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Language Should be Embodied 
Wait, huh, what? Please explain…
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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?



Why?
Language that affects the world

Help! I like the cream separated from the oreo

HERB (Siddhartha Srinivasa)

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

How many hours of watching to achieve same level of performance 

as 30m of practice?

https://www.youtube.com/watch?v=SqGdH8lWvbA



Hierarchy, Abstraction, & Scripts

Infinite variations

Mooney and DeJong — Learning Schemata for Natural Language Processing — IJCAI 1985

1. How to generalize

2. How to instantiate



Hierarchy, Abstraction, & Scripts

Bisk et al — Benchmarking Hierarchical Script Knowledge — NAACL 2019

“Strain the pasta”

…

Multimodal: Fried et al — Learning to Segment Actions from Observation and Narration — ACL 2020

Put the strainer in the sink
Once the pot with the 
pasta is cool enough, 
grab it by the handles

Pour the pasta and 
water into the strainer 
in the sink
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Abstract

Understanding procedural language requires
reasoning about both hierarchical and tempo-
ral relations between events. For example,
“boiling pasta” is a sub-event of “making a
pasta dish”, typically happens before “draining
pasta,” and requires the use of omitted tools
(e.g. a strainer, sink...). While people are able
to choose when and how to use abstract ver-
sus concrete instructions, the NLP community
lacks corpora and tasks for evaluating if our
models can do the same. In this paper, we in-
troduce KIDSCOOK, a parallel script corpus,
as well as a cloze task which matches video
captions with missing procedural details. Ex-
perimental results show that state-of-the-art
models struggle at this task, which requires
inducing functional commonsense knowledge
not explicitly stated in text.

1 Introduction

The level of detail used in natural language com-
munication varies: descriptive or instructive text
for experts may elide over details the reader can
seamlessly infer, while text for more novice audi-
ences may be more verbose. A given document
typically adheres to a single level of verbosity
suited to its presumed audience (Grice, 1975),
so learning correspondences between abstract and
detailed descriptions of similar concepts from text
is a challenging problem.

Commonsense knowledge of how complex
events decompose into stereotypical sequences of
simpler events is a necessary component of a sys-
tem that can automatically understand and rea-
son about different types of discourse. Hierarchi-
cal correspondences between abstract and detailed
representations of concepts and events were an im-
portant aspect of the original formulation of scripts
for natural language understanding (Schank and

⇤Author now at Google. Work done while unaffiliated.

1. Take the strainer with the 
pasta and pour the pasta 
into the sauce.

2. Stir the pasta into sauce while it is in the 
pan.

3. Let the pasta and sauce simmer for a few minutes.

Add pasta to the sauce t2
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1. Put a large pot half full 
of water on the stove.

2. Turn the heat on under the pot 
and wait for the water to boil hard.

3. Pour the pasta into the boiling water.

Cook the pastat0
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… …

Drain the pasta

1. Put the strainer in the sink. 
2. Once the pot with pasta is cool 

enough, grab it by the handles. 
3. Pour the pasta and water into the strainer 

in the sink.
4. Pick up the strainer and shake it a little bit so 

more water comes out.

t1
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Figure 1: An example KIDSCOOK sequence with mul-
tiple types of hierarchy and abstraction: the example
contains sequences of complex instructions, given both
as sentences and sequences of simpler instructions.

Abelson, 1977; DeJong, 1981) but required hand-
written data structures encoding world knowledge.
However, the automatic induction of such com-
monsense knowledge from open-domain noisy
text corpora remains an open problem (Chambers,
2013; Weber et al., 2018; Zellers et al., 2018). As a
step towards solving this problem we consider tex-
tual descriptions of actions in a cooking domain.

We introduce a dataset, KIDSCOOK, targeted at
exploring the automatic acquisition of correspon-
dences between abstract and concrete descriptions
of actions. The dataset consists of higher-level
single-sentence imperative descriptions paired
with lower-level descriptions with elided details
included. Descriptions come from real grounded
actions, built on top of the YouCookII video cap-
tion dataset (Zhou et al., 2017).

Figure 1 gives an example annotation from the
dataset: the phrase “drain the pasta,” presented
to an annotator with its corresponding video clip,
was annotated as corresponding to four constituent
steps appropriate as instruction for a child. The
constituent steps are “simpler” in the sense that
they correspond to more atomic actions, but not
necessarily in their linguistic complexity. We
identify over 1,500 procedures and tools which
KIDSCOOK makes explicit but are assumed as
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Lexical Semantics

“Strain”
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Pick-up
What’s hidden in that?

Figure 2. Visualization of the predicted grasps for the mug. (middle) All the grasps that are generated by our method. (right) Grasps that
are both kinematically feasible and collision free color-coded by the predicted scores. Green is the highest and red is the lowest.

• To improve the precision of the VAE samples, we in-
troduce a grasp evaluator network that maps a point
cloud of the observed object and the robot gripper to a
quality assessment of the 6D gripper pose. Crucially,
we show that the gradient of this network can be used
to improve grasp samples, for instance moving grip-
per out of collision or ensuring that the gripper is well
aligned with the object.

