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A robot can use dialogue to try to learn more about the world. For this
to work, the robot and a human need to establish a mutually agreed-upon
understanding of what is being talked about, and why. Thereby it is par-
ticularly important for the human to understand what the robot is after.
The notion of transparency tries to capture this. It involves the relation
between why a question is asked, how it relates to private and shared be-
liefs, and how it reveals what the robot does or does not know. For year 1,
WP6 investigated means for establishing transparency in situated dialogue
for interactive learning. This covered two aspects: how to phrase questions
for knowledge gathering and -rePnement, and how to verbalize knowledge.
Results include methods for verbalizing what the robot does and does not
know about referents and aspects of the environment, based on a mixture
of prior and autonomously acquired knowledge and basic methods for self-
understanding (Task 6.1); and, novel algorithms for determining content and
context for question subdialogues to gather more information to help resolve
misunderstandings or Pll gaps (Task 6.2). WP6 also reports results on mak-
ing spoken situated dialogue more robust, employing probabilistic models
for using multi-modal information to reduce uncertainty in comprehension.
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Executive Summary

One of the objectives of CogX is self-extension. This requires the robot to
be able to actively gather information it can use to learn about the world.
One of the sources of such information is dialogue. But for this to work,
the robot needs to be able to establish with a human some form of mutually
agreed-upon understanding P they need to reach eommon ground The
overall goal of WP6 is to develop adaptive mechanisms for situated dialogue
processing, to enable a robot to establish such common ground in situated
dialogue.

WP6 primarily focuses on situated dialogue for continuous learning. In
continuous learning, the robot is ultimately driven by its own curiosity,
rather than by extrinsic motivations. The robot builds up its own under-
standing of the world B its own categorizations and structures, and the ways
in which it sees these instantiated in the world. While learning, the robot
can solicit help from the human, to clarify, explain, or perform something.
This is where situated dialogue can help the robot to self-extend B and which
is where transparency comes into play. The robot is acting on its own un-
derstanding, which need not be in any way similar to how a human sees
the world. There is therefore a need for the robot to make clear what it is
after. why the robot is requesting something from a human, what aspects
of a common ground it appeals to, and how the request is related to what
it does and does not know.

To achieve transparency in situated dialogue for continuous learning,
WP6 investigated two important aspects in year 1: Verbalization of knowl-
edge about classes and instances (Task 6.1), and phrasing questions as subdi-
alogues (Task 6.2). WP6 developed novel methods for context- and content-
determination in verbalizing knowledge about referents and aspects of the
environment, with the possibility to combine a priori and autonomously ac-
quired knowledge. As a result, the robot is capable to refer to instances in a
contextually appropriate way, phrase their description relative to knowledge
about other instances and classes, and talk about ontological knowledge it
has. We base some of these methods in simple ways for the robot to in-
trospect what it knows about an entity (self-understanding), and establish
gaps in its understanding of that entity relative to ontological categories.
Connected to these korts, WP6 developed new algorithms for context- and
content-determination for question subdialogues, setting such determina-
tion against the background of context models of multi-agent beliefs and
intentions; and for realizing these dialogues with contextually appropriate
intonation. The robot can now plan for how to request information from
the user to clarify or extend its understanding. It does so in a manner
that appropriately ref3ects how this request relates to private and shared
beliefs, and intentions. In such a mixed-initiative dialogue, the robot can
dynamically adapt its plan to achieve its knowledge-gathering intention.
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In addition to the main focus on transparency, WP6 continued € orts
in making spoken situated dialogue more robust. Further improvements
in robustness were achieved by using context information in incremental,
distributed processing covering speech recognition, parsing, and dialogue
interpretation. This approach explicitly deals with the uncertainty in the
speech recogniser in a Bayesian way, which is part of our broader approach
in CogX to using probabilistic representations to capture uncertainty in
initial interpretations of sensory signals. By maintaining all the possible
hypotheses we can then use knowledge from other modalities to revise our
interpretation or to bias inference. This is an example of a simple kind of self-
understanding, since we are representing the possibilities and uncertainties
in our interpretations.

