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Highlights:

* We design and test an interface where users can select their preference of robot execution and
automatically learns user preference over time, allowing automatic preferential execution.

* We develop a novel Learning from Demonstration method which can generate several optimal
solutions aligning with users’ unique preferences.

*  We collect information on user preferences in several user studies, evaluating preferences between

tasks and users.

Abstract: When robots are in the hands of end-users, they should perform tasks according to the preferences
of those users. However, it is currently impractical to discover the preferences from those end-users
without user-specific and task-specific feedback. To remedy this, we design and test an interface which
can learn user preferences over time, eventually predicting their preference for the execution of any
given task. Additionally, we collect data on user preferences from these interactions, aiming to find an
overall preference of execution across tasks and across users. We validate several assumptions on user
preference in a study (N = 10) which presents limited preference options to users. This validates our use
of Pareto front options and choice of objectives in optimization. With the knowledge from this small
study, we use an interface to let users explore their preference space for several unique tasks in a
larger user study (N = 20). Our contributions include: (a) a novel Learning from Demonstration
formulation for generating preference-aligned skill reproductions via multi-objective optimization,
(b) a Graphical User Interface (GUI) for human-in-the-loop preference discovery, and (c) an analysis
of inferred preferences across users and tasks. Through this analysis we find that individual users and
tasks have specific preferences, but certain trends can be highlighted, like the desire for smooth and

optimal robot execution.
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1. Introduction

As robots become increasingly integrated into human environments, it is equally essential for humans to
understand robot motion and for robots to move in ways that align with human preferences. Extensive
research has been conducted on the design of robots to make them more human-like and acceptable [1].
In addition, much effort has been made to enable robots to move in more human-like ways, both in
manipulation [2] and locomotion [3]. While human-like motion is often thought to enhance the social
acceptability of robots [4], it may not necessarily reflect the most effective or preferred way for robots to
move around humans.

Often, human preference is used to inform reward functions which are then learned using
reinforcement learning (RL) to create robot motion [5] or behavior [6]. However, RL can be difficult to
optimize, and often preference-based methods present a multitude of choices for the user to make or
rank. When it comes to learning robot motion, Learning from Demonstration (LfD) [7] can represent
many features through a single demonstration from a user. However, in LfD, robots are only able to
use the information provided in the demonstrations, which may be suboptimal, biased, or otherwise
flawed [8—10]. There may be a preferred way for the robot to reproduce a task which is different than
what was demonstrated.

For a human to trust a robot, it must successfully be able to convey its intent to the human
somehow [11,12]. This can be achieved by making the robot’s movement predictable and unsurprising, or
moving in such a way that the robot is able to clearly convey its intent and goal [11]. The legibility and
predictability of a robot’s actions play a great role in Human-Robot Interaction (HRI). Knowing what a
user expects out of the robot allows for the implementation and tuning of a robot’s movements to align
with those expectations. User’s previous experiences and exposure to robots also affect an individual’s
interpretation of predictability of robot motion [13]. Allowing users to correct a robot when the user deems
its movements to be unpredictable also allows a better understanding of robot legibility and predictability,
providing opportunity for learning user preference [14]. With corrections, when and how users correct
a robot’s movement serves as valuable information on when and how an action can be improved upon
in the future. Corrections, however, are a reactive method for creating human-preferred robot motions.
Alternatively, the robot can preemptively query the user, in a framework known as active learning [15],
which we adopt in this work.

Recently, there has been interest in understanding human preference for robot motion or actions [5].
In these preference-based learning methods, a human, often in-the-loop, is asked to rank or select
trajectories based on their preference. In [6], users customize robot behaviors through exploratory search,
leading to a set of user-aligned features. However, in some cases these user-aligned features are no better
than randomly selected features. Some methods automate this process without involving a user [16],
generating noisier variations of trajectories which are assumed to be less preferred. Other methods

take this assumption even further, assuming that the user is limited in their ability to demonstrate, and
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reproductions should also be simpler executions [17]. In [18], a collaborative human-robot performance
cost is found based on human behavior in a prosthetic walking scenario. Unlike these methods, which
either query the user for their preference or assume it for them, our method combines both, assuming
the user preference only after it has been learned over time through queries, leading to user-specific
preference learning and estimation.