• We demonstrate that our approach outperforms previ-
ous approaches and enables a robot to pickup 17 ob-
jects with a success rate of 88%. Generating diverse
grasps is quite important because not all the grasps are
kinematically feasible for the robot to execute. We fur-
thermore show that our approach generates diverse sets
of grasp samples while maintaining high success rate.

The paper is organized as follows. We first contrast re-
lated approaches to grasping that use deep learning, and
then explain the different components of our approach:
grasp sampling, evaluation, and refinement. Finally, we
evaluate our method on a real robotic platform and show
the effect of different hyperparameters in various ablation
studies.

2. Related Work

Learning 6-DOF Grasps The prevailing approaches to
solve the robot grasping problem are data-driven [2]. While
earlier methods were based on hand-crafted feature vec-
tors [27, 1, 7], recent methods exploit convolutional archi-
tectures to operate on raw visual measurements [13, 25, 21,
19, 14]. Most of these grasp synthesis approaches are en-
abled by representing the grasp as an oriented rectangle in
the image [8]. This 3-DOF representation constrains the
gripper pose to be parallel to the image plane. The draw-
backs of such a representation are manifold: Since it limits
the grasp diversity, picking up an object might be impossi-
ble given additional constraints imposed by the arm or task.
In case of a static image sensor it also leads to a severely
restricted workspace [19].

Our approach tackles the problem of predicting the full
6-DOF pregrasp pose. This is challenging due to occluded

object parts that affect grasp success. Yan et al. [35] circum-
vent this problem by including the auxiliary task of recon-
structing the geometry of the target object. The main task
of predicting the 6-DOF grasp outcome can then use local
geometry that is not part of the measurement. Similar to our
evaluator network, Zhou et al. [37] learn a grasp score func-
tion which they also use for grasp refinement. In contrast
to our approach, both methods [35, 37] are only evaluated
in simulation. Similar to our grasp refinement phase, Lu et
al. [17] use the gradient of a learned grasp success model to
infer the maximum likelihood grasp estimate.

Few methods formulate the problem as a regression to
a single best grasp pose [28, 16]. They inherently lack the
ability to predict a diverse distribution of possible grasps.
Choi et al. [4] classify 24 pre-defined orientations to chose
a 6-DOF pre-grasp pose. Such a coarse resolution of
SO(3) will necessarily lead to a limited diversity of the
predicted grasps. In contrast, the grasp point detection
method (GPD) [31, 15] uses a more dense sampling of can-
didate grasps: A point in the observed point cloud is sam-
pled randomly and a Darboux frame is constructed which
is aligned with the estimated surface normal and the local
direction of the principal curvature. Although this heuristic
creates a quite diverse set of candidate grasps, it fails gen-
erating grasps along thin structures such as rims of mugs,
plates, or bowls since estimating those surface normals from
noisy measurements is challenging. Our learned grasp sam-
pler does not suffer from such bias. As a result our proposed
method finds grasps where GPD is not able to (see Sec. 4.2).

Apart from using supervised learning, grasping has also
been formulated as a reinforcement learning problem [9, 36]
or approximations of it [14]. The learned grasp policies are
more expressive than describing only the final grasp pose.
Still, the action space of these methods is usually se(2),
limiting the diversity to top-down grasps.

Deep Neural Networks for Learning from 3D Data The
success of deep learning on 3D point cloud data started
much later than its huge success on RGB images. In the
early days, 3D data were represented as 3D voxels [20] or
as extracting features from 2.5 depth images [6] and pro-

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

Does “pick up” correspond to a specific action sequence?Figure 2. Visualization of the predicted grasps for the mug. (middle) All the grasps that are generated by our method. (right) Grasps that
are both kinematically feasible and collision free color-coded by the predicted scores. Green is the highest and red is the lowest.
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Figure 3: Human Participants’ first-person view from pose
of the simulated robot (blue circle) at the easel (’E’) in the
map. MARCO 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)]

person perspective as the followers; and (4) MARCO can
navigate the same environments as people.

Each of the three large-scale spaces used had forty loca-
tions, seven long paths with distinct textured flooring, seven
to twelve short paths with a common cement floor, and nu-
merous 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 follow-
ers. Figure 3 shows an example human view of the environ-
ment (Top) and the textual view of the simulator MARCO
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 en-
vironment. Second, the director is quizzed for navigation
competency in the environment. Once able to pass the com-
petency test by navigating efficiently among the named loca-
tions, the director is queried for directions between all pairs
of named places in the environment. For each route, the di-
rector 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. Thirty-
six participants (15 female, 21 male) read the route instruc-
tions and attempted to follow the routes described in the vir-
tual environments. While navigating, the follower could re-
examine the route instructions by pressing a key, which cov-
ered the navigation screen with a pop-up window showing
the instruction text. Each route instruction text was evalu-
ated 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 be-
lieved they had reached the described goal.

Figure 4: Bottom: Map of one of three virtual environments
(not seen by participants). Three regions share a wall hang-
ing 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.