Role of (transparent) situated dialogue in CogX

CogX investigates cognitive systems that self-understand and self-extend.
In some of the scenarios explored within CogX such self-extension is done in
a mixed-initiative, interactive fashion (e.g. the George and Dora scenarios).
The robot interacts with a human, to learn more about the environment.
WP6 contributes situated dialogue-based mechanisms to facilitate such in-
teractive learning. Furthermore, WP6 explores several issues around the
problems of self-understanding and self-extension in the context of dialogue
processing. Dialogue comprehension and production is ultimately based in
a belief model the robot builds up. This belief model captures beliefs and
tasks, in a multi-agent fashion. We can attribute a belief/task to one agent
(private), multiple agents (shared), or have an agent attribute a belief/task
to another agent (private, attributed). Already at this level we thus see a
range of possible forms of self-understanding and self-extension. The goal
of transparency is to establish beliefs as shared, and thus, any belief that
should be shared but currently is not represents a gap of sorts. The der-
entiation between private and shared status status is one aspect of context
that helps determine how we produce references to entities in the world,
and the way we produce questions about such entities. Furthermore, inter-
pretations leading up to these beliefs and tasks may be uncertain. We use
probabilistic models to help counter uncertainty in comprehension, fusing
information from multiple modalities to guide comprehension. Should this
fail, we can use claribcation to overcome that uncertainty. Such claribcation
can also be used to resolve uncertainty about situated understanding, or
in a more general way, to request information about entities in the world.
WP6 presents a brst attempt at an algorithm for identifying gaps in terms
of unknown properties about an entity I relative to a category C'. We use
these gaps as a basis for verbalizing what a robot does and does not know
about I, and to drive dialogue to gain more information about I.
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Contribution to the CogX scenarios and prototypes

WP6 contributes directly to the George and Dora scenarios, in relation to
work performed in WP 3 (Qualitative spatial cognition), WP 5 (Interactive
continuous learning of cross-modal concepts), and WP 7 (Scenario-based
integration). Robust dialogue processing, claribcation, and verbalization
are in principle used in both scenarios. In George we provide the possibility
for the robot to ask about visual properties it is uncertain about, and to use
verbalization and referencing to describe what it sees:

¥ Human places a red box on the table

¥ Robot Vision recognizes the object as a box, but is unsure about the
color. A claribcation request is triggered, handled by dialogue.

¥ Robot Ols that box red?0 B dialogue provides indirect feedback it
has recognized the object as a box, while at the same time asking for
conbrmation on the color.

¥ Human OYes, this box is red.O

¥ Robot Vision is provided with the information that the box is indeed
red, and so can update its models.

In Dora we also explore the introspection on what the robot does and
does not know about an area, to drive information requests to the user.
(The method is in fact general enough to also drive active visual search in
the environment.)

¥ Human guides the robot to a new area, and says OHere we are in the
kitchen.O This the second kitchen the human and the robot visit.

¥ Robot Place categorization can determine the area as a kitchen, with
a particular size. Vision perceives a water cooker.

¥ Robot OOk, this looks like a larger kitchen.O B the robot can compare
to other kitchen instances it has seen so far.

¥ Robot The robot can infer that kitchens typically have several objects,
not only a water cooker but also a cd ee machine. It understands that
it does not know of a cd ee machine here, though.

¥ Robot Ol can see a water cooker. Is there also alaee machine?0 b
the robot indicates what it does and does not know, and uses this as
the background for extending its knowledge about the area.
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1 Tasks, objectives, results

1.1 Planned work

Robots, like humans, do not always know or understand everything. Situ-
ated dialogue is a means for a robot to extend or rebne its knowledge about
the environment. For this to work, the robot needs to be able to establish
with a human some form of mutually agreed-upon understanding B they
need to reach acommon ground The overall goal of WP6 is to develop
adaptive mechanisms for situated dialogue processing, to enable a robot to
establish such common ground in situated dialogue.

WP6 primarily focuses on situated dialogue for continuous learning. In
continuous learning, the robot is ultimately driven by its own curiosity,
rather than by extrinsic motivations. The robot builds up its own under-
standing of the world B its own categorizations and structures, and the ways
in which it sees these instantiated in the world. While learning, the robot
can solicit help from the human, to clarify, explain, or perform something.
This is where transparency comes into play. The robot is acting on its own
understanding, which need not be in any way similar to how a human sees
the world. There is therefore a need for the robot to make clear what it is
after: why the robot is requesting something from a human, what aspects
of a common ground it appeals to, and how the request is related to what
it does and does not know. To achieve transparency in situated dialogue
for continuous learning, WP6 investigated two important aspects in year
1: Verbalization of knowledge about classes and instances (Task 6.1), and
phrasing questions as subdialogues (Task 6.2).

Task 6.1: Verbalising categorical knowledge The goal is to enable the
robot to verbalize its own categorical knowledge (or lack thereof) rela-
tive to a situation, and understand situated references. We will extend
existing methods for comprehending and producing referring expres-
sions to cover verbalization of relevant information from singular visual
categories (WP5) and contextual reference.

