 and US2, respectively) used the same domains,

procedures, and measures, though they di ered in which variable was manipulated.
US1 explored how BEC area of demonstrations correlates with a human's un-

derstanding of the underlying policy. Thus, the between-subjects variable was
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information class with three levels: low, medium, and maximum (i.e. SCOT). The
low and medium information demonstrations were selected from the 5th and 3rd
BEC clusters respectively (see Fig. 4.2). When selecting multiple demonstrations
from a single cluster, we optimized for visual simplicity anddissimilarity as coverage

of demonstrations has been shown to improve human learnirntg B5°. Thus, each
person only saw low, medium, or maximum (i.e. SCOT) information demonstrations
across each domain, where the number of demonstrations shown in each domain was
set to equal the number of SCOT demonstrations for fair comparison (2 for delivery
and skateboard, 3 for two-goal).

US2 explored how incorporating human learning strategies impacts a human's
understanding of the underlying policy. Speci cally, it examined how the presence and
direction of sca olding, and optimization of visuals, would impact the human's test
performance. The between-subjects variables wesea olding class(none, forward,
and backward), andvisual saliency(positive and negative). For sca olding class,
forward sca olding showed demonstrations according to Algorithm 1, backward
sca olding showed forward sca olding's demonstrations in reverse, and no sca olding
showed all high information gain examples from the 1st BEC cluster (Fig. 4.2). Five
demonstrations were shown for each domain.

Both US1 and US2 had two additional within-subject variablesdomain (delivery,
two-goal, and skateboard, described above andst di culty (low, medium, and
high, determined by the BEC area of the test). As such, each participant was shown
teaching demonstrations in all three domains and was tested with tests spanning all
three di culty levels (in randomized order).

For both user studies, participants rst completed a series of tutorials that
introduced them to the mechanics of the domains they would encounter. In the
tutorials, participants learned that the agent would be rewarded or penalized according
to key events (i.e. reward features) speci ¢ to each domain. They were then asked to
generate a few predetermined trajectories in a practice domain with a live reward
counter to familiarize themselves with the keyboard controls and a practice reward
function. Finally, participants entered the main user study and completed a single

SNote that Algorithm 1 already achieves coverage by sca olding demonstrations acrossli erent
BEC clusters and thus bene ts instead from optimization of visual similarity amongst consecutive
demonstrations that highlights changes in environments that lead to di erent behaviors.
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trial in each of the delivery, two-goal, and skateboard domains. Each trial involved a
teaching portion and a test portion. In the teaching portion, participants watched
videos of optimal trajectories that maximized reward in that domain, then answered
subjective questions about the demonstrations (M2-M4, see below). In the subsequent
test portion, participants were given six new test environments and asked to provide
the optimal trajectory. The tests always included two low, two medium, and two high
di culty environments shown in random order. For each of the tests, participants
also provided their con dence in their response (M5). The teaching videos for each
condition were pulled from a lItered pool of 3 exemplary sets of demonstrations
proposed by Algorithm 1 to control for bias in the results (e.g. to remove the confound
of showing demonstrations that simply “exit' early on in the teaching set, which will
be explained in the discussion section). The tests were likewise pulled from a Itered
pool of 3 exemplary sets of demonstrations for each of the low, medium, and high
di culty test conditions. Please refer to the sca olding subsection in Section 4.5 for
additional discussion on how Itering was employed.

Finally, though the methods described in this chapter are designed for a human
with no prior knowledge regarding any of the weights, the agent in our user studies
assumed that the human was aware of the step cost and only needed to learn the
relationship between the remaining two weights in each domain. This simpli ed
the problem at the expense of a less accurate human model and measure of a
demonstration's information gain via BEC area. However, the e ect was likely
mitigated in part by the clustering and sampling in Algorithm 1, which only makes
use of coarse BEC areas.

Hypotheses

H1: The BEC area of a demonstration correlates 1) inversely to the expected di culty
for a human to correctly predict that exact demonstrationduring testing and 2)
directly to their con dence in that prediction.

H2: The BEC area of a demonstration also correlates 1) inversely to the information
transferred to a humanduring teachingand thus inversely to the subsequent human
test performance as measured by a suite of test, and 2) leads to better qualitative
assessments on informativeness, mental e ort, or puzzlement.

30



4. Incorporating Sca olding and Visual Saliency in Demonstration Selection

H3: Forward sca olding (demonstrations shown in increasing di culty) will result
in better qualitative assessments of the teaching set and better participant test
performance over no sca olding (only high di culty demonstrations shown) and
backward sca olding (demonstrations shown in decreasing di culty), in that order.
H4: Positive visual saliency will result in better qualitative assessments of the
teaching set and better test performance over negative visual saliency (with positive
and negative visual saliency corresponding to the maximization and minimization,
respectively, of both simplicity and pattern discovery).

The two user studies jointly tested H1. The rst study tested H2 and the second
study tested H3 and H4.

Measures

The following objective and subjective measures were recorded to evaluate the afore-
mentioned hypotheses. The Likert scales corresponding to M2-M4 were provided
after all of the demonstrations but before the tests. The Likert scale corresponding
to M5 was provided after each test.

M1. Optimal response: For each test, whether the participant's trajectory received
the optimal reward was recorded.

M2. Informativeness rating: 5-point Likert scale with prompt \How informative
were these demonstrations in understanding how to score well in this game?"
M3. Mental e ort rating: 5-point Likert scale with prompt \How much mental

e ort was required to process these demonstrations?"

M4. Puzzlement rating:  5-point Likert scale with prompt \How puzzled were you
by these demonstrations?"

M5. Con dence rating:  5-point Likert scale with prompt \How con dent are you
that you obtained the optimal score?"

4.4 Results

162 participants were recruited using Proli ¢ Y(] for the two user studies. Each
of the nine possible between-subjects conditions across the two user studies was
randomly assigned 18 patrticipants (such that US1 and US2 contained 54 and 108
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participants respectively), and the order of the domains presented to each participant

was counterbalanced. Participants' ages for US1 ranged from 18 to 57 (M = 25.07,
SD = 8.37). Participants reported gender to be roughly 74% male, 22% female, 2%
non-binary, and 2% preferred to not disclose. Participants' ages for US2 ranged from
18 to 52 (M = 26.57, SD = 8.33). Participants reported gender to be roughly 64%

male, 34% female, 2% non-binary, and 0% preferred to not disclose. The recruitment
process and studies was approved by Carnegie Mellon University's Institutional

Review Board.

The three domains were designed to vary in the di culty of their respective
optimal trajectories. We calculated an intraclass coe cient (ICC) based on a mean-
rating (k = 3), consistency-based, 2-way mixed e ects modelf] to evaluate the
consistency of each participant's performance across domains. A low ICC value of
0.37 (p <:001) indicated that performance in fact varied considerably across domains
for each participant. We subsequently average each participant's scores across the
domains in all following analyses, potentially yielding results that are representative
of domains with a range of di culties.

H1: We combine the test responses from both user studies as they share the
same pool of tests. A one-way repeated measures ANOVA revealed a statistically
signi cant di erence in the percentage of optimal responses (M1) across test di culty
(F(2;322) = 27535, p < :001). Post-hoc pairwise Tukey analyses further revealed
signi cant di erences between each of the three groups, with the percentage of optimal
responses dropping from lowN] = 0:89), to medium (M = 0:68), to high (M = 0:36)
test di culties ( p <:001 in all cases).

Spearman's rank-order correlation further showed a signi cant inverse correlation
between test di culty and con dence (M5, rg = :40,p <:00L N =486). See Fig.
4.5 for the raw con dence data.

Objective and subjective results both support H1, that BEC area can indeed be used
as a measure of di culty for testing. We thus proceed with the rest of the analyses
with \test di culty" as a validated independent variable.

H2: A two-way mixed ANOVA on percentage of optimal responses (M1) did not
reveal a signi cant e ect of information class of the teaching setK (2;51) = 1:23,p =
:30), though test di culty had a signi cant e ect consistent with the H1 analysis
(F(2;102) = 11858, p <:001). There was no interaction between information class
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Figure 4.5: Participants were signi cantly more con dent of their responses as test
di culty decreased.

Figure 4.6: The information class of demonstrations only signi cantly in uences their
perceived informativeness, ironically decreasing from low to maximum information
class. This suggests that a demonstration's intrinsic information content (as measured
by its BEC area) does not always correlate with the information transferred to human
learners. No signi cant e ects were found between information class and mental e ort
or puzzlement.
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Figure 4.7: Though the three sca olding conditions perform similarly in aggregate
across all tests, 'no sca olding' signi cantly increases performance for high di culty
tests.

and test di culty ( F(4;102) = 0:67,p = :61).

Spearman's correlation test only found a signi cant negative correlation between
information class and perceived informativeness (M2; = 0:28,p= :04;N = 54).
Neither mental e ort (M3, p = :08) nor puzzlement (M4,p = :36) were found to have
signi cant correlations with information class. See Fig. 4.6 for the raw subjective
ratings.

The data failed to support H2. The data suggest that IRL alone is indeed an
imperfect model of human learning, motivating the use of human teaching techniques
to better accommodate human learners.

H3: A two-way mixed ANOVA on percentage of optimal responses (M1) revealed
a signi cant interaction e ect between sca olding and test di culty ( F(4;210) =
279 p = :03). Tukey analyses showed that no scaoldingM = 0:46) yielded
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signi cantly better test performance than forward sca olding (M = 0:34) for high
di culty tests ( p = :05). Though not statistically signi cant, a trend of forward
and backward sca olding outperforming no sca olding on low [ = 0:89; 0:89; 0:85
respectively) and medium di culty tests (M = 0:69; 0:69; 0:62 respectively) can be
observed as well (see Fig. 4.7).

Seeing the strong e ect of domain on the results of the user studies in Chapter
6, we explore whether the signi cant e ect noted above was also driven by domain.
Indeed, a t-test revealed that only in the skateboard domain did no sca olding
(M = 0:61) yield signi cantly higher learning outcomes over forward sca olding
(M =0:39) for high di culty tests at Bonferroni adjusted p = 0:04.

A two-way mixed ANOVA did not reveal a signi cant e ect from sca old-
ing (F(2;105) = 0:02p = :98) but did nd a signi cant e ect for test di culty
(F(2;210) = 16763 p < :001) on percentage of optimal responses (M1) as hypothe-
sized.

A Kruskal-Wallis test did not nd di erences between the informativeness H (2) =
5:18 p= :07), mental e ort (H(2) = 1:16,p = :56), or puzzlement H(2) =0:59,p =
:74) ratings (M2{M4) of di erently sca olded teaching sets.