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 evalu-
ation of MARCO, we omit training routes, duplicated routes,
and the empty route descriptions, leaving 682 route instruc-
tion texts that MARCO and people followed. The route in-
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 writ-
ing 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 per-
centage points), human success rate (m=63, sd=19 percent-
age points), and human subjective rating (m=4.0, sd=1.0 of
1–6 scale).

Route Instruction Situated Testbed
To test how well an agent (either human or MARCO) 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 in-
struction texts to a software agent, MARCO, which navigated
through symbolic representations of the same environments.
MARCO’s input was from the hand-verified ’gold-standard’
parse treebank, not the parser, but all other modeling was
done autonomously.

In these experiments, MARCO perceives the world as an
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ing 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.

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 evalu-
ation of MARCO, we omit training routes, duplicated routes,
and the empty route descriptions, leaving 682 route instruc-
tion texts that MARCO and people followed. The route in-
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 writ-
ing 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 per-
centage points), human success rate (m=63, sd=19 percent-
age points), and human subjective rating (m=4.0, sd=1.0 of
1–6 scale).

Route Instruction Situated Testbed
To test how well an agent (either human or MARCO) 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 in-
struction texts to a software agent, MARCO, which navigated
through symbolic representations of the same environments.
MARCO’s input was from the hand-verified ’gold-standard’
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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 proac-
tively seek help and travel to offices or occupied loca-
tions to bring people to the help locations. Such plan-
ning involves many trade-offs, including the wait time
at the help location before seeking help, and the time
and potential interruption to find and displace some-
one in an office. In order to choose appropriate parame-
ters to represent such decisions, we first conduct a sur-
vey 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 mini-
mize the number of office interruptions as well as task
completion time.

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 users
(Rosenthal, Biswas, and Veloso 2010). However, robots are
limited by their sensing and actuation capabilities and state-
action 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 un-
certainty (Fong, Thorpe, and Baur 2003; Nicolescu 2003;
Rosenthal, Biswas, and Veloso 2010) or to take control
(Shiomi et al. 2008), neither an autonomous nor human-
controlled robot with actuation limitations could ever per-
form their limited actions without new hardware. A robot
without manipulators will never be able to pick up objects,
and a robot without legs will never be able to walk up stairs.

Copyright c� 2012, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Our CoBot robots are capable of autonomous lo-
calization 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 loca-
tion to another. However, they do not have manipulators to
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 spatially-
situated actions - those that must be performed in a partic-
ular location or set of locations in the environment (e.g., at
the elevator or in the kitchen). People in the environment
visit these locations at different frequencies. When they are
there, the potential cost of helping the robot is low. How-
ever, the robot may have to wait a long period of time for
someone to arrive. Alternatively, we propose that because
the robot is mobile, it could travel to offices in our build-
ing to find immediate help at the higher cost of interrupting
the office worker. Identifying an optimal help policy hinges
on evaluating this tradeoff between interruption costs to the
people in the environment and task completion time.
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Figure 3: Human Participants’ first-person view from pose
of the simulated robot (blue circle) at the easel (’E’) in the
map. MARCO 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)]

person perspective as the followers; and (4) MARCO can
navigate the same environments as people.

Each of the three large-scale spaces used had forty loca-
tions, seven long paths with distinct textured flooring, seven
to twelve short paths with a common cement floor, and nu-
merous 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 follow-
ers. Figure 3 shows an example human view of the environ-
ment (Top) and the textual view of the simulator MARCO
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 en-
vironment. Second, the director is quizzed for navigation
competency in the environment. Once able to pass the com-
petency test by navigating efficiently among the named loca-
tions, the director is queried for directions between all pairs
of named places in the environment. For each route, the di-
rector 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. Thirty-
six participants (15 female, 21 male) read the route instruc-
tions and attempted to follow the routes described in the vir-
tual environments. While navigating, the follower could re-
examine the route instructions by pressing a key, which cov-
ered the navigation screen with a pop-up window showing
the instruction text. Each route instruction text was evalu-
ated 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 be-
lieved they had reached the described goal.

Figure 4: Bottom: Map of one of three virtual environments
(not seen by participants). Three regions share a wall hang-
ing 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.

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 evalu-
ation of MARCO, we omit training routes, duplicated routes,
and the empty route descriptions, leaving 682 route instruc-
tion texts that MARCO and people followed. The route in-
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 writ-
ing 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 per-
centage points), human success rate (m=63, sd=19 percent-
age points), and human subjective rating (m=4.0, sd=1.0 of
1–6 scale).

Route Instruction Situated Testbed
To test how well an agent (either human or MARCO) 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 in-
struction texts to a software agent, MARCO, which navigated
through symbolic representations of the same environments.
MARCO’s input was from the hand-verified ’gold-standard’
parse treebank, not the parser, but all other modeling was
done autonomously.

