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ABSTRACT
Understanding human intentions is critical for safe and effective
human-robot collaboration. While state of the art methods for hu-
man goal prediction utilize learned models to account for the un-
certainty of human motion data, that data is inherently stochastic
and high variance, hindering those models’ utility for interactions
requiring coordination, including safety-critical or close-proximity
tasks. Our key insight is that robot teammates can deliberately
configure shared workspaces prior to interaction in order to re-
duce the variance in human motion, realizing classifier-agnostic
improvements in goal prediction. In this work, we present an algo-
rithmic approach for a robot to arrange physical objects and project
“virtual obstacles” using augmented reality in shared human-robot
workspaces, optimizing for human legibility over a given set of
tasks. We compare our approach against other workspace arrange-
ment strategies using two human-subjects studies, one in a virtual
2D navigation domain and the other in a live tabletop manipu-
lation domain involving a robotic manipulator arm. We evaluate
the accuracy of human motion prediction models learned from
each condition, demonstrating that our workspace optimization
technique with virtual obstacles leads to higher robot prediction
accuracy using less training data.

CCS CONCEPTS
• Computing methodologies→ Robotic planning; Planning
under uncertainty; • Human-centered computing→Mixed /
augmented reality.
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Figure 1: Workspace configuration affects the robot’s ability
to correctly predict the human’s goal – the blue square cube.
Left: The legible path (dotted) requires the human to take a
circuitous route while the natural path (solid) is not legible.
Right: Our approach generates a workspace configuration by
arranging physical objects and projecting “virtual obstacles”
in AR (cyan and red barriers), in order to induce naturally
legible paths from the human.

1 INTRODUCTION
In human-robot collaborative tasks, shared mental models between
agents enable the awareness and joint understanding required for
effective teamwork [32]. With no shared notion of the task to
be completed, the inherent stochasticity and opacity of human
decision-making makes robot planning difficult [30]. To this end,
prior research efforts have focused on developing robots that can
predict human behavior [15, 19, 29], generating motion plans to
safely interact in a shared environment [11, 26]. However, these
methods are limited by the quality of robot predictions of a human
collaborator’s intention and resultant behavior. With inaccurate
human models or unexpected human behavior diverging from past
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Figure 2: Our approach for generating workspace configurations that enable accurate human goal predictions. (1) In the
initialization phase, we sample random environment layouts to populate the behavior performance map, which stores diverse
and high performing solutions. This is followed by the improvement phase where we sample directly from the map and add
perturbations to test whether the legibility is improved. (2) In both phases, we compute the legibility of the sampled layout by
computing the probability of predicting the correct goal at each stage of the task execution. (3) We compute the features of the
sampled layout to determine its location in the map. (4) The map is updated if the legibility score of the sampled layout is
better than the existing one.

experiences, the robot may produce unsafe interactions [20], espe-
cially in safety-critical or close-proximity settings [36].

To address the inherent challenges of accurately predicting hu-
man motion early in a demonstrated trajectory, our key insight is
that robots can take an active role in structuring the environment
to reduce the variance of human motion caused by dense and over-
lapping task spaces, thereby improving the performance of human
behavior models. In this work (see Fig. 1), we introduce an algo-
rithmic approach for a robot to configure a shared human-robot
workspace prior to interaction in order to improve a robot’s ability
to predict the human collaborator’s goals during task execution.
As detailed in Fig. 2, we present an objective function that scores
potential workspace configurations in terms of how legible the
actions of a human teammate are likely to be when performing a
task in that environment. We use the mathematical formulation of
legibility from [5], which computes the probability of successfully
predicting an agent’s goal given an observation of a snippet of its
trajectory. Our approach finds workspace configurations that maxi-
mize legibility over the valid goals at each stage of task execution.

Each candidate workspace configuration combines a potential
arrangement of physical objects and projection of “virtual obstacles”
in augmented reality (AR) in the environment. While the arrange-
ment of physical objects can be achieved prior to the shared task
via a simple composition of robotic pick and place actions, the ad-
dition of augmented reality-based virtual obstacles is particularly
effective in imposing explicit constraints on the possible motions
of the human, without requiring additional physical changes to the
environment. Note that our approach does not restrict the human
to a particular goal and retains their ability to decide on the goal
they’re reaching towards. Humans also have the flexibility to alter
their decisions midway through a task, since goal prediction is
performed at every time step.