The data largely failed to support H3.Forward and backward sca olding sur-
prisingly led to nearly identical test performance. Though no sca olding performed
similarly overall, it yielded a signi cant increase in performance speci cally for high
di culty tests. The subjective measures did not indicate any clear relationships.

H4: A two-way mixed ANOVA on percentage of optimal responses (M1) revealed
signi cant e ects of test di culty (  F(2;212) = 16921, p <:001) and an interaction
e ect between optimized visuals and test di culty (F(2;212) = 5:6L p = :004).
Exploring the interaction e ect with Tukey analyses revealed that visual saliency had
no e ect on test performance on low § = :24) and medium @ = :90) di culty tests,
but led to a signi cant improvement in performance in high ¢ <:001) di culty tests
for positive visual saliency M = 0:45) over negative M = 0:31), see Fig. 4.8. The
two-way mixed ANOVA did not reveal a signi cant e ect from optimized visuals
alone (1;106) = 2:27,p= :13).

Again, seeing the strong e ect of domain on the results of the user studies in
Chapter 6, we explore whether the signi cant e ect noted above was also driven by
domain. Indeed, a t-test revealed that only in the skateboard domain did positive
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Figure 4.8: (a) : Optimizing teaching demonstration visuals does not signi cantly
a ect performance on low and medium di culty tests, but leads to a signi cant

improvement on high di culty tests.

(b) : Ratings on mental e ort and puzzlement surprisingly increased for positive visual
saliency, likely an artifact of unforeseen study design e ects. No signi cant e ects
were found for ratings on informativeness.
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visual saliency M = 0:62) yield signi cantly higher learning outcomes over negative
visual saliency M = 0:33) for high di culty tests at Bonferroni adjusted p <:001.

A Mann-Whitney U test found that ratings for mental e ort ( U(Npeg = 54; Npos =
54) = 11315;p = :03) and puzzlement U(Nneg = 54; Nyos = 54) = 1082:5;p = :02)
(M3 and M4) increased for positive visual saliency. Informativeness ratings were not
found to di er signi cantly between the two visual saliency conditions p = :11).

The data partially supports H4.Optimizing visuals improved test performance for
high di culty tests. However, optimizing visuals also yielded counterintuitive results
for the subjective measures on mental e ort and puzzlement, which we address in the
following section.

4.5 Discussion

Learning styles: The data refuting H2 suggests that IRL alone is indeed an imperfect
model of human learning, motivating the use of human teaching techniques to better
accommodate human learners.

There was no correlation between information class and test performance, likely a
result of two factors. First, the number of demonstrations provided (two or three)
across the conditions in US1 was likely too few for human learners, who are not pure
IRL learners and can sometimes bene t from ‘redundant' examples that reinforce a
concept. Second, as will be discussed under the sca olding subsection in Section 4.5,
BEC area is likely an insu cient model of a demonstration's information gain to a
human and warrants further iteration.

Accordingly, maximum information demonstrations provided by SCOTM = 0:61)
failed to signi cantly improve the percentage of optimal responses compared to
medium (M = 0:65) and low M = 0:67) information demonstrations, as IRL would
have predicted. The subjective results further indicate that people ironically found
the demonstrations with the highest information gain the least informative. We
hypothesize that participants struggled to digest the information contained within the
SCOT demonstrations all at once, motivating the use of sca olding to stage learning
into manageable segments.

Furthermore, analyzing the free-form comments provided by participants through-
out the user studies revealed insights about their learning styles. Though this chapter
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assumed that participant learning would resemble IRL, we discovered it sometimes
resembled imitation learning, which models humans as learning the optimal behavior
directly from demonstrations (as opposed to through an intermediate reward function
like IRL) [17, 47]. For example, one participant expounded upon their mental e ort
Likert rating (M3) with the following description of IRL-style learning: \You need to
make a moderate amount of mental e ort to understand all the rules and outweight
[sic] everything and see what is worth it or not in the game." In contrast, another
expounded upon their used mental e ort rating with the following description of
IL-style learning: \The primary ‘mental e ort' was in memorising the patterns of
each level/stage and matching the optimal movements for them."

To better understand the types of learning employed by our participants, we
analyzed their optional responses to the following questions: \Feel free to explain any
of your selections above if you wish:" (asked in conjunction with prompts for ratings
of informativeness, mental e ort, and puzzlement of demonstrations in each domain,
i.e. three times) and \Do you have any comments or feedback on the study?" (asked
once, after the completion of the full study). Similar to Lage et al.47], we coded
relevant responses from participants regarding their thought process as resembling
IRL (e.g. \So, the yellow squares should be avoided if possible and they possibly
remove 2 points when crossed but I'm not sure") or as resembling IL (e.g. \I did
not understand the rule regarding yellow tiles. It seems they should be avoided, but
not always. Interesting..."), or as “unclear' (e.g. \After some examples | feel like I'm
understanding way better these puzzles."). A second coder uninvolved in the study
independently labeled the same set of responses, assigning the same label to 79%
of the responses. A Cohen's kappa of 0.64 between the two sets of codings further
indicates moderate to substantial agreement| 49, 63]. Please refer to Section 9.1 of
the appendix for the responses, labels, and further details on the coding process.

As Table 4.1 conveys, both coders agreed that more responses resembled IRL than
IL and “unclear' combined, suggesting that people perhaps employed IRL more often
than not. However, we note that the way the tutorials introduced the domains may
have in uenced this result. For example, explicitly conveying each domain's unique
reward features and clarifying that a trajectory's reward is determined by a weighting
over those features may have encouraged participants to rst infer the reward weights
from optimal demonstrations (e.g. through IRL) and then infer the optimal policy
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Table 4.1: Coding of qualitative participant responses as resembling inverse reinforce-
ment learning (IRL) or imitation learning (IL), or "unclear’.

Learning style Raw counts (across user studies) Percentages (across coders)

Coder 1 Coder 2 User study 1 User study 2
IRL 25 27 32% 68%
IL 7 9 27% 12%
Unclear 15 11 41% 20%

(as opposed to directly inferring the optimal policy e.g. through IL).

Examining the percentage of each response across the two user studies reveals
another interesting trend. Responses were far more likely to be coded as IRL in
US2, where participants got to see ve demonstrations as opposed to US1, where
participants only got to see two or three demonstrations. This echoes the observation
of [47] that people may be more inclined to use IL over IRL in less familiar situations,
which may be moderated in future studies through more extensive pre-study practice
and/or additional informative demonstrations that better familiarize the participant
to the domains.

Finally, out of 11 participants who provided more than one response, coders
agreed that 8 appeared to employ the same learning style throughout the user study
(e.g. participants 129 and 142 in US2 only provided responses resembling IRL), 4
appeared to have changed styles through the user study (e.g. participants 59 in US1
and 20 in US2 provided various responses that resembled IL, IRL, or were unclear),
and 3 were ambiguous (i.e. one coder coded a consistent learning style while the
other did not). Though we controlled for learning e ects by counterbalancing the
order of the domains, participants likely found the domains to vary in the di culty
of their respective optimal trajectories (as suggested by the ICC score). Furthermore,
certain conditions led to signi cant di erences in subjective and objective outcomes
(e.g. demonstrations with the highest information gain were ironically perceived to
be least informative (H2) and positive visual saliency improved performance for high
di culty tests (H4)). We thus hypothesize that the varying di culties in domains
and conditions non-trivially in uenced the learning styles at di erent times (e.g. by
moderating familiarity [47]).
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Scaolding: Though BEC area is a well-motivated preliminary model of a
demonstration's information gain to a human, backward sca olding's unexpected
on-par performance with forward sca olding suggests that it is insu cient and our
sca olding order likely was not clear cut in either direction. In considering possible
explanations, we note that Eq. 4.4 presents a computationally elegant method of
generating BEC constraints via sub-optimal, one-action deviations from the optimal
trajectory. However, these suboptimal trajectories do not always correspond to the
suboptimal trajectories in the human's mind (e.g. which may allow more than one-
action deviations) This sometimes leads to a disconnect between a demonstration's
information gain as measured by BEC area and its informativeness from the point of
view of the human.

Furthermore, forward and backward sca olding (each comprised of low, medium,
and high information demonstrations) yielded higher performance for low and medium
di culty tests, and no sca olding (comprised of only high information demonstra-
tions) yielded signi cantly higher performance for high di culty tests. Improved
performance when matching the information gain and di culty of teaching and testing
demonstrations respectively (which yields similar demonstrations) further suggests
that IL-style learning may have also been at play

Additionally, participants across each condition never achieved a mean score of
greater than 0.5 for high di culty tests, indicating that they were largely unable
to grasp the more subtle aspects of the agent's optimal behavior. While the ve
demonstrations shown in US2 should have conveyed the maximum possible information
(in an IRL-sense), they were not as e ective in reality. One reason may be that human
cognition is constrained by limited time and computation 28], and at times may opt
for approximate, rather than exact, inferenced5s, 90]. Approximate inference indeed
would have struggled with high di culty tests whose optimal behavior could often
only be discerned through exact computation of rewards. We move to an approximate
inference model of human belief later in Chapter 6.

Finally, the current method of sca olded teaching assumes that the learner has no
prior knowledge when calculating a demonstration's information gain (e.g. Algorithm
1 considers a repeat showing of a demonstration to a learner as providing equal
information gain as the rst showing). But when Itering for teaching and testing
sets for the user studies, we sometimes observed and accounted for the fact that

40



4. Incorporating Sca olding and Visual Saliency in Demonstration Selection

demonstrations with the same BEC area could further vary in informativeness or
di culty to di erent learners in two primary ways.