In these experiments, MARCO perceives the world as an
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mobile robots that need human assistance at specific
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elevator or to make coffee in the kitchen). We address
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vey to understand potential helpers’ travel preferences
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providing help. We then use these results to contribute
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completion time.
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et al. 2005), and acting as companions for individual users
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limited by their sensing and actuation capabilities and state-
action 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 un-
certainty (Fong, Thorpe, and Baur 2003; Nicolescu 2003;
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(Shiomi et al. 2008), neither an autonomous nor human-
controlled robot with actuation limitations could ever per-
form their limited actions without new hardware. A robot
without manipulators will never be able to pick up objects,
and a robot without legs will never be able to walk up stairs.
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Figure 1: Our CoBot robots are capable of autonomous lo-
calization 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 loca-
tion to another. However, they do not have manipulators to
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 spatially-
situated actions - those that must be performed in a partic-
ular location or set of locations in the environment (e.g., at
the elevator or in the kitchen). People in the environment
visit these locations at different frequencies. When they are
there, the potential cost of helping the robot is low. How-
ever, the robot may have to wait a long period of time for
someone to arrive. Alternatively, we propose that because
the robot is mobile, it could travel to offices in our build-
ing to find immediate help at the higher cost of interrupting
the office worker. Identifying an optimal help policy hinges
on evaluating this tradeoff between interruption costs to the
people in the environment and task completion time.
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Figure 3: Human Participants’ first-person view from pose
of the simulated robot (blue circle) at the easel (’E’) in the
map. MARCO experienced the view as the text token list:
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person perspective as the followers; and (4) MARCO can
navigate the same environments as people.

Each of the three large-scale spaces used had forty loca-
tions, seven long paths with distinct textured flooring, seven
to twelve short paths with a common cement floor, and nu-
merous 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 follow-
ers. Figure 3 shows an example human view of the environ-
ment (Top) and the textual view of the simulator MARCO
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 en-
vironment. Second, the director is quizzed for navigation
competency in the environment. Once able to pass the com-
petency test by navigating efficiently among the named loca-
tions, the director is queried for directions between all pairs
of named places in the environment. For each route, the di-
rector 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. Thirty-
six participants (15 female, 21 male) read the route instruc-
tions and attempted to follow the routes described in the vir-
tual environments. While navigating, the follower could re-
examine the route instructions by pressing a key, which cov-
ered the navigation screen with a pop-up window showing
the instruction text. Each route instruction text was evalu-
ated 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 be-
lieved they had reached the described goal.

Figure 4: Bottom: Map of one of three virtual environments
(not seen by participants). Three regions share a wall hang-
ing 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.

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 evalu-
ation of MARCO, we omit training routes, duplicated routes,
and the empty route descriptions, leaving 682 route instruc-
tion texts that MARCO and people followed. The route in-
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 writ-
ing 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 per-
centage points), human success rate (m=63, sd=19 percent-
age points), and human subjective rating (m=4.0, sd=1.0 of
1–6 scale).

Route Instruction Situated Testbed
To test how well an agent (either human or MARCO) 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 in-
struction texts to a software agent, MARCO, which navigated
through symbolic representations of the same environments.
MARCO’s input was from the hand-verified ’gold-standard’
parse treebank, not the parser, but all other modeling was
done autonomously.

In these experiments, MARCO perceives the world as an
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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

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 proac-
tively seek help and travel to offices or occupied loca-
tions to bring people to the help locations. Such plan-
ning involves many trade-offs, including the wait time
at the help location before seeking help, and the time
and potential interruption to find and displace some-
one in an office. In order to choose appropriate parame-
ters to represent such decisions, we first conduct a sur-
vey 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 mini-
mize the number of office interruptions as well as task
completion time.

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 users
(Rosenthal, Biswas, and Veloso 2010). However, robots are
limited by their sensing and actuation capabilities and state-
action 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 un-
certainty (Fong, Thorpe, and Baur 2003; Nicolescu 2003;
Rosenthal, Biswas, and Veloso 2010) or to take control
(Shiomi et al. 2008), neither an autonomous nor human-
controlled robot with actuation limitations could ever per-
form their limited actions without new hardware. A robot
without manipulators will never be able to pick up objects,
and a robot without legs will never be able to walk up stairs.

Copyright c� 2012, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Our CoBot robots are capable of autonomous lo-
calization 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 loca-
tion to another. However, they do not have manipulators to
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 spatially-
situated actions - those that must be performed in a partic-
ular location or set of locations in the environment (e.g., at
the elevator or in the kitchen). People in the environment
visit these locations at different frequencies. When they are
there, the potential cost of helping the robot is low. How-
ever, the robot may have to wait a long period of time for
someone to arrive. Alternatively, we propose that because
the robot is mobile, it could travel to offices in our build-
ing to find immediate help at the higher cost of interrupting
the office worker. Identifying an optimal help policy hinges
on evaluating this tradeoff between interruption costs to the
people in the environment and task completion time.

Proceedings of the Twenty-Sixth AAAI Conference on Artificial Intelligence
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VQA

GQA

VCR VizWiz
EpicKitchens

YouCook2

Action sequence length  
   (e.g. Memory, Alignment, pre-/post-conditions)
Action output space  
   (e.g. end-effector position? Quaternions? Torques?)

Do these change or inform language?

