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How does reporting bias change?
What new knowledge do models have access to?
What advances in modeling and fusion are necessary?
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Why?
Language that a ects the world
Help! I like the cream separated from the oreo

Access to Broader Semantics
What’s it like to drive a bus?

HERB (Siddhartha Srinivasa)
How many hours of watching to achieve same level of performance
as 30m of practice?
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https://www.youtube.com/watch?v=SqGdH8lWvbA

Hierarchy, Abstraction, & Scripts
In nite variations
1. How to generalize
2. How to instantiate
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Mooney and DeJong — Learning Schemata for Natural Language Processing — IJCAI 1985

Hierarchy, Abstraction, & Scripts
…
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t0

Cook the pasta

“Strain the pasta”

…
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t1

Drain the pasta
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t2 Add pasta to the sauce

Pour
the
pasta
and
Once
the
pot
with
the
1. Put a large pot half full
1. Take the strainer with the
1.sink
Put the strainer in the sink.
Put
the
strainer
in
the
of water on the stove.
pasta and pour the pasta
water into the strainer
pasta
2. Once the pot with pasta
is coolis cool enough,
into the sauce.
2. Turn the heat on under the pot
enough, grab it by the handles.
grab
by 2.the
handles
and wait for the water to boil hard. 3. Pour the pasta and water
into the it
strainer
Stir the
pasta into sauce while itin
is inthe
the sink

…

in the sink.
pan.
3. Pour the pasta into the boiling water.
Let the pasta and sauce simmer for a few minutes.
4. Pick up the strainer and shake it a little bit3.so
more water comes out.

~
~
~
✓
✓
✓
j
k
i
Figure 1: An example
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tiple types of hierarchy and abstraction: the example
contains sequences of complex instructions,
given
both
Bisk et al — Benchmarking Hierarchical Script Knowledge — NAACL 2019
Multimodal: Fried et al — Learning to Segment Actions from Observation and Narration — ACL 2020

Lexical Semantics
“Strain”

Corpus

=

Perception

Burden, stress, colander, …

=

~
✓j
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Internet

Embodied

Pick-up
What’s hidden in that?

Pick-up isn’t an action,
it’s a post-condition

Does “pick up” mean the same thing for all of these?

Mousavian
et al. 6-DOF by
GraspNet:
Variational
(middle) All
All the
the grasps
grasps that
that
are generated
generated
by our
our method.
method.Grasp
(right) Grasps
Grasps that
that
igure 2. Visualization of the predicted grasps for the mug. (middle)
are
(right)
Does “pick up” correspond to a speci c action sequence?
Generation for Object Manipulation — ICCV 2019
re both kinematically feasible and collision free color-coded by the
the predicted
predicted scores.
scores. Green
Green is
is the
the highest
highest and
and red
red isis the
the lowest.
lowest.
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• To improve the precision of the VAE samples, we introduce a grasp evaluator network that maps a point

object
object parts
parts that
that affect
affect grasp
grasp success.
success. Yan
Yan et
et al.
al. [35]
[35] circumcircumvent
vent this
this problem
problem by
by including
including the
the auxiliary
auxiliary task
task of
of reconrecon-

Why is embodiment hard?
Action Space Semantics
•
•
•
•
•

Predicates
Pixels
End-e ectors
Torques
…

Implicit Plans
•
•
•
•
•

Scripts
Pre-conditions
Post-conditions
Success
…

ff

🚨Bold unsubstantiated claim that I can’t deliver on🚨
None of these should be symbolic

Stephanie Rosenthal and Manuela Veloso
Computer Science Department
Carnegie Mellon University
Pittsburgh, PA 15213

