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Abstract

Reward functions are a common way to specify the objective of a robot. As designing reward functions can be extremely
challenging, a more promising approach is to directly learn reward functions from human teachers. Importantly, data
from human teachers can be collected either passively or actively in a variety of forms: passive data sources include
demonstrations, (e.g., kinesthetic guidance), whereas preferences (e.g., comparative rankings) are actively elicited.
Prior research has independently applied reward learning to these different data sources. However, there exist many
domains where multiple sources are complementary and expressive. Motivated by this general problem, we present
a framework to integrate multiple sources of information, which are either passively or actively collected from human
users. In particular, we present an algorithm that first utilizes user demonstrations to initialize a belief about the reward
function, and then actively probes the user with preference queries to zero-in on their true reward. This algorithm not
only enables us combine multiple data sources, but it also informs the robot when it should leverage each type of
information. Further, our approach accounts for the human’s ability to provide data: yielding user-friendly preference
queries which are also theoretically optimal. Our extensive simulated experiments and user studies on a Fetch mobile
manipulator demonstrate the superiority and the usability of our integrated framework.
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When robots enter everyday human environments they need
to understand how they should behave. Of course, humans
know what the robot should be doing — one promising
direction is therefore for robots to learn from human experts.
Several recent deep learning works embrace this approach,
and leverage human demonstrations to try and extrapolate
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Figure 1. When robots learn from human teachers multiple

the right robot behavior for interactive tasks.

In order to train a deep neural network, however, the
robot needs access to a large amount of interaction data.
This makes applying such techniques challenging within
domains where large amounts of human data are not readily
available. Consider domains like robot learning and human-
robot interaction in general: here the robot must collect
diverse and informative examples of how a human wants the
robot to act and respond ( ).

Imagine teaching an autonomous car to safely drive along-
side human-driven cars. During training, you demonstrate
how to merge in front of a few different vehicles. The
autonomous car learns from these demonstrations, and tries
to follow your examples as closely as possible. But when
the car is deployed, it comes across an aggressive driver,
who behaves differently than anything that the robot has seen
before — so that matching your demonstrations unintention-
ally causes the autonomous car to have an accident!
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sources of information are available. We integrate
demonstrations and preferences, and determine when to elicit
what type of data while accounting for the human-in-the-loop.

Here the autonomous car got it wrong because demon-
strations alone failed to convey what you really wanted.
Humans are unwilling — and in many cases unable —
to provide demonstrations for every possible situation: but
it is also difficult for robots to accurately generalize the
knowledge learned from just a few expert demonstrations.
Hence, the robot needs to leverage the time it has with the
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human teacher as intelligently as possible. Fortunately, thérath sources of human data leads to a better understanding of
are many differensourcesof human data: passive sourcesvhat the human wants than relying on either source alone.
include demonstrations (e.g., kinesthetic teaching) and nbamder our proposed approach the human demonstrations
rations, whereas preferences (e.g., rankings or queries) amtlalize a high-level belief over what the right behavior is,
verbal cues can be collected actively. All of these datnd the preference queries iteratively ne-tune that belief to
sources provide information about the human's true rewandginimize robot uncertainty.

function, but do so in different ways. Referring to Figure Accounting for the Human. When the robot tries to
demonstrations provide rich and informative data about thgoactively gather data, it must account for the human's
style and timing of the robot's motions. On the other hangypility to provide accurate information. We show that today's
preferences provide explicit and accurate information abogthte-of-the-art volume removal approach for generating
a speci ¢ aspect of the task. preference queries does not produce easy or intuitive

In this paper, we focus on leveraging these two sourcegestions. We therefore propose an information theoretic
demonstrations and preferences, to learn what the ug@ernative, which maximizes the utility of questions while
wants. Unlike prior work — where the robatdependently readily minimizing the human's uncertainty over their
learns from either source — we assert that robots showdiswer. This approach naturally results user-friendly
intelligently integratethese different sources when gatheringuestions, and has the same computational complexity as the
data. Our insight is that: state-of-the-art volume removal method.

Multiple data sources are complementary: demonstrations©nducting Simulations and User Studies\We test our
provide a high-level initialization of the human's overall ProP0sed approach across multiple simulated environments,
reward functions, while preferences explore speci c, and perform two user studies on a 7-DoF Fetch robot arm.

ne-grained aspects of it. We e.xperimentally compare our DemPref algorithm to (a)
learning methods that only ever use a single source of data,
We present a uni ed framework for gathering human dat®) active learning techniques that ask questions without
that is collected either passively or actively. Importanthaccounting for the human in-the-loop, and (c) algorithms
our approach determinewhen to utilize what type of that leverage multiple data sources but in different orders.
information source, so that the robot can learn ef ciently. WiVe ultimately show that human end-users subjectively prefer
draw from work on active learning and inverse reinforceme@tir approach, and that DemPref objectively learns reward
learning to synthesize human data sources while maximizifiictions more ef ciently than the alternatives.
information gain. Overall, this work demonstrates how robots can ef ciently
We emphasize that the robot is gathering data fromlearn from humans by synthesizing multiple sources of data.
human, and thus the robot needs to account for the humawWe believe each of these data sources has a role to play
ability to provide that data. Returning to our driving examplen settings where access to data is limited, such as when
imagine that an autonomous car wants to determine hdsarning from humans for interactive robotics tasks.
quickly it should move while merging. There are a range of
pqssible spgeds from 20:[0 30 mph, a}nd the car has a “nifoﬁ'%lated Work
prior over this range. A rige agent might ask a question to
divide the potential speeds in half: would you rather merd%fior work has extensively studied learning reward functions
at 24.9 or 25.1 mph? While another robot might be able #$ing a single source of information, e.g., ordinal data (

answer this question, to the human user these two choices ), or human corrections (

seem indistinguishable — rendering this question practicalfy’ - /» ; ). Other works attempted to
useless! Our approach ensures that the robot maintain¥gorporate expert assessments of trajectories (

model of the human'sbility to providedata together with ). More related to our work, we will focus on

the potential valueof that data. This not only ensures thatearning from demonstrations and learning from rankings.

the robot learns as much as possib|e from each data Souwre has also been a few studies that inVeStigate Combining

but it also makes iasierfor the human to provide their data.multiple sources of information. Below, we summarize these
In this paper, we make the following contributions related works.