We efficiently explore the space of workspace configurations
using a quality diversity (QD) algorithm called Multi-dimensional
Archive of Phenotypic Elites, or MAP-Elites [22]. Instead of finding
a single optimal solution, MAP-Elites produces a map of perfor-
mant solutions along dimensions of a feature space chosen by the

designer. MAP-Elites enables efficient and extensive exploration
of complex search spaces, leading to higher quality solutions as
compared to other search algorithms [4, 24].

We empirically demonstrate that our workspace optimization
approach improves the accuracy of human goal prediction models,
showing results for both a Bayesian predictor with learned cost
functions usingMaximum Entropy Inverse Reinforcement Learning
(MaxEnt IRL) and a time series multivariate Gaussian model. We
collect human motion data in an online 2D navigation experiment
and a real world tabletop experiment involving a robotic manip-
ulator, comparing our approach to other workspace arrangement
strategies. In summary, we present two primary contributions: 1)
an algorithm for optimizing the placement of physical and virtual
objects in a shared human-robot workspace for maximizing human
legibility, and 2) an evaluation of that algorithm via two human
subjects experiments, showing that it influences human behavior
in ways that improve a robot collaborator’s prediction model.

2 RELATEDWORK
Planning using Human Motion Models. In human-robot collabora-
tion, the robot needs to predict humanmotion in order to coordinate
its actions with those of the human. Prior work has developed mo-
tion planning algorithms that models human motion and generates
robot plans to safely interact with humans in tabletop [14] and
navigation [10, 27] settings. To account for the uncertainty in hu-
man motion prediction, prior work has used partially observable
Markov decision processes (POMDPs) to determine optimal actions
for a robot given a probabilistic belief over the human’s intended
goals [11, 26]. These methods rely on the human motion model to
achieve safe interactions, but human motion is inherently highly
variable as humans can always move unexpectedly. The difficulty
of the problem can be seen by the variety of approaches taken to-
ward accurate human motion prediction: Gaussian models [17, 28],
dynamic movement primitives [18, 37], latent representation learn-
ing [2, 21], and imitation learning [6, 19], among various other
methods [29]. Our work takes a different approach and addresses a
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fundamental challenge faced by all human motion prediction mod-
els; we reduce the uncertainty inherent in modeling the intentions
of human collaborators by pushing them towards legible behav-
ior via environment design. Our work improves human motion
model predictions by increasing environmental structure to reduce
uncertainties, facilitating more �uent human-robot interactions.

Environment Design in Robotics:Prior work has also explored de-
signing or modifying environments in order to better achieve agent
goals [33, 34]. Zhang et al. [38]proposed a framework for designing
environments that optimize an agent's reward, and Keren et al. [12]
extended it for stochastic transitions. Kulkarni et al. [13] generate
interpretable robot behaviors by modifying the environment. These
works show the potential advantages of a robot using environment
design to improve its task performance and interpretability. There
has also been work on modifying the environment for collabora-
tive teaming. Zhang et al. [39] optimizes warehouse layouts for
multi-robot coordination, and Bansal et al. [1] explores the idea of
robots moving objects to reduce the likelihood of future collisions
in a tabletop task. Our technique di�ers from prior work in that the
robot modi�es its environment with the explicit goal of improving
its ability to predict human behavior for �uent collaboration with
human teammates.

Finding the optimal environment by simply iterating through
all possible workspace con�gurations quickly becomes intractable
as the number of objects or possible states increases. To address
this, others have used quality diversity (QD) algorithms to generate
diverse environments for evaluating the performance of shared au-
tonomy algorithms [9] and explore diverse coordination behaviors
as a result of environment design [8]. Inspired by the success of
QD algorithms in �nding diverse solutions in large search spaces
[4, 24], we use MAP-Elites to search for environments that best
elicit legible human behavior. Our work extends QD approaches to
generate interaction scenarios that in�uence human behavior and
address the robot's limitations when collaborating with humans.

3 LEGIBLE WORKSPACE GENERATION
In this section, we describe our approach for modifying the shared
human-robot workspace to maximize legibility and enable more
accurate human goal predictions (summarized in Fig. 2).

3.1 Legibility Score
To evaluate the legibility of a workspace con�guration, we con-
sider the probability distribution of predicting that the human is
approaching goal� given an observed trajectory from start state(
to intermediate point&. We use the formulation developed by [5]
shown in Equation 1.