First, demonstrations with the same BEC area could di er in informativeness
depending on whether it presented an expected behavior, given the human's expected
prior knowledge. While we always placed the SCOT demonstrations at the end of
the sca olded sequence, a SCOT demonstration could have a large BEC area (e.g.
if it only contributes a single constraint) and could be shown earlier. However, a
SCOT demonstration always contributes a (highest information gain) constraint of
BEC( ) that is guaranteed to reduce BEC area of the running model of human
knowledge, and showing this SCOT demonstration too soon could render a later
non-SCOT demonstration's constraints to be redundant. Instead, showing non-SCOT
demonstrations that iteratively decrease in BEC area rst, then showing SCOT
demonstrations ensures that the learner always receives non-redundant constraints
onw at each step. These observations highlight that information gain cannot be
calculated based solely based on the demonstration itself (and its BEC area), but
must be calculated with respect to its e ect on an explicit model of human prior
knowledge.We believe that providing demonstrations that incrementally deviate from
the human's current model will be more informative to a human and would be better
suited to sca olding, which is addressed in the next chapter.

one could include SCOT demonstrations in between the other demonstrations
in theory in order of increasing BEC area However, a SCOT demonstration that
contributes a (highest information gain) constraint of BEC( ) may in fact have a large
BEC area. Thus, showing this SCOT demonstration early on may actually render
a later k-means demonstration as uninformative (i.e. the SCOT demonstration's
BEC( ) constraint may cause a later k-means demonstration's constraints to be
redundant). Instead, showing k-means demonstrations that iteratively decrease in
BEC area, then showing SCOT demonstrations ensures that the learner receives
non-redundant constraints onw at each step.These two observations highlight the
critical importance of maintaining an explicit model of human prior knowledge when
calculating a demonstration's potential information gain.We believe that providing
demonstrations that incrementally deviate from the human's current model will be
more informative to a human and would be better suited to sca olding, which is
addressed in the next chapter.
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Second, we observed that demonstrations where the agent would simply “exit'
rather than complete the task (as the latter would yield a lower overall reward
than exiting) were always associated with a relatively large BEC area as considering
one-step deviations (Eq. 4.4) would often only yield a single constraint that would
correspond to a BEC area of 2, or half of the surface of a sphere in our setting.
But despite the large BEC area, we observed during piloting that “exits' were quite
di cult to understand and predict during teaching and testing, respectively. We
hypothesize that people naturally had a bias toward guring outhow to complete the
task presented to them (e.g. what path should they take) rather thaif they should
complete the path. The latter appears to require a more di cult multi-step process
of rst determining the best trajectory for completing the task, then comparing that
trajectory's reward to that of exiting, which is arguably more challenging than simply
determining the best trajectory. The “exit' action was originally incorporated into
the domains in order to support direct inference over the upper and lower bounds of
a reward feature weight given the action weight. The domains in subsequent chapters
remove this action to focus simply on how the agent will complete a task given its
reward function, rather than if it will at all.

Visual Saliency: Optimizing visuals improved test performance, but only for
high di culty tests. This suggests that simplicity and pattern discovery could produce
a meaningful reduction in complexity for only high information demonstrations (which
contain the insights necessary to do well on the high di culty tests), while those of
low and medium information were already comprehensible.

We found counterintuitive results on mental e ort or puzzlement ratings (M3{M4)
for H4, where ratings for mental e ort and puzzlement increased from negative to
positive visual saliency. One factor may have been the open-ended phrasing of the
corresponding Likert prompts that failed to always elicit the intended measure. For
example, one participant expounded upon their mental e ort rating by saying \it
takes a bit of e ord [sic] remembering that you can quit at any time," referencing the
di culty of remembering all available actions rather than the intended di culty of
performing inference over the optimal behavior.

Similarly, the open-ended prompt for puzzlement failed to always query speci cally
for potential puzzlement arising from (a potentially counterintuitive) ordering of the
demonstrations. Instead, it sometimes invited comments on puzzlement arising from
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other factors, e.g. \The main puzzling thought is why did the triangle exited in a
con guration and in the next one it decided to do it even though it was the same”,
and interestingly informed us of unforeseen confounders such as limited memory. As
participants could not rewatch previous demonstrations (to enforce sca olding order),
consecutive demonstrations selected to be as similar as possible (in the positive visual
saliency condition) sometimes led to greater confusion as participants believed they
saw di erent behaviors in the same environment. To address this issue of limited
memory, in subsequent studies participants were not only allowed to rewatch current
demonstrations but also allowed to freely view any previous demonstrations.

Finally, we note that our selected demonstrations often revealed information about
multiple reward weights at once, which could be di cult to process. Instead, we can
further sca old by teaching about one weight at a time, when possible, which we
explore in the next chapter.

Testing: Objective and subjective results strongly support BEC area as a measure
of test di culty, and following studies thus used tests of varying BEC areas to evaluate
and track the learner's understanding throughout the learning process. One limitation
of this measure of test di culty is that it is agnostic to the human's current belief
and is a gross measure (for perhaps an average learner). For example, a test classi ed
as medium di culty test may in fact be of medium di culty to a novice but may be
easy for an expert. In the next chapter, we provide a way to condition on the current
beliefs of a human to provide a more personalized measure of di culty.

Domain: Exploratory analyses show that two of our key experimental results are
domain-dependent. Thatis, our ndings that no sca olding increases test performance
over forward sca olding for high di culty tests, and positive visual saliency increases
test performance over negative visual saliency for high di culty tests are both largely
driven by the skateboard domain. As noted previously, the three domains were
designed to vary in the di culty of their respective trajectories and participant
performance in fact varied across the domains. Seeing how even seemingly similar
grid world domains can impact the e cacy of the proposed methods, we explicitly
consider domain as an independent variable in the user studies in Chapter 6 and
provide further discussion in Chapter 7.
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Selection by Reasoning
over. Human
Counterfactual Beliefs
and Feature Spaces

This chapter builds on the previous by modifying how the information gain of
demonstrations are calculated during sca olding, which was originally done without
consideration for the human's current beliefs. Instead, we now explicitly model
the human's beliefs over the robot's decision making and calculate a demonstra-
tion's information gain based on how it di ers from the human's expectations (i.e.
counterfactualg of what the robot will do. A calibrated measure of demonstration
information gain aids in the selection of demonstrations that fall in the zone of
proximal development. Second, we aim to further improve demonstration selection by
incrementally increasing (andsca olding) the number of unique reward featureghat
are conveyed. And nally, we also update our measure for estimating ttd culty

for a human to predict instances of a robot's behavior in unseen environmentstasts
by conditioning it on a human's current beliefs of the reward function, measuring
how many of that individual's beliefs would yield the correct behavidt

A user study nds that our test di culty measure correlates well with human
performance and con dence but nds no e ect for feature sca olding. Considering
human beliefs on robot decision-making in selecting informative demonstrations
decreases human performance on easy tests, but increases performance for di cult
tests, providing insight on how to best utilize such human models.

1The contents of this chapter were presented at IROS and is available at [52].
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Figure 5.1: (a) A robot's optimal demonstration (green) is shown in contrast to a
suboptimal counterfactual alternative (red). (b) A robot's optimal demonstration is
shown in contrast to a counterfactual likely considered by a human who has seen the
demonstration in (a). (¢) Sample counterfactual alternatives to the robot's trajectory
in (b) that are considered by standard IRL, generated by deviating from the robot's
path by one action (pink), then following the robot's optimal policy afterward (blue).
Note that neither matches the human's counterfactual.

5.1 Motivation

For IRL, the information a demonstration reveals regarding the underlying reward
function inherently depends on thecounterfactuals (i.e. alternative, suboptimal
demonstrations) that are considered. Imagine a human who encounters a robot in
the delivery domain for the rst time. To convey its reward function, imagine the
robot providing a human with the demonstration in Fig. 5.1a. Because the robot
takes a two-action detour to avoid the mud instead of going through it (a natural
counterfactual), the human may infer that the robot associates a negative reward
with going through mud.

After providing this rst demonstration, the robot considers what to demonstrate
next to convey more information regarding its reward function. Importantly it knows
that the human likely knows that mud is costly from the rst demonstration, but
does not knowhow costly. For instance, the human may reasonably believe that
the robot would take a four-action detour when faced with two mud patches (Fig.
5.1b). However, the robot knows that its ratio of mud to action reward is -3 to -1
and that consequently, it would simply go through the mud in Fig. 5.1b to maximize
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its reward. Seeing how its direct path meaningfully di ers from the human's likely
counterfactual that detours heavily, the robot considers this to be a very informative
demonstration to provide next to upper-bound the human's belief of the cost of mud.

Standard IRL [66], however, does not model the learner's beliefs and would falil
to consider this detouring human counterfactual. Instead, standard IRL enumerates
all trajectories that di er by a single initial action as counterfactuals. Two sample
IRL counterfactuals are shown in Fig. 5.1c, but neither matches the intuitive human
counterfactual of completely detouring around the mud. As a result, IRL has the
potential to both under- and over-estimate the information gain of a demonstration
to a human by considering the wrong counterfactuals or considering too many,
respectively.

Looking to the related literature on how humans explain to one another, Miller
notes that \explanations are contrastive|they are sought in response to particular
counterfactual cases,"” and that it is critical that the learner's counterfactuals matches
the ones intended by the teacher6f]. In our work, we tailor demonstrations to the
learner given the agent's estimate of the human's current belief and the counterfactuals
that the human will likely consider.

Furthermore, Reiser 78 suggests that sca olding should sometimes challenge
the learner by inducing cognitive con ict whose reconciliation results in learning
(e.g. by providing examples that challenge and re ne the learner's current under-
standing). Thus, this chapter aims to ensure that the robot correctly anticipates the
human's likely counterfactuals and provides demonstrations thadi er from those
counterfactuals to provide information, which we explore next.

5.2 Methods

This section develops methods that leverage a model of the learner's current beliefs
and likely counterfactuals in 1) selecting informative teaching demonstrations and 2)
rating the di culty of potential tests. We also consider providing further sca olding

on teaching demonstrations by incrementally increasing the number of reward weights
communicated by each demonstration.
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Counterfactual Sca olding

We make two observations regarding the BEC. First, Eq. 4.4 captures the key
idea that IRL depends not only on the robot's optimal trajectory but also on the
suboptimal counterfactual trajectories that are considered, represented by*>® and

(s respectively. Second, BEQDj ) could be used to model the human's belief
over the robot's possible reward weights after having seéh. We now build on these
concepts to leverage a human model and select demonstrations that account for
human counterfactuals.

As previously mentioned, a demonstration's ability to reveal the underlying
reward function via IRL hinges on the counterfactuals considered. However, many
counterfactuals proposed by IRL can seem nonsensical to humans as they fail to
consider the human's beliefs. Instead, IRL generates counterfactuals in the following
way|at each state s along the robot's optimal trajectory, it rst takes a potentially
suboptimal action b before following the optimal policy afterward (4.4). This process
generates the two sample counterfactuals in Fig. 5.1c, which do not correspond to the
human counterfactual in Fig. 5.1b. While such one-action deviations from the optimal
trajectory are computationally sensible and e cient (i.e. multi-action deviations
often yield only redundant constraints), these are unlikely to be the counterfactuals
on the human's mind for a number of reasons.

First, humans are unlikely to methodically go through each state of the robot's
trajectory and consider all alternative actions. Instead, humans naturally incline
toward a few causes and a few counterfactuals for explanatiddb]. This can lead
IRL to overvalue the information gain of a demonstration if counterfactuals beyond
those on the human's mind are considered. Second, IRL counterfactuals are generated
by \perturbing" the demonstration directly (by taking a suboptimal action) and
may not be consistent with any reward function (e.g. no reward function in the
delivery domain would rst avoid mud, then later go through mud like one of the
counterfactuals in Fig. 5.1c). While humans may consider a reward function that
di ers from the robot's, their counterfactuals are likely to be consistent with that
di ering reward function (e.g. avoiding the mud both ways in Fig. 5.1b). This

2Code for the methods, domains, and relevant hyper-parameters (e.g.

reward  weights, sample rate) wused in this study can be found at
https://github.com/SUCCESS-MURI/counterfactual ~ _humanlRL.
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can lead IRL to also undervalue a demonstration's information gain if the human's
counterfactuals are not considered.