Works that attempt to learn across different tasks are known as transfer learning methods [19]. In
transfer learning, the information learned in one task or environment is transferred to a new one, often
with some retraining. One of the most common cases for transfer learning is simulation to real-world (sim2real)
transfer [20]. This allows for extensive training of a task in a no-risk simulation environment before
executing potentially dangerous tasks in the real-world. Some works learn parameters for one task which
can be transferred to a new one to speed up training [21]. To the best of our knowledge, no other work
has attempted to transfer preferences between robotics tasks, although there is work in preference transfer
for other domains [22].

Often, to understand user preferences, a Graphical User Interface (GUI) is designed. GUIs are the
core medium for HRI, although sometimes physical devices such as haptics [23] or Brain-Computer
Interfaces (BCI) [24] are used. It is necessary for interfaces to effectively convey the environment and
information around the robot in order for the user to make an informed choice. Recently, there has been
an expansion in modes of interaction, drawing from Augmented Reality (AR) and Virtual Reality (VR).
These modes have been investigated as methods of demonstrating skills to robots [25]. In [26], a VR
interface is compared with a 2D keyboard and mouse interface. It is found that generally, keyboard and
mouse interfaces lead to better task performance, despite the natural motion afforded by VR. Following
these results, we design our interface to use keyboard and mouse, while kinesthetic teaching is used for
robot demonstrations.

This work combines preference learning and estimation with Learning from Demonstration
techniques. We hypothesize that humans have latent preferences for how skills should be performed.
However, these preferences may not be fully reflected in the skill demonstrations, which are often
suboptimal. Therefore, our goal is to enable robots to estimate and potentially learn human preferences
through interaction. To estimate human preferences, our framework (shown in Figure 1) from the
demonstration of a task, and then iteratively interacts with the user to find the human’s preferred way
of reproducing the modeled task. This requires a skill learning representation capable of producing
reproductions of an encoded skill in various ways through multi-objectivity. We achieve this through
a novel formulation for LfD consisting of an internal optimization problem that discovers optimal
reproductions of the skill, integrated with a multi-objective meta-optimization formulation that generates
variations of the skill reproduction by trading off the set of objectives. After a few exploratory interactions
with the skill learning model, we estimate the user’s preference. The discovered human preferences
then can be compared across users and tasks. Our contributions include: (a) a novel formulation for
LfD according to preference and a multi-objective representation of reproductions in preference space,
(b) design of a GUI for human-in-the-loop interactions to find preference, and (c) analysis of preferences
with respect to tasks and other users. We have tested our framework with 20 users across 3 different tasks.

We have also validated our assumptions used in these human-in-the-loop preference interactions in a
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separate study of 10 users, finding that users strongly prefer optimal robot executions. We find that while
different users and tasks do not often overlap in preference space, there are certain attributes, such as

specific amounts of smoothness, which show strong trends.
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Figure 1. Given a set of demonstrations, our framework builds a skill model and
reproduces the skill according to multiple objectives. We then estimate user preference
from feedback on various reproductions of the skill over time.

2. Methods

In this section, we formalize a skill learning algorithm that enables robots to learn from human
demonstrations. The demonstrations are encoded using an energy-based representation that allows for a
variety of reproductions. To allow for flexible reproduction of the skill under varying objectives, we
introduce a meta-optimization framework that wraps around the learning algorithm. This framework
enables the generation of the modeled skill while selectively emphasizing different objectives. We also
discuss the GUI which we design to facilitate interactions with users to capture preference, and how we

estimate user preference from interactions with our GUIL

2.1. Skill Learning from Demonstrations

Reproducing tasks aligned with user preferences requires a flexible LfD representation. There are several
popular LfD representations that are unable to perform to the specifications of our framework, such as
Dynamic Movement Primitives [27,28], which can change their behavior according to several parameters
but cannot replicate jerkiness in demonstrations, or Probabilistic Movement Primitives [29], which
require multiple demonstrations for best results. One LfD method of interest is Multi-Coordinate Cost
Balancing [30], which creates reproductions by balancing between several differential coordinate frames,
where the coordinate frames could represent arbitrary features. Unfortunately, this method cannot introduce

variable smoothness. One method that can have finely-tuned variable smoothness is elastic maps [31-33].