Pr¹� jb( ! & º /
4G?¹� � ¹b( ! & º � � ¹b�

& ! � º º

4G?¹� � ¹b�
( ! � º º

(1)

The optimal human trajectory from point- to point . with
respect to cost function� is denoted byb�

- ! . . Equation 1 evaluates
how cost e�cient (with respect to� ) going to goal� is from start
state( given the observed partial trajectoryb( ! & relative to the
most e�cient trajectory b�

( ! � .
LetG be the set of valid goals at the current time step. We develop

a legibility score (Eqn. 2) for use in our optimization objective that,
for every valid goal at a given time step in the task execution,

maximizes the margin of prediction between the human's chosen
goal� CAD42 G and all other valid goals. If the predicted goal is
not � CAD4, the score is penalized by a �xed cost2 multiplied by the
length of the sampled human trajectoryjb( ! & j. Otherwise, the
score is the di�erence of the two highest probabilities (computed by
the<0A68=function). The notation� ¹8º denotes the8-th index of a
sorted list of length= that represents the goal probabilities ordered
from least to most likely given the observed trajectoryb( ! & .

EnvLegibility¹� CAD4º =

8>><

>>
:

� 2jb( ! & j• if arg max
� 2G

Pr¹� jb( ! & º < � CAD4

<0A68=¹Gjb( ! & º = � ¹= º � � ¹= � 1º• otherwise
(2)

3.2 Optimization for Task Legibility
To generate a workspace con�guration with improved legibility
of the agent's goals for a task, we maximize the legibility score
from Equation 2 for all valid subtask sequences (Eqn. 3). We use
precedence constraints introduced by the structure of the task (i.e.,
which subtasks are prerequisites for other subtasks) to identify the
set of valid subtasks (and thus valid goalsG) at any given time step.

max
Õ

) 02permutations¹) º

1 f valid¹) 0º g �
Õ

C2) 0

Õ

� 2G

EnvLegibility¹� º (3)

Let ) 0 represent a valid subtask sequence, consisting of all:
subtasks of task) : C1• ”””• C: , ordered such that for each index8,
subtaskC8 has all precedence constraints satis�ed. Each subtask
has one or more goals that an agent can reach to complete it. For
example, the task �Set Table� may have a subtask �Get/Place plate
on place mat� with multiple satisfying goals (multiple place mats).
Additionally, since there are often multiple valid subtask sequences
given an observed set of subtasksC1• ”””• C8, G represents the set
of goals corresponding to all uncompleted subtasks with satis�ed
precedence constraints. For example, after a plate is set, �Get/Place
Fork� and �Get/Place Spoon� may be equally valid as the next
subtask to perform. At this point,G includes potential goals for
both fork and spoon placement subtasks. The objective function
considers all possible goals that the human might be reaching for
at a given stage of task execution and maximizes the probability of
correctly predicting the human's chosen goal.

3.3 Search using Quality Diversity
Iterating through all possible workspace con�gurations to �nd the
optimal solution is intractable since the number of possible con�g-
urations is exponential in the number of goals, virtual obstacles,
and size of the workspace. We use MAP-Elites [22] to approximate
the optimal solution.

In Algorithm 2, MAP-Elites maintains a behavior performance
map, or solution map( , that stores high performing solutions across
features or behaviors of interest. To �nd the most legible workspace
(objective function� ), the designer chooses a set of features or be-
haviors (computed by measure function" ) such as the distance
between the objects or the number of virtual obstacles. The algo-
rithm would then �nd the most legible workspace for each possible
combination of features found. As input, the algorithm also requires
a model� � that outputs human trajectory given a goal.� � can be
learned from data via inverse optimal control [19] or approximated
via shortest path to goal [5].
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Algorithm 1: improve_workspace

Input: Workspace con�gurationF , objective score of wBF ,
objective function� , measure function" , Solution
map S, Solution values V

Initialize: Best con�gurationF �  F , Best scoreB� = BF
1 � = sample_perturbations(F )
2 for 0 2 � do
3 Generate new workspaceF 0 = apply_perturbation(F , 0)
4 Compute legibility scoreBF 0 = � ¹F 0º
5 if BF 0 ¡ B� then
6 Update best workspaceF � = F 0