In selecting e ective explanations, we posit that you must consider not only the
learner's learning model (i.e. IRL) but also their beliefs and subsequently what
counterfactuals they would consider. We thus extend our work in the previous chapter
to evaluate a demonstration's information gain based on counterfactuals generated
via potential reward functions estimated to be on the human's mind as opposed
to counterfactuals generated via one-action deviations, and sca old by showing
demonstrations of increasing information gain.

To account for human beliefs and counterfactuals when evaluating the information
gain of potential demonstrations, we do the following. First, we instantiate a prior
model of the human's beliefs over the reward feature weights , B(w ). This model
could be the fullN 1 sphere if the human has no prior knowledge, or it may be a
partial sphere due to prior knowledge (e.g. that action reward is negative). Then
we samplem weights fromB(w ). Each weight represents a particular belief that
the human could have over the robot's reward function. For every robot possible
demonstration in a domain, and for each of then weights, we simulate what the
human counterfactual to each demonstration would be if the human had this reward
weight in mind and generate the corresponding constraints using (4.4). For each
possible demonstration by the robot, we consolidate the corresponding human
counterfactuals by taking a union of all corresponding constraints. Finally, we select
the demonstration that maximizes information gain, i.e. select the demonstration
that maximizes the ratio betweenB(w ) before and after the human sees this
demonstration. We take the ratio rather than the di erence as we empirically
observed that the latter does not faithfully capture information gain in instances
where B(w ) has unequal uncertainty across multiple feature weights (e.g. the
ratio between a narrow, longB(w ) and a narrow, shortB(w ) is large whereas
the di erence is small even though much information was gained on the uncertain
feature). Once we have shown the selected demonstration and updai&v ), we
select the next demonstration to show by samplingh weights from the updated
B (w ) and repeating the steps above. This method is summarized in Alg. 2.
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Algorithm 2 Counterfactual Machine Teaching for Humans

Require: . robot policy, : all possible demonstrations of in a domain, m:

©

10:
11:

12:
13:
14:
15:
16:
17:
18:

19:
20:
21:
22:
23:
24:.

25
26

number of beliefs to sampleB (w ): human prior over robot reward weights

infoGain = 1
D =[]
while infoGain 6 0 do
Baict = ?
/I Sample human beliefs onw
W = sample(m; B(w ))
/I Obtain constraints yielded by each possible demonstration, conditioned on
/I the sampled human beliefs
for 2 do
c=7
forw 2 W do
/l Constraints given \human" counterfactual. N[ ] extracts unit normal
Il vectors corresponding to a set of half-space constraints
C=C[ N[BEC(j w)]
end for
/I Store updated belief given this demonstration
Bat[ 1= C[ R[B(w ))]
end for
/I Select the trajectory that maximizes information gain
= argmax BECArea(B (w )) =BECArea(Bict[ ])
2
infoGain = BECArea( B(w )) =BECArea(Byict[ 1)
if infoGain 6 1 then
D:append( )
= n . n denotes set subtraction
B(W ) = Buyict| ] . Update human belief
end if
: end while
:return D . Final demonstration set to show human
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Feature Sca olding

A standard sca olding technique suggested by Wood et al9§] is to reduce the degrees
of freedom of the problem. Accordingly, one could initially show demonstrations
that limit the number of reward features over which information is conveyed. In the
delivery domain, one could show demonstrations that convey information on the mud
and action weights rst, then on battery recharge and action weights, then on mud,
battery, and action weights to show potentially nuanced tradeo s. Put another way,
this sequence of demonstrations rst \masks" the battery recharge weight, then the
mud weight, then no weights, Itering demonstrations such that they do not convey
information on a masked weight. In general, we can sca olkl features by showing
demonstrations that iteratively maskk 2,k 3, ..., 0 features (because solutions of
IRL are scale-invariant, we must show at least two features at a time relative to one
another, e.g. how many actions the robot is willing to take to avoid mud). At every
iteration in which we wish to maskn features, there are r'j possible masks that can
be applied. We now discuss how to order the possible masks at every iteration.

The key idea behind ordering the possible masks is to hide features that appear
infrequently, as infrequently appearing features are less likely to be able to initially
support ne-grain comparisons. To do so, we rst obtain all possible constraints that
could be generated using Eqg. 4.4 for all possible agent demonstrations in a domain.
Then we tally the number of nonzero entries across all of the constraints (e.g. the
sample constraintw” [2;0; 5] 0 has nonzero entries for the rst and third features)
for each feature. For each of ther'j masks, we simply sum the frequency of each of
the masked features and order them from the lowest sum to the highest sum (which
will allow the features with the highest frequency to be conveyed rst and the features
with the lowest frequency to be conveyed last).

Once the order of masks has been decided, we apply each of the masks in this
iteration in turn (where each iteration corresponds to masking features). For each
mask that is applied, we remove any demonstrations that convey information about
a masked feature from consideration (i.e. any demonstrations that convey constraints
in which the entry for a masked feature is nonzero). From this reduced set of demon-
strations, we run counterfactual sca olding as described in the previous subsection
until there are no more demonstrations that can provide additional information gain.
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We then move on to the next mask in this iteration, removing any demonstrations
that convey information about a masked feature from consideration and running
counterfactual sca olding until there are no more demonstrations that can provide
additional information gain. And so on and so forth until all masks in this iteration
have been applied. We then move on to the set of masks for the next iteration (which
are also ordered by the frequency of masked features), until we have gone through
every possible mask. In the delivery domain, the rst iteration would rst mask
recharging and only show demonstrations that trade o mud and action weights,
then would mask mud and only show demonstrations that trade o recharge and
action weights. The second iteration would not mask any feature but would show
trade-o s that involve mud, recharge, and action weights. We note that the approach
as conveyed here is exponential in the number of reward features, and we leave the
formulation of a more e cient, non-exhaustive method for future work.

Testing

The area of a demonstration's BEC intuitively correlates with its information gain
during teaching as smaller areas indicate less uncertainty regarding. The previous
chapter showed that a demonstration's BEC area may also be inverted to measure
the di culty of correctly predicting the demonstration as a test if the human has not
seen it before (e.g. so that a smaller BEC area indicates a more di cult test). But
as previously mentioned, this measure is perhaps a gross measure as it is agnostic to
a human's current beliefs.

We hypothesize that the overlap between BEC{ ) and B(w ), a model of a
human's beliefs over the robot's reward weight, better captures the di culty of a
demonstration as a test for this particular individual. This overlap intuitively
represents the number of candidate reward functions in the human's mind that would
generate the correct behavior. As seen in Fig. 5.2, a demonstration may have an
intrinsically large BEC area but may not overlap much with the human's belief and
may therefore be a di cult test for this individual.

To estimate the expected di culty of each that could be shown in a domain,
we rst obtain the BEC( j ) using (4.4). Noting that one-action deviation does
not always consider all reasonable counterfactual trajectories, we take a union over
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Figure 5.2: There are many reward weights BEC|[ ) (yellow) that will generate
the demonstration . However, only a portion overlaps with the weights currently
on the human's mindB (w ) (green), making it di cult for the human to correctly
predict during testing.
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Algorithm 3 Measuring Test Di culty of a Demonstration

Require: . robot policy, : demo,m: number of beliefs to sampleB(w ): human
prior over robot reward weights

BECYj )=7?

/I Sample possible beliefs onw

W = sample(m; B(w ))

// Obtain constraints yielded by each possible demonstration, using both standard
IRL and human counterfactuals

5: BECY ] )=BECYj )[ N[BEC(j )]
6: forw 2 W do

7. BECYj )=BECYj )[ N[BEC(j w)]
8: end for

9

: I/ The overlap is inversely correlated to di culty
10: di culty =1 =measureOverlapB(w );BECY j ))
11: return di culty

constraints that de ne BEC( j ) and constraints obtained from counterfactual
sca olding using m models sampled from the human's belief over the agent's reward
weights B (w ). These combined constraints for each demonstration will give a better
estimate of the set of all weights that yield the correct demonstration, denoted by
BECY j ). Finally, to measure the di culty of a demonstration as a test for this
human, we simply take the overlap betweeB(w ) and BECY j ). The smaller
the overlap, the fewer of the reward weights in the human's mind will generate the
correct demonstration and the harder the test. This method is summarized in Alg. 3.

5.3 User Study

We ran an online user study that explored whether demonstrations selected using
our proposed methods of counterfactual and feature sca olding improves a human's
understanding of a robot's policy. Similar to the user studies of Chapter 4, this
study involved participants watching robot demonstrations in three domains and
predicting the robot's behavior in new test environments. Each domain consisted of
one shared action reward feature (that penalized each action with a reward weight of

3Code for the user study, data, and analyses can be found at
https://github.com/SUCCESS-MURI/counterfactual ~ _humanIRL _study .
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Figure 5.3: Three domains were designed for the user study, each with a di erent set
of reward weights to infer from demonstrations(a) delivery (b) tiles (c) skateboard.
The semantics of the various objects were hidden using abstract geometric shapes
and colors.

-1), and two unique reward features as follows with the corresponding reward weight
in parentheses (see Fig. 5.3).

Domains

Delivery domain. The robot is penalized for moving out of mud (-3) and rewarded
for recharging (+3.5). Five demonstrations were shown in this domain.

Tiles domain “. The robot is penalized di erently for traversing the two di erently
shaped tiles (-6.5 and -5.25 respectively). Five demonstrations were shown in this
domain.

Skateboard domain. The robot is penalized less per action if it has either
picked up a skateboard (i.e. riding a skateboard is less costly than walking, +0.825)
or is traversing through a designated path (-5.25). Seven demonstrations were shown
in this domain.

The number of demonstrations shown in each domain was determined by the
number needed by counterfactual and feature sca olding to arrive at a resultant BEC
area that matched that of SCOT demonstrations. More demonstrations were selected
in the skateboard domain than others steadily work up to the nuanced trade-o s

4The tiles domain replaces the two-goal domain in the previous chapter, as the reward weights in
the latter reduce to a single trade-o regarding which goal to go to without an “exit' action (i.e. the

weights would lie on the perimeter of a unit circle rather than the surface of the unit sphere like the
other domains).
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likely arising from the more ne-grained reward weights.

Study design

The participants were explicitly informed of each domain's reward features, but had to
infer the respective reward weights by watching demonstrations. The demonstrations
they were provided were determined by the one of four between-subjects conditions
they were assigned.