Robot Learn. Article

Building upon this idea, we propose a novel skill learning method that uses a set of (elastic map-like)
energy terms to generate reproductions that balance between differential coordinates and motion smoothness,
controlled by a set of tuning parameters. Notably, this approach differs from previous methods using elastic
maps due to our inclusion of multi-coordinate energy terms and tuning methods. To balance similarity in

differential coordinate frames and motion smoothness, we formulate the following energy terms:

u = (x—y) ' T'I(x—y), (1)
= (x—y) 'E'E(x—y), 2)
uz = (X—y)TRTR(X—y), 3)
us =y E'Ey, @
us=y'R'Ry, (5)

where u; is the Cartesian approximation energy, defined as the difference in Cartesian space between
the demonstrations x € R"*¢ and the reproduction y € R"¢, where I € R"*" is the identity matrix. The
Tangent approximation energy, uy, is defined as the difference in Tangent space between the demonstration
data and the reproduction, where E € R~ 1x7 ig the first-order difference matrix [34]. The Laplacian
approximation energy, u3, is defined as the difference in Laplacian space between the demonstration
data and the reproduction, where R € R"~2%7 ig the second-order difference matrix [34]. Finally, uy
and us are the stretching and bending energies, respectively. The approximation energies represent
weighted squared distance error terms, promoting adherence of reproductions y to demonstrations x
in each differential coordinate, where E'E, R"R, and for consistency, I'T are positive semi-definite
matrices. Typically, elastic maps rely on the Cartesian approximation energy as well as stretching and
bending energies (u1;us4;us), shown in Figure 2 [32]. These are constructed by attaching a series of
nodes (which can be used as a reproduction) to adjacent nodes and surrounding demonstration data via
springs. An optimization minimizing the spring energy between the nodes and modeled data (u), the
spring energy of stretching between adjacent nodes (u4), and the spring energy of bending two adjacent
spring connections (us) results in an optimal reproduction. However, these energies were not enough to
capture a wide variety of behaviors, such as maintaining the shape of a demonstration while ignoring its
Cartesian space properties. Therefore, we included u; and u3, allowing our method to capture a wide
variety of behaviors according to a user’s preference. Given a set of demonstrations, we find an optimal

reproduction of the skill by solving the following minimization problem:

N
minimize fo(y) =  au;
y i=1 (6)

.t fily) = Cy =x,

that is a convex sum of the energy terms (Equations (1)—(5)) weighted by scalar values a; > 0 for

includes a set of equality linear constraints fj(y) represented by the matrix C for constraining a point
along the reproduction y; to another point in X, the demonstration space. These set of equality constraints
has been included to ensure the key points of each task are preserved automatically, which results in

reducing user load and increasing task performance. The tasks chosen in our experiment are all defined
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by events such as actuating the gripper (e.g., in pick & place or pushing) or reaching some spatial extrema
(e.g., in pushing or erasing). To ensure important key points were preserved, we apply constraints to:
(1) the start and end points of the demonstrations, (ii) the maximum and minimum points in each axis in

Cartesian space, and (iii) any point the gripper is opened or closed.

| Reproduction y

, \ / ” \Demonstrationsx/
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Figure 2. Visualization of energies present in the elastic map. The elastic map finds a
reproduction y which minimizes the spring energies (u1; u4;us) associated between
the reproduction and demonstration(s).