Sharma, Zhang, Kroemer  2019

HERB



The Gap

Manipulation in the world

+ Longer horizon plans

+ State changes

+ Language Complexity

+ Underspecified Language

• Masks for object interaction

- Discrete actions (no torques)

HERB



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/



ALFRED
Action Learning From Realistic Environments and Directives



Seven High-level Tasks
Paths are generated by planner

Pick & Place Double Place Stack Examine

Heat Cool Rinse



Data collection
(Stack, Fork, Cup, CounterTop, Kitchen3)

(x,y,z) | is_fork(x) ^ is_cup(y) ^ on(x, y) ^ is_counter(z) ^ on(y, z)

Tuple

Planner

Sample

Execute

Annotate
Language

LanguageLanguage
Language

LanguageLanguage
Language

LanguageLanguage



Promises

+ Longer horizon plans

+ Language Complexity

+ State changes

+ Underspecified Language

• Masks for object interaction

- Discrete actions (no torques)

Place a hot bread slice on the counter



Promises

+ Longer horizon plans

+ Language Complexity

+ State changes

+ Underspecified Language

• Masks for object interaction

- Discrete actions (no torques)

Put In

Toggle

Wash the cup

“semantics” semantics



Hierarchy, Abstraction, & Scripts
"Place a heated apple slice on the large table"

create_slice(apple) heat(apple_slice) place(apple_slice, table)

collect(knife) locate(apple) 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…

LSTM

PickupObject



It’s hard

0

25

50

75

100

Seen Unseen Seen Unseen
Our Baseline
Singh, Bhambri, Kim, Choi (GIST+IITR)
Van-Quang Nguyen and Takayuki Okatani (Tohoku University)
Anonymous
Human

Success Rate Goal Conditions
<latexit sha1_base64="FRudD6wnxZq1RTyUkxldoKiuZms=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00Jv2yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVrVvb+s1G/yOIpwAqdwDh5cQR3uoAFNYBDCM7zCmzN2Xpx352PRWnDymWP4A+fzB5/ejWs=</latexit>

}



Why is it hard?
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Grounding Language + Masks
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Long Trajectory State Tracking? 

… Everything? 
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Aligning Text and Embodied Environments for Interactive Learning     
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Procedure Learning via Exploration

"Place a heated apple 
slice on the large table"
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Cheap Exploration with Generalization

BERT*

Put a pan on the dining table.

+ Cheap synonymy

+ Offline training

+ Reusable

“Brain”

Grounding

State-estimation

Action Prediction

Progress

GATA - Adhikari et al. NeurIPS 2020

Action

ResNet + Offline training

+ Reusable

Textworld Embodied

Welcome!

You are in the middle of the room. 
Looking around you, you see 
a diningtable, a stove, 
a microwave, and a cabinet. 

Your task is to: 
Put a pan on the diningtable. 

> go to the cabinet

You arrive at the cabinet. 
The cabinet is closed.

> open the cabinet

The cabinet is empty.

> go to the stove

You arrive at the stove. Near the 
stove, you see a pan, a pot, 
a bread loaf, a lettuce, 
and a winebottle.

> take the pan from the stove

You take the pan from the stove.

> go to the diningtable

You arrive at the diningtable.

> put the pan on the diningtable
 
You put the pan on the 
diningtable.
  

Mask 
RCNN

Textworld Embodied

Welcome!

You are in the middle of the room. 
Looking around you, you see 
a diningtable, a stove, 
a microwave, and a cabinet. 

Your task is to: 
Put a pan on the diningtable. 

> go to the cabinet

You arrive at the cabinet. 
The cabinet is closed.

> open the cabinet

The cabinet is empty.

> go to the stove

You arrive at the stove. Near the 
stove, you see a pan, a pot, 
a bread loaf, a lettuce, 
and a winebottle.

> take the pan from the stove

You take the pan from the stove.

> go to the diningtable

You arrive at the diningtable.

> put the pan on the diningtable
 
You put the pan on the 
diningtable.
  

Can the brain explore on its own?

*BERT lexical embeddings



Separating Exploration from Action
Textworld Embodied

Welcome!

You are in the middle of the room. 
Looking around you, you see 
a diningtable, a stove, 
a microwave, and a cabinet. 

Your task is to: 
Put a pan on the diningtable. 

> goto the cabinet

You arrive at the cabinet. 
The cabinet is closed.

> open the cabinet

The cabinet is empty.

> goto the stove

You arrive at the stove. Near the 
stove, you see a pan, a pot, 
a bread loaf, a lettuce, 
and a winebottle.

> take the pan from the stove

You take the pan from the stove.

> goto the diningtable

You arrive at the diningtable.

> put the pan on the diningtable
 
You put the pan on the 
diningtable.
  

MoveAhead

Pickup

RotateLeft

Put

Welcome! 
You are in the middle of the room.  Looking around you, you see a dining 
table, a stove, a microwave, and a cabinet. 

Your task is to: 
Put a pan on the dining table.
> goto the cabinet

You arrive at the cabinet. 
The cabinet is closed.

> open the cabinet

The cabinet is empty.

> goto the stove

You arrive at the stove. Near the stove, you see a pan, a pot, a 
bread loaf, a lettuce, and a wine bottle.