The between-subjects variables welBEC sca olding (counterfactual and baseline),
and feature sca olding (yes and no). Baseline sca olding followed the method proposed
by our prior work 4, using one-action deviations to generate counterfactuals and
selecting demonstrations that iteratively decreased in BEC area. As a brief refresher,
baseline sca olding ordered demonstrations by their BEC area, then clustered in (n
-J) * 2 - 1 clusters (where n is the teaching budget and j is the number of SCOT
demonstrations), such that demonstrations could be selected from every other cluster.
Baseline sca olding demonstrations always ended with SCOT demonstrations. And
no feature sca olding did not iteratively mask features or hold out corresponding
demonstrations as feature sca olding did. When counterfactual sca olding was paired
with no feature sca olding, a demonstration that provided 70% of the maximal
information gain was always selected for the delivery and skateboard domains to
allow all between-subjects conditions to provide the same number of demonstrations
(otherwise this condition would have shown fewer demonstrations than the other
conditions). Importantly, we note that demonstrations from all conditions resulted in
the same nal BEC area for each domain, theoretically providing the same amount
of information in the end. Finally, we conservatively modeled (w ) prior to any
demonstrations having been shown as knowing that the action reward is negative
(assuming a human bias for e ciency).

All four between-subjects conditions optimized visual similarity amongst consec-
utive demonstrations and visual simplicity within demonstrations, as suggested by
our prior work 4. Thus, for any given set of demonstrations with equal information
gain, the one that looked most similar to the previously shown demonstration (e.g.
location of mud patches) and also had the fewest visual clutter (e.g. nhumber of mud
patches) was selected to be shown next.
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There were also two within-subject variablesdomain (delivery, tiles, skateboard)
and test diculty (high, medium, and low). The tests were pulled from three
representative sets of demonstrations that had high, medium, and low overlap between
B(w ) and BECY j )) for the low, medium, and high di culty test conditions.
Speci cally, the overlaps for every possible demonstration in a domain were ordered
from high to low, grouped into ve clusters using K-means, and high, medium, and
low overlap demonstrations were taken from the 1st, 3rd, and 5th cluster respectively.
We conservatively modeled thé3 (w ) of a person who watched all of the teaching
demonstrations with constraints as knowing the correct sign of each of the reward
weights (e.g. knowing that mud is negative and battery is positive in the delivery
domain).

The user study itself consisted of three trials, with each trial comprising a teaching
portion and a testing portion in a unique domain. During teaching, participants
were explicitly informed of the reward features of the domain, then they inferred the
corresponding reward weights by watching demonstrations. To mitigate the e ects of
limited memory, participants were allowed to watch a demonstration as many times
as they wished, and were also allowed to rewatch previous demonstrations during the
teaching portion. Before moving on to the testing portion, the participants provided
subjective observations regarding the demonstrations. For testing, participants were
tasked with predicting the optimal trajectory in six unseen test environments (a
random order of two high, medium, and low di culty environments each) and rating
their con dence in their responses.

Hypotheses

H1: The overlap between a human's belief over the weighB(w ) and the BEC of
a demonstration BECY j ) during teaching correlates inversely to the di culty of
predicting it during testing and correlates directly to their prediction con dence.

H2: Demonstrations selected with counterfactual sca olding will result in higher
perceived informativeness during teaching and better participant test performance
over those selected with baseline sca olding [51].

H3: Demonstrations selected with feature sca olding will result in lower mental
e ort during teaching and better participant test performance over those selected
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without.

H4 : Demonstrations selected with counterfactual sca olding and feature sca old-
ing will result in the highest perceived informativeness of teaching demonstrations,
lowest mental e ort, and best participant test performance compared to the other
possible conditions.

Measures

The following objective and subjective measures were recorded to evaluate the afore-
mentioned hypotheses. The Likert scales corresponding to M2-M3 were provided
after all of the demonstrations but before the tests. The Likert scale corresponding
to M4 was provided after each test.
M1. Optimal response: Participants were assigned a binary score depending on
the optimality of their test trajectory.
M2. Informativeness rating: \How informative were these demonstrations in
understanding the best strategy [robot's policy] in this game?", answered with a
5-point Likert scale
M3. Mental e ort rating: \How much mental e ort was required to understand
the best strategy [robot's policy] in this game?", answered with a 5-point Likert scale
M4. Con dence rating:  \How con dent are you that you minimized [the robot's]
energy loss while completing the task [i.e. performed the task optimally in this unseen
test environment]?”, answered with a 5-point Likert scale

These measures correspond to those used in the user studies in the previous
chapter, with the exception of "puzzlement rating’, which was originally included to
potentially highlight the expected counterintuitive ordering of backward-sca olded
demonstrations.

5.4 Results

We collected data from 216 participants using Proli c. Participants were roughly
67% male, 32% female, 1% non-binary, and ages varied from 18 to 69 (M = 28.39,
SD = 9.48). The recruitment process and study was approved by Carnegie Mellon
University's Institutional Review Board. 54 participants were randomly assigned to
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each of the four between-subjects conditions and the order in which the domains
were shown was fully counterbalanced. We removed data from 4 participants whose
aggregate test performance (compared to the optimal answer individual test
performances (compared to other participant§)were 3 standard deviations below
their respective means as outliers.

The three domains varied in the di culties of their optimal policies. We calculated
a mean-rating (k = 3), 2-way mixed e ects, consistency-based intraclass coe cient
(ICC) to see how the performance of each participant varied across domaidg]|
Given an ICC of 0.32 that indicates signi cant variance j§ < :001), we average
the performance of every participant across domains and provide ndings that may
represent a range of domains and di culties.

H1: A one-way repeated measures ANOVA on percentage of optimal responses re-
vealed a statistically signi cant di erence across test di culty ( F(2;422) = 28978, p <
:001). Post-hoc pairwise Tukey analyses con rmed signi cant di erences between
high (M = 0:40), medium M =0:71), and low M = 0:86) test di culties ( p <:001
in all cases).

Spearman's rank-order correlation revealed that con dence inversely correlated
signi cantly with test diculty ( rs= :36;p<:00L N = 636).

The data strongly support Hithat the overlap betweenB (w ) and BECY | )
captures a demonstration's di culty for testing. We also con rm test diculty as a
valid within-subjects variable.

H2: A two-way mixed ANOVA revealed a signi cant interaction between counter-
factual sca olding and test di culty for percentage of optimal responses F (2; 420) =
6:56,p = :002). Tukey analyses revealed that for low di culty tests ¢ = :002),
no counterfactual sca olding M = 0:90) signi cantly improved performance over
counterfactual sca olding (M = 0:83). However, the relationship was reversed for
high di culty tests ( p = :048) with counterfactual sca olding (M = 0:44) outper-
forming no counterfactual sca olding M = 0:37), as Fig. 5.4 shows. A signi cant
e ect was not revealed for counterfactual sca olding by a two-way mixed ANOVA

®Calculated by averaging each participant's 18 test responses (i.e. six tests in three domains)
into a percentage of tests that the participant got correct.
6Calculated by comparing an individual's test performances against other participants. The

number of times a participant's reward for a test trajectory was 3 standard deviations below the
mean reward was compared.

59



5. Demonstration Selection by Reasoning over Human Counterfactual Beliefs and
Feature Spaces

Figure 5.4. While baseline sca olding signi cantly increases performance on low
di culty tests over counterfactual sca olding, the e ect is reversed for high di culty
tests.

(F(2;210) = 0:47;p= :49).

Ratings for mental e ort was found by a Mann-Whitney U test to be signi cantly
higher for counterfactual sca olding U(Npaseiine = 108; Ncounterfactuar = 104) =
469Q0; p = :03). The two counterfactual sca olding conditions did not di er signi -
cantly in informativeness ratings p = :08).

As exploratory measures, we also recorded the average number of times a partici-
pant watched each demonstration and the time taken for a participant to provide
a test demonstration and rate their con dence. Interestingly, Tukey analyses re-
vealed that counterfactual sca olding signi cantly increased the average number of
times a teaching demonstration was watched = 1:23) over baseline sca olding
(M =1:15p = :02) and also signi cantly increased the time taken to complete a test
(M =2:95 sec) over baseline sca oldingM = 2:49 se¢p = :01).
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Finally, seeing the strong e ect of domain on the results of the user studies
in Chapter 6, we explore whether the signi cant e ects above were also driven by
domain. Indeed, t-tests revealed that only in the skateboard domain did counterfactual
sca olding yield signi cantly higher learning outcomes over baseline sca olding for
high di culty tests ( M =0:49 vsM = 0:27, at Bonferroni adjustedp < :001) and
the relationship signi cantly reverse for low di culty tests (M =0:59 vsM =0:77,
at Bonferroni adjustedp = :006). Interestingly, Mann-Whitney U tests showed that
the only signi cant di erence in ratings of mental e ort for counterfactual sca olding
was in colored tiles, where counterfactual sca olding was rated to require more
mental e ort (M = 2:32) over no counterfactual sca olding M = 2:02) at Bonferroni
adjusted p = :042.

The data partially support H2. Counterfactual sca olding fails to outperform
baseline sca olding in test performance. However, counterfactual sca olding appears
to improve test performance on high di culty tests at the cost of increased mental
e ort (as indicated by both objective and subjective measures).

H3: A two-way mixed ANOVA revealed that feature sca olding had no signif-
icant e ect on percentage of optimal responsed-(1;210) = 1.79,p = :18), and no
interaction between feature sca olding and test di culty (F(2;420) = 1.72 p = :18).
Mann-Whitney U tests found that feature sca olding did not impact ratings on
informativeness p = :81) nor mental e ort (p = 0:14). Again, we did an exploratory
analysis to see if feature sca olding would have an interaction e ect with domain on
percentage of optimal responses but did not nd any.

The data does not support H3We did not observe any e ect for feature sca olding.

H4: A two-way mixed ANOVA revealed a signi cant interaction e ect between the
four possible between-subjects conditions and test di culty on percentage of optimal
responsesK (6;416) = 4:40;p < :001). Tukey analyses showed that counterfactual
sca olding with no feature sca olding (M = 0:75) was signi cantly outperformed by
baseline sca olding with (M = 0:88) and without (M = 0:91) feature sca olding, and
also by counterfactual sca olding with feature sca olding M = 0:91) for low test
di culty. The conditions did not signi cantly a ect test performance ( F(3;208) =
1.98 p=:12).

Mann-Whitney U tests revealed that counterfactual sca olding with feature
sca olding (the proposed method in this work) required the most mental e ort (Mdn
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= 3) over baseline sca olding with (Mdn = 2, p < :001) and without (Mdn = 2,
p = :007) feature sca olding, and also by counterfactual sca olding without feature
scaolding (Mdn = 2, p= :005).

