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vised learning with GENLEX Previous
Zettlemoyer & Collins, 2005) introduced a
n GENLEX(x, z) to map a sentence x and its
ng z to a large set of potential lexical entries.
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Section 8, we will introduce a new way of
GENLEX to learn from different signals that,
ly, do not require a labeled logical form z.
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ll execute instructions in an environment, see
n 2, which has a set of positions. A position
ple (x, y, o), where x and y are horizontal and
l coordinates, and o 2 O = {0, 90, 180, 270}
rientation. A position also includes properties
ing the object it contains, its floor pattern and
lpaper. For example, the square at (4, 3) in
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Figure 2: Schematic diagram of a map environment
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Figure 4: A CCG parse showing adverbial phrases and topicalization.
S
AT : VT ! s2S DM s,T be the assignment func- visited while executing ~a. For example, given the
tion, which maps variables to domain objects.
predicate post and the action sequence ha1 , . . . , an i,
For each model Ms the domain DMs ,ev is a set update(ha1 , . . . , an i, post) = Msn+1 , where sn+1
of action sequences {ha1 , ..., an i : n 1}. Each ~a the state of the agent following action an . By condefines a sequences of states si , as defined in Sec- vention, we place the event variable as the first argution 6.2, and associated models Msi . The key chal- ment in literals that include one.
Given a T -type logical expression l and a startlenge for execution is that modifiersWeakly
of the
event will
supervised learning of semantic parsers for mapping instructions to actions. Artzi and Zettlemoyer. TACL 2013.
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Abstract

sequence-to-sequence model for directhat is essential to realizing effective
Our alignment-based encoder-decoder
rt-term memory recurrent neural nettranslates natural language instructions
based upon a representation of the obWe introduce a multi-level aligner that
to focus on sentence “regions” salient
state by using multiple abstractions of
contrast to existing methods, our model
nguistic resources (e.g., parsers) or taske.g., seed lexicons). It is therefore genhieves the best results reported to-date
e-sentence dataset and competitive reaining multi-sentence setting. We anah a series of ablations that elucidate the
rimary components of our model.

Introduction

o understand and successfully execute
gational instructions if they are to work
people. For example, someone using
wheelchair might direct it to “Take
s from the kitchen,” or a soldier may
ial vehicle to “Fly down the hallway
on the right.” However, interpreting
tions (especially in unknown environdue to their ambiguity and complexity,
their interpretation (e.g., which hallion refer to), long-term dependencies
ctions and the actions, differences in
given, and the diverse ways in which
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Place your back against the wall of the “T” intersection. Go
forward one segment to the intersection with the blue-tiled
hall. This interesction [sic] contains a chair. Turn left. Go
forward to the end of the hall. Turn left. Go forward one segment to the intersection with the wooden-floored hall. This
intersection conatains [sic] an easel. Turn right. Go forward
two segments to the end of the hall. Turn left. Go forward
one segment to the intersection containing the lamp. Turn
right. Go forward one segment to the empty corner.
Figure 1: An example of a route instruction-path pair in one of the
virtual worlds from MacMahon, Stankiewicz, and Kuipers (2006)
with colors that indicate floor patterns and wall paintings, and letters that indicate different objects. Our method successfully infers
the correct path for this instruction.
Listen, Attend, and Walk: Neural Mapping of Navigational Instructions to Action Sequences. Mei, Bansal, and Walter. AAAI 2016
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Figure 2: Our encoder-aligner-decoder model with multi-level alignment

servable world state (which we treat as a third setors were asked to give written commands that describ
type that we add as an extra connection to every deto navigate from one location to another without subse
tep). Moreover, our decoder also includes alignment
access to the map. Each instruction was then given t
s on the portions of the sentence relevant to the cureral human followers who were tasked with navigating
ion, a technique that has proven effective in machine
virtual world without a map, and their paths were rec
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Kavukcuoglu
2014;
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Figure 4: Visualization of the alignment between words to actions in a map for a multi-sentence instruction.
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Results and Analysis
In this section, we compare the overall performance of our
model on the single- and multi-sentence benchmarks against
previous work. We then present an analysis of our model
through a series of ablation studies.
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Table 1: Overall accuracy (state-of-the-art in bold)

Method
Chen and Mooney (2011)
Chen (2012)
Kim and Mooney (2012)
Kim and Mooney (2013)
Artzi and Zettlemoyer (2013)
Artzi, Das, and Petrov (2014)
Andreas and Klein (2015)
Our model (vDev)
Our model (vTest)