The Gap

+Visual Complexity
+Language Complexity

Navigation in simulation

Navigation in the world

Abstract

Indoor autonomous mobile service robots can overcome
their hardware and potential algorithmic limitations by
asking humans for help. In this work, we focus on
mobile robots that need human assistance at specific
Figure 3: Human Participants’
first-person view from pose locations (e.g., to push buttons in an
spatially-situated
of the simulated robot (blue circle) at the easel (’E’) in the
map. M
experienced the view as the text token list:
elevator or to make coffee in the kitchen). We address
[(Cement, Easel, Cement, Butterfly, Wood, Butterfly),
(Wall, Empty, Wall, Butterfly, Wood, Butterfly),
problem
of what the robot should do when there are
(Cement, Empty, Wall, the
End, Wall,
End)]
Figure 4: Bottom: Map of one of three virtual environments
(not seen
by participants).
Three regions share a As
wall hangno humans present at
such
help
locations.
the
robots
ing of a fish, butterfly, or Eiffel Tower. Each long hallway
person perspective as the
followers;
and (4) M we
can argue
has a unique
flooring.
Lettersshould
above mark objects
(e.g. ’C’
are
mobile,
that
they
plan
to
proacnavigate the same environments as people.
is a chair), numbers indicate named positions.
Each of the three large-scale
spacesseek
used had forty
loca- and travel to offices or occupied locatively
help
tions, seven long paths with distinct textured flooring, seven
Route Instruction Corpus Statistics
to twelve short paths with a common cement floor, and nutions
to
bring
people
to the help locations. Such planmerous visual and structural features. Each environment
For some routes, the director either did not enter any text or
contained seven named locations that were the start and end
only entered a comment, e.g. “I don’t know.” For this Anderson
evaluettime
al. CVPR 2018
ning
involves
many
trade-offs,
including
the
wait
points of the routes that the directors were asked to describe.
ation of M
, we omit training routes, duplicated routes,
The layouts are difficult for people to learn and navigate, so
and the empty route descriptions, leaving 682 route instructhethe directors
helpandlocation
help,Theand
they provide challengesat
for both
followtionbefore
texts that M seeking
and people followed.
route in-the time
ers. Figure 3 shows an example human view of the environstructions had a mean of 34.5 words from a lexicon of 587
Simpli
Action
space
ment (Top)
and theMap
textual
view
thevirtual
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M interruption
words and, as modeled,
had means and
of
4.7 context
frames anded
and
potential
to
find
displace
someFigure
4: Bottom:
of one
of of
three
environments
Rosenthal and Veloso AAAI 2012
MacMahon,
Stankiewicz,
and
Kuipers
AAAI
2006
sees
(Bottom).
Figure
4
shows
the
overhead
layout
map
(not
5.1
compound
action
specifications.
(not seen by participants). Three regions share a wall hangseenofbya participants)
of this
environment,
with
the
follower’s
The six directors
in this study vary
significantly in writ- parameFigure
1:
Our
CoBot
robots
are
capable
of
aut
one
in
an
office.
to
choose
appropriate
ing
fish,
butterfly,
or
Eiffel
Tower.
Each
long
hallwayIn order
Chen
and
Mooney
AAAI
2011
Static
Environment
movement
trace
marked.Letters above mark objects (e.g. ’C’
ing style as a group and across different route instructions.
has
a unique
flooring.
Acrossdecisions,
directors, style varieswe
significantly
in length
of the
director’s
taskindicate
in ters
each named
environment
is split into three such
is aThe
chair),
numbers
positions.
calization and navigation, but cannot manipulat
to
represent
first
conduct
a surinstructions (m=36.4, sd=16.5 words), size of the lexicon
phases. In the first phase, a director freely explores the enused (m=213, sd=55 words), number of frames used (m=5.0,
vironment. Second, the director is quizzed for navigation
vey
to
understand
potential
helpers’
preferences
sd=2.0 frames), efficiency
of the routestravel
(m=55, sd=21
percompetency in the environment. Once able to pass the comARCO

ARCO
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ARCO
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ARCO

-

Grounding Spectrum
Action sequence length
(e.g. Memory, Alignment, pre-/post-conditions)

Language

YouCook2

Proceedings of the Twenty-Sixth AAAI Conference on Artificial Intelligence

EpicKitchens

Mobile Robot Planning to Seek Help with Spatially-Situated Tasks
VCR
VizWiz

Action output space
(e.g. end-e ector position? Quaternions? Torques?)