The data does not support H4The observations that counterfactual sca olding
can decrease performance on low di culty tests and requires more mental e ort
corroborates the ndings for H2.

5.5 Discussion

The overlap between a human's belief over the weigh&(w ) and the BEC of a
demonstration BECY j ) correlated inversely to the di culty of predicting it during
testing and correlated directly to their prediction con dence, such that H1 was
strongly supported. Whereas the prior chapter's test di culty measure solely relied
on demonstration (i.e. test answer) BEC and was intrinsic to the test, the overlap is
a more personalized test di culty measure.

Whereas the measure of test di culty from Chapter 4 solely based on demonstra-
tion (i.e. test answer) BEC is intrinsic to the test, this new measure of test di culty
based on the overlap with the human's belief over the weights and allows for a more
personalized measure of di culty.

Contrary to expectation, feature sca olding did not yield any objective or sub-
jective results and H3 was not supported. The domains each only had three reward
features, which perhaps were already too few to signi cantly bene t from sca olding.
We hypothesize that domains with a higher number of reward features may stand
more to gain from feature sca olding.

The e ect of counterfactual sca olding was more nuanced than H2 and H4 initially
expected. First, counterfactual sca olding failed to outperform baseline sca olding
in test performance as a main e ect. However, counterfactual sca olding improved
test performance on high di culty tests at the cost of increased mental e ort (as
indicated by both objective and subjective measures) as an interaction e ect. Along
the same vein, counterfactual sca olding with feature sca olding (the experimental
condition) required the most mental e ort over any other condition but also yielded
the highestoverall and high test di culty performance of counterfactual sca olding
with feature sca olding (M =0:68 M = 0:45 respectively), over baseline sca olding
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with (M =0:66;M = 0:35) and without (M =0:67,M = 0:39) feature sca olding
and counterfactual sca olding without feature sca olding M =0:63;M = 0:42).

The aforementioned results highlighted a tension that we did not initially expect,
but makes sense in hindsight. As previously noted, Reiséid suggests that sca olding
should sometimes challenge and engage the learner by inducing cognitive con ict.
Indeed counterfactual sca olding explicitly selects demonstrations that would not be
anticipated by the learner and requires the learner to reconcile the gap by updating
their belief. It is unsurprising in retrospect that mental e ort is often required to
learn new material; the key is ensuring that the material belongs to the student's
zone of proximal development and that the mental e ort required is just right.
This is arguably reminiscent of the famous Yerkes-Dodson law that has shown that
performance increases with physiological and mental arousal up to a point, then
performance decreases with arousal [99].

Counterfactual sca olding also surprisingly performed worse than baseline scaf-
folding for low di culty tests (despite performing better than baseline sca olding for
high di culty tests as previously mentioned). One possible explanation may lie in the
fact that demonstrations conveying information necessary for answering low and high
di culty tests appeared in earlier and later demonstrations, respectively. Given that
higher performance on high di culty tests (which in theory requires a more focused
understanding of the agent's reward function { i.e. a smaller BEC) did not translate
to higher performance on low di culty tests suggests that participants may have
again learned from demonstrations using a more imitation learning-style of reasoning
(where they were able to simply recall and reproduce the later demonstration better).
Additionally, our counterfactual sca olding method always presented demonstrations
with high information gain given the user's current belief. However, a person's learn-
ing ability is likely more context-dependent (e.g. on their prior knowledge, current
stage of learning, etc) and the pace of learning should be more personalized, which
we address through a closed-loop teaching framework in the next chapter. And as we
again see key signi cant results for counterfactual sca olding and mental e ort only
holding for a subset of the domains, we consider domain as an independent variable in
the user studies of Chapter 6 and provide further discussion on the impact of domain
in Chapter 7.
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Closipg e Ty
emogelen,

This thesis has thus far explored how an agent can select informative demonstrations
that reveal its reward function to a human. Each characteristic of the reward function
can be thought of as &knowledge componentKC), which is broadly de ned in the
education literature as \a concept, principle, fact, or skill inferred from performance
on a set of related tasks"43. In this thesis, KCs are operationalized as discrete
constraints on the reward function, like mud being at least twice as costly as an
action, or mud being less costly than four actions.

Though machine teaching can assist in selecting a principled curriculum of demon-
strations that teach a set ofa priori, student learning may deviate from the modeled
learning trajectory in situ. In the previous chapter, machine teaching-selected demon-
strations improved human performance on tests examining understanding of early-
demonstrated concepts but decreased performance on tests examining understanding
of later-demonstrated concepts, suggesting perhaps that the curriculum moved too
quickly past the early concepts without testing and providing additional instruction
as necessary.

Thus, our key idea is to complement a curriculum of machine teaching-selected
demonstrations with a closed-loop teaching framework inspired by the education lit-
erature to provide tailored instruction in real-time (Fig 6.1). A guiding educational
concept is teaching in thezone of proximal developmenZPD) or \Goldilocks zone"
[31, 91], which suggests that the examples provided to the learner should not be too
easy nor too di cult, given their current understanding. However, the ZPD often
changes at di erent rates for di erent students based on their personal learning rate,
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Figure 6.1: (a) Previous work aimed to improve policy transparency via a set of
demonstrations selecte@ priori, but student learning may deviate from the expected
trajectory. (b) We propose a closed-loop teaching framework using tests, feedback,
etc., to detect and correct for such deviation@ situ.

which must be assessed periodically through testing. We inform the testing cadence
with the educational concept of thetesting e ect [79], which predicts an increase in
learning outcomes when a portion of the teaching budget is devoted to testing the
student (leveraging testing not only as a tool for assessment but also for teaching). By
incorporating tests and feedback in a closed teaching loop, we maintain an up-to-date
model of human beliefs and promote subsequent demonstrations that are provided at
the right level of di culty.

Our contributions are as follows: First, a closed-loop teaching framework based
on insights from the education literature that provides demonstrations, tests, and
feedback as necessary. Second, a particle Iter model of human beliefs that supports
iterative updates and a calibrated prediction of the counterfactuals likely considered
by the human for each demonstration that could be provided. Third, a user study
nds that our proposed framework reduces the regret of human test responses by
43% over a baseline and is rated as more usable by users in one of the two considered
domains.

6.1 Methods

The example of the delivery robot in Section 5.1 highlights the importance of maintain-
ing an up-to-date model of human beliefs and likely counterfactuals when selecting a
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Figure 6.2: (a) A robot's optimal demonstration (green) is shown in contrast to a
suboptimal counterfactual alternative (red). (b) A robot's optimal demonstration is
shown in contrast to a counterfactual likely considered by a human who has seen the
demonstration in (a). () Sample counterfactual alternatives to the robot's trajectory
in (b) that are considered by standard IRL, generated by deviating from the robot's
path by one action (pink), then following the robot's optimal policy afterward (blue).
Note that neither matches the human's counterfactual.

demonstration; we wish to provide an informative demonstration thati ers from the
human's expectations (see Fig. 6.2, which is copied from Section 5.1 for convenience).
In this section, we propose a particle lter-based model of human beliefs that is
amenable to iterative Bayesian updates and sampling for counterfactual reasoning. We
then leverage this model in a closed-loop teaching framework that leverages insights
from the education literature to select demonstrations that target gaps identi ed
through testing.

Particle Filter Human Model

Though our prior work previously modeled the human as an exact IRL learner 5, this
choice falls short for two reasons. First, people are more likely to perform approximate,
rather than exact, inference 35. Second, a model of human beliefs solely comprised
of half-spaces cannot handle con icts that arise when the human incorrectly applies a
knowledge component (KC) during testing that was assumed learned during teaching
(as you cannot reconcile two identical half-space constraints that point in opposite
directions).
We thus move to a probabilistic human model in the form of a particle Iter. Each
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Algorithm 4  Particle Filter for Modeling Human Beliefs
1: Initialize particles xg) p(xp) for i =1;:::;N
2:for t=1;:::;T do

3: /I Update Iter given new demonstration or test at t
4: for i=1;:::;N do
5: Compute weight w!") = w”, p(xjy) . Update Particle Positions and Weights
6: end for
7: if jN:1 Wi < Winreshoia  then
8: Perform a particle lter reset
9: end if o
10: Normalize weightsw! = PQN‘W
j=
11: Compute e ective sample sizen, = P 1\1\/(”)2
12: if Ne <N threshoid then _I_l ‘
13: Resamplex!") with probabilities w{" using KLD resampling
14: end if
15: end for

particle represents a potential human belief regarding the robot's reward function,
and particle weights are updated in a Bayesian fashion based on constraints conveyed
through teaching demonstrations and test responses.everaging both constraints
and Bayesian updates gracefully a ords both reasoning over KCs (e.g. bounds on the
cost of mud) and probabilistic modeling of human understanding that is amenable to
iterative updates during teaching and testingThe particle Iter routines outlined in

the following paragraphs come together in Alg. 4.

Updating Particle Positions and Weights

Assume a set of particles, de ned by their positions and associated weiglfts;; w;Q.
Without loss of generality, assume that a demonstration or test response is provided at
each time stept. Each demonstration generates multiple constraints by comparing the
demonstration against possible counterfactuals and each incorrectly answered test will
generate a single constraint by comparing the true test answer against the incorrect
answer, both through Eq. 4.4. Each constraint generated via a demonstration or
a test response is a half-space constraint, with one side beicansistent with the
demonstration or test response and the other side beimgconsistent

Each constrainty; can then be translated into a probability distribution p(X¢jy:)
that can be used to update the weights of each particle (Fig. 6.3). We propose
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Figure 6.3: Example sequence on how a demonstration updates a particle lter
model of human beliefs. The robot reward function is shown as a red dot, and the
constraint consistent with the demonstration is shown in all plots for referencda)
Particles before demonstration (prior). (b) Demonstration shown to human. (c)
The constraint (Eq. 4.4) consistent with the demonstration that conveys that mud
must be at least twice as costly as an action, visualized with the uniform distribution
portion of the custom distribution (Fig. 6.4) used to update particle weights.(d)
Particles after demonstration (posterior).

a custom probability distribution p(x:jy;) that translates each constraint into a
combination of a uniform distribution that aligns with the consistent half-space of
the constraint and a von Mises-Fisher distribution (a generalization of the Gaussian
distribution on a sphere) [L8 whose mean direction aligns with the inconsistent
half-space (Fig. 6.4). The uniform distribution asserts that any particle lying on
the consistent half-space is equally valid for that demonstration, whereas the Von-
Mises Fisher distribution asserts that a particle is exponentially less likely to have
generated that demonstration as you move away from the constraint. The resulting
probability density function (pdf) of the custom distribution is given in Eq. 6.1, with
the normalizing constantc; that ensures that the pdf sums to 1 (Eqg. 6.2), and the
scaling constantc, that matches the probability of the Von-Mises Fisher distribution
to that of the uniform distribution at meeting point of the two distributions (Eq. 6.3).
Though the custom distribution naturally generalizes to high dimensions, the pdf in
Egs. 6.1 { 6.3 is speci ed for the 2-sphere for simplicity. In our experiments, we set
the concentration parameter of the Von-Mises Fisher distribution to be 2, which we
empirically observed as providing the right signal-to-noise ratio during the particle
weight updates ( = 0 corresponds to the uniform distribution and the distribution
becomes more peaked around the mean, and less noisy, ascreases).