Determining When to Leverage Which Data SourceWe Learning reward functi'ons from demonstrat'ions. A
explore both passively collected demonstrations and activé®/9® body of work is focused on learning reward
collected preference queries. We prove that intelligent robdf{1ctions using a single source of information: collected
should collect passive data sourdeforeactively probing expert (.jemonstrat.lons. This approagh is commonly referred
the human in order to maximize information gain. Moreovef© as Inverse reinforcement learning (IRL), where the
when working with a human, each additional data point hggmonstratlons are assymed to be.pr.oy|ded by a human
an associated cost (e.g., the time required to provide tPert Who is approximately optimizing the reward.

data). We therefore introduce an optimal stopping conditidHnction ( S0 .
so that the robostopsgathering data from the human when g '
its expected utility outweighs its cost. )-

Integrating Multiple Data Sources. We propose a uni ed

framework _fOI’ reward IeamngemPref that Ieverages_ Note that parts of this work have been published at Robotics: Science and
demonstrations and preferences to learn a personalizggems ( ) and the Conference on Robot Learning (
human reward function. We empirically show that combining ).
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IRL has been successfully applied in a variety of domains.
However, it is often too difcult to manually operate
robots, especially manlpulators with high degrees of freedom
(DoF) ( ; ,
; ).
Moreover, even when operating the high DoF of a robot
is not an issue, people might have cognitive biases or
habits that cause their demonstrations to not align with their
actual reward functions. For example, ( )
have shown that people tend to perform consistently risk-
averse or risk-seeking actions in risky situations, depending
on their potential losses or gains, even if those actions
are suboptimal. As another example from the eld of
autonomous driving, ( ) suggest that people
prefer their autonomous vehicles to be more timid compared
to their own demonstrations. These problems show that,
even though demonstrations carry an important amount of
information about what the humans want, one should either
try to learn from suboptimal demonstrations (
) or go beyond demonstrations to
properly capture the underlying reward functions.
Learning reward functions from rankings. Another
helpful source of information that can be used to learn reward
functions is rankings, i.e., when a human expert ranks a §éure 2. Example of a demonstration (top) and preference
of trajectorles in the order of their preference ( guery (bottom). During the demonstration the robot is passw%
and the human teleoperates the robot to produce trajectory
)- A special case of this, which WEom scratch. By contrast, the preference query is active: the
also adOPt in our eXpe“mentS is when these ranklngs Bot chooses two trajectories ;1 and » to show to the human,

pairwise ( ; ; and the human answers by selecting their preferred option.
; ).
In addition to the simulation environments, several works o . .
have leveraged pairwise comparison questions for variogi§ferent method. Itis dif cult and expensive to obtain data

domains, |nclud|ng exoskeleton gait optimization ( from humans controlling physical robots. Hence, model-
), autonomous driving ( free approaches are presently impractical. In contrast, we

), and trajectory optlmlzat|on for robots in interactivgive special attention to data-ef ciency. To this end, we
settings ( : ). (1) assume a simple reward structure that is standard in

While having humans provide pairwise comparisoni&€ IRL literature, and (2) employ active learning methods
does not suffer from similar problems to collecting® 9enerate comparison questions while simultaneously
demonstrations, each comparison question is much [48King into account the ease of the questions. As the
informative than a demonstration, since comparison querf@sulting training process is not especially time-intensive, we
can provide at most bit of information. Prior works have €f ciently learn personalized reward functions.
attempted to tackle this problem by act|vely generating the
Comparlson questions ( ; Problem Formulation

%uilding on prior work, we integrate multiple sources of data

Wh|le they were able to achieve signi cant gains in terms o
ﬁ learn the human's reward function. Here we formalize this
the required number of comparisons, we hypothesize that o

can attain even better data-ef ciency by leveraging multllol%oblem setting, and introduce two forms of human feedback
sources of information, even when some sources mig f';\twe will focus on: demonstrations and preferences.

not completely align with the true reward functions, e_g!\/IDP. Let us consider a fully observable dynamical system
demonstrations as in the driving work by ( qescribing the evolution of the robot, which should ideally
In addition, these prior works did not account for the humapghave according to the human's preferences. We formulate
in-the-loop and employed acquisition functions that produdBis system as a discrete-time Markov Decision Process
very dif cult questions for active question generation. In thi§MDP) M = hSA;f T i. At time t, st 2S denotes
work, we propose an alternative approach that generates efiy state of the system araj 2 A denotes the robot's
comparison questions for the human while also maximiziﬁtj?tion- The robot transitions deterministically to a new
the information gained from each question. state according to its dynamicsi:y = f (st; ). At every
Learning reward functions from both demonstrations timestep the ropot receives rewarts), and the task ends
and preferences. ( ) have exploredaﬁer a total off timesteps.

combining demonstrations and preferences, where thEgjectory. A trajectory 2 isa nite sequence of state-
take a model-free approach to learn a reward function &ction pairs, i.e., = (st,at) o over time horizonT.

the Atari domain. Our motivation, physical autonomouBecause the system is determ|n|stic the trajectocgan be
systems, differs from theirs, leading us to a structuraliynore succinctly represented by ( sg;ag;as;:::;ar), the
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Figure 3. Overview of our DemPref approach. The human starts by providing a set of high-level demonstrations (left), which are
used to initialize the robot's belief over the human's reward function. The robot then ne-tunes this belief by asking questions (right):
the robot actively generates a set of trajectories, and asks the human to indicate their favorite.

initial state and sequence of actions in the trajectory. WBemPref: Learning Rewards from

use and interchangeably when referring to a trajectoryDemonstrations and Preferences

depending on what is most appropriate for the context. . . . . .
In this section we overview our approach for integrating

Reward. The reward function captures how the human wantiemonstrations and preferences to efciently learn the

the robot to behave. Slmllar to related works ( fiuman's reward function. Intuitively, demonstrations provide
), we assume that the informative,high-levelunderstanding of what behavior

reward is a linear combmaﬂon of features weighted bgo the human wants; however, these demonstrations are often

thatr(s)="!  (s). The reward of a trajectoryis based on noisy, and may fail to cover some aspects of the reward
the cumulative feature counts along that trajectory function. By contrast, preferences ame-grained: they
X isolate specic, ambiguous aspects of the human's reward,
R()="! =1 () (1) and reduce the robot's uncertainty over these regions. It
s2 therefore makes sense for the robot to start with high-level
demonstrations before moving to ne-grained preferences.
ConS|stent with prior work ( ; Indeed — as we will show in Theorem 2 — starting with

), we will assume that the trajectodemonstrations and then shifting to preferences is the most
features( ) are given: accordingly, to understand whagf cient order for gathering data. Our DemPref algorithm
the human wants, the robot must simply learn the humaréverages this insight to combine high-level demonstrations
weights! . We normalize the weights so thdtk, 1. and low-level preference queries (see Figure 3).

Demonstrations.One way that the human can convey the|rnItIaIIZIng a Belief from Of ine Demonstrations
reward weights to the robot is by providing demonstrations.