Stephanie Rosenthal and Manuela Veloso

GQA

Computer Science Department
Carnegie Mellon University
Pittsburgh, PA 15213

Vision

VQA

Abstract

Indoor autonomous mobile service robots can overcome
their hardware and potential algorithmic limitations by
asking humans for help. In this work, we focus on
mobile robots that need human assistance at specific
spatially-situated locations (e.g., to push buttons in an
elevator or to make coffee in the kitchen). We address
the problem of what the robot should do when there are
no humans present at such help locations. As the robots
are mobile, we argue that they should plan to proactively seek help and travel to offices or occupied locations to bring people to the help locations. Such planning involves many trade-offs, including the wait time
Figure 3: Human
Participants’
first-person
fromthe
pose time
at the help location
before
seeking
help,viewand
of the simulated robot (blue circle) at the easel (’E’) in the
and potentialmap.
interruption
to the
find
displace
M ARCO experienced
viewand
as the text
token list: someFigure 1: Our CoBot robots are capable of autonomous loEasel, Cement,
Butterfly, Wood,
Butterfly),
one in an office.[(Cement,
In order
to choose
appropriate
parame(Wall, Empty, Wall, Butterfly, Wood, Butterfly),
calization and navigation, but cannot manipulate objects.
ters to represent(Cement,
suchEmpty,
decisions,
we
first conduct a surWall, End, Wall,
End)]
Figure 4: Bottom: Map of one of three virtual environments
vey to understand potential helpers’ travel preferences(not seen by participants). Three regions share a wall hanging of a fish, butterfly, or Eiffel Tower. Each long hallway
in terms of distance,
interruptibility, and frequency ofhas a unique flooring. If
tasks
require
these
person perspective as the followers; and (4) M ARCO can
Letters
above mark
objects (e.g.
’C’ actions, we argue that robots should
navigate
same environments
providing help.
Wethethen
use theseas people.
results to contributeis a chair), numbers indicate
plannamed
to positions.
complete the task by seeking help a human in the
Each of the three large-scale spaces used had forty locaa decision-theoretic
to evaluate
the seven
possible
tions, seven algorithm
long paths with distinct
textured flooring,
environment (Rosenthal, Veloso, and Dey 2012).
Route Instruction Corpus Statistics
to twelveand
short paths
a commonto
cement
floor, and nu- seek
choices in offices
planwithwhere
proactively
merous visual and structural features. Each environment
For some routes, the director
either CoBot
did not enterrobots
any text or (Figure 1), for example, are capable of
Our
help. We demonstrate
algorithm
contained seventhat
namedour
locations
that were theaims
start andto
endminionly entered a comment, e.g. “I don’t know.” For this evalupoints of the routes that the directors were asked to describe.
ation of M ARCO, we omit
training routes, duplicated
routes,
autonomous
localization
and navigation (Biswas and Veloso
mize the number
of
office
interruptions
as
well
as
task
The layouts are difficult for people to learn and navigate, so
and the empty route descriptions, leaving 682 route instruccanTheperform
tasks such as delivering messages to
they provide challenges for both the directors and followtion texts that M ARCO2010)
and peopleand
followed.
route incompletion time.
ers. Figure 3 shows an example human view of the environment (Top) and the textual view of the simulator M ARCO
sees (Bottom). Figure 4 shows the overhead layout map (not
seen by participants) of this environment, with the follower’s
movement trace marked.
The director’s task in each environment is split into three
phases. In the first phase, a director freely explores the environment. Second, the director is quizzed for navigation
competency in the environment. Once able to pass the competency test by navigating efficiently among the named locations, the director is queried for directions between all pairs
of named places in the environment. For each route, the director types a set of instructions, then navigates to the goal,
and then self-rates his(her) belief that (s)he has reached the
goal and the quality of his(her) own instructions.
To gauge the quality of the route instructions, another
group of people evaluated the route instructions. Thirtysix participants (15 female, 21 male) read the route instructions and attempted to follow the routes described in the virtual environments. While navigating, the follower could reexamine the route instructions by pressing a key, which covered the navigation screen with a pop-up window showing
the instruction text. Each route instruction text was evaluated independently by six people. The destination positions
were not marked in the environments; the followers had to
explicitly end the navigation and indicate whether they believed they had reached the described goal.