Task 6.2: Continual planning for claribcation and explanation We
will extend strategies for planning claribcation- and explanation dia-
logues using a continual planning approach. This bers the necessary
Rexibility to adjust a plan when interactively setting up an appro-
priate context, and provides a model of common ground in dialogue.
These methods will be based in means for grounding the information
expressed by claribcations and explanations in situated understanding.

The intention behind Tasks 6.1 and 6.2 was to achieve that the robot
would be able to enter into a dialogue with a human, to clarify something
or to request more information. This could be either about dialogue itself,
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or regard the situated context being talked about B thus spanning the en-
tire range of ClarkOs grounding levels [11]. The robot uses belief models to
represent private and shared beliefs, including private beliefs the robot at-
tributes to other agents, and ontologies to capture its categorical knowledge
about the world. Together, belief models and ontologies provide a rich epis-
temological background against which the robot can introspect what it does
or does not know (e.g. whether another agent does understand something,
or whether an observed instance is of a particular category). We use such
self-understanding to guide verbalization and claribcation, two interrelated
functions to help the robot gather more information to self-extend. The role
of verbalization in this process is to ensure that the why what and how of
the question is clear to the human: why the robot asks, what it does and
does not know, and how that gap should be addressed. The planning part
is to take care of the planning and execution of the actual dialogue, to en-
sure human and robot eventually do achieve a common ground. Iml.2 we
describe how we achieved these goals.

1.2 Actual work performed

Below we succinctly describe the achievements for the individual tasks. The
descriptions refer to the relevant papers and reports in the annexes, for more
technical detail. In ©1.3 we place these achievements in the context of the
state-of-the-art.

1.2.1 \Verbalising categorical knowledge

The goal of Task 6.1 was to develop methods for the robot to verbalize its
own categorical knowledge, or lack thereof. We have achieved the following:

Context-determination, bi-directionality in referencing A robot typ-
ically acts in an environment larger than the immediately perceivable
situation. The challenge in referring to objects and places in such a
large environment is to ensure that the agents participating in the di-
alogue can identify the appropriate context against which the resolve
a reference. Zender et al§2.1.1, ©2.1.2) have developed novel meth-
ods for determining the appropriate context for comprehending and
producing referring expressions.

A typical example Zender et al address is when the robot needs to refer
to an object in a place other then where the robot currently is, talking to
a human. Or when it needs to understand such a reference. For example,
the robot has been sent to fetch a person to take a phone call in somebody
elseOs"oce (e.g. GJOs). If this person is currently in her“oce, it would
not do to say OthereOs a call for you on the phone.O This could incorrectly
identify the phone on that personOs desk as the one to pick up, whereas the
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point is to go to the GJOs b ce to take the call there. What Zender et al do

is to use topological structure of the environment, to Pliterallyb determine
the appropriate context for identifying the object it needs to refer to. So,
instead of just saying Othe phone,O the robot is able to say Othere is a call
for you on the phone on the desk in GJOs"a@e.O It uses the context to
direct the humanQs attention to the appropriate location, where it can then
identify the intended referent.

Verbalization of acquired properties Typically a robot is provided with
an initial ontology, outlining the concepts and their relations consid-
ered relevant for understanding the environment in which the robot
is to act. Over time, the robot can extend this ontology, for example
with instances and properties that hold for these. Zender and Prono-
bis (82.1.3) have developed a new method for verbalizing knowledge
about autonomously acquired scalar properties for instances and their
classes. The distributions of property values across instances, within
a class, and across classes help debne contextual standards [34, 15]
against which the verbalization of scalar properties as comparatives
can be determined in a contextually appropriate manner.

A scalar property is, simply, a property with values that are on a scale
that makes them comparable. An example of a scalar property is size:
A room can be smaller or larger than some other room, or of the same
size. Scalars are typical material properties for the kinds of entities we
want the robot to talk about. And, they are properties for which the robot
can autonomously acquire quantitative models. The problem is, how to
then talk about them. We cannot simply verbalize such a property at face
value, e.g. as Othe room is 187m2.0 Humans prefer more qualitative
descriptions, like OlargeO or Osmaller.O Such qualitative descriptions are
called vague scalar predicates Their exact interpretation is left vague b
that is to say, their exact interpretation is relative to a particular contextual
standard which debnes the scale along which comparisons are to be made.
Zender and Pronobis propose a method to make it possible for the robot to
introspect what variation it has perceived for a particular scalar property
among instances of a class, or among classes as such. This form of self-
understanding enables the robot to talk in a human-like, qualitative fashion
about scalar properties, while at the same time (indirectly) indicating to the
human what it considers as prototypical values (by comparison).