Single-sent

Multi-sent

54.40
57.28
57.22
62.81
65.28
64.36
59.60
69.98
71.05

16.18
19.18
20.17
26.57
31.93
35.44
–
26.07
30.34

Primary Result We first investigate the ability to navigate
to the intended destination for a given natural language instruction. Figure 1 illustrates an output example for which
our model Listen,
successfully
executes
input
natural
Attend, and Walk: Neural
Mapping of the
Navigational
Instructions
to Actionlanguage
Sequences. Mei, Bansal, and Walter. AAAI 2016

working with a really small amount of training data (a few
hundred paragraph pairs), is competitive with state-of-theart and outperforms several previous methods that use additional, specialized resources in the form of semantic parsers,
logical-form lexicons, and re-rankers.5 We note that our
model yields good results using only greedy search (beam
width of one). For vDev, we achieve 68.05 on singlesentence and Table
23.932:on
multi-sentence,
while for vTest, we
Model
components ablations
get 70.56 on single-sentence and 27.91 on multi-sentence.
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Commands from the corpus

nding natural
ems that permi-structured
models with
uence of ac. In contrast,
Graphs (G3 ),
al model for a
g to the comtic structure.
successfully
ural language
truck.” The
collected uswith robot acof the model.
ng plans from
n in a realistic
system’s persuccessfully
the corpus.

- Go to the first crate on the left
and pick it up.
- Pick up the pallet of boxes in the
middle and place them on the
trailer to the left.
- Go forward and drop the pallets to
the right of the first set of
tires.
- Pick up the tire pallet off the
truck and set it down

(a) Robotic forklift

(b) Sample commands

Figure 1: A target robotic platform for mobile manipulation
and navigation (Teller et al., 2010), and sample commands
from the domain, created by untrained human annotators.
Our system can successfully follow these commands.

arguments or nested clauses. At training time, when using

Understanding Natural Language Commands for Robotic Navigation and Mobile Manipulation. Tellex, Kollar, Dickerson, Walter, Banerjee, Teller, and Roy. AAAI 2011.
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EV EN T1 (r = Put,
l = OBJ2 (f = the pallet),
l2 = P LACE3 (r = on,
l = OBJ4 (f = the truck)))

EV EN T1 (r = Go
l = P AT H2 (r = to,
l = OBJ3 (f = OBJ4 (f = the pallet),
r = on,
l = OBJ5 (f = the truck))))
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(a) SDC tree
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(b) Induced model

Figure 2: (a) SDC tree for “Put the pallet on the truck.” (b)
Induced graphical model and factorization.

(b) Induced model

Figure 3: (a) SDC tree for “Go to the pallet on the truck.” (b)
A different induced factor graph from Figure 2. Structural
differences between the two models are highlighted in gray.

• PLACE A place in the world (e.g. “on the truck,” or “next
Understanding
Natural Language Commands for Robotic Navigation and Mobile•Manipulation.
Tellex,
Dickerson,
Teller, and Roy. AAAI 2011.
to the tire pallet”).
λf The words
ofKollar,
the figure
fieldWalter,
of theBanerjee,
ith SDC.
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♠

Grounding for γ1

Grounding for γ2

Grounding for γ3
✗✔
❤

Grounding for γ4
✖✕

(a) Object groundings

(b) Pick up the pallet

(c) Put it on the truck

Figure 4: A sequence of the actions that the forklift takes in response to the command, “Put the tire pallet on the truck.” (a) The
search grounds objects and places in the world based on their initial positions. (b) The forklift executes the first action, picking
up the pallet. (c) The forklift puts the pallet on the trailer.
of low-scoring examples were due to words that did not appear many times in the corpus.
For PLACE SDCs, the system often correctly classifies
examples involving the relation “on,” such as “on the trailer.”
However, the model often misclassifies PLACE SDCs that
involve frame-of-reference. For example, “just to the right
of the furthest skid of tires” requires the model to have features for “furthest” and the principal orientation of the “skid