69



6. Closing the Teaching Loop with in situ Demonstration Selection

Figure 6.4: Cross-section of the spherical probability density function used to update
particle weights given a constraint generated from a demonstration.
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Sampling Human Beliefs

Given a running particle Iter model, we may sample human beliefs in order to
do counterfactual reasoning. We rst run systematic resampling on a copy of the
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Figure 6.5: Human counterfactuals are generated by sampling beliefs from the particle
Iter model. As nearby particles are likely to generate similar counterfactuals, we
rely on the 2-approximation algorithm for the k-center problem to samplé& beliefs
(marked by red crosses) that are spread out.

particles to downselect to a candidate set (not a ecting the original particle lIter),
accounting for the di erences in the weights of the particles and favoring those that
are higher weighted. We then rely on the 2-approximation algorithm3[] to greedily
selectk distributed samples such that the maximum distance from any patrticle in
the candidate set to one of th&k samples is minimized. The algorithm iteratively
picks the particle with the largest distance to the already selected samples as the next
sample; this heuristic ensures that the maximum distance from any particle to any
of the selected samples is never worse than twice the optimal. As nearby particles
are likely to generate similar counterfactuals, we wish to sample beliefs that are
approximately spread out. And as we do not require an optimal coverage of the belief
space, this algorithm provides an e cient sampling method. For our experiments, we
setk to be 25. To support real-time counterfactual reasoning, we also sampled 2500
beliefs from the surface of the 2-sphere (the space of possible human beliefs regarding
the agent's reward function) for which we pre-computed the optimal policy. Each
particle in the particle Iter was then mapped to the closest pre-computed belief
during experiments toward e cient selection of additional demonstrations and tests.
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Resampling and Resetting the Particle Filter

We address common challenges to using particle Iters in practice. Sample degeneracy
occurs when successive updates to the weights of the particles cause only a few particles
to have high weight and the particle lter fails to model regions of interest in the
posterior with su cient detail [ 58. Furthermore, the number of particles (i.e. sample
size) should adapt to the complexity of the distribution being modeled. To address
both concerns, we rely on KLD-resamplingd/] to obtain the sample size that bounds

the Kullback-Leibler (KL) divergence between the sample-based maximum likelihood
estimate and the true posterior distribution, and simultaneously rely on systematic
resampling to concentrate the sampling near regions of high probability. Finally,
measures to combat sample degeneracy can actually cause sample impoverishment,
where the particle Iter is too concentrated and not amenable to future shifts in the
posterior. Thus we resample only when the e ective sample size (a measure of sample
degeneracy) drops below a prede ned threshold and also add Gaussian noise when
resampling the particles $8]. This limited resampling balances the risk of running
into sample degeneracy or sample impoverishment, which are at opposite extremes.

The particle Iter may converge, then suddenly obtain new information that
is heavily inconsistent with the current distribution (Fig. 6.6). In this case, the
Iter will struggle to update, as none or very few of the particle weights would
be increased to shift the distribution in a meaningful way. We thus implement
particle Iter resetting, taking inspiration from sensor resetting localization $4] that
combats the kidnapped robot problem, where the robot has been moved without
being told and must reinitialize its localization. Our particle Iter resetting triggers
when the weights of the particles, after accounting fop(x;jy;) and before weight
normalization (line 10 of Alg. 4), drop below a threshold. We uniformly distribute
a set number of particles into the consistent half-space (Fig. 6.6b) and again rely
on KLD-resampling B7] to obtain the number of particles that will bound the KL
divergence between the posterior distribution following the reset and its sample-based
maximum likelihood estimate. We then sample that number of particles directly from
the custom distribution corresponding top(x:jy;) and add it to the particle lIter.
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Figure 6.6: When a test response is heavily inconsistent with the current model of
human beliefs, we perform a reset (Section 6.1). The constraint consistent with the
test response is shown in all panels, with the consistent side shown with the uniform
distribution as a yellow dome in the center panel. The robot reward function is shown
as a red dot.

Algorithm 5  Closed-loop Teaching Framework

1: Group related knowledge components (KC) into batches using counterfactual sca olding
2: for each batch of KCs (i.e. lessonXo

3: Provide initial demonstrations and diagnostic tests

4 Evaluate diagnostic test responses

5 if diagnostic test responses are incorrecten

6: Provide corrective feedback, remedial demo, and a remedial test

7

8

Evaluate remedial test response
while remedial test response is incorrectio

9: Provide corrective feedback and provide new remedial test
10: Evaluate remedial test response

11: end while

12: end if

13: end for

Closed-loop Teaching

With a particle Iter model of human beliefs that is amenable to iterative updates
via demonstrations and tests, we now formulate a closed-loop teaching framework for
conveying a robot's reward function to a human. As we walk through the framework
that is visualized in Fig. 6.7, we highlight the principles from the education literature
that guide the design. A sample rollout of a teaching sequence is shown in Fig. 6.8,
which may serve as a visual correspondence to the overview of the framework that is
provided in Alg. 5.

We rst leverage feature and counterfactual sca olding from our prior work 5 to
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Figure 6.7: Proposed closed-loop teaching framework. A group of related knowledge
components (KCs) are passed to the robot teacher as a lesson. Teenonstrator
generates demonstrations that convey the KCs, thiester provides test(s), and the
evaluator analyzes the test response(s), provides feedback on its correctness, and
updates the model of human knowledge. If the human fails to learn a KC through two
rounds of demonstrations and tests, the switch (labeled °S") ips such that only tests
and feedback are provided until understanding of the remaining KCs is demonstrated
through correct responses.

select KCs that incrementally increase in information across an increasing subset of
features (e.g. mud vs action cost, recharging vs action cost, then tradeo s between
all three). This set of KCs guides the machine teaching-selection of tearriculum

of demonstrations that can be used to teach the robot reward function to a human,

where each demonstration is selected to convey a single KC whenever possible.

We begin the loop by taking a single batch of related KCs that de ne #&sson
(e.g. the upper and lower bound on mud cost) and providing it to thelemonstrator
(Fig. 6.7) to select demonstrations from the curriculum that convey these KCs
that belong in this lesson. Speci cally, we utilize counterfactual reasoning3J to
select demonstrations that are informative with respect to the counterfactuals likely
considered by the human. We simultaneously leverage the educational principles
of the ZPD [9]] to provide a sequence of demonstrations that provide information
incrementally, i.e. demonstrations that convey one new KC (i.e. constraint) at a time
(such as a lower-bound then an upper-bound on mud cost).

After all of the demonstrations in this lesson have been provided, thester
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selectsdiagnostic teststhat will verify whether the human has learned all of the
KCs in the lesson. These diagnostic tests optimize for visudissimilarity from the
teaching demonstrations and visuatomplexity (i.e. increasing distracting visual
clutter) [53] to challenge the learner.

For each diagnostic test that is answered incorrectly, thevaluator will provide
immediate feedbackto the human on how their answer di ered from the correct
one, inspired by ndings that immediate feedback on errors leads to better learning
outcomes §#4]. And for each diagnostic test that is answered incorrectly, a remedial
demonstration that most closely conveys the missed KC with visual simplicityp[l] will
be provided to focus on the concept being taught, along with a remedial test with visual
complexity to challenge the learner in demonstrating the missed KC. We note that this
missed KC is determined by comparing the human's test answer with the optimal test
answer; while it may or may not be the same as one of the KCs originally contained
in the lesson, it addresses the human's current misunderstanding. If the human
also gets the remedial test wrong, the switch in Fig. 6.7 (labeled °S’) ips and the
tester and evaluator will continue to provide only visually dissimilar and complex
remedial tests with corresponding feedback (but no additional demonstrations) until
the human shows understanding of each iteration's missed KC. This is motivated by
the testing e ect [79], which supports using tests not only for assessment but also
for teaching and increasing learning outcomes. Note that for each demonstration
provided or test response received throughout this learning process, we update the
particle Iter model of the human's beliefs. And we utilize the particle Iter model
to consider the counterfactuals the human is likely to consider for each potential
remedial demonstration or remedial test in order to select the one that will best
convey or test the missed KC for the human. Once all of the missed KCs for this
lesson have been demonstrated via correct remedial test responses, a fresh batch of
KCs (i.e. a new lesson) is pulled from the KC bank and the switch ips upward to
provide demonstrations again.

Alternatively, if all diagnostic tests in this lesson had been correctly answered
initially, a fresh batch of KCs would have been pulled from the KC bank to begin the
next lesson directly without remedial instruction.

To illustrate the utility of our closed-loop teaching framework, consider a robot that
makes its reward function and subsequent policy more transparent to a human using
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Figure 6.8: Sample teaching sequence for a batch of KCs on mud co&) First
demonstration (green) contrasts with a counterfactual alternative likely considered
by a human (orange), which conveys that mud is costlyb) Second demonstration
lowerbounds mud cost.(c) Human is asked to predict the robot's behavior in a
test. (d) Incorrect response suggests that the demonstration was not understood.
(e) Human is given the correct response as feedba¢kk Remedial demonstration is
provided to target the misunderstanding.(g) Human is given a remedial test(h)
Correct answer suggests understanding.

demonstrations, tests, and feedback accordingly (Fig. 6.8). The robot's objective
is to deliver a package to the destination, whose reward function balances traveling
through di cult terrain, like mud, and reducing the overall number of actions it takes
(i.e. steps). To convey its reward function, the robot rst provides a human with the
demonstration in Fig. 6.8a. Because the robot takes a two-action detour to avoid the
mud instead of going through it, the human may infer that the robot associates mud
with a negative reward.

The robot considers what to demonstrate next to convey more information regard-
ing its reward function. Importantly, it knows that the human likely knows that mud
is costly from the rst demonstration, but does not knowhow costly. For instance,
the human may counterfactually believe that the robot would take a four-action
detour when faced with two mud patches (Fig. 6.8b). However, the robot knows
that its ratio of mud to action reward is -3 to -1 and that consequently, it would
simply go through the mud in Fig. 6.8b to maximize its reward. Seeing how its
direct path meaningfully di ers from the human's likely detouring counterfactual (i.e.
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an alternative, potentially suboptimal behavior), the robot considers this to be an
informative next demonstration to provide { it aims for the ZPD as it provides a
meaningful yet incremental update to the human belief through an additional KC
that upper-bounds the cost of mud.