Verbalization of categorical knowledge Sometimes it is more impor-
tant for the robot to make clear what it does not understand, than
to say what it does know about. This helps the human to Pgure out
what the robot might be after. Zender and Kruij! (02.1.4) discuss
a preliminary method for a robot to introspect the knowledge it has
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about an entity in the world. The method establishes what the robot
does and does not know about that entity relative to one or more
categories in a known ontology. The resulting identibed OgapsO are
those properties for the entity that the robot does not know about,
but which it would need to know to establish the entity as an instance
of a particular category. Zender and Kruij! subsequently discuss how
the robot can then verbalize this self-understanding, in terms of what
the category, the instance and its known properties, and the missing
properties identibed as gaps.

Zender and Kruij! consider a simple, but often occurring form of OgapO:
namely, when a robot is lacking property information about an object or an
area to fully determine whether it is an instance of a particular category.
Consider again the example given earlier. A human and a robot enter a new
room, which the human indicates is a kitchen. The robot can categorize
the place as such, and even sees a water cooker. However, based on the
knowledge it has about kitchens, it would also expect a cbee machine to
be there. Zender and Kruij show how the robot can determine such a
property of Ohaving a cd ee machineO as a gap in its knowledge about this
area (as being a kitchen). To convey this self-understanding, Zender and
Kruij ! discuss how the robot can then verbalize this gap, together with a
description of what it does know about the area-as-a-kitchen. OO0k, this
looks like a larger kitchen. [... ] | can see a water cooker. Is there also a
col ee machine?0

The novelty in all these methods is the role context plays in determin-
ing how a robot should understand or verbalize a reference, or what it
knows about something (be that an instance or a class). Traditional meth-
ods focus primarily on content-determination, typically assuming a context
to be given. Our methods combine content-determination with context-
determination. Context-determination can thereby mean both situated con-
text (e.g. references in large-scale space) and epistemological context (e.g.
what beliefs a robot has, or attributes to other agents, or what it knows
about how to compare across classes). With that we go beyond the original
objectives of Task 6.1, which focused only on verbalizing knowledge about
visual objects in a current scene.

1.2.2 Claribcation

The goal of Task 6.2 was to develop methods so a robot could clarify or
expand what it understands about the environment. These methods were to
be continual, in the sense that it should be possible to monitor the execution
of a plan, and where necessary adapt or expand it. We have achieved this
goal in the following ways.
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Determining epistemological context in questions Transparency and
scd olding in dialogue for learning depend on epistemological context:
how questions appeal to common ground, what private beliefs they are
based in B and what answers an interlocutor would like to have. Krulij
& Brenner (02.2.1) explore methods for determining such appropriate
epistemological contexts, considering transparency and stalding ex-
plicitly as referential qualities of a question. These contexts are then
connected in a notion of question nucleus which ref3ects what is being
asked after, in reference to beliefs (aboutness, transparency) and in-
tentions (resolvedness, sdeolding). A question nucleus provides the
basis for formulating a question as a dialogue.

A robot should not just go and blurt out a question B this may not lead
to the human given the desired answer. A nice example of this is provided
by the former CoSy Explorer system [37]. The robot classibed every narrow
passage it went through (< 70cm) as a door. Sometimes it would realize that
some previous passage probably wasnOt a door, just an artifact of driving
around in a cluttered environment. At that point of realization, the robot
would just ask Ols there a door here?0 Out of the blue, without further
indication of where there ought to be a door, a human would typically say
OyesO b understanding the robot to mean, whether there would be a door to
this room. Which, of course, was not what the robot meant. But what it
failed to do was to properly take into account what the human would know
(she didnOt know that OhereO was supposed to refer to that narrow passage),
and how to formulate its question accordingly. Kruij! and Brenner look
into how the robot could use its multi-agent belief models to determine how
to best pose a question. They start by formulating ways for the robot to
introspect its beliefs to determine what the human knows about something
the robot wants to ask a question about. This determines how to refer the
entity under discussion B making it transparent what the robot is talking
about. A second step is to use what the robot holds as private knowledge
and beliefs about the entity, to properly indicate what it would like to know
more about.