> take the pan from the stove

You take the pan from the stove.

> goto the dining table

You arrive at the dining table

> put the pan on the dining table

You put the pan on the dining table.
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You put the pan on the 
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Textworld Embodied

Welcome!

You are in the middle of the room. 
Looking around you, you see 
a diningtable, a stove, 
a microwave, and a cabinet. 

Your task is to: 
Put a pan on the diningtable. 

> goto the cabinet

You arrive at the cabinet. 
The cabinet is closed.

> open the cabinet

The cabinet is empty.

> goto the stove

You arrive at the stove. Near the 
stove, you see a pan, a pot, 
a bread loaf, a lettuce, 
and a winebottle.

> take the pan from the stove

You take the pan from the stove.

> goto the diningtable

You arrive at the diningtable.
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Procedural Pre-training
Under review as a conference paper at ICLR 2021

On the dining table 1,
you see a laptop 1,
a plate 1, a vase 1,
a statue 1, and a statue 2. 
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Looking around you, you see a shelf 1, 
a diningtable 1, a sofa 1, a coffeetable 2 ...
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vt

o0

take plate 1 from dining table 1

Pickup(   )

 “put two plates on the coffeetable”

g

Pre-training

Figure 2: BUTLER Agent consists of three modular components. 1) BUTLER::BRAIN: a text agent
pre-trained with the TextWorld engine (indicated by the dashed yellow box) which simulates an
abstract textual equivalent of the embodied world. It is then fine-tuned or directly evaluated on new
embodied tasks. 2) BUTLER::VISION: a state estimator that translates, at each time step, the visual
frame vt from the embodied world into a textual observation ot using a pre-trained Mask R-CNN
detector. The text agent uses the current observation ot, the initial observation o0, and the task goal g
to predict the next high-level action at. 3) BUTLER::BODY: a controller that translates the high-level
action at into a sequence of low-level actions in the embodied environment.

3.1 BUTLER::BRAIN (TEXT AGENT) ⇥ o0, ot, g � at

Figure 3: BUTLER::BRAIN: The text agent takes
the initial/current observations o0/ot, and goal g to
generate a textual action at token-by-token.

BUTLER::BRAIN is a novel text-based game
agent that generates high-level text actions in
a token-by-token fashion akin to Natural Lan-
guage Generation (NLG) approaches for dia-
logue (Sharma et al., 2017) and summarization
(Gehrmann et al., 2018). An overview of the
agent’s architecture is shown in Figure 3. At
game step t, the encoder takes the initial text ob-
servation o0, current observation ot, and the goal
description g as input and generates a context-
aware representation of the current observable game state. Here o0 explicitly lists all the navigable
locations in the scene. Since games are partially observable, the agent only has access to the observa-
tion describing the effects of its previous action and its present location. Therefore, we incorporate
two memory mechanisms to imbue the agent with history: (1) a recurrent aggregator, adapted from
Yuan et al. (2018), combines the encoded state with recurrent state ht�1 from the previous game
step; (2) an observation queue feeds in the k most recent, unique textual observations. The decoder
generates a multi-word action at token-by-token to interact with the game. The encoder and decoder
are based on a Transformer Seq2Seq model with pointer softmax mechanism (Gulcehre et al., 2016).
We leverage pre-trained BERT embeddings (Sanh et al., 2019), and tie output embeddings with
input embeddings (Press and Wolf, 2016). The agent is trained in an imitation learning setting with
DAgger (Ross et al., 2011) using expert demonstrations. See Appendix A for complete details.

When playing a game, an agent might get stuck at certain states due to various failures (e.g., action is
grammatically incorrect, wrong object name). The observation for a failed action does not contain any
useful feedback, so a fully deterministic model tends to produce the same (wrong) action repeatedly.
Since our decoder generates token-by-token and does not rely on templates, BUTLER::BRAIN is fully
capable of leveraging search heuristics such as Beam Search (Reddy et al., 1977). As an efficient
strategy, during evaluation, BUTLER::BRAIN uses Beam Search to generate alternative actions in the
event of a failed action, but otherwise greedily picks a sequence of best words.

3.2 BUTLER::VISION (STATE ESTIMATOR) ⇥ vt � ot

At test time, agents in the embodied world must operate purely from visual input without any PDDL-
based scene descriptions. To this end, BUTLER::VISION’s language state estimator functions as a
captioning module that translates visual observations vt into textual descriptions ot.
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BUTLER::Brain (Text Agent) BUTLER::Vision (State Estimation)
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Is it worth it?
Should we train directly in the embodied world?   [oracle detection + teleportation]
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The Gap(s)

Goal Progress
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+ Physics  
X can’t fit in Y

+ Visual Synonymy  
Apple? Tomato?

+ Navigation 

+ Interaction Masks

+ Sensor Noise 

+ Motors 

+ Manipulation
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Automatic Instruction Generation for Egocentric Skill Learning  
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What about NLG?
A larger search space

Follower Speaker

Route r: left-to-right, top-to-bottom

Human Instruction d:
Go down the stairs, go
slight left at the
bottom and go through
door, take an
immediate left and
enter the bathroom,
stop just inside in front
of the sink.