building occupants and transporting objects from one location to another. However, they do not have manipulators to
Introduction
be able to pick up objects or push elevator buttons to travel
Mobile robots have the ability to perform a variety of tasks
between floors of our building. In order to overcome their
for us today including giving visitors directions in malls
limitations, we have them plan to request help from people
(Shiomi et al. 2008) and tours in museums (Nourbakhsh
in the physical environment in order to complete their tasks.
et al. 2005), and acting as companions for individual users
We address the problem of determining where robots can
(Rosenthal, Biswas, and Veloso 2010). However, robots
are
Route
Instruction Situated Testbed
proactively find people to help them with their tasks. Many
test how well an agent (either human or M ARCO) follows
limited by their sensing and actuation capabilities and To
stateroute instructions, we gave
agent
a route instruction
of the
the
actions
thattext,
our CoBots need help with are spatiallyplaced to
it at the starting location, monitored how it navigates
action policies. While it is sometimes possible for robots
situated
actions
- those that must be performed in a particthrough the environment,
and observed
whether it reaches
overcome their limitations through learning better policies
and identifies the destination. We performed this experiment
locationVRML
or set
of locations in the environment (e.g., at
with people navigatingular
computer-rendered
models
(Argall et al. 2009) or asking for human help to reduce
of theunthree indoor environments. We provided the same inthe elevator or in the kitchen). People in the environment
texts to a software agent, M ARCO, which navigated
certainty (Fong, Thorpe, and Baur 2003; Nicolescu struction
2003;
through symbolic representations
of the same
environments.at different frequencies. When they are
visit these
locations
M ARCO’s input was from the hand-verified ’gold-standard’
Rosenthal, Biswas, and Veloso 2010) or to take control
parse treebank, not thethere,
parser, butthe
all other
modeling wascost of helping the robot is low. Howpotential
done autonomously.
(Shiomi et al. 2008), neither an autonomous nor humanever,
robot
may
In these experiments,
M ARCOthe
perceives
the world
as an have to wait a long period of time for
controlled robot with actuation limitations could ever persomeone to arrive. Alternatively, we propose that because
form their limited actions without new hardware. A robot
the robot is mobile, it could travel to offices in our buildwithout manipulators will never be able to pick up1479
objects,
ing to find immediate help at the higher cost of interrupting
and a robot without legs will never be able to walk up stairs.
the office worker. Identifying an optimal help policy hinges
on evaluating this tradeoff between interruption costs to the
Copyright c 2012, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
people in the environment and task completion time.
structions had a mean of 34.5 words from a lexicon of 587
words and, as modeled, had means of 4.7 context frames and
5.1 compound action specifications.
The six directors in this study vary significantly in writing style as a group and across different route instructions.
Across directors, style varies significantly in length of the
instructions (m=36.4, sd=16.5 words), size of the lexicon
used (m=213, sd=55 words), number of frames used (m=5.0,
sd=2.0 frames), efficiency of the routes (m=55, sd=21 percentage points), human success rate (m=63, sd=19 percentage points), and human subjective rating (m=4.0, sd=1.0 of
1–6 scale).

Action
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Do these change or inform language?
Do richer action spaces
break our algorithms?

Proceedings of the Twenty-Sixth AAAI Conference on Artificial Intelligence
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Mobile Robot Planning to Seek Help with Spatially-Situated Tasks
Stephanie Rosenthal and Manuela Veloso
Computer Science Department
Carnegie Mellon University
Pittsburgh, PA 15213

Language

Abstract

Indoor autonomous mobile service robots can overcome
their hardware and potential algorithmic limitations by
asking humans for help. In this work, we focus on
mobile robots that need human assistance at specific
spatially-situated locations (e.g., to push buttons in an
elevator or to make coffee in theYouCook2
kitchen). We address
the problem of what the robot should do when there are
no humans present at such help locations. AsEpicKitchens
the robots
are mobile, we argue that they should plan to proacVCR
VizWiz
tively seek help and
travel to offices
or occupied locations to bring people to the help locations. Such planning involves manyGQA
trade-offs, including the wait time
at the help location before seeking help, and the time
and potential interruption to find and displace someone in an office. In VQA
order to choose appropriate parameters to represent such decisions, we first conduct a survey to understand potential helpers’ travel preferences
in terms of distance, interruptibility, and frequency of
providing help. We then use these results to contribute
a decision-theoretic algorithm to evaluate the possible
choices in offices and plan where to proactively seek
help. We demonstrate that our algorithm aims to minimize the number of office interruptions as well as task
completion time.
Figure 3: Human Participants’ first-person view from pose
of the simulated robot (blue circle) at the easel (’E’) in the
map. M ARCO experienced the view as the text token list:
[(Cement, Easel, Cement, Butterfly, Wood, Butterfly),
(Wall, Empty, Wall, Butterfly, Wood, Butterfly),
(Cement, Empty, Wall, End, Wall, End)]