The formulated optimization problem including five quadratic objectives is convex. Therefore, the

set of objectives in Equation (6) can be combined into a single quadratic objective:
U=(x-y) Q(x—y)+y'Ay
=y (Q+A)y—2x'Qy,

where Q =a;I'I+a,E'E+a;R"Rand A =a4E'E+asR"R are symmetric positive semi-definite
matrices. Note that the constant term x ' Qx has been removed from the objective because it is independent

of y. We obtain the following convex optimization formulation which is a quadratic program:

minimize y ' (Q+A)y —2x' Qy

(7N
s. t. Cy =x,
We use the Lagrange multiplier technique to construct the Karush-Kuhn-Tucker (KKT) system:
LA # LA # n #
20Q+A) CT y o 2Qx
C 0 1 x

where I is the Lagrange multiplier. This KKT system can be solved efficiently to find the saddle
point (y*; 1*) on the Lagrangian.

2.2. Multi-objective meta-optimization

The optimal solution of Equation (7) depends on A and Q matrices that are functions of the weight
parameters as A(au;as) and Q(a;;az;a3). By adjusting the a; parameters, we can reproduce the
encoded skill according to various preferences. Based on previous literature and relevant background

on human movement and biomechanics [35], we selected three objectives as the main dimensions in
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which user preference may be captured in association to robot task execution: (i) spatial similarity,
denoted as Ossg, measured by Sum of Squared Error between the reproduction and demonstration,
Osse = (x—y) ' (
demonstration, which determines the similarity in shape between the reproduction and demonstration

X —y), (ii) angular distance, denoted by Oang, between the reproduction and
as a cosine distance, Oang = (1=p) "=/ cos™!((a-b)=(||a|l2|/b|l2)), where | - || is the L>-norm,
a=y;;; —Yy;and b =x; | —X;, or the tangent of y; and x;, respectively, and (iii) smoothness, denoted as
Oswm, of the reproduction, which is a measure of the total jerk present in the reproduction, Osyt =y dr.
These objectives relate to the energies presented in Equations (1)—(5). Sum of Squared Error is directly
the Cartesian approximation energy, so optimizing Ossg would lead to a large penalty for u;, represented
by a;. Angular distance penalizes difference in shape, which is captured by the Laplacian approximation
energy (u#3). Smoothness is also represented by the energy terms for stretching and bending energies,
and (assuming smooth demonstrations) the Tangent approximation energy (u2, u4, and us). Therefore
these objectives can be changed as a result of the changes in the weighting parameters a;; ap;:::; as.
These objectives are often used as metrics for evaluating LfD representations [36,37]. Additionally, LfD
methods often aim to find some optimal tradeoff between these objectives [38,39]. In [38], a method
is proposed which uses a Laplacian transform to preserve the shape properties of a trajectory while
adapting to novel constraints. Alternatively, in [39], the authors explicitly formulate a tradeoff between
minimizing jerk (maximizing smoothness) and maximizing spatial accuracy in reproducing the given
demonstration. However, these objectives have not been used for evaluation of human preferences.
To ensure these objectives can accurately represent preferences, we perform a validation experiment
described in Section 2.5. Note that other objectives could be used, or more objectives in addition to the
three used here. However, the more objectives, the slower the meta-optimization. Therefore, we limit our
objectives to these three as they are still able to provide a wide array of behaviors and ability to capture
human preferences while not overcomplicating the meta-optimization.

We use these three objectives to form a multi-objective optimization problem with the decision
variables aj;ayp;::;;as. Notably, this is a meta-optimization on Equation (7), set up as the following
bounded unconstrained problem
minimize g(z) = [Ossg(2); Oanc(2); Osmr ()]

®)

S. t. Zmin < 2 < Zpax,

RM><3

where z = [a];ay; &3;a4; s is the set of decision variables, g* € is the resulting optimal objective

RM><N

values with corresponding optimal parameters z* € , and M is the population size. In our experiments,

multi-objective optimization using the Non-dominated Sorting Genetic Algorithm II (NSGA-II) [40].
NSGA-II creates a series of populations according to constraints which attempt to optimize the given
problem, and at each iteration the best solutions (of current and previous populations) are used to generate
the next iteration’s population. Additionally, more diverse (but still well-suited) solutions are maintained
for future generations. This genetic algorithm was chosen as we wish to find a set of options along the
Pareto front to present to the user, and NSGA-II generates a diverse set of Pareto optimal solutions quickly.
We also tested using NSGA-III [41,42] which is suited towards many-objective optimization problems,
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but found this algorithm provided roughly the same solutions with a longer runtime. The algorithm was
set to run for 1000 evaluations with a population size of 100.