Generated  
Instruction d:
Walk down the 

stairs. Turn left at 
the bottom of the 

stairs. Walk through 
the doorway and 

wait in the 
bathroom.

Route r: left-to-right, top-to-bottom

!" #|% !& %|#

Figure 1: The task of vision-and-language navigation is to perform a sequence of actions (navigate
through the environment) according to human natural language instructions. Our approach consists
of an instruction follower model (left) and a speaker model (right).

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
and the follower on top of a panoramic action space that efficiently encodes high-level behavior,
moving directly between adjacent locations rather than making low-level visuomotor decisions like
the number of degrees to rotate (see Figure 3).

To summarize our contributions: We propose a novel approach to vision-and-language navigation
incorporating a visually grounded speaker–follower model, and introduce a panoramic representation
to efficiently represent high-level actions. We evaluate this speaker–follower model on the Room-
to-Room (R2R) dataset [1], and show that each component in our model improves performance at
the instruction following task. Our model obtains a final success rate of 53.5% on the unseen test
environment, an absolute improvement of 30% over existing approaches. Our code and data are
available at http://ronghanghu.com/speaker_follower.

2 Related Work

Natural language instruction following. Systems that learn to carry out natural language in-
structions in an interactive environment include approaches based on intermediate structured and
executable representations of language [51, 9, 4, 29, 20] and approaches that map directly from
language and world state observations to actions [7, 2, 33, 34]. The embodied vision-and-language
navigation task studied in this paper [1] differs from past situated instruction following tasks by
introducing rich visual contexts. Recent work [55] has applied techniques from model-based and
model-free reinforcement learning [56] to the vision-and-language navigation problem. Specifically,
an environment model is used to predict a representation of the state resulting from an action, and
planning is performed with respect to this environment model. Our work differs from this prior work
by reasoning not just about state transitions, but also about the relationship between states and the
language that describes them—specifically, using an external speaker model to predict how well a
given sequence of states explains an instruction.

Pragmatic language understanding. A long line of work in linguistics, natural language processing,
and cognitive science has studied pragmatics: how linguistic meaning is affected by context and
communicative goals [18]. Our work here makes use of the Rational Speech Acts framework
[14, 17], which models the interaction between speakers and listeners as a process where each agent
reasons probabilistically about the other to maximize the chances of successful communicative
outcomes. This framework has been applied to model human use of language [15], and to improve the
performance of systems that generate [3, 31, 53, 12] and interpret [58, 30, 52] referential language.
Similar modeling tools have recently been applied to generation and interpretation of language about
sequential decision-making [16]. The present work makes use of a pragmatic instruction follower in
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Simulator State based Aux Losses

Figure 2: The EXPLAINER is a CNN-LSTM sequence-to-sequence architecture with State-Tracking. The baseline model
illustrated in monochrome takes in action embeddings and observation features as inputs to predict language instructions as
outputs. State-Tracking illustrated in orange augments the baseline model into the EXPLAINER. Specifically, the encoder is
enforced to track per-timestep object states by means of additional input features, and the decoder is enforced to track object
states corresponding to the end of the task by means of auxiliary tasks. Two types of object states, visibility and physical state
change, are tracked for each object instance. For example, in the “rinse a tomato” task above, the tomato instance is visible
and its physical state updates from dirty to clean. The EXPLAINER tracks these states for all object instances in the scene,
in order to generate an instruction which captures the post-condition of this task.

Model
The EXPLAINER problem is defined as: given a trajectory of
actions and ego-centric vision in the environment generate
NL instructions that describe the trajectory. We first intro-
duce a baseline SEQ2SEQ model, which is trained to map
the input to low-level NL annotations. We then describe how
State-Tracking augments it in the EXPLAINER, which sum-
marizes the same input as goal-directed instructions.

Baseline SEQ2SEQ Model
The baseline for instruction generation is a CNN-LSTM
SEQ2SEQ model, illustrated in the monochrome parts of
Figure 2. A bi-directional LSTM encoder takes in visual and
action features of the agent’s task completion trajectory as
input and computes a trajectory representation. The decoder
attends to this representation, and emits NL instructions.

Encoding trajectories. For each timestep, SEQ2SEQ con-
catenates visual and action features. The sequence of con-
catenated features f is then fed to the bi-directional LSTM
encoder to compute a trajectory representation x. Self-
attention is applied on this sequence representation to pro-
duce a single vector representation x̌ of the entire trajectory,
which initializes the first hidden state for the decoder.

We assume that each trajectory is paired with a trace of
image frames observed by the agent at each timestep. The vi-
sual observation features o(t) of each timestep are obtained
by encoding the corresponding image frame with a ResNet-
18 CNN and further processing it with two trainable con-
volutional layers and a trainable fully-connected layer. The

action features a(t) are learned embeddings of each action
type in the agent’s trajectory.

Decoding language. For each utterance step, the embed-
ding of the previous word token and encoder-decoder atten-
tion feature x̂(t0) are concatenated and fed into the LSTM
cell to predict the current word and a new hidden state. Then,
this new hidden state is used to compute the next encoder-
decoder attention feature x̂(t0+1) using soft attention.