Figure 4: Bottom: Map of one of three virtual environments
(not seen by participants). Three regions share a wall hanging of a fish, butterfly, or Eiffel Tower. Each long hallway
has a unique flooring. Letters above mark objects (e.g. ’C’
is a chair), numbers indicate named positions.

person perspective as the followers; and (4) M ARCO can
navigate the same environments as people.
Each of the three large-scale spaces used had forty locations, seven long paths with distinct textured flooring, seven
to twelve short paths with a common cement floor, and numerous visual and structural features. Each environment
contained seven named locations that were the start and end
points of the routes that the directors were asked to describe.
The layouts are difficult for people to learn and navigate, so
they provide challenges for both the directors and followers. Figure 3 shows an example human view of the environment (Top) and the textual view of the simulator M ARCO
sees (Bottom). Figure 4 shows the overhead layout map (not
seen by participants) of this environment, with the follower’s
movement trace marked.
The director’s task in each environment is split into three
phases. In the first phase, a director freely explores the environment. Second, the director is quizzed for navigation
competency in the environment. Once able to pass the competency test by navigating efficiently among the named locations, the director is queried for directions between all pairs
of named places in the environment. For each route, the director types a set of instructions, then navigates to the goal,
and then self-rates his(her) belief that (s)he has reached the
goal and the quality of his(her) own instructions.
To gauge the quality of the route instructions, another
group of people evaluated the route instructions. Thirtysix participants (15 female, 21 male) read the route instructions and attempted to follow the routes described in the virtual environments. While navigating, the follower could reexamine the route instructions by pressing a key, which covered the navigation screen with a pop-up window showing
the instruction text. Each route instruction text was evaluated independently by six people. The destination positions
were not marked in the environments; the followers had to
explicitly end the navigation and indicate whether they believed they had reached the described goal.

Route Instruction Corpus Statistics

For some routes, the director either did not enter any text or
only entered a comment, e.g. “I don’t know.” For this evaluation of M ARCO, we omit training routes, duplicated routes,
and the empty route descriptions, leaving 682 route instruction texts that M ARCO and people followed. The route instructions had a mean of 34.5 words from a lexicon of 587
words and, as modeled, had means of 4.7 context frames and
5.1 compound action specifications.
The six directors in this study vary significantly in writing style as a group and across different route instructions.
Across directors, style varies significantly in length of the
instructions (m=36.4, sd=16.5 words), size of the lexicon
used (m=213, sd=55 words), number of frames used (m=5.0,
sd=2.0 frames), efficiency of the routes (m=55, sd=21 percentage points), human success rate (m=63, sd=19 percentage points), and human subjective rating (m=4.0, sd=1.0 of
1–6 scale).

Introduction

Mobile robots have the ability to perform a variety of tasks
for us today including giving visitors directions in malls
(Shiomi et al. 2008) and tours in museums (Nourbakhsh
et al. 2005), and acting as companions for individual Action
users
(Rosenthal, Biswas, and Veloso 2010). However, robots are
limited by their sensing and actuation capabilities and stateaction policies. While it is sometimes possible for robots to
overcome their limitations through learning better policies
(Argall et al. 2009) or asking for human help to reduce unRoute Instruction Situated Testbed

To test how well an agent (either human or M ARCO) follows
route instructions, we gave the agent a route instruction text,
placed it at the starting location, monitored how it navigates
through the environment, and observed whether it reaches
and identifies the destination. We performed this experiment
with people navigating computer-rendered VRML models
of the three indoor environments. We provided the same instruction texts to a software agent, M ARCO, which navigated
through symbolic representations of the same environments.
M ARCO’s input was from the hand-verified ’gold-standard’
parse treebank, not the parser, but all other modeling was
done autonomously.
In these experiments, M ARCO perceives the world as an

ff

1479

Action sequence length
(e.g. Memory, Alignment, pre-/post-conditions)
Action output space
(e.g. end-e ector position? Quaternions? Torques?)
Do these change or inform language?