Preference space: We de ne the space of all Pareto optimal solutions of Equation (8) as the preference
space. As shown in Figure 3, with three objectives, the preference space can be represented as a unit cub
We assume that the user's preferences which lie within this cube can be found through a series of queries
generated by trading off the three objectivig3sse2); Oanc(2); OsmT(2)]. Note that this preference
space could incorporate more objectives and be extended into higher dimensions. For the purposes of this
work, we have used 3 objectives, and visualize this preference space as a unit cube.

Figure 3. Visualization of options presented to user. Top (3D scatterplot) and bottom
left (parallel plot): all possible solutions (Pareto front) are shown in gray, the options
shown on the rst screen (broad preference) are shown in blue, and the options
shown on the second screen (re ned preference) are shown in red. Bottom right: 2D
projection of the Pareto front options, showing distributions across each objective.
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2.3. User interface design

To evaluate user preference, we designed a GUI, as seen in Figure 4, which presents several trajector
options to the user prompting them to select their preferred options. Three options are presented to
the user to allow for a selection diverse trajectories while not overwhelming the user with too much
on the GUI A3]. Each option includes a 3D plot of the reproduction along with the demonstration, a
series of performance evaluations (corresponding to objectives used in Equation (8) measured with the
current reproduction), and options to select or preview the trajectory. A robot visualization using RViZ is
presented at the bottom of the screen. If the user selects the “Preview Option” button for any option, the
simulated robot executes the selected trajectory.

Figure 4. The designed Graphical User Interface (GUI). In (a) Users are rst shown
three different trajectory options in preference space. Upon selecting one of these
options (orange box), they are taken to (b) where they are presented with three options
in preference space that are similar to the selected option.

Once an option is selected on the screen (a), the interface moves to a screen (b) which has the sam:
layout as the rst, but presents options similar in preference space to the selected trajectory. A user may
choose to go back to the screen (a), or if they select an option, the robot will begin executing the selected
movement. Over time, the interface learns the motion preferences of the user, and presents options close
to their conveyed preference.

2.4. User preference determination

After finding a set of optimal solutions using Equation (8), three of these solutions are shown to the user
when selecting a reproduction. Our design decision behind showing the user 3 options is Millergd,aw |
which states that about 7 options is best for user decisions. We employ a 2-stage selection process, with
three options shown at each stage. We employ several algorithms in order to ensure a variety of behaviors
are shown to the user for selection, while also allowing for fine-tuning of the user's preference.



Robot Learn. Article

An example Pareto front solution can be seen in Figure 3, with a 2D projection of the Pareto front
and distributions across each objective. Internally, every reproduction (i.e., a Pareto efficient solution) is
normalized to be measured on a scalfdpt] for each of these objectives (lower is better for all objectives) to
create the preference space. To estimate the user's preference, we use an Exponential Moving Average (EMA
with bias correction [45], as
_bpii +(1 b)s |

1bi ®)

Pi

where for tha-th iteration,p; is the estimated preferencejs the selected preference, ands a tuning
parameter. This results in the newly estimated prefergnes a shift from the previously estimated
preferencepj1 towards the newly selected prefererscby some amount according o This moving
average is used as user preference may shift between tasks, and EMA can quickly respond to shifts.
In order to accurately assess preference, the user must be shown a variety of options to select from
To determine which options were shown in each selection screen, we employ two different algorithms.
The rst algorithm, used for screen (a), aims to show a variety of options to get a general idea of the user's
preference, and the second algorithm, used for screen (b), re nes the preference selection. We begin by
selecting an option to present to the user which most closely matches their current preference, as
r.1 =argminkg p iko, (20)
r;129
wherer;.1 is the rst option shown to the user in theh iteration and gis all possible selections given
by Equation (8). This only works if there is already a known preference, which isn't available on the rst
iteration. If preference is unknown, we randomly sample the Pareto front, nding probabilities:
gk .
pi1 =s(kg ko) = Wfou—l,...,M, (11)
wherep;.; are the probabilities for iteratiarthat a potential selectiah2 g will be shown to the user
ands() is the softmax function. This probability is sampled to nd the rst option shown on screen as