The robot then follows the two demonstrations with a diagnostic test that simul-
taneously challenges the human to apply their learned knowledge and reveals whether
the robot's current model of the human's beliefs must be corrected (Fig. 6.8c). If the
human answers incorrectly, the robot may provide feedback, a remedial demonstration,
and then a sequence of remedial tests and feedback until the human demonstrates
concept mastery, inspired by the testing e ect (Fig. 6.8e-h). Importantly, the robot
continues to update its model of the human's beliefs according to the test answer
and throughout the remedial interactions to consider the right counterfactuals when
estimating the information gain of demonstrations that could be provided next.

When all lessons have been taught, the human's knowledge can be evaluated
via their performance on a held-out set of tests in which they predict the policy in
previously unseen scenarios.

6.2 User Study

We ran an online user study exploring whether our proposed closed-loop teaching
method improves the transparency of a robot's policy to a human. The study involved
participants learning about the robot policy in two domains through a combination
of demonstrations, tests, and feedback and predicting the robot's behavior in new
test environments.

Study Design

The within-subject variable wasdomain, which consisted of the following two con-
ditions. In the delivery domain, the robot is penalized for moving out of mud and
rewarded for recharging. In theskateboarddomain, the robot is rewarded each
time it moves with the skateboard (e.g. riding is e cient) or traverses through a

1Code for the methods, domains, and relevant hyper-parameters used in this study can be found
at https://github.com/SUCCESS-MURI/closed _loop _teaching _study .
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Figure 6.9: Two domains designed for user studgga) delivery, (b) skateboard. The
semantics of the objects were hidden using arbitrary shapes and colors.

designated path (see Fig. 6.9). Thus each domain consists of two unique reward
features and one shared feature that penalizes each action. T$leateboarddomain
was explicitly designed to be more challenging than theelivery domain (con rmed
through pilot studies), as the value of the skateboard depends both on the distance
to the skateboard and subsequent distance to the goal. The order of the domains in
the study was counterbalanced.

The between-subjects variable wafgedback loopvith the following three conditions.
Open feedback loop followed our prior workq3] in selecting a set of informative
demonstrations a priori using counterfactual reasoning that incrementally decreased
in BEC area, one KC at a time. Partial feedback loop additionally provided a
diagnostic test after each lesson and provided feedback as necessary, whileuHe
feedback loop additionally provided a remedial demonstration and remedial tests until
the KC in question was correctly applied in a remedial test. For a fair comparison,
each condition showed the same median number of demonstrations and tests (11 for
delivery and 22 for skateboard).

The user study consisted of two trials, with each trial comprising a teaching portion
and a testing portion in one domain. During teaching, participants were rst explicitly
informed of the reward features of the domain. Then they inferred the corresponding

2Participants in the full feedback loop condition could receive a variable number of remedial
demonstrations and tests, so we ran this condition rst to determine the median number of
demonstrations and tests for the other two conditions.
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reward weights by watching demonstrations and perhaps diagnostic tests, corrective
feedback, and further remedial instruction depending on their assigned feedback loop
condition. For every interaction, participants responded to whether it improved their
understanding of the policy. At the end of the teaching session, participants were
asked to rate their level of attention, the usability of their assigned teaching condition,
and their understanding of the policy. For testing, participants were tasked with
predicting the robot's optimal trajectory in six unseen test environments in random
order, which were selected according to prior worlc§] to comprise two low, medium,
and high di culty environments each.

Hypotheses

H1: (a) The test responses will be best fdiull feedback loop, thempartial, then open
(b) Delivery will result in better test responses oveskateboard

H2: (a) Focused attention and perceived usability will be highest faiull feedback
loop, then partial, then open (b) Delivery will result in higher focused attention and
perceived usability overskateboard

H3: (a) Improvement ratings will be highest forfull feedback loop, therpartial,
then open (b) Delivery will result in higher improvement ratings overskateboard

H4: (a) Understanding ratings will be highest forfull feedback loop, therpartial,
then open (b) Delivery will result in higher understanding ratings overskateboard

Measures

The following objective and subjective measures were recorded to evaluate the afore-
mentioned hypotheses. The Likert scales corresponding to M2 and M4 were provided
after the teaching portion but before the testing portion, and Likert scales corre-
sponding to M3 were provided after each demonstration and test in the teaching
portion.

M1. Test response: The reward of the human's test response, measuring the
human's ability to predict the policy.

M2. Focused attention and perceived usability: We adapted the User Engage-
ment Scale short form [69] to ask three questions targeting focused attention:
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\I was fully engaged with learning the game strategy."
\The time | spent learning the game strategy passed by quickly."
\I was absorbed in this experience.”
and three questions targeting perceived usability:
\I felt frustrated while learning the game strategy."
\I found learning the game strategy confusing.”
\Learning the game strategy was taxing."

each answered with a 5-point Likert scale.

M3. Improvement. \Did this interaction improve your understanding of the game
strategy [robot policy]?", answered with a 5-point Likert scale.

M4. Understanding:  \Do you feel that you now understand the game strategy?",
answered with a 5-point Likert scale.

Test response (M1) relates to the “optimal response’ measure in the previous
user studies, which measures the human's ability to predict the policy. Improvement
(M3) relates to the (demonstration) ‘'informativeness rating' measure in previous
user studies, but the former is asked after each interaction (as opposed to once at
the end of the teaching session) and further focuses on increases with respect to
the participant's current understanding. The perceived usability (M2) mirrors the
‘mental e ort' rating in previous user studies but uses a validated scale, and attention
(M2) aims to measure the ability of the closed-loop teaching framework to engage
the learner. Finally, understanding (M4) aims to measure the participant's perceived
subjective level of understanding and contrast it with their objective ability to predict
agent behavior (M1).

6.3 Results

We collected data from 206 participants using Proli c. Participants were roughly
70% male, 28% female, 1% non-binary, and 1% preferred not to disclose, and ages
varied from 18 to 67 (M = 32.49, SD = 11.15). The recruitment process and study
was approved by Carnegie Mellon University's Institutional Review Board. In théull
feedback loop condition, we removed data from one participant who did not miss any
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diagnostic tests during teaching (thus did not see any remedial instruction in either
domain), and one outlier participant whose total number of interactions exceeded 3
standard deviations of the mean number of interactions in this condition (as repeated
failures of similar remedial tests suggested lack of attention). This left 68 participants
in each between-subjects condition.

H1. We considered analyzing test responses in two ways: binary scores mea-
suring the optimality of human test responses, and regret measuring the degree of
suboptimality of human test responses (i.e. the di erence between rewards of human
and optimal test responses). The former analysis was coarse and did not yield any
signi cant results, so we opted for the latter which provides a ner resolution. We also
considered normalizing the regret by the optimal test response but decided against
it to prevent identical mistakes from being penalized di erently based on di erent
trajectory lengths and optimal rewards (please nd further elaboration in Section 6.4).
A two-way mixed ANOVA indicated a signi cant e ect of feedback loop on regret
(F(2;201) = 3:65;p = :028)’. Tukey analyses revealed thafull (M = 0:24) had 43%
lower regret overopen(M =0:42, p = :027), with partial sitting in between with no
signi cant di erence to either (M =0:29, Fig. 6.10a). The ANOVA also indicated
a signi cant e ect of domain on regret (F(1;201) =50:75p :001), where a t-test
revealed a signi cant di erence between the regret betweedelivery (M = 0:18) and
skateboard(M = 0:45),1(406) = 5:792 p <:001.

The ANOVA also indicated an interaction e ect (F(2;201) = 3:45p = :03)
between feedback loop and domain. In thekateboarddomain, Tukey analyses
revealed thatfull (M = 0:33) had signi cantly lower regret overopen (M = 0:62,
p= :014),

Hla is partially supported. Though the regret for partial sat in betweenfull
and openas expected (being an intermediary between those two levels), it was not
signi cantly di erent from either. However, full did indeed signi cantly outperform
open The interaction e ect reveals that the di erence betweenfull and open on
regret is driven by the skateboarddomain, suggesting perhaps that the bene t of the
proposed fully closed-loop teaching scheme is greater for more challenging domains.

3Though one participant had only 11/12 test responses recorded, we note that this does not
signi cantly impact the reported results as responses were averaged for each participant and 2447
total test responses were recorded.
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H1b is supported. Deliveryresulted in a signi cantly lower regret overskateboard as
expected.

H2: We ran a Cronbach's alpha to verify the reliability of the corresponding
Likert scales for measuring focused attention and perceived usability. For focused
attention, we observed that the value rose from =0:58 to = 0:65 without the
second item (which asked for a response to the question \The time | spent learning the
game strategy passed by quickly" on a 5-point scale) and we remove this item from
the analysis accordingly. For perceived usability, we keep all items for the analysis
below as removing any of them did not increase the = 0:86 that was obtained using
all items.

A two-way mixed ANOVA did not nd a signi cant e ect of feedback loop
(F(2;201) = 1:56,p = 0:21), nor domain ¢ (1;201) = 0:38 p = :54) on focused
attention, nor an interaction e ect between feedback loop and domain on focused
attention (F(2;201) = 1:90, p = :15). A two-way mixed ANOVA found a signi cant
e ect of domain on perceived usability F (1;201) = 85:77,p < :001). A t-test revealed
a signi cant di erence in the perceived usability ratings ofdelivery (M = 3:57)
and skateboard(M = 2:89), t(406) = 6:562 p < :001. Finally, a two-way mixed
ANOVA also found an interaction e ect between feedback loop and domain on
perceived usability ¢ (2;201) = 6:17,p = :003), where Tukey revealed a signi cant
di erence betweenpartial (M = 2:64) andopen (M = 3:21) for skateboard(p = :0086,
Fig. 6.10b). A main e ect of feedback loop on perceived usability was not found
(F(2;201) = 2:06,p = :13).

H2a is not supported.Though no main e ects were found for feedback loop on
focused attention or perceived usability, the interactions e ects on thekateboard
domain reveal that partial feedback loop is less usable thaopen loop. H2b is
partially supported. The trend of the domain di erences continues withdelivery
yielding signi cantly higher ratings of perceived usability overskateboard though no
di erence was found between the domains for focused attention.

H3: As participants gave animprovement rating for each interaction (e.g.
demonstration, feedback, etc), a mean is more descriptive than a median for each
participant and for each domain and we use parametric analyses accordingly. A
two-way mixed ANOVA indicated a signi cant e ect of domain on improvement
(F(1;201) = 3217,p < :001). A t-test revealed that the teaching indelivery
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