agreement with the statement, “The forklift in the video is
executing the above spoken command” on a five-point Likert
scale. We report command-video pairs as correct if the subjects agreed or strongly agreed with the statement, and incorrect if they were neutral, disagreed or strongly disagreed.
We collected five annotator judgments for each commandvideo pair.
To validate our evaluation strategy, we conducted the evalUnderstanding Natural Language Commands for Robotic Navigation and Mobile Manipulation. Tellex, Kollar, Dickerson, Walter, Banerjee, Teller, and Roy. AAAI 2011.
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Fig. 1. An illustration of the robot trajectory x (t) generated from planning
constraints that were inferred from the natural language instruction “move
near the red box and the blue crate” using the Distributed Correspondence
Graph (DCG) model. The dark gray, light gray, and white regions represent
the goal states, admissible states, and inadmissible states respectively. The
variables o1 . . . o4 identify the four objects in the environment model.
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Fig. 2. A parse tree for the sentence “move near the red box and the blue
crate”. Part-of-speech tags in the parse tree are from the Penn Treebank [2].
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Fig. 3. The factor graph resulting from the parse tree in Figure 2, used
by the G3 algorithm to infer the groundings of the instructions. Each
linguistic is grounded to a object, location, or action through a factor that
incorporates the grounding of its children. Black boxes, white spheres, and
gray sphere are factors, known random variables, and unknown random
variables respectively.
A Natural Language Planner Interface for Mobile Manipulators. Howard, Tellex, and Roy. ICRA 2014.

of speech, including 13 adjectives, 13 nouns, and 29 verbs.
The first corpus was randomly divided into a training set of
96 examples and a test set of 288 examples. Three examples
illustrating the environment model, robot trajectory, and
assigned instructions are shown in Figure 7.

Navigation + Manipulation Instructions

5

6

nference runtime as a
on each n constraints
ion space.

e is the time that
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(a) “go to the blue
box”

(b) “move towards the
green object”

(c) “travel to the orange object”

Fig. 7.
Images of labeled trajectories generated by constraint and
environment sampling that form the training and test sets for constraint
inference evaluation.

Each noun phrase in the G3 and Hybrid G3 -DCG models
uses a single factor to search the 50 objects for the one that is
best described by the linguistic constituents. The state-action
space for the G3 model consisted of trajectories that satisfied
each of the eight constraints sets in the current environment.

A Natural Language Planner Interface for Mobile Manipulators. Howard, Tellex, and Roy. ICRA 2014.
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MNIST Patterns with labeled blocks
Source
Target
Med Mean Med Mean S R D

Random Patterns with blank blocks
Source
Target
Med Mean Med Mean S R D

Human Performance
Oracle

0.00 0.00 0.21 0.53 100
–
– 0.00 0.45 100 100 100

0.00 0.30 0.37 1.39 93
–
– 1.00 1.09 100 100 100

FFN

Discrete Predictions
Continuous Predictions
End-to-End

0.00 0.49 1.09 2.17
0.49 1.00 1.59 2.42
0.02 0.38 1.14 1.81

93 69 63

5.28 5.09 5.51 5.46
4.25 4.04 3.86 3.93
3.45 3.52 3.60 3.94

RNN

Configuration/Assembling Instructions

Discrete Predictions
Continuous Predictions
End-to-End

0.00 0.14 0.00 0.98
0.47 0.64 1.23 1.60
0.03 0.19 0.53 1.05

98 92 78

5.29 5.00 5.51 5.57
4.16 4.05 3.71 3.87
3.29 3.47 3.60 3.70

Center Baseline
Random Baseline

–
– 3.46 3.43 100
6.37 6.49 6.12 6.21
5

5 11

9 15 32

10

7 46

–
– 4.09 4.06 100
4.90 4.97 5.51 5.44 10 11 12

Table 4: Model error when trained on only the subset of the data with decorated blocks or blank blocks. Where appropriate S,
R, and D are the model’s predictive accuracy at identifying the Source, Reference and Direction. All models are evaluated on the
Median and Mean prediction error the source block and its final target location. Distances are presented in block-lengths.

not told about the high-level goal of drawing a number. Despite this, Table 4 shows human performance
is very similar to Oracle performance. Although hu-

data, the End-to-End model performs best by learning its own more appropriate representation.
Natural Language Communication with Robots. Bisk, Yuret, and Marcu. NAACL 2016.
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Configuration/Assembling Instructions

Figure 1: An example of the configuration instruction understanding task (based on blank-labeled blocks). Our model is
able to correctly predict the source block and the target position in this case.
Models that can understand the semantics of block selection and moving instructions (and the involved referring
Models for
Spatial Instruction
Understanding. Tan and Bansal. AAAI 2018.
expressions) have beenSource-Target
a topicInference
of study
since
the 1970s,