Each human demonstration is a trajectoyy, and we DemPref starts with a set of of ine trajectory demonstrations
denote a data set of human demonstrations @@ = D. These demonstrations are collecigbsively the robot

f D: D::::: Dg. In practice, these demonstrations coultets the human show their desired behavior, and does not

be provided by kinesthetic teaching, by teleoperating tt#aterfere or probe the user. We leverage these passive human
robot, or in virtual reality (see Figure 2, top). demonstrations to initialize an informative but imprecise

prior over the true reward weights
elief. Let the beliefb be a probability distribution over.
e initialize b using the trajectory demonstrations, so that

Preferences Another way the human can provide informa-
tion is by giving feedback about the trajectories the rob

shows. We de ne a preference quey= f 1; 2;:::; _ |

as a set oK robot trajectories. The human answers this (*)= P(! D). Applying Bayes' Theorem:

query by picking a trajectoryg2 Q that matches their )/ PDjIP()

personal preferences (i.e., maximizes their reward function). I P(P; Dy Pinp() @)

In practice, the robot could plag different trajectories, and
let the human indicate their favorite (see Figure bottom)We assume that the trajectory demonstrations are condition-

ally independent, i.e., the human does not consider their pre-

Problem. Our overall goal is to accurately and ef cientlyyious demonstrations when providing a new demonstration.
learn the human's reward function from multiple sources @fence, Equation (2) becomes:
Y

data. In this paper, we will only focus on demonstrations 0 5.

and preferences. Speci cally, we will optimize when to b’(t) 7 P(!) PCT 1) 3)
query a user to provide demonstrations, and when to query 2D

a user to provide preferences. Our approach should leafinorder to evaluate Equation (3), we need a model of
the reward parametets with the smallest combination of p( D j 1 ) —in other words, how likely is the demonstrated
demonstrations and preference queries. One key part of thigectory P given that the human's reward weights are
process is accounting for the human-in-the-loop: we not only

consider the informativeness of the queries for the robot, bt

we also ensure that the queries are intuitive and can easilyyR@re generally, the trajectory featurés ) can be de ned as any function
answered by the human user. over the entire trajectory.
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Boltzmann Rational Model. DemPref is not tied to any DemPref approach is agnostic to the speci ¢ choic® ¢d j
speci ¢ choice of the human model in Equation (3), but w€);! ) — we test different human models in our experiments.
do want to highlight the Boltzmann rational model that igor now, we simply want to highlight that this human model
commonly used in inverse reinforcement learning ( de nes the way users respond to queries.

. - 1 ). Under thishaosing Queries.We have covered how the robot can
!oartlcular model, the probabll_lty of a_human d(_emonstranqubdate its understanding of given the human's answers;
is related to the reward associated with that trajectory: but how does the robot choose the right questions in the rst

P(Pjl)/ exp PR(P) place? Unlike demon_strations — where the robot is passive

' 4 — here the robot isictivg and purposely probes the human
=exp P! (D) to get ne-grained information about speci ¢ parts bfthat
are unclear. At the same time, the robot needs to remember
Here P 0is a temperature hyperparameter, commonkyiat a human is answering these questions, and so the options
referred to as theationality coef cient that expresses how need to be easy and intuitive for the human to respond to.
noisy the human demonstrations are, and we substituegbactively choosing intuitive queries is the most challenging
Equation (1) forR. Leveraging this human model, the initialpart of the DemPref approach. Accordingly, we will explore
belief over! given the of ine demonstrations becomes:  methods for actively generating queri@sn the next section,
! before returning to nalize our DemPref algorithm.

X
)/ exp P! ( ®) P ®)
b 2D Asking Easy Questions
. : . . Now that we have overviewed DemPref — which integrates
Summary. Human demonstrations provide an informative __ . . :
. . ; passive human demonstrations and proactive preference
but imprecise understanding &f. Because these demon- . :
. . ueries — we will focus on how the robot chooses these
strations are collected passively, the robot does not have an. . . . i
. . . o queries. We take amctive learningapproach: the robot
opportunity to investigate aspects!othat it is unsure about. . : . .
; S selects queries to accurately ne-tune its estimaté ah
We therefore leveraged these demonstrations to initiafize : A
. g . \ a data-ef cient manner, minimizing the total number of
which we treat as a high-levptior over the human's reward.

o . . guestions the human must answer.
Next, we will introduce proactive questions to remove uncer-

tainty and obtain a ne-grained posterior. Overview. We present two methods for active preference-
based reward learning/olume Removaand Information
Updating the Belief with Proactive Queries Gain. Volume removal is a state-of-the-art approach where

C _ ) . the robot solves a submodular optimization problem to
After initialization, DemPref iteratively performs two main.,y9se which questions to ask. However, this approach

tasks:activelychoosing trl1e right preference quepyto ask, gometimes fails to generataformative queries, and also
and applying the human's answer to updatén this section qoes not consider the ease and intuitiveness of every query
we focus on the second task: updating the robot's b&lief ¢, (e hyman-in-the-loop. This can lead to queries that are
We will explore how robots should proactively choose thgit ¢t for the human to answer, e.g., two queries that are
right question in the subsequent section. equally good (or bad) from the human's perspective.
Posterior. The robot asks a new question at each iteration We resolvethis issue with the second method, information
i 2f0;...0 LetQ; denote the-th preference query, and letgain: here the robot balances (a) how much information it
G be the human's response to this query. Again applyingill get from a correct answer against (b) the human's ability
Bayes' Theorem, the robot's posterior ovebecomes: to answer that question con dently. We end the section by
- S _ describing aset of toolsthat can be used to enhance either
B (1) / P(di-.56Qoi--:Qist) B(1); (6) method, including an optimal condition for determining

. T . . when the robot should stop asking questions.
wherel’ is the prior initialized using human demonstrations. P 94

We assume that the human's respongese conditionally CGreedy Robot.The robot should ask questions that provide

independent, i.e., only based on the current preference qufgurate, ne-grained information abadut Ideally, the robot
and reward weights. Equation (6) then simpli es to: will nd the best adaptive sequenagf queries to clarify the
human's reward. Unfortunately, reasoning about an adaptive

‘ \' sequence of queries is — in general — NP-hard (
(DY P(gjQ;!) B() (7) ). We therefore proceed ingreedyfashion: at every
j=0 iterationi, the robot choose®; while thinking only about