Vision

Figure 1: Our CoBot robots are capable of autonomous localization and navigation, but cannot manipulate objects.
If tasks require these actions, we argue that robots should
plan to complete the task by seeking help a human in the
environment (Rosenthal, Veloso, and Dey 2012).
Our CoBot robots (Figure 1), for example, are capable of
autonomous localization and navigation (Biswas and Veloso
2010) and can perform tasks such as delivering messages to
building occupants and transporting objects from one location to another. However, they do not have manipulators to
Sharma,
Zhang, Kroemer 2019
be able to pick up objects or push elevator buttons
to travel
between floors of our building. In order to overcome their
limitations, we have them plan to request help from people
in the physical environment in order to complete their tasks.
We address the problem of determining where robots can
proactively find people to help them with their tasks. Many
of the actions that our CoBots need help with are spatiallysituated actions - those that must be performed in a particular location or set of locations in the environment (e.g., at
the elevator or in the kitchen). People in the environment

HERB

The Gap

+ Longer horizon plans
+ State changes
+ Language Complexity
+ Underspeci ed Language

Manipulation in the world

HERB

fi

• Masks for object interaction
- Discrete actions (no torques)

ALFRED
A Benchmark for Interpreting Grounded Instructions for Everyday Tasks
Mohit Shridhar, Jesse Thomason, Daniel Gordon, Yonatan Bisk,
Winson Han, Roozbeh Mottaghi, Luke Zettlemoyer, Dieter Fox
CVPR 2020

https://askforalfred.com/
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Action Learning From Realistic Environments and Directives
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Execute
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Language
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Language

Language

Language
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Language

Language

Language
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fi

+ Longer horizon plans
+ Language Complexity
+ State changes
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• Masks for object interaction
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Place a hot bread slice on the counter

“semantics”

Promises
Wash the cup

fi

+ Longer horizon plans
+ Language Complexity
+ State changes
+ Underspeci ed Language
• Masks for object interaction
- Discrete actions (no torques)
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Toggle
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Hierarchy, Abstraction, & Scripts
"Place a heated apple slice on the large table"

create_slice(apple)

collect(knife) locate(apple)

heat(apple_slice) place(apple_slice, table)

slice(apple)

…

Deep Learning, End-to-End, Tabula Rasa, “magic”
Turn around and move to the stove,
then turn left to face the counter to the
left of the stove. Pick up the sharp knife
with the yellow handle from the counter…
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}
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Procedure Learning via Exploration
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🤫 You might be smarter than us though
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Human Instruction d:
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Figure 1: The task of vision-and-language
navigation
a sequence of actions (navigate
Speaker-Follower
— Friedis
etto
al.perform
2018
through the environment) according to human natural language instructions. Our approach consists
of an instruction follower model (left) and a speaker model (right).

Partial Observability
State
Changes
Long
Horizon
follower learns to follow routes (predict navigation actions) for provided textual instructions. Though

explicit probabilistic reasoning combining speaker and follower agents is a staple of the literature on
computational pragmatics [14], application of these models has largely been limited to extremely
simple decision-making tasks like single forced choices.

We incorporate the speaker both at training time and at test time, where it works together with the
learned instruction follower model to solve the navigation task (see Figure 2 for an overview of
our approach). At training time, we perform speaker-driven data augmentation where the speaker
helps the follower by synthesizing additional route-instruction pairs to expand the limited training
data. At test time, the follower improves its chances of success by looking ahead at possible future
routes and pragmatically choosing the best route by scoring them according to the probability that
the speaker would generate the correct instruction for each route. This procedure, using the external
speaker model, improves upon planning using only the follower model. We construct both the speaker
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Abstract