Configuration/Assembling Instructions

Figure 2: Our overall model for the assembly instruction understanding task, showing instruction and world representation
learning, language-to-block alignment modules, and source and target (expectation vs. sampling) loss functions.
beddings. Finally, the block which best aligns with the instruction is chosen as the source block.
We first use a standard LSTM-RNN to encode the
instruction I into its embedding representation H =
{h1 , h2 , . . . , hm } by the recurrent function:

LSRC

P (S = bi |I) / exp(A(ci , H))
X
=
G(bi ) log P (S = bi |I)

(3)
(4)

i

This loss function is then summed over for all data instances
(instructions) and the total loss is minimized to learn all the
source-related weights described above.
is the word embedding matrix layer. The blocks
Source-Target Inference
Models
for Spatial Instruction
Understanding.
Tanmodules
and Bansal.that
AAAIwe
2018.
Next,
we describe
the different
attention
ht = r (ht

where WW

this task).

1 , W W wt )

(1)

Configuration/Assembling Instructions

Model
End-to-End FFN (Bisk, Yuret, and Marcu 2016)
End-to-End RNN (Bisk, Yuret, and Marcu 2016)
Our Expectation Model
Our Sampling Model
Our Expectation Model w/ Ensemble
Our Sampling Model w/ Ensemble

Accuracy
9.0%
10.0%
56.1%
56.3%
56.6%
56.8%

S OURCE
Median
3.45
3.29
0.00
0.00
0.00
0.00

Mean
3.52
3.47
2.21
2.18
2.12
2.11

TARGET
Median
Mean
3.60
3.94
3.60
3.70
2.78
3.07
3.12
3.18
2.65
2.91
2.71
2.90

Table 2: Final test results of our final sampling and expectation models (w/o and w/ ensemble), compared to the previous
state-of-the-art on this dataset.

Source-Target Inference Models for Spatial Instruction Understanding. Tan and Bansal. AAAI 2018.

Our Sampling Model w/ Ensemble

56.8%

Configuration/Assembling
Instructions
Table 2: Final test results of our final sampling and expectation models
state-of-the-art on this dataset.

Positive Examples

Figure 3: Analysis: positive and negative output examples showing interes
in each pair depict the ground truth movement of the source block to the
and target distance in bottom-right of each second image. We also use a
(ground truth target position
can be inferred directly from the image diffe
Source-Target Inference Models for Spatial Instruction Understanding. Tan and Bansal. AAAI 2018.

56.8%

0.00

2.11

2.71

2.90

Configuration/Assembling Instructions

expectation models (w/o and w/ ensemble), compared to the previous

Negative Examples

ples showing interesting instruction scenarios. The first and second image
source block to the target position. We report predicted source accuracy
mage. We also use a red cross to represent our predicted target position
rom the image difference between theSource-Target
first and
second image). Also, for
Inference Models for Spatial Instruction Understanding. Tan and Bansal. AAAI 2018.

Recipe Instruction Following
Interpreting and Executing Recipes with a Cooking Robot

3

Fig. 2 The human interaction with the BakeBot system for recipe execution. First the person provides the plain-text recipe and the measured ingredients. Then BakeBot infers a sequence of baking
primitives to execute that correspond to following the recipe. If BakeBot encounters an unsupported baking primitive, it asks its human partner for help executing the instruction. The end result
is baked cookies.

Interpreting and Executing Recipes with a Cooking Robot. Bollini, Tellex, Thompson, Roy, Rus. ISER 2012.

demonstrate an end-to-end robot cooking system capable of implementing any baking recipe that requires pouring, mixing, and oven operations on premeasured ingredients provided to the system. Our system is able to follow recipes downloaded
from the internet; we demonstrate it by following two different recipes in the real
world and by further evaluating its performance on a larger test set in simulation.

Recipe Instruction Following

Fig. 3 Architecture of the BakeBot system. The NL system processes the plain text recipe, producing a high-level plan which is sent to the robot. For each instruction in the high-level plan, the
motion planner assembles a motion plan and executes it on the PR2 robot.

http://projects.csail.mit.edu/video/research/robo/bakebot_final.mp4
Interpreting and Executing Recipes with a Cooking Robot. Bollini, Tellex, Thompson, Roy, Rus. ISER 2012.