. . . the next posteriod *1 in Equation (8).
We can equivalently write the robot's posterior oveafter P q ©)

askingi + 1 questions as: . . .
! R Choosing Queries with Volume Removal

b ()7 P(gjQi;!) B() (8) Maximizing volume removal is a state-of-the-art strategy
for selecting queries. The method attempts to generate the
Human Model. In Equation (8),P(qj Q;! ) denotes the most-informative queries by nding th®; that maximizes
probability that a human with reward weightswill answer the expected difference between the prior andormalized
query Q by selecting trajectoryg 2 Q. Put another way, posterior ( ; ;
this likelihood function is a probabilistic human model. Out ). Formally, the method generates a query of
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K  2trajectories at iterationby solving:
" ”
argmax Eg B() B()P(GgjQi;!) d

Qi=f 1 «x9 klky 1

where the prior is on the left and the unnormalized posterior
from Equation (8) is on the right. This optimization problem
can equivalently be written as:

Q = . a:g max EqEy[1 P(GjQi;!)] (9
i=fT 138 kg

The distributiontd can get very complex and thus — to
tractably compute the expectations in Equation (9) — we are
forced to leverage sampling. Letting denote a set oM
samples drawn from the pridt, and= denote asymptotic
equality as the number of samplds! 1 |, the optimization
problem in Equation (9) becomes:

1
P2
X X
Q, = argmin P(gjQi;!) (10) Figure 4. Sample queries generated with the volume removal

and information gain methods on Driver and Tosser tasks.
Volume removal generates queries that are dif cult, because
Intuition. When solving Equation (10), the robot looks fothe options are almost equally good or equally bad.
queriesQ; where each answeg 2 Q; is equally likely
given the current belief ovel . These questions appear, h

useful because the robot is maximally uncertain about whigv ere each answer is equally likely. Even when the options
trajectory the thman_WHI prefer. _ are not identical (as in a trivial query), the questions may still
When Does This Fail?Although prior works have shown pe very challenging for the user to answer. We explain this

that volume removal can work in practice, we here identifigsye through a concrete example (also see Fig. 4):
two key shortcomings. First, we point out a failure case: the

robot may solve for questions where the answers are equaly@mple 1. Let the robot query the human while providing
likely but uninformativeabout the human's reward. SecondX = 2 different answer optionsg and 2.

the robot does not consider the human's ability to answer QuUestion A.Here the robot asks a question where both
when choosing questions — and this leadsallenging ©OPtions are equally good choices. Consider quely

indistinguishable queries that are hard to answer! suchthaP(q= 1jQa;!)= P(q= 2jQa;!)8! 2
Responding toQ, is dif cult for the human, since both

identify volume removal queries fails to capture our original” question BAlternatively, this robot asks a question where
goal of generating informative queries. Consider a trivigynly one option matches the human's true reward. Consider

Qi=f 153 KginQi 12

allenging Queries. Volume removal prioritizes questions

query where all options are identic@; = f a; a:... A0- aqueryQg such that;
Regardless of which answgrthe human chooses, here the
robot gets no information about the right reward function; P(g= 1jQs;!) 1 8 2 @

put another wayg** = b. Asking a trivial query is a waste
of the human's time — but we nd that this uninformative
guestion is actually a best-case solution to Equation (9).

P(= 2jQs;!) 1 82 @
(1)[ @ = : j(l)j:j (2)j

Theorem 1. The trivial queryQ =f a; a;.. aQ (for

. ) . If the human's weights liein @, the human will always
any a 2 )is aglobal solution to Equation (9). g y

p answer with 1, and — conversely — if the truée lies in
Proof. For a givenQ and! , 0 P(qjQ;!)=1.Thus, we @), the human will always selecp. Intuitively, this query

can upper bound the objective in Equation (9) as follows: IS €asy for the human: regardless of what they want, one
. option stands out when answering the question.
EqEn[l P(g JZQi:! )]

3 Incorporating the Human. Looking at Example 1, it seems
X _ clear that the robot should ask questiQg . Not only does
=1 Ey4 P(GjQi;!)*»® 1 1=K Qx fail to provide any information about the human's reward
Gi2Q; (because their response could be equally well explained by
recalling thatK is the total number of options ;. any!), b_ut it is also hard for the human to answer (since
For the trivial queryQ = f a: a:... ag, the objective both_ o_pyons seem equally viable). Ur)fortunat_ely, when
in Equation (9) has valuEq, Ey [1  P(q | Q;!)] =1 maximizing volume removal the robot think3, is just as

1=K . This is equal to the upper bound on the objective, arfpodasQg : they are both global solutions to its optimization

thus the trivial, uninformative query of identical options is groblem! Here VO"_Jme rem(_)val g_ets L wrong beca‘_*se it fails
global solution to Equation (9). to take the human into consideration. Asking questions based

only on how uncertain the robot is about the human's answer
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Figure 5. Comparing preference queries that do not account for the human's ability to answer to queries generated using our
information gain approach. Here the robot is attempting to learn the user's reward function, and demonstrates two possible
trajectories. The user should select the trajectory that better aligns with their own preferences. While the trajectories produced by
the state-of-the-art volume removal method are almost indistinguishable, our information theoretic approach results in questions
that are easy to answer, which eventually increase the robot's overall learning ef ciency.

can naturally lead to confusing, uninformative queries. Fig.numan's uncertaintywhen answering: given a query and
demonstrates some of these hard queries generated bytligér true reward, how con dently will they choose optiqr?

volume removal formulation. Optimizing for information gain with Equations (11) or (12)
naturally considers both robot and human uncertainty, and
Choosing Queries with Information Gain favors questions where (a) the robot is unsure how the human

To address the shortcomings of volume removal, we propo‘%l answer but (b) the human can answer easily. We contrast
an information gain approach for choosing DemPref queridg!S t0 volume removal, where the robot purely focused on
We demonstrate that this approach ensures the robot not ofifiStions where the human's answer was unpredictable.
asks questions which provide the most information alhqut Why Does This Work? To highlight the advantages of this
but these questions are alsasyfor the human to answer. We method, let us revisit the shortcomings of volume removal.
emphasize that encouraging easy questions is not a heuriBgtow we show how information gain successfully addresses
addition: instead, the robot recognizes that picking querigde problems described in Theorem 1 and Example
which the human can accurately answer is necessary fafrther, we emphasize that the computational complexity
overall performance. Accounting for the human-in-the-loopf computing objective (12) is equivalent — in order —
is therefore part of the optimal information gain solution. to the volume removal objective from Equation (10). Thus,
Information Gain. At each iteration, we nd the quer; information gain avoids the previous failures while being at

that maximizes the expected information gain aboute |€astas computationally tractable.

do so by solving the following optimization problem: Uninformative Queries. Recall from Theorem 1 that any
.= | - iO: b
Q arggl‘nax '(:6 QD) volume removal. In reality, we know that this query is a
worst-case choice: no matter how the human answers, the
robot will gain no insight intd . Information gain ensures

) ] ] ) ] that the robot will not ask trivial queries: under Equation
wherel is the mutual information anll is Shannon'sinfor- (11 Q= f ,::::: Agis actually theglobal minimunh

mation entropy ( ). Approximating _ . o
the expectations via sampling, we re-write this optimizatioghallenging Questions. Revisiting Example 1, we remem-

problem below (see the Appendix for the full derivation): ber thatQg was a much easier question for the human to
answer, but volume removal valu€s, as highly asQsg.