7 Update best scoreB� = BF 0

8 Determine featuresm = " ¹F 0º
9 if ( »m¼= ; orBF 0 ¡ + »m¼then

10 Update solution map( »m¼= F 0

11 Update solution values+ »m¼= BF 0

12 if F � < F then
13 return improve_workspace(F � )
14 return F �

Algorithm 2: Workspace Generation with MAP-Elites

Input: Human Trajectory Generator� � , Objective
function � , measure function"

Initialize: Solution map(  ; , Solution values+  ;
1 for 8= 1• ”””• #do
2 if 8Ÿ #8=8Cthen
3 Generate workspaceF = random_workspace()
4 else
5 Sample workspace from mapF = random(S)
6 RunF = improve_workspace(F )
7 Determine featuresm = " ¹F º
8 Determine objective scoreB= � ¹F º
9 if ( »m¼= ; orB¡ + »m¼then

10 Update solution map( »m¼= F
11 Update solution values+ »m¼= B
12 return S, V

MAP-Elites (Alg. 2) consists of two phases: initialization and
improvement. In the initialization phase, we randomly sample
workspaces for#8=8Citerations (Line 3) and store them in the corre-
sponding cell in the solution map by computing the features (Lines
7-11). In the solution map( , the cell associated with the vector
of feature values< is denoted( »< ¼. For# � #8=8Citerations, we
perform the improvement phase: we �rst randomly sample from
the solution map (Line 5) and then empirically approximate the gra-
dient (Line 6) to improve the solution. Following di�erentiable QD
[7], we use gradient information to speed up search. Unlike [7], our
implementation only estimates gradients of the objective function
and not the measure function. Since we empirically approximate
the gradient using stochastic sampling (Alg. 1), the environment up-
dates may not always align with the steepest ascent direction. This
can lead to "suboptimal" solutions that can, however, contribute to
increased diversity.

As detailed in Algorithm 1 (theimprove_workspacefunction),
Line 1 samples perturbations to the workspace (i.e. changing an
item's position, adding or removing a virtual obstacle). For each per-
turbation, a new workspace con�gurationF 0 is generated by apply-
ing the perturbation. We keep track of the current best workspace
F � in terms of the objective score (Lines 5-7) and update the so-
lution map if a better environment was found for the featuresm
(Lines 9-11). If there was an improvement to the workspace, we
run Algorithm 1 again (Lines 12-13). Otherwise, a local minima has
been found, and we return the best workspace found (Line 14).

4 EVALUATION
We evaluate our approach in two environments: a) single player
Overcooked [3] and b) tabletop collaborative pick and place with a
Sawyer robot. These experiments validate our approach across nav-
igation and tabletop domains while analyzing two distinct forms
of human-borne motion data. To predict the human's goal given
a partial trajectory in Overcooked, we use the Bayesian predictor
developed by Dragan et al. [5] (Eqn. 1). For the tabletop experi-
ment, we implement the time series multivariate Gaussian model
proposed in [28] to predict which cube the human is reaching for.
We chose these models as representative examples of two distinct
approaches to human motion prediction. Collectively, these ex-
periments demonstrate the broad applicability of our approach
across varied environments and tasks, as well as varied human goal
classi�cation techniques.

4.1 Hypotheses
H1:Environments generated by our approach will enable more ac-
curate predictions of the human goal throughout the task execution
compared to baseline environments.
H2:The prediction models will have better accuracy than predic-
tions based on heuristics such as predicting the goal that is closest
to the current trajectory.
H3:Prediction models trained in environments generated by our
approach will be more data-e�cient, requiring fewer examples to
reach peak performance levels as compared to those trained in
baseline environments.

4.2 Overcooked Experiment
4.2.1 Experimental Setup.The Overcooked game (Fig. 3a-d) re-
quires participants to fetch ingredients, place them in a pot, plate
the cooked dish, and deliver the dish to a serving station in a grid
world environment. We chose to run the experiment with a single
human agent in order to isolate the e�ects of environment design
on the goal predictability of human agents. An investigation on
combining robot policy and environment design to in�uence goal
prediction is an interesting direction for future work. We conducted
an IRB-approved Amazon Mechanical Turk experiment with 20 par-
ticipants aged 18 or older and with at least a95%approval rating.
Each participant played in �ve rounds�one training round followed
by four conditions in randomized order. Each round had three soup
deliveries with the following ingredients: 2 tomatoes + 1 onion, 2
onions + 1 cabbage, and 3 �sh. The soups and the ingredients could
be delivered or placed in the pot in any order. At each time step,
we recorded the game state and action taken by the participant.
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