Recipe Instruction Following
Interpreting and Executing Recipes with a Cooking Robot
Recipe Text

9

Inferred Action Sequence

Afghan Biscuits
200g (7 oz) butter
75g (3 oz) sugar
175g (6 oz) flour
25g (1 oz) cocoa powder
50g cornflakes (or crushed weetbix)
Soften butter.
Add sugar and beat to a cream.
Add flour and cocoa.
Add cornflakes last.
Put spoonfuls on a greased oven tray.
Bake about 15 minutes at 180 C (350 F).

pour(butter, bowl); mix(bowl)
pour(sugar, bowl); mix(bowl)
pour( f lour, bowl); pour(cocoa, bowl)
pour(corn f lakes, bowl); mix(bowl)
scrape()
preheat(350); bake(pan, 20)

Fig. 4 Text from a recipe in our dataset, paired with the inferred action sequence for the robot.

formally specified the specific ingredients and implements necessary to follow the
recipe. This initialization is given to the robot. Next, for each instruction in the
recipe text, we annotated the sequence of primitive actions the robot should take
in order to follow that instruction.
We used
45 recipes
from
thisRobot.
corpus
train
the Roy, Rus. ISER 2012.
Interpreting
and Executing
Recipes with
a Cooking
Bollini,to
Tellex,
Thompson,

Recipe Instruction Following
Interpreting and Executing Recipes with a Cooking Robot
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Interpreting and Executing Recipes with a Cooking Robot. Bollini, Tellex, Thompson, Roy, Rus. ISER 2012.

Recipe Instruction Following
! Recipes: Tell Me Dave (http://tellmedave.cs.cornell.edu/)

Fig. 1. Natural Language Instructions to sequence of instructions for a given new environment. Our approach takes description in natural language and
sequences together robotic instructions that are appropriate for a given environment and task. Note that the NL instructions are often ambiguous, and are
incomplete, and need to be grounded into the environment.

form natural language data and robotic instruction logs, collected from several users. The tasks comprise performing

[41]. Since real environments have uncertainty and nondeterminism, Kaelbling and Lozano-Pérez [22] start with an

Tell Me Dave: Context-Sensitive Grounding of Natural Language to Mobile Manipulation Instructions, Misra, Sung, Lee, and Saxena. RSS 2014.

Recipe Instruction Following
! Recipes: Tell Me Dave (http://tellmedave.cs.cornell.edu/)

Fig. 4. Robot Experiment. Given the language instruction for making the dessert ‘Affogato’: ‘Take some coffee in a cup. Add icecream of your choice.
Finally, add raspberry syrup to the mixture.’, our algorithm outputs a sequence that the PR2 executes to make the dessert. (Please see the video.)

Predefined Templates [18] focused on disambiguating spatial How well does our model generalize to new environments
relations but was extremely brittle to ambiguity in grounding, and tasks? In this test, we wanted to examine how well our
therefore giving low performance.
model can make use of examples from different environment
Method Instruction-Tree [7] was able to give reasonable re- and tasks. Its not obvious whether the templates learned for
sults on some sequences. However this approach has problem one task, such as making affogato will be useful for another
working with large search tree. Furthermore, the bag-of-word task such as making ramen. For studying the effect of a differfeature do not take into account the environment context, the ent task, we performed another experiment in which we trained
language might say that keep the cup in microwave but the cup and tested the model on making ramen task only (instead of
might already be inside the microwave (unless such constraints training together for {making ramen,making affogato}). We
are hard-coded). This approach thus fails when the language found that because the VEIL library from the making affogato
is vague, for example, for the following sentence, heat the task was not available for training, the performance dropped
Tell Me Dave:
Context-Sensitive
Grounding
of Natural Language
Mobile
Instructions,
Misra, Sung,
and in
Saxena.
RSSII.
2014.
water and add ramen., However,
our
approach takes
this vague
to 64.9toon
theManipulation
IED metric
as compared
toLee,
67.3
Table

Recipe Instruction Following
! Recipes: RoboBarista (http://robobarista.cs.cornell.edu/)

Fig. 5. Screen-shot of Robobarista, the crowd-sourcing platform running on Chrome browser. We have built Robobarista platform for collecting a large
number of crowd demonstrations for teaching the robot.

to the cumulative sum, |D(mA , mB )|path⇤ (i.e. the length of
Generating a full trajectory from scratch can be difficult
the optimal warping Robobarista:
path), giving
the final form:
for non-experts. Thus, similar to Forbes et al. [17], we
Object Part based Transfer of Manipulation Trajectories from Crowd-sourcing in 3D Pointclouds. Sung, Jin, and Saxena. ISRR 2015.