=argmaxH(! jQi;b) EqH( jg;Qi;b); (11)
Qi

_ 1 X X o Under information gain, theobotis equally uncertain about
Qi = Q_"jg max gi P(g Qi) how the human will answep, andQg , and so the rstterm
T R a2Qin2 I in Equation (13) is the same for both. But the information
oM P(GjQi;!) gain robot additionally recognizes that themanis very

log, (12) uncertain when answerin@a : hereQ, attains the global

maximum of the second term whil@g attains the global

Intuition. To see why accounting for the human is naturallfinimum! Thus, the overall value &g is higher and — as
part of the information gain solution, re-write Equation (11)desired — the robot recognizes ti@g is a better question.
. . ] Why Demonstrations First? Now that we have a user-
Q =argmax H(q ] Qi;b) EH(Gj5Qi) (13) friendly strategy for generating queries, it remains to
< determinein what order the robot should leverage the
Here the rstterm in Equation (13) is thebot's uncertainty demonstrations and the preferences.
over the human's response: given a quéyand the robot's  Recall that demonstrations provide coarse, high-level
understanding of , how con dently can the robot predict information, while preference queries hone-in on isolated
the human's answer? The second entropy term captures éispects of the human's reward function. Intuitively, it seems

102 P(qui;!o)
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like we should start with high-level demonstrations beforgighlight some additional tools that designers can leverage to
probing low-level preferences: but is this really the righimprove the computational performance and applicability of

order of collecting data? What about the alternative — these methods. In particular, we draw the reader's attention
robot that instead waits to obtain demonstrations until aftey an optimal stopping condition, which tells the DemPref

asking questions? robot when to stop asking the human questions.

When leveraging information gain T[O generate querie@ptimal Stopping. We propose a novel extension —
we here prove that the robot will gaiat least as much ge; cally for information gain — that tells the robot when
information ab_out the huma|_'1 s preferences as any othgr Or?@rstop asking questions. Intuitively, the DemPref querying
of demonstrations and queries. Put another way, starting wiih,cess should end when the robot's questions become more
demonstrations the worst casés _Just as good as any othercosﬂy to the human than informative to the robot.
order; andn the best casee obtain more information. Let each quer have an associated ca$Q) 2 R* . This
Theorem 2. Under the Boltzmann rational human modefunction captures theost of a question: e.g., the amount
for demonstrations presented in Equati@t), our DemPref of time it takes for the human to answer, the number of
approach (Algorithm 1) — where preference queries agmilar questions that the human has already seen, or even
actively generated after collecting demonstrations — resulise interpretability of the question itself. We subtract this
in at least as much information about the human'sost from our information gain objective in Equation (11),
preferences as would be obtained by reversing the order sif that the robot maximizes information gain while biasing

queries and demonstrations. its search towards low-cost questions:
Proof._Let Q; be th_e information g_ain queryafter max 1(';gjQi0) Qi) (14)
collecting demonstrations From Equation (11),Q; = Qi=f 1.0 «g

argmaxs 1 (! ;g j Qi;b). We letg denote the human's . . . .
9 M, (136 Qi;b) 4 Importantly, Theorem 2 still holds with this extension to

response to quergy; . Similgrly, letQ; be the_ information the model, since the costs depend only on the query. And
ga_"rl query bef?r'e. coilleg'.ung. .derinolnst;\atlc')nsso Ithat now that we have introduced a cost into the query selection
Qi =argmaxg, I (! ;6 ] Qi;(Qj;6);=9)- Again, we lety problem, the robot can reason about when its questions are
denote the human's response to qu&y. We can now pecoming prohibitively expensive or redundant. We nd that

compare the overall information gain for each order ghe pest time to stop asking questions in expectation is when

questions and demonstrations: their cost exceeds their value:

I (Do G-+ (Q1;Q0;-.)) Theorem 3. A robot using information gain to perform
- e ) i (0. O active preference-based learning should stop asking ques-
=D (i) ] (05 Q1Qy: ) tions if and only if the global solution to Equatiqri4) is

L(1;D)+ 1 1 (enep;..) ) (0% Q1 Q0:..) negative at the current iteration.

See the Appendix for our proof. We emphasize that this result
is valid only for information gain, and adapting Theorem

to volume removal is not trivial.

Intuition. We can explain Theorem 2 through two main The decision to terminate our DemPref algorithm is
insights. First, the information gain from a passivelyow fairly straightforward. At each iteration we search
collected demonstration is the same regardless of when that the questionQ; that maximizes the trade-off between
demonstration is provided. Second, proactively generatifigormation gain and cost. If the value of Equation (14)
questions based on a prior leads to more incisive queries t'?é‘rhon-negative, the robot shows this query to the human
choosing questions from scratch. In fact, Theorem 2 can gy elicits their response; if not, the robot cannot nd any
gene_rglized to show ;hat active information resources showg ciently important questions to ask, and the process ends.
be utilized after passive resources. This automatic stopping procedure makes the active learning
Bounded Regret.At the start of this section we mentionedprocess more user-friendly by ensuring that the user does not
that — instead of looking for the optimal sequence of futureave to respond to unnecessary or redundant queries.

questions — our Der_nPref robot W'” greedily choose the be,étther Potential Extensions.We have previously developed
query at the currer]t iteration. Prior work has shown that thé%veral tools to improve the computational ef ciency of
greedy approach is reasonable for volume removal, Whef&,me removal, or to extend volume removal to better

it is guaranteed to have bounded sub-optimality in terms..,modate human users. These tools include batch
of the volume removed ( ). However, thlfptimization ( . )

volume is de ned in terms of the unnormalized diStrib”tioni'terated correction ( ’ ), and dynamically
and so this result does not say much about the leami@ﬂanging reward functions ( : ). Importantly.

performance. Unfortunately, the information gain also doge |isted tools aragnosticto the details of volume removal:

not provide theoretical guarantees, as it is only submodulﬁqey simply require (a) the query generation algorithm

but notadaptivesubmodular. to operate in a greedy manner while (b) maintaining a

. belief over! . Our proposed information gain approach for
Useful Tools & Extensions generating easy queries satis es both of these requirements.
We introduced how robots can generate proactive questidfisnce, these prior extensions to volume removal can also be
to maximize volume removal or information gain. Below westraightforwardly applied to information gain.