Indoor autonomous mobile service robots can overcome
their hardware and potential algorithmic limitations by
asking humans for help. In this work, we focus on
mobile robots that need human assistance at specific
spatially-situated locations (e.g., to push buttons in an
elevator or to make coffee in the kitchen). We address
the problem of what the robot should do when there are
no humans present at such help locations. As the robots
are mobile, we argue that they should plan to proactively seek help and travel to offices or occupied locations to bring people to the help locations. Such planning involves many trade-offs, including the wait time
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Figure 4: Bottom: Map of one of three virtual environments
vey to understand potential helpers’ travel preferences(not seen by participants). Three regions share a wall hanging of a fish, butterfly, or Eiffel Tower. Each long hallway
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complete the task by seeking help a human in the
Each of the three large-scale spaces used had forty locaa decision-theoretic
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possible
tions, seven algorithm
long paths with distinct
textured flooring,
environment (Rosenthal, Veloso, and Dey 2012).
Route Instruction Corpus Statistics
to twelveand
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planwithwhere
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merous visual and structural features. Each environment
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either CoBot
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contained seventhat
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and the empty route descriptions, leaving 682 route instruccanTheperform
tasks such as delivering messages to
they provide challenges for both the directors and followtion texts that M ARCO2010)
and peopleand
followed.
route incompletion time.
ers. Figure 3 shows an example human view of the environment (Top) and the textual view of the simulator M ARCO
sees (Bottom). Figure 4 shows the overhead layout map (not
seen by participants) of this environment, with the follower’s
movement trace marked.
The director’s task in each environment is split into three
phases. In the first phase, a director freely explores the environment. Second, the director is quizzed for navigation
competency in the environment. Once able to pass the competency test by navigating efficiently among the named locations, the director is queried for directions between all pairs
of named places in the environment. For each route, the director types a set of instructions, then navigates to the goal,
and then self-rates his(her) belief that (s)he has reached the
goal and the quality of his(her) own instructions.
To gauge the quality of the route instructions, another
group of people evaluated the route instructions. Thirtysix participants (15 female, 21 male) read the route instructions and attempted to follow the routes described in the virtual environments. While navigating, the follower could reexamine the route instructions by pressing a key, which covered the navigation screen with a pop-up window showing
the instruction text. Each route instruction text was evaluated independently by six people. The destination positions
were not marked in the environments; the followers had to
explicitly end the navigation and indicate whether they believed they had reached the described goal.

building occupants and transporting objects from one location to another. However, they do not have manipulators to
Introduction
be able to pick up objects or push elevator buttons to travel
Mobile robots have the ability to perform a variety of tasks
between floors of our building. In order to overcome their
for us today including giving visitors directions in malls
limitations, we have them plan to request help from people
(Shiomi et al. 2008) and tours in museums (Nourbakhsh
in the physical environment in order to complete their tasks.
et al. 2005), and acting as companions for individual users
We address the problem of determining where robots can
(Rosenthal, Biswas, and Veloso 2010). However, robots
are
Route
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proactively find people to help them with their tasks. Many
test how well an agent (either human or M ARCO) follows
limited by their sensing and actuation capabilities and To
stateroute instructions, we gave
agent
a route instruction
of the
the
actions
thattext,
our CoBots need help with are spatiallyplaced to
it at the starting location, monitored how it navigates
action policies. While it is sometimes possible for robots
situated
actions
- those that must be performed in a particthrough the environment,
and observed
whether it reaches
overcome their limitations through learning better policies
and identifies the destination. We performed this experiment
locationVRML
or set
of locations in the environment (e.g., at
with people navigatingular
computer-rendered
models
(Argall et al. 2009) or asking for human help to reduce
of theunthree indoor environments. We provided the same inthe elevator or in the kitchen). People in the environment
texts to a software agent, M ARCO, which navigated
certainty (Fong, Thorpe, and Baur 2003; Nicolescu struction
2003;
through symbolic representations
of the same
environments.at different frequencies. When they are
visit these
locations
M ARCO’s input was from the hand-verified ’gold-standard’
Rosenthal, Biswas, and Veloso 2010) or to take control
parse treebank, not thethere,
parser, butthe
all other
modeling wascost of helping the robot is low. Howpotential
done autonomously.
(Shiomi et al. 2008), neither an autonomous nor humanever,
robot
may
In these experiments,
M ARCOthe
perceives
the world
as an have to wait a long period of time for
controlled robot with actuation limitations could ever persomeone to arrive. Alternatively, we propose that because
form their limited actions without new hardware. A robot
the robot is mobile, it could travel to offices in our buildwithout manipulators will never be able to pick up1479
objects,
ing to find immediate help at the higher cost of interrupting
and a robot without legs will never be able to walk up stairs.
the office worker. Identifying an optimal help policy hinges
on evaluating this tradeoff between interruption costs to the
Copyright c 2012, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
people in the environment and task completion time.
structions had a mean of 34.5 words from a lexicon of 587
words and, as modeled, had means of 4.7 context frames and
5.1 compound action specifications.
The six directors in this study vary significantly in writing style as a group and across different route instructions.
Across directors, style varies significantly in length of the
instructions (m=36.4, sd=16.5 words), size of the lexicon
used (m=213, sd=55 words), number of frames used (m=5.0,
sd=2.0 frames), efficiency of the routes (m=55, sd=21 percentage points), human success rate (m=63, sd=19 percentage points), and human subjective rating (m=4.0, sd=1.0 of
1–6 scale).
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