Recipe Instruction Following
! RoboBarista: http://robobarista.cs.cornell.edu/

Fig. 10. Examples of transferred trajectories being executed on PR2. On the left, PR2 is able to rotate the ‘knob’ to turn the lamp on. In the third
snapshot, using two transferred trajectories, PR2 is able to hold the cup below the ‘nozzle’ and press the ‘lever’ of ‘coffee dispenser’. In the last example,
PR2 is frothing milk by pulling down on the lever, and is able to prepare a cup of latte with many transferred trajectories.

over 70% recognition accuracy in classifying five major
classes of object parts (‘button’, ‘knob’, ‘handle’, ‘nozzle’,
‘lever’.) However, the Object Part Classifier baseline, based
on this classification, performed at only 23.3% accuracy for
actual trajectory transfer, outperforming chance by merely
12.1%, and significantly underperforming our model’s result
of 65.1%. This shows that object part labels alone are not
sufficient to enable manipulation motion transfer, while our
model, which makes use of richer information, does a much
Robobarista: Object Part based Transfer of Manipulation Trajectories from Crowd-sourcing in 3D Pointclouds. Sung, Jin, and Saxena. ISRR 2015.

afdaniele@ttic.edu

mbansal@cs.unc.edu

mwalter@ttic.edu

Navigation Instruction Generation

ct—Modern robotics applications that involve humaneraction require robots to be able to communicate with
Input: map and path
seamlessly and effectively. Natural language provides a
Floor patterns:
Objects:
nd efficient medium through which robots can exchange
B Barstool
Blue
ion with their human partners. Significant advancements
C
Brick
Chair
en made in developing robots capable of interpreting
E Easel
Concrete
m instructions, but less attention has been devoted to
H Hatrack
Flower
gtion
robots with the ability to generate natural language.
L Lamp
Grass
B
ose a navigational guide model that enables robots to
S Sofa
Black
natural language instructions that allow humans to
Wood
ntly
Yellow
a
priori
unknown
environments.
We
first
decide
which
nceL
C
ion
we to share with the user according to their preferences,
Wall paintings:
policy
trained from human demonstrations via inverse
In
Tower
ment
learning.
We
then
“translate”
this
information
r in
Butterfly
atural language instruction using a neural sequence-tomonS
E
Fish
model that learns to generate free-form instructions
each
tural
in- language corpora. We evaluate our method on
mark
pair route instruction dataset and achieve a BLEU
72.18% when compared to human-generated reference
H
aset
ons.
We
additionally
conduct
navigation
experiments
turn
Fig. 4. Participants’
fielddemonstrate
of view in the virtual
usedmethod
for the human
man
that
thatworld
our
aug- participants
Output: route instruction
navigation experiments.
s instructions that people follow as accurately and easily
straproduced by humans.
“turn to face the grass hallway. walk forward twice. face

of the quality
of the instructions (e.g., instructions that are the easel. move until you see black floor to your right. face
I. I NTRODUCTION
correct but different in prose will receive a low BLEU score). the stool. move to the stool”
s are increasingly
as our
sing
In an effort tobeing
furtherused
evaluate
thepartners,
accuracy working
and usability
d100,
alongside
people,
whether
it
is
serving
as
assistants
of our method, we conducted a set of human evaluationFig. 1. An example route instruction that our framework generates for the
nerin which we
askedin42warehouses
novice participants
homesexperiments
[59], transporting
cargo
[11], onshown map and path.
oder Amazon Mechanical Turk (21 females and 21 males, ages
students
with language learning in the classroom [28],
arly 18–64,
all native English speakers) to follow natural language
ng as guides
in public
spacesInstruction
[23]. In order
for Reinforcement Learning with Neural Machine Translation. Daniele, Bansal, and Walter. HRI 2017.
TM
Navigational
as Inverse
route instructions, randomly
chosen fromGeneration
two equal-sized
sets