I !i(ensep;...D)j(Q1;Q2;..) O
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Algorithm 1 DemPref with a Human-in-the-Loop

1: Collect human demonstratior®:= f ?; 9;:::; Pg
2: Initialize belief over the human's reward weights
|

X !
)/ exp Pl ( ®) P()
D 2D
3: fori 0;1;:::do

4: Choose proactive questi@p :
Figure 6. Views from simulation domains, with a demonstration

Qi argmax | (! :qj Q; bi) c(Q) in orange: (a) Lunar Lander, (b) Fetch (simulated), (c) Fetch
Q (physical).
5. if1(1;qjQi;B) ¢(Qi) < Othen
6: return b Linear Dynamical System (LDS)We use a linear
7 end if dynamical system with six dimensional state and three
8: Elicit human's answegq to queryQ; dimensional action spaces. State values are directly used as
o: Update belief ovel given query and response: state features without any transformation.
) , Driver: We use a 2D driving simulator (
b () / P(gjQi;!)b() ), where the agent has to safely drive down a highway.
The trajectory features correspond to the distance of the
10: end for agent from the center of the lane, its speed, heading angle,
and minimum distance to other vehicles during the trajectory
. (white in Figure 4 (top)).
Algorithm Tosser We use a Tosser robot simulation built in MuJoCo

We present the complete DemPref pseudocode in Algo- ) that tosses a capsule-shaped object into
rithm 1. This algorithm involves two main steps: rst, thebaskets. The trajectory features are the maximum horizontal
robot uses the human's ofine trajectory demonstrationdistance forward traveled by the object, the maximum
D to initialize a high-level understanding of the human'sltitude of the object, the number of ips the object does,
preferred reward. Next, the robot actively generates usand the object's nal distance to the closest basket.
friendly question€Q to ne-tune its beliefb over! . These Lunar Lander We use the continuous LunarLander
questions can be selected using volume removal or inf@navironment from OpenAl Gym ( ),
mation gain objectives (we highlight the information gainvhere the lander has to safely reach the landing pad.
approach in Algorithm 1). As the robot asks questions ariche trajectory features correspond to the lander's average
obtains a precise understanding of what the human wardsstance from the landing pad, its angle, its velocity, and its
the informative value of new queries decreases: eventuallyal distance to the landing pad.
asking new questions becomes suboptimal, and the DemPrefetch Inspired by ( ), we use a
algorithm terminates. modi cation of the Fetch Reach environment from OpenAl
Advantages.We conclude our presentation of DemPref by (built on top of MuJoCo), where the robot has to reach
summarizing its two main contributions: a goal with its arm, while keeping its arm as low-down as
possible (see Figure 6). The trajectory features correspond to
1. The robot learns the human's reward by synthesizirige robot gripper's average distance to the goal, its average
two types of information: high-level demonstrationdieight from the table, and its average distance to a box
and ne-grained preference queries. obstacle in the domain.
For our user studies, we employ a version of the Fetch
2. The robot generates questions while accounting for te@vironment with the physical Fetch robot (see Figure 6)
human'’s ability to respond, naturally leading to userg ).

friendly and informative queries. Human Choice Models.We require a probabilistic model

for the human's choicg in a queryQ conditioned on their
Experiments reward parametets. Below, we discuss two speci ¢ models
We conduct ve sets of experiments to assess tﬁgat we use in our experiments.
penn . Standard Model Using Strict Preference Queriésvious
performance of DemPref under various metricd/e start : L
. ; . . work demonstrated the importance of modeling imperfect
by describing the simulation domains and the user Stuﬂ}j o
) . : . man responses ( ). We model a noisily
environment, and introducing the human choice models we .. . .
; %ptemal human as selecting from astrict preference query
employed for preference-based learning. Each subsequén
subsection presents a set of experiments and tests the relevant

hypotheses.

Si lati D . | h . t b ZUnless otherwise noted, we adoft = 0:02, constant(Q) for 8Q, and
imulalion Domains. In each expenment, we use a su S%t'ssume a uniform prior over reward parameterse.,P (! ) is constant for

of the_ following dqmains, shown in Figures 4 and 6, as Welhyki k, 1. We use Metropolis-Hastings algorithm for sampling the set
as a linear dynamical system: from belief distribution ovet
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Q by Initializing with Demonstrations

exp(R( 1)) We rst investigate whether initializing the learning
kR ; (15) framework with user demonstrations is helpful. Speci cally,
2 &PR()) we test the following hypotheses:

where we call the query strict because the human is requifdd. DemPref accelerates learning by initializing the prior
to select one of the trajectories. This model, backed glief using user demonstrations.

Pg= «jQ!)=

neuroscience and psychology ( ; H2. The convergence of DemPref improves with the number
; ), is routinely useof demonstrations used to initialize the algorithm.
( ; ; To test these two claims, we perform simulation experi-
)- ments in Driver, Lunar Lander and Fetch environments. For

Exten_ded _MOdEI Using Weak Ereference “Querlﬁﬂa each environment, we simulate a human user with hand-
geqerallze this preference model to_lncIU(_je an “About Equ%ned reward function parameters which gives reason-
option for queries between two trajectories. We denote thig|o performance. We generate demonstrations by applying

option by ~and de ne aweak preference quer®” :=  model predictive control (MPC) to solvenax ! () .
QIf . gwhenK ‘.2- After initializing the belief with varying number of such
Building on prior work by ( ), We demonstrationgj 2 f O; 1; 3g), the simulated users in each

incorporate the information from the “About Equal” optiongnyironment respond @5 strict preference queries accord-
by introducing a minimum perceivable difference parametgfy 1o Equation (15), each of which is actively synthesized

0, and de ning: with the volume removal optimization. We repeat the same
e procedure foB times to obtain con dence bounds.