Continual comprehension and production of claribcation Brenner et
al (12.2.2) consider how a continual approach for planning and execut-
ing dialogues can be applied to human-robot interaction, in general.
Kruij ! & Janigek (12.2.3) combine these insights with weighted abduc-
tion. The approach covers comprehending and producing dialogue and
combines intention, attentional state, and multi-agent belief modeling.
Kruij ! & Janigek focus on claribcation dialogues, covering Clark-style
grounding from communicative levels to information requests concern-
ing situated understanding.
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Robots donOt always understand everything. Sometimes they realize
that, but sometimes they donOt, and attribute some property to an object
that is just plain wrong. Kruij ! & Janigek try to capture such forms of
collaboration between a human and a robot, dealing explicitly with the
continual nature of such collaboration B things may go wrong and then need
to be corrected. A typical example that they try to capture is the following:

(1) Human places an object on the table

(2) Robot: OThat is a brown object.O

(3) Human: Olt is a red object.O

(4) Robot: OOk. What kind of object is it?0

(5) Human: OYes.O

(6) Robot: OAha. But what KIND of object is it?0
(7) Human: Olt is a box.O

Kruij ! & Janigek explicitly use the belief models of the robot, for the
robot to bgure out how it could use beliefs and observations to establish
why a human may have said something, and how to best achieve what the
robot itself is after (in terms of updating its beliefs). They make it possible
for the robot to assert a belief (Othis is a brown objectO) but then having
to retract it when being corrected by a human (Oit is a red objectO) and
establishing the corrected belief as a shared belief about the scene (OokO).
At the same time, using what it understands to be shared, the robot can
make safe assumptions about how it can refer to objects. Attributed beliefs
also make it possible for the robot to assume that the human may know
an answer to a question. In its reasoning the robot can then assert that
the human will provide it with that information (Owhat kind of object is
it?0). With that the robot brst of all explicitly represents the gap in its
knowledge (what it would like to know). But this also provides a level at
which introspection can track the extent to which the gap has actually been
resolved. The robot checks the updates it can make to its belief model
in response to its question, and can use the OselfO-understood failure to
do so to persist in trying to get an appropriate answer from the human.
Humans are not always fully cooperative, so when the human replies with
OyesO (as in Ocee or tea? yes pleaseO) she does not provide an answer
to the question. (Non-cooperative behavior is a problem usually Oassumed
awayO in approaches to dialogue; Krulj & Janigek donOt, dealing with it
in a continual way as argued for in Brenner et al,©2.2.2.) The robot can
Pgure this out (using the approach of Kruij! & Brenner, ©2.2.1), repeat the
question, to then Pnally get the desired kind of answer (Oit is a box.O).

Contextually appropriate intonation for questions Kruij ! -Korbayova
et al (12.2.4) develop new methods for determining information struc-
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ture and intonation for a range of utterance types, including com-
mands, assertions, and -most importantly- questions. Information
structure and its ref3ection through e.g. intonation can make it clear
to the hearer how the utterance relates to the preceding context, and
what it focuses on. As with assertions, where intonation can change
the dynamic potential of their interpretation, intonation in a ques-
tion indicates its dynamics in terms of what it is after. what type of
answers is expected. Kruif -Korbayova et al outline experiments to
verify these theoretical insights in an empirical way.

There is more to saying something than simply uttering a sequence of
words. In English, the intonation of an utterance refects what it is that
someone is talking about, and what she would like to focus on. There is a
marked di! erence between assertions like Othis is a RED boxO (capitalization
indicating stress) versus Othis is a red BOX,0 or questions like Ois this a red
BOX?0 or Qis this is a RED box?O Getting this right is crucial for the robot
to convey what it is after. Kruij ! -Korbayova et al (12.2.4) describe how the
robot can use private and shared beliefs, and what is currently attended to,
to help drive how to formulate a contextually appropriate intonation for an
utterance. In combination with the previous achievements, this rounds it
all o' : We can determine what beliefs and gaps play a role in formulating
e.g. a question, we can manage a dialogue around that question, we can
verbalize its content and references in a contextually appropriate way, and
formulate all that with the right intonation.

The novelty in all these methods is thus how they achieve to Rexibly
combine intention, multi-agent beliefs and attentional state in continual pro-
cessing of dialogue. Based on existing approaches, these methods explore
how the robot can introspect the private and shared beliefs it entertains, sit-
uate beliefs and intentions, and then use that as a background against which
it can handle and overcome pervasive aspects such as uncertainty, and the
typically large-scale spatiotemporal nature of action and interaction.