Navigation Instruction Generation
Content Selection

Surface Realization

of transiti
Seq2Seq
Language
Sentence
a, and
MDP
RNN
Model
Planning
correspon
state. In t
Fig. 2. Our method generates natural language instructions for a given map
defines th
and path.
of the en
context fe
LSTM-RNN
in orienta
A. Compound
Action Specifications
and nearb
Travel
In order to bridge the gapAligner
between theLSTM-RNN
low-level nature "go
of forward
3
the
state
distance
segments
passing
count.3
the input paths and the natural language output, we encodethe bench"
which con
past
type.Object
paths using
an intermediate logic-based formal language. state spac
LSTM-RNN
value.Sofa
Specifically, we use the Compound Action Specification context fe
CAS Command
Encoder
Aligner provides Decoder
(CAS) representation
[39], which
a formal abstractionInstruction
the space
Fig. 3. commands
Our encoder-aligner-decoder
model metric-topologic-semantic
for surface realization.
of navigation
for hybrid
attributes)
maps such as ours. The CAS language consists of five actions
We see
Find), each ofModel:
which
CAS structures Cs . (i.e., Travel, Turn, Face, Verify, 1)and
Sequence-to-Sequence
We is
formulate
the rew
prob
lative
lem of generating
natural language
instructions as infer
2) Sentence Planning:
Given thewith
set ofa candidate
associated
number CAS
of attributes
that together
defineroute
spevalue
of
p
ence
overwitha Neural
probabilistic
model Daniele,
P ( 1:T
|x1:N
),Walter.
where
Navigational
as Inversevalues
Reinforcement
Learning
Machine Translation.
Bansal,
and
HRI 2017.
structures Cs , our method
next Instruction
choosesGeneration
the attributes
1:T =

Navigation Instruction Generation
Map and Paths

Legend:
H - Hatrack
B - Barstool
C - Chair
S - Sofa
L - Lamp
Fish
Eiffel
Butterfly

1

you

should

have

olive
hallway
onamountyour
right provided?”
now
(a)the
Q1: “How
do you
define the
of information

Verify

S

H

LM-score

side.Right

L

appear.Honeycomb

turn

so

that

(b) Q2:
would you evaluate
theon
task in terms
the“How bench
is
your of difficulty?”
right

2

value.Sofa

“so so a straight chair to your left”
“turn so that the
chair is Lon your left
1

101.00
11.00

“keep going till the blue flor id on yo
“move Cuntil you seeH blue2 floor to you

G

S

3

H

TABLE
(b) II
L ANGUAGE MODEL ABLATION OU
B

S

Instructions

side.Right
(c) Q3: “How confident are you that you followed the desired path?”

Fig. 5. Alignment visualization for two pairs of CAS (left) and natural
language instructions (top). Darker colors denote greater attention weights.

Q4: “How many times did you have to backtrack?”
shows an example of a route(d)instruction
generated by our
system for a given map and path.

A. Aligner Ablation

G

105.00
27.65

Turn
face

#

- Initial position
- Goal position
- Final position

Candidate

(a)

value.Path

S
G

Human

“with your back to the wall turn left. walk
along the flowers to the hatrack. turn left.
walk along the brick two alleys past the lamp.
turn left. move along the wooden floor to the
chair. in the next block is a hatrack”

Ours

“you should have the olive hallway on your
right now. walk forward twice. turn left. move
until you see wooden floor to your left. face
the bench. move to the bench”

Human

“head toward the blue floored hallway. make
a right on it. go down till you see the fish
walled areas. make a left in the fish walled
hallway and go to the very end”

(a)

Fig.
(b) 6. Comparison between the performances ach
“turn human
to face the white
hallway. walk
while following
annotated
andforward
machine gene
Ours

once. turn right. walk forward twice. turn left.
move to the wall”

Our model employs an aligner
in order
learn
to focus Fig. 8. Examples of paths from the SAIL corpus that ten participants (five
(e) Q5: “Who
do you thinkto
generated
the instructions?”
for each map) followed according to instructions generated by humans and
Fig. 7. salient
Participants’ survey
statistics. in the
on particular CAS tokens that are
toresponse
words
by our method. Paths in red are those traversed according to human-generated
and the
generated
route
instruction
instructions,
while paths
in green were executed
according
to our instructions. (top) fo
with an “S” and “G” denote the start and goal locations, respectively.
output instruction. We evaluate the contribution of the aligner Circles
narios drawn from the SAIL validation set
and were
rated
as providing
toomodel
little information
15% less
by implementing Navigational
and training
anGeneration
alternative
in Learning
which
Instruction
as Inverse
Reinforcement
with Neural Machine Translation. Daniele, Bansal, and Walter. HRI 2017.
demonstrate that our method learns to ali

formation-Theoretic Dialog to
e Spatial-Semantic
Representations
Language Generation/Dialogue

by Robots

emachandra

Matthew R. Walter
! Navigation Dialogue

that enables robots to
ntation of an environng a guided tour. The
athering actions in the
the ambiguity over the
uage descriptions (e.g.,
hese questions include
ound (e.g., “Are we in
distant from the robot
oom?”). Our algorithm
m that seeks to balance
idate questions with a
. In this manner, the
to ask based upon the
nting for the burden on
for a joint distribution
emantic representation
ovided descriptions and
d tour. We demonstrate
the user, the method
he learned map.