Pa= Q%)= The results of the experiment are presented in Figure
(exp(2) 1)P(g= 1jQ";!)P(g= 2jQ";!');  On all three environments, initializing with demonstrations
P(g= «jQ*;!)= improves the convergence rate of the preference-based

1 algorithm signi cantly; to match then value attained by

f «; kog=Q*" nf g (16) DemPref with only one demonstration b0 preference
1+exp( +R( k) R(«)) queries, it takes the pure preference-based algorithm, i.e.,

Notice that Equation (16) reduces to Equation (15) whéjithout any demonstration8p queries on Driver35 queries
=0: in which case we model the human as alway¥" Lander, and®0 queries on Fetch. These results provide

perceiving the difference in options. All derivations in earliePlrong evidence in faY°f o1, ] o
sections hold with weak preference queries. In particular, we 1 N€ results regardingi2 are more complicated. Initializ-
include a discussion of extending our formulation to the cad¥@ With three instead of one demonstration improves con-
where is user-speci ¢ and unknown in the Appendix. The/€rgence signi cantly only on the Driver and Lunar Lander

additional parameter causes no trouble in practice. For all figmains. (The improvement on Driver is only at the early
experiments, we sé¢ = 2,and =1 (whenever relevant). stages of the algorithm, when fewer than 10 preferences

We note that there are alternative choice modefd® used.) However, on the Fetch domain, initializing with

compatible with our framework for weak preferences (e_gt_hree instead of one demonstration hurts the performance of
( ). Additionally, one may generalize th@e algorithm. (Although, we do note that the results from

weak preference queries 0> 2, though it complicates using three demonstrations are still an improvement over the

the choice model as the user must specify which of tfgsults from not initializing with demonstrations). This is
trajectories create uncertainty unsurprising. It is much harder to provide good demonstra-

) ] ] ) tions on the Fetch environment than on the Driver or Lunar
Evaluation Metric. To judge convergence of inferred rewarq gnger environments, and therefore the demonstrations are

parameters to frue parameters in simulations, we adopt f}ower quality. Using more demonstrations when they are

alignment metridrom ( ): of lower quality leads to the prior being more concentrated
1 X P further away from the true reward function, and can cause
m= M m (17) the preference-based learning algorithm to slow down.
rg o 2R R2 In practice, we nd that using a single demonstration to
i initialize the algorithm leads to reliable improvements in
where! s the true reward parameters. convergence, regardless of the complexity of the domain.

We are now ready to present our ve sets of experiments
each of which demonstrates a different aspect of ﬂBemPref vs IRL
proposed DemPref framework:
1. The utility of initializing with demonstrations, Next, we analyze if preference elicitation improves learning
2. The advantages preference queries provide over uspgjformance. To do that, we conduct a within-subjects
only demonstrations, user study where we compare our DemPref algorithm
3. The advantages of information gain formulation ovewith Bayesian IRL ( ). The
volume removal, hypotheses we are testing are:
4. The order of demonstrations and preferences, and H3. The robot which uses the reward function learned by
5. Optimal stopping condition under the information gaiempPref will be more successful at the task (as evaluated
objective. by the users) than the IRL counterpart.
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Figure 7. The results of our rst experiment, investigating whether initializing with demonstrations improves the learning rate of the
algorithm, on three domains. On the Driver, Lunar Lander, and Fetch environments, initializing with one demonstration improved the
rate of convergence signi cantly.

H4. Participants will prefer to use the DemPref framework For this user study, we recruited 15 participants (11 male,
as opposed to the IRL framework. 4 female), six of whom had prior experience in robotics but

. . . one of whom had any prior exposure to our system.
For these evaluations, we use the Fetch domain with tﬂ yp . p . Y
e present our results in Figure 8 (right). When asked

physical Fetch rObO,t' Participants were told that thelr goalhich robot accomplished the task better, users preferred
was to get the robot's end-effector as close as possible to {he . . i

; . o . € DemPref system by a signi cant margip € 0:05
goal, while (1) avoiding collisions with the block obstacle‘é/ilcoxon aired signed-rank test); similarly, when asked
and (2) keeping the robot's end-effector low to the groun P 9 ' Y

(so as to avoid, for example, knocking over objects arour\NcPiCh system they would prefer to use in the future if they

it). Participants provided demonstrations via teleoperati lad to train the robot, users preferred the DemPref system

n o : X )
. i : . a signi cant margin p < 0:05). This provides strong
(using end-effector control) on a keyboard interface; ea%iidence in favor of botki3 andHA4.

user was given some time to familiarize themselves with theA ted ¢ led to tel te th
teleoperation system before beginning the experiment. S €xpecled, many users struggied 1o teleoperate the
robot. Several users made explicit note of this fact in their

Participants trained the robot using two different systemsgmments: “l had a hard time controlling the robot”, “I
(1) IRL: Bayesian IRL with 5 demonstrations. (2) DemPrefq,nd the [IRL system] dif cult as someone who [is not]
our DemPref framework (with the volume removal objectivepinetically gifted!”, “Would be nice if the controller for the
with 1 demonstration and 15 proactive preference querieﬁobot] was easier to use.” Given that the robot that employs
We counter-balanced across which system was used rfh was only trained on these demonstrations, it is perhaps
to minimize the impact of familiarity bias with our ynsyrprising that DemPref outperforms IRL on the task.
teleoperation system. We were however surprised by the extent to which

After training, the robot was trained in simulationthe IRL-powered robot fared poorly: in many cases, it
using Proximal Policy Optimization (PPO) with the rewardlid not even attempt to reach for the goal. Upon further
function learned from each system ( iPvestigation, we discovered that IRL was prone to, in
To ensure that the robot was not simply over tting to the@ssence, “over tting” to the training domain. In several
training domain, we used different variants of the domaicases, IRL had overweighted the users' preference for
for training and testing the robot. We used two different tesbstacle avoidance. This proved to be an issue in one of our
domains (and counter-balanced across them) to increasetést domains where the obstacle is closer to the robot than
robustness of our results against the speci ¢ testing domain.the training domain. Here, the robot does not even try to
Figure 8 (left) illustrates one of our testing domains. Weeach for the goal since the loss in value (as measured by
rolled out three trajectories in the test domains for eathe learned reward function) from going near the obstacle
algorithm on the physical Fetch. After observing each sit greater than the gain in value from reaching for the goal.
of trajectories, the users were asked to rate the followirkigure 8 (left) shows this test domain and illustrates, for

statements on a 7-point Likert scale: a speci c user, a trajectory generated according to reward
1. The robot accomplished the task well. (Accomplishedynction learned by each of IRL and Dempref. _
2. The robot did what | wanted. (Did Wanted) While we expect that IRL would overcome these issues

3. It was easy to train the robot with this system. (Easy)vith more careful feature engineering and increased diversity

4. | would want to use this system to train a robot in thef the training domains, it is worth noting DemPref was
future. (Would Use Again) affected much less by these issues. These results suggest

They were also asked two comparison questions: preference-based. Iearljing methods may be. more robugt to
' poor feature engineering and a lack of training diversity
1. Which robot accomplished the task better? (Better at
Task)
2. Which system would you prefer to use if you had to

train a robot to accomplish a similar task? (Preferrecnghe number of demonstratlons and pre_zferenc.es.used in each system were
hosen such that a simulated agent achieves similar convergence to the true