ri.1 P 1. We then nd the second and third options (whether preference is known or not) using:
il !
Pij=s akg rixke | (12)
k=1
whererj> p i2 is sampled before calculating probabilitigg. This probabilistic method nds options
to present to the user which are likely different in preference space. Examples of options presented to the
user on screen (a) are shown in cyan in Figure 3, with possible trajectories shown at the top of Figure 4.
On screen (b), we wish to present options similar to the option selected on the rst screen. Therefore, we
show the two closest options in preference space to the selected trajectory, shown in red in Figure 3.
We assume preferences lie on the Pareto front and validate this assumption in a separate experiment
We also give the users choices between several objectives, as we believe only optimizing one of the
objectives in Equation (8) leads to poor results, as can be seen in Figures 5 and 6. In each gure, we
minimize one of each of the three objectives, which leads to reproductions which do not generalize

10
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(for Ossg Oang) or over-generalize (foDsyT). It is only through a combination of objectives (as seen

by the Pareto front option, which minimizes all three) that a preferred reproduction of the task can be
found. These reproductions are shown in simulation in Figure 5, and the real-world executions are shown
in Figure 6. As can be seen from these results, the execution which provides a mix of optimizing the
objectives provides the best erasing of the drawn shape. The forces felt on the robot during execution
were also recorded, with the maximum and average results shown in Table 1. The executions which
minimize Ossg andOang record the lowest maximum forces of the executions, but the Pareto front
mix of objectives results in the lowest average forces. These results show that using all objectives in
Equation (8) provides the best results rather than optimizing for only a single objective.

Figure 5. A comparison between the extreme choices for each objetige Oanc; OsmT)
and a Pareto front solution which optimizes all three objectives for a selected erasing
demonstration. Real-world executions of these trajectories can be seen in Figure 6.

Figure 6. The trajectories shown in Figure 5 executed on the robot. The task was
to erase an “S” shape (shown on left). As can be seen of the results on the right, the
Pareto front trajectory which minimizes all objectives performs better than minimizing

a single objective.

11



Robot Learn. Article

Table 1. Forces felt by the robot across executions which optimize each of the objectives
in Equation (8) as well as a Pareto front option which optimizes all objectives.

Min Osse Min Oang Min OgmTt Pareto
Max Force (N) 30.49 30.41 33.46 32.32
Average Force (N) 4.60 4.44 4.47 3.77

2.5. Validating user preferences

In our method described above, we make several key assumptions which are necessary to be validatec
The rstis our assumptions that users prefer reproductions which lie on the Pareto front as opposed to
Non-Pareto solutions. The second is our selection of objectives can accurately represent user preference
spatial similarity, angular similarity, and smoothness. To validate these assumptions, we perform a
separate user study. In this experiment, we present a user with a pre-recorded demonstration and 5 option:
for reproductions: one which maximizes spatial similarity, one which maximizes angular similarity, one
which maximizes smoothness, one which is an optimal mix of the three objectives in Equation (8), and
one sub-optimal solution which does not lie on the Pareto front. Users are asked to rank these solutions
from most to least preferred using the GUI shown in Figure 7. The order in which these reproductions are
shown to users is randomized to avoid biases such as the ballot order effect. Users are allowed to preview
the reproductions through 3D plots, RViZ visualizations, and executions on the real robot as many times as they
wish. Once the user is satisfied with their rankings, their ordering is recorded and the experiment concludes.