The kitchen is
down the
hallway
Yes

Is the kitchen
in front of me?

Fig. 1. A user gives a tour to a robotic wheelchair designed to assist residents in a long-term care facility. (Left) The guide provides an ambiguous
description of the kitchen’s location. (Right) When the robot is near one of
the likely locations, it asks the guide a question to resolve the ambiguity.

N
Information-Theoretic Dialog to Improve Spatial-Semantic Representations. Hemachandra and Walter. IROS 2015.
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Deits et al., Clarifying Commands with Information-Theoretic Human-Robot Dialog
! Manipulation
Dialogue

Question

Command

Answer

γ1
γ2

γ3

γ5

γ6

φ1

φ2

φ3

φ5

φ6

φ7

λ1

λ2

λ3

λ5

λ6

λ7

“Pick up”

“the pallet.”

“Which one?”

“The one”

“near”

“the truck.”

(a) Unmerged grounding graphs for three dialog acts. The noun phrases “the pallet,” “one” and “the one near the truck”
refer to the same grounding in the external world but initially have separate variables in the grounding graphs.

γ3

γ1

γ6
φ1

φ2

φ3

φ5

φ6

φ7

λ1

λ2

λ3

λ5

λ6

λ7

“Pick up”

“the pallet.”

“Which one?”

“The one”

“near”

“the truck.”

(b) The grounding graph after merging γ2 , γ3 and γ5 based on linguistic coreference.

Figure 2. Grounding graphs for a three-turn dialog, before and after merging based on coreference. The robot
merges the three shaded variables.
Clarifying Commands with Information-Theoretic Human-Robot Dialog. Deits et al. JHRI 2013.

an entropy-based metric and asks it, as described in Section 3.1. We describe and analyze three
such metrics for selecting questions in Sections 3.1.1 and 3.1.2. After asking the chosen question
and receiving an answer from a human partner, the robot merges grounding graphs that correspond
to the original command, question, and answer into a single graphical model. Finally, the system
performs inference in the merged graph to find a new set of groundings that incorporates information
from the answer as well as information from the original command. Figure 3 shows the dataflow in
the system.

Language Generation/Dialogue by Robots
! Manipulation Dialogue

Figure 3. System diagram. Grayed-out blocks show components developed in previous work and are therefore
not discussed in detail in this paper; black blocks show the question-asking feedback system new to this paper.
Clarifying Commands with Information-Theoretic Human-Robot Dialog. Deits et al. JHRI 2013.
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Deits et al., Clarifying Commands with Information-Theoretic Human-Robot Dialog

! Manipulation Dialogue
Command:
Question:
Answer:

Move your pallet further right.
What do the words ‘your pallet’ refer to?
Your pallet refers to the pallet you are currently carrying.

Command:
Question:
Answer:

Move closer to it.
What does the word ‘it’ refer to?
It refers to the empty truck trailer.

Command:
Question:
Answer:

Take the pallet and place it on the one to the left.
What do the words ‘the one’ refer to?
The one refers to the empty trailer.

Command:
Question:
Answer:

Place the pallet just to the right of the other pallet.
What do the words ‘the pallet’ refer to?
The wooden crate that the merchandise sits on
top of.

Figure 4. Sample commands, questions, and answers from the corpus.
Clarifying Commands with Information-Theoretic Human-Robot Dialog. Deits et al. JHRI 2013.
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Language Generation/Dialogue by Robots

Figure 3: The Mechanical Turk interface for the delivery task. This abridged conversation is from a Turker in training batch
0, when the system had access to only the seed lexicon. Because of this conversation, the agent learned that “calender” and
“planner” mean “calendar” during retraining.

Figure 5: Left: Robot platform (Segbot) used in experiFigure 4: Left: Average Mechanical Turk survey responses across the four test batches. Right: Mean
turnsSegbot
in Mechanical
ments.user
Right:
architecture, implemented using Robot
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