They were nally asked for general comments. reward on both systems.
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Figure 8. (Left) Our testing domain, with two trajectories generated according to the reward functions learned by IRL and DemPref
from a speci c user in our study. (Right) The results of our usability study — the error bars correspond to standard deviation and
signi cant results are marked with an asterisk. We nd that users rated the robot trained with DemPref as signi cantly better at
accomplishing the task and preferred to use our method for training the robot signi cantly more than they did IRL. However, we did
not nd evidence to suggest that users found our method easier to use than standard IRL.

than IRL; however, a rigorous evaluation of these claims is In simulation experiments, we learn the randomly
beyond the scope of this paper. generated reward functions via both strict and weak
It is interesting that despite the challenges that usepgeference queries where the "About Equal” option is absent
faced with teleoperating the robot, they did not rate th@nd present, respectively. We repeat each experirh@at
DemPref system as being “easier’ to use than the IRimes to obtain condence bounds. Figure 9 shows the
system p = 0:297). Several users speci cally referred toalignment value against query number for thelifferent
the time it took to generate each query46 seconds) tasks. Even though the “About Equal” option improves the
as negatively impacting their experience with the DemPrggrformance of volume removal by preventing the trivial
system: “| wish it was faster to generate the preferenégiery, Q=1f a; a;:::g, from being a global optimum,
[queries]”, “The [DemPref system] will be even better if timgnformation gain gives a signi cant improvement on the
cost is less.” Additionally, one user expressed dif culty idearning rate both with and without the “About Equal” option
evaluating the preference queries themselves, commentingll environments. These results strongly suppétb.
“It was tricky to understand/infer what the preferences were The numbers given within Figure count the wrong
[asking]. Would be nice to communicate that somehow to tlswers and “About Equal” choices made by the simulated
user (e.g. which [trajectory] avoids collision better)!”, whictusers. The information gain formulation signi cantly
highlights the fact that volume removal formulation maymproves over volume removal. Moreover, weak preference
generate queries that are extremely dif cult for the humangueries consistently decrease the number of wrong answers,
Hence, we analyze in the next subsection how informatievhich can be one reason why it performs better than strict
gain objective improves the experience for the users. queries. Figure also shows when the wrong responses
are given. While wrong answer ratios are higher with volume
removal formulation, it can be seen that information gain
reduces wrong answers especially in early queries, which
To investigate the performance and user-friendliness lefads to faster learning. These results suppért
the information gain and volume removal methods for Inthe user studies for this part, we used Driver and Tosser
preference-based learning, we conduct experiments wéhvironments in simulation and the Fetch environment with
simulated users in LDS, Driver, Tosser and Fetcthe physical robot. We began by asking participants to
environments; and real user studies in Driver, Tosser arwhk a set of features (described in plain language) to
Fetch (with the physical robot). We are particularly interestashcourage each user to be consistent in their preferences.

Information Gain vs Volume Removal

in the following three hypotheses: Subsequently, we queried each participant with a sequence
H5. Information gain formulation outperforms volume®f 30 questions generated actively; 15 from volume removal
removal in terms of data-ef ciency. and 15 via information gain. We prevent bias by randomizing

) ) ) , ... the sequence of questions for each user and experiment: the
H6. Information gain queries are easier and more INtUItVe, sar does not know which algorithm generates a question.
for the human than those from volume removal. Participants responded to a 7-point Likert scale survey
H7. A user's preference aligns best with reward parametetsfter each question:
learned via information gain.

To enable faster computation, we discretized the search
spaé:e of the _0pt|m|§at|on pmble_ms Ey_gengraﬁm ]900 { See the Appendix for results without query space discretization.
random queries and precomputing their trajectory eature%:nother possible explanation is the information acquired by the “About

Each C_a” FO an optimization problem then performs a l00gyuar responses. We analyze this in the Appendix by comparing the results
over this discrete set. with what would happen if this information was discarded.
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Figure 9. Alignment values are plotted (mean standard error) to compare information gain and volume removal formulations.
Standard errors are so small that they are mostly invisible in the plots. Dashed lines show the weak preference query variants.
Information gain provides a signi cant increase in learning rate in all cases. While weak preference queries lead to a large amount
of improvement under volume removal, information gain formulation is still superior in terms of the convergence rate.

Figure 10. Wrong answer ratios on different queries are shown. The numbers at top show the average number of wrong responses
and “About Equal” choices, respectively, for both strict and weak queries. Information gain formulation yields smaller numbers of
wrong and “About Equal” answers, especially in the early stages.

1. It was easy to choose between the trajectories that gigni cantly preferred the information gain trajectory over

robot showed me. that of volume removal in both environmengs< 0:05, one-
They were also asked the Yes/No question: samplet-test), supportingd7.
1. Can you tell the difference between the options
presented? The Order of Information Sources

In concluding the Tosser and Driver experiments, WE i . . : : _— .
- . . - . Having seen information gain provides a signi cant boost in
showed participants two trajectories: one optimized usi

. . . . He learnin rate, we checked whether the passively collected
reward parameters from information gain (trajectory A g P y

- . emonstrations or the actively queried preferences should be
and one optimized using reward parameters from volume

. o ._given to the model rst. Speci cally, we tested:
removal (trajectory B) . Participants responded to a 7-p0|n9 P Y

Likert scale survey: H8. If passively collected demonstrations are used before the
1. Trajectory A better aligns with my preferences thafctively collected preference query responses, the learning
trajectory B. becomes faster.

We recruited15 participants (8 female, 7 male) for the While Theorem 2 asserts that we should rst initialize
simulations (Driver and Tosser) art? for the Fetch (6 DemPref via demonstrations, we performed simulation
female, 6 male). We used strict preference queries. A videgperiments to check this notion in practice. Using LDS,
demonstration of these user studies is availabletit Driver, Tosser and Fetch, we ran three sets of experiments

. where we adopted weak preference queries: (i) We initialize

Figure (a) shows the results of the easiness survelf® belief with a single demonstration and then query the
In all environments, users found information gain queriesimulated user withl5 preference questions, (i) We rst
easier: the results are statistically signi cari € 0:005 query the simulated user wiflb preference questions and we
two-samplet-test). Figure 11 (b) shows the average numbedd the demonstration to the belief independently after each
of times the users stated they cannot distinguish tlggiestion, and (iii) We completely ignore the demonstration
options presented. The volume removal formulation yieldsd use onl\L5preference queries. The reason why we chose
several queries that are indistinguishable to the users wHitehave only a single demonstration is because having more
the information gain avoids this issue. The difference i¥ore demonstrations tends to increase the alignment walue
signi cant for Driver (p < 0:05, paired-samplé-test) and
Tosserp < 0:005. Taken together, these results supptét

Fi_gl_”e (c) shows the results of the_ survey thewe excluded Fetch for this question to avoid prohibitive trajectory
participants completed at the end of experiment. Usesgtimization (due to large action space).
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