1.2.3 Robust processing of spoken situated dialogue

The success of dialogue-based human-robot interaction ultimately stands or
falls with how well a robot understands what a human says. Unfortunately,
spoken dialogue is di cult to understand. Utterances are typically incom-
plete or contain disRBuencies, they may be ungrammatical, or a speaker may
correct herself and restart part of an utterance. This requires processing of
spoken dialogue to be robust. At the same time, we cannot sacribPce deep
understanding for robustness, as is often done. In the end a robot needs to
understand what a human said, to be able to act on it. That is the whole
point of situated dialogue as we consider it here.

In addition to Tasks 6.1 and 6.2, we have continued our korts in robust
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processing of spoken situated dialogue. These! erts started already in
CoSy; the results reported here build up on these previous!erts but have
been achieved entirely during year 1 in CogX.

Integration of context in speech recognition and incremental parsing
Lison & Kruij ! (82.3.1) present a novel approach in which context in-
formation is used in a process combining speech recognition and in-
cremental parsing. The approach considers the entire processing from
incoming audio signal to establishing a contextually appropriate in-
terpretation of an utterance. Lison & Kruij ! show that substantial
improvements on robustness in processing can be achieved (measured
against a WoZ corpus) by including context information (e.g. salient
objects, actions). This information is used to bias lexical activation
probabilities in the language model for speech recognition, and to guide
discriminative models for parse ranking applied at the end of an in-
cremental parsing process.

Incremental contextual pruning in parsing Lison & Kruij ! (82.3.2) con-
sider the application of discriminative models during incremental pars-
ing. After each step, context-sensitive discriminative models are ap-
plied to rank analyses. Using a beam of width 30, Lison & Krui}
show how parsing time can be reduced by 50% without duering any
signibcant reduction in performance (measured on a WoZ corpus).

When a human processes visually situated dialogue, she uses what she
sees in the scene and how she knows that scene to help her understand what
someone else might be saying about that scene. Lison & Kruij explore
how this idea can be used to make spoken dialogue processing in human-
robot interaction more robust. When a robot perceives objects in a scene,
it uses that information to activate expressions it could associate with such
objects. For example, if it sees a ball, it would activate expressions like
Oround,O Opick up,O etcetera. These expressions are phrases the robot ex-
pects to hear. They help the robot to anticipate what a human is likely to
say, when talking about that scene. Lison & Kruij! show that the robot can
use this information to deal with the uncertainty inherent to speech recog-
nition. Doing it in a probabilistic way, it is part of the broader approach in
CogX to using probabilistic representations to capture uncertainty in initial
interpretations of sensory signals. By maintaining all the possible hypothe-
ses we can then use knowledge from other modalities to bias how the audio
signal is interpreted in terms of possible word sequences. This is an exam-
ple of a very simple kind of self-understanding, since we are representing
the possibilities and uncertainties in our interpretations. Lison & Kruij !
take this even further, by using the same information about the context
to then help parsing to discriminate between possible analyses, to end up
with a parse that represents the most likely semantic interpretation of the
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audio signal in the given context. Using this sort of discrimination-based-
on-context during parsing actually helps to reduce the time needed to parse
an utterance.

1.3 Relation to the state-of-the-art

Below we brief3y discuss how the obtained results relate to the current state-
of-the-art. We refer the reader to the annexes for more in-depth discussions.

1.3.1 Verbalisation

Task 6.1 considered the use of methods for comprehending and producing
referring expressionsto cover verbalization of knowledge, and contextual ref-
erence. For such expressions to appropriately refer to the intended referent,
they need to meet a number of constraints, to help a hearer identify what is
being talked about. First, an expression needs to make use of concepts that
can be understood by the hearer. This becomes an important considera-
tion when we are dealing with a robot which acquires its own models of the
environment and is to talk about the contents of these. Second, the expres-
sion needs to contain enough information so that the hearer can distinguish
the intended referent from other entities in the world or a belief state, the
so-called potential distractors. For this it is hecessary that the robot takes
the di! erentiation between private and shared beliefs into account, as we
already saw earlier. Finally, this needs to be balanced against the third con-
straint: Inclusion of unnecessary information should be avoided so as not to
elicit false implications on the part of the hearer.

Zender & Pronobis (02.1.3) particularly deal with the brst aspect. Given
that a robot autonomously acquires knowledge about the world, how can
such properties be used to verbalize what the robot knows? Existing work
on modeling scalar properties considers the use oftontextual standards to
determine how to realize such properties as OvagueO expressions involving
gradable adjectives [15, 34]. This research primarily focuses on instances
b in a given visual setting. Zender & Pronobis move beyond this, by con-
sidering how scalar properties can be modeled as probabilistic distributions
over their values B and then use these distributions to construct contextual
standards. This makes it possible to consider distributions solely across
observed instances (like [15]), and also across instances within a class (con-
sidering values to beprototypical values within a class), and across classes.
Within-class and across-class contextual standards are not considered (nor
immediately possible) in [15]. They are, however, necessary to generate
contextually appropriate verbalizations using comparatives. For example,
consider the average b ce to have 8n%. Talking about two 0" ces, with
o' cel measuring 12n? and o! ce2 18m?, it would be more appropriate to
talk about o! cel as Othe smaller b ce,O not as Othe small'oce.O The rea-
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son being that it is still bigger than the average d' ce. These ideas are based
on insights in categorization and prototypicality originating with Brown [7]
and Rosch [53]: some instances in a category are more prototypical of that
category than others.

Zender et al (02.1.1,22.1.2) focus on the second and third aspect, namely
the problem of including the right amount of information that allows the
hearer to identify the intended referent. According to the seminal work on
generating referring expressions(GRE) by Dale and Reiter [14], one needs
to distinguish whether the intended referent is already in the hearerO®cus
of attention or not. This focus of attention can consist of a local visual
scene (visual context) or a shared workspace (spatial context), but also
contains recently mentioned entities (modeled as beliefs in the belief model
associated with the dialogue context). If the intended referent is already
part of the current context, the GRE task merely consists of singling out the
referent among the other members of the context, which act as distractors.
In this case the generated referring expression (RE) containdiscriminatory
information, e.g. Othe red ballO if several kinds of objects with dierent
colors are in the current context. If, on the other hand, the referent is not
in the hearerOs focus of attention, an RE needs to contain what Dale and
Reiter call navigational, or attention-directing information. The example
they give is Othe black power supply in the equipment rack,0 where Othe
equipment rackO is supposed to direct the hearers attention to the rack and
its contents.

While most existing GRE approaches assume that the intended referent
is part of a given scene model, theontext set very little research has inves-
tigated the nature of references to entities that are not part of the current
context. The domain of such systems is usually a small visual scene, e.g. a
number of objects, such as cups and tables, located in the same room, other
closed-context scenarios, including a human-robot collaborative table-top
scenario [14, 31, 35, 33]. What these scenarios have in common is that they
focus on a limited part of space, which is immediately and fully observable:
small-scale space

In contrast, mobile robots typically act in more complex environments.
They operate in large-scale spacgi.e. space Olarger than what can be per-
ceived at onceO [39]. At the same time they do need the ability to understand
and produce verbal references to things that are beyond the current visual
and spatial context. When talking about remote places and things outside
the current focus of attention, the task of extending the contextbecomes
key.

Paraboni et al. [46] are among the few to address this problem. They
present an algorithm for context determination in hierarchically ordered do-
mains, e.g. a university campus or a document structure. Their approach is
mainly targeted at producing textual references to entities in written docu-
ments (e.g. bgures and tables in book chapters), and consequently they do
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not touch upon the challenges that arise in a physically and perceptually
situated dialogue setting. Nonetheless the approach presents a number of
contributions towards GRE for situated dialogue in large-scale space. An
appropriate context, as a subset of the full domain, is determined through
Ancestral Search This search for the intended referent is rooted in the
Oposition of the speaker and the hearer in the domainO (represented @s
a crucial brst step towards situatedness. Their approach duers from the
shortcoming that their GRE algorithm treats spatial relationships as one-
place attributes. For example a spatial containment relation that holds
between a room entity and a building entity (Othe library in the Cockroft
buildingO) is given as a property of the room entity puilding name = Cock-
roft ), rather than a two-place relation (in(library,Cockroft)). Thereby
they avoid recursive calls to the GRE algorithm, which would be necessary
if the intended referent is related to another entity that needs to be properly
referred to. Zender et al argue that this imposes an unnecessary restriction
onto the design of the knowledge base. Moreover, it makes it hard to use
their context determination algorithm as a sub-routine of any of the many
existing GRE algorithms. They show how these shortcomings can be over-
come, in an approach that integrates context- and content-determination as
separate routines. The approach is furthermorebi-directional, meaning it
can be used for both producing and comprehending referring expressions.
Zender & Kruij! (02.1.4) present preliminary research on a method that
enables a robot to introspect what it knows and doesnOt know about an
instance, relative to a given category. The method is based on the idea of
querying the robotOs ontological knowledge to retrieve the properties that
an entity would need to fulbll to be an instance of that given category. The
robot can then compare these properties to those that it already knows
for the instance. Working under an open world assumption, the robot can
then consider any remaining properties as gaps, indicating ignorance. This
basic idea is similar to slot-Plling strategies ininformation states-based dia-
logue managemen{63]. An information state is a set of records of what we
would like to know, and what we already know. Any open records identify
OgapsO that we need to Pll next B for example, if our state reRects book-
ing a train ticket, records may indicate departure, arrival, destination, etc.
A dialogue system for booking a ticket then will ask the user for all these
bits of information, to ensure it can get the user the right ticket. Here we
face something similar: obtain all the information for a set of properties so
that we can establish the entity as an instance of a given category. Hav-
ing said that, Zender & Kruij ! indicate how the method has the potential
to go beyond a slot-plling strategy, in several ways. They argue how the
method can extended to deal with uncertainty in categorization, and use
weighted abduction of the kind proposed by Kruij! & Janigek (22.2.3) to
provide a Olowest-costO way of establishing the right category for the entity.
This again follows up on the general CogX perspective, integrating dierent
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sources of information to help overcome uncertainty in understanding (per-
ceptual data, ontological knowledge) to drive inferences towards establishing
an interpretation (weighted abduction). Zender & Kruij ! extend a recent
method for verbalizing ontological structure [55] to properly re3ect what the
robot knows about the category, the instance, and the gaps it has identiped.

1.3.2 Claribcation

Kruij! & Brenner (02.2.1) propose the notion ofquestion nucleus This
notion captures the information pertaining to a question. A description
logic-like formalism is used to represent such information, as a conceptual
structure in which propositions have ontological sorts and unique indices,
and can be related through named relations. A question can then be repre-
sented as a structure in which we are querying one or more aspects of such a
representation [23, 36]. The formalism allows everything to be queried: re-
lations, propositions, sorts. The nucleus altogether comprises the situation
(the OfactsO) and the beliefs that have led up to the question, the question
itself, and the goal content which would resolve the question. The question
nucleus thus integrates GinzburgOs notions @fboutnessand (potential) re-
solvedness and includes an explicit notion of what information is shared,
and what is privately held information (cf. [42, 26]). Intuitively, it thus
represents what the robot is asking about (aboutness), what it would like
to know (resolvedness), and how it can appeal to shared beliefs or needs to
make clear private beliefs when raising the question. The contributions the
approach aims for are, brieRy, as follows. Purver and Ginzburg develop an
account for generating questions in a dialogue context [51, 50]. Their focus
was, however, on claribcation for the purpose of dialogue grounding. A sim-
ilar observation can be made for recent work in HRI [41]. Kruij! & Brenner
are more interested in formulating questions regarding issues in building up
situation awareness, including the acquisition of new ways of understand-
ing situations (cf. also [36]). In issue-based (or information state-based)
dialogue systems [40], the problem of how to phrase a question is greatly
simplibed because the task domain is bPxed. There is little need for paying
attention to transparency or sca olding, as it can be assumed the user un-
derstands the task domain. This is however an assumption that cannot be
made for our setting.

Kruij ! & Janigek (12.2.3) provide a model for capturing the continual
nature of collaborative activity. They base their approach on an algorithm
in which a form of weighted abductionplays a core role. Weighted abduction
is Oinference to the best explanationO P meaning, in this context, the best
explanation for why someone is saying something, and formulating that ex-
planation in terms of an intention, an update to a belief model, and possible
updates to an attentional state. Using weighted abduction for interpreta-
tion of natural language was introduced by Hobbs et al in [30]. Krui} &
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Janigek use an extended form, proposed by Stone & Thomason [60, 61, 62].
Stone & ThomasonOs approach integratesttentional state, intention, and
beliefs. Their attentional state captures those entities that are currently Oin
focusO or highly salient in the context. (Kruij! & Janigek turn this into
beliefs about such entities.) The approach is related to other collaborative
models of dialogue [27, 42, 26], and provides a single model for both compre-
hension and production. Stone & ThomasonOs notion of OcontextO provides
for a more RRexible way of resolving contextual references than classical dis-
course theories, though. Beliefs, intentions, and attentional state can all
co-determine the conditions on resolving a reference b rather than that res-
olution is solely determined by structural aspects of discourse (like in e.g.
SDRT [2]). This provides a suitable bridge to the continuum between action
and interaction, which Kruij ! & Brenner have argued for, cf. Brenner et al
22.2.2. Kruij! & Janigek propose to extend Stone & ThomasonQOs approach
with a more explicit notion of situated multi-agent belief models, and they
introduce assertions into proofs. An assertion is a statement whose Ofuture
necessary truthO needs to be assumed for a proof to conclude. This notion
of assertion is taken from continual planning [6] where it is used to state