EXPLAINER

The EXPLAINER’s aim is to generate goal-directed instruc-
tions instead of replicating crowd-sourced low-level annota-
tions. The key idea that enables this language generation is
State-Tracking, illustrated in the orange parts of Figure 2.
This technique enforces EXPLAINER to track environmental
states for relevant objects in the scene both at present and
in the future, which, in turn, makes the generated language
capture the post-conditions (i.e., goals) for each task.

Consider the example trajectory of the ALFRED agent
in Figure 1, which implements the task “rinse a tomato”
in step 9. The agent (a) turns the water tap on, (b) rinses
the apple, and (c) turns the water tap off. While the NL in-
structions and the agent’s actions are too low-level to clearly
capture the goal of these steps, the environmental state of
the relevant objects is much more relevant. In this case,
the AI2-THOR environment records the state change of the
tomato from dirty to clean in (b), which remains so
until the end of the task. This state change is part of the post-
condition for a successful execution of the task. The EX-

TurnOn TurnOff Pickup

Visibility (End of subgoal)
Sink 1
Tomato slice 1

Changed (End of subgoal)
Sink 0
Tomato slice 1
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A Small Step

Language

Vision

Action

Figure 3: Human Participants’ first-person view from pose
of the simulated robot (blue circle) at the easel (’E’) in the
map. MARCO 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)]

person perspective as the followers; and (4) MARCO can
navigate the same environments as people.

Each of the three large-scale spaces used had forty loca-
tions, seven long paths with distinct textured flooring, seven
to twelve short paths with a common cement floor, and nu-
merous 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 follow-
ers. Figure 3 shows an example human view of the environ-
ment (Top) and the textual view of the simulator MARCO
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 en-
vironment. Second, the director is quizzed for navigation
competency in the environment. Once able to pass the com-
petency test by navigating efficiently among the named loca-
tions, the director is queried for directions between all pairs
of named places in the environment. For each route, the di-
rector 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. Thirty-
six participants (15 female, 21 male) read the route instruc-
tions and attempted to follow the routes described in the vir-
tual environments. While navigating, the follower could re-
examine the route instructions by pressing a key, which cov-
ered the navigation screen with a pop-up window showing
the instruction text. Each route instruction text was evalu-
ated 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 be-
lieved they had reached the described goal.

Figure 4: Bottom: Map of one of three virtual environments
(not seen by participants). Three regions share a wall hang-
ing 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.

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 evalu-
ation of MARCO, we omit training routes, duplicated routes,
and the empty route descriptions, leaving 682 route instruc-
tion texts that MARCO and people followed. The route in-
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 writ-
ing 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 per-
centage points), human success rate (m=63, sd=19 percent-
age points), and human subjective rating (m=4.0, sd=1.0 of
1–6 scale).

Route Instruction Situated Testbed
To test how well an agent (either human or MARCO) 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 in-
struction texts to a software agent, MARCO, which navigated
through symbolic representations of the same environments.
MARCO’s input was from the hand-verified ’gold-standard’
parse treebank, not the parser, but all other modeling was
done autonomously.

In these experiments, MARCO perceives the world as an
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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

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 proac-
tively seek help and travel to offices or occupied loca-
tions to bring people to the help locations. Such plan-
ning involves many trade-offs, including the wait time
at the help location before seeking help, and the time
and potential interruption to find and displace some-
one in an office. In order to choose appropriate parame-
ters to represent such decisions, we first conduct a sur-
vey 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 mini-
mize the number of office interruptions as well as task
completion time.

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 users
(Rosenthal, Biswas, and Veloso 2010). However, robots are
limited by their sensing and actuation capabilities and state-
action 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 un-
certainty (Fong, Thorpe, and Baur 2003; Nicolescu 2003;
Rosenthal, Biswas, and Veloso 2010) or to take control
(Shiomi et al. 2008), neither an autonomous nor human-
controlled robot with actuation limitations could ever per-
form their limited actions without new hardware. A robot
without manipulators will never be able to pick up objects,
and a robot without legs will never be able to walk up stairs.

Copyright c� 2012, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Our CoBot robots are capable of autonomous lo-
calization 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 loca-
tion to another. However, they do not have manipulators to
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 spatially-
situated actions - those that must be performed in a partic-
ular location or set of locations in the environment (e.g., at
the elevator or in the kitchen). People in the environment
visit these locations at different frequencies. When they are
there, the potential cost of helping the robot is low. How-
ever, the robot may have to wait a long period of time for
someone to arrive. Alternatively, we propose that because
the robot is mobile, it could travel to offices in our build-
ing to find immediate help at the higher cost of interrupting
the office worker. Identifying an optimal help policy hinges
on evaluating this tradeoff between interruption costs to the
people in the environment and task completion time.
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Embodiment
• Lots of noise and spurious signals 

• What are semantic primitives? 

• Planning, Scripts, and Abstraction 

• Language is woefully underspecified

All of these are the “same” verb

Thanks!