Figure 7. The GUI used to allow users to rank their preferred reproductions. Users
were asked to rank ve reproductions, three of which minimized each objective in
Equation (8) one which mixes these objectives similar to user preferences, and one
sub-optimal reproduction which does not lie on the Pareto front.

3. Results

3.1. Experimental setup

All experiments were performed in a lab with a Universal Robots UR5e 6DOF manipulator arm equipped
with a Robotiq 285 gripper (as seen in Figure 8). First, users were brought into the lab and asked to
perform one of the following tasks:

» Pick & place—picking a cup from a dishwasher and placing it next to the robot,

12
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» Pushing—closing a dishwasher drawer, or

» Erasing—erasing a shape drawn on a whiteboard next to the robot.

Task order and distribution were counterbalanced between participants. The robot started in a
default position for every demonstration and execution, but users could end their demonstrations at an
arbitrary position. All demonstrations were captured through kinesthetic teaching. Users were allowed
as many attempts as they wished to perform a demonstration that they deemed satisfactory. After eact
demonstration or execution of the task, the workspace was reset. Both experiments were approved by ar
IRB, and all participants were compensated for their time.

Figure 8. The three tasks used in our user study: (a) pick & place; (b) pushing; and
(c) erasing letter “S”.

3.2. User study on preference ranking

We validate our assumptions as described in Section 2.5. In this experiment, users are not asked to
give a demonstration of one of the three tasks in Figure 8 and it is instead provided for them. The
GUI (shown in Figure 7) was used to capture rankings between reproductions which capture different
preferences. This experiment consisted of 10 participants. Most importantly, this experiment seeks
to verify that users prefer optimal (Pareto) solutions to suboptimal ones. The rankings in Figure 9 show
box-and-whisker plots of the rankings, and it can be seen that the Non-Pareto (NP) solution is signi cantly
the least-preferred optiorp(< 0:005). In fact 8 out of 10 users ranked it as such. Notably, the only

13
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other reproduction to be ranked as least-preferred was the reproduction which maximized smoothness
Both users who ranked the smooth reproduction lower were given an Erasing task, where spatial and
angular similarity are more important. This validates our assumption that users strongly prefer optimal
reproductions, and therefore we ignore all Non-Pareto solution in our study for exploring user preference.

Figure 9. Rankings for validating preference of users. Users were asked to rank
ve reproductions of a task: three of which respectively minimized each of the
objectives in Equation (8), one which provides a balanced mix of optimizing these
objectives (Mix) and one suboptimal reproduction which does not lie on the Pareto
front (NP). For all box-and-whisker plots, the median is shown with a solid red line,
and the mean is shown with a dashed blue line. Whiskers are 1.5 interquartile range.

Additionally, we used this experiment to verify that our selection of objectives (spatial similarity,
angular similarity, and smoothness) can accurately represent user preferences. If any of these objective:
could not capture user preferences, we would expect it to be ranked lower than the other objectives,
which is not seen. In fact, reproductions which minimize each objective individually as well as a mix
of the objectives are each ranked by different users as their most-preferred. However, it could be the
case that none of the objectives we selected are re ecting user preferences, and optimal solutions are
simply better than non-optimal ones. To ensure the presented reproductions re ected user preferences
we conducted an exit survey with the experiment. One of the questions of this survey was “Do you
think any of the trajectories accurately represented your preference for the task? (1: Not accurate,
5: Very Accuratg” Participants indicated the trajectories were “mostly accurate” representations of their
preferencerf = 3:90;s = 0:87). In fact, all responses indicated trajectories were “accurate” or better at
re ecting their preference. Therefore, our selected objectives can be used for representing and nding
user preferences.

3.3. User study on preference exploration

Next, we allow users to explore their individual preferences for the tasks shown in Figure 8. The user
was shown three options from our GUI (shown in Figure 4), and asked to select their preferred option.
The user can preview each option by looking at the resulting trajectory the robot would take through
the workspace or with a visualization of the robot motion using planning with Movelt! and RViZ. Once
the user selects one of these options, they are shown screen (b) with the selected option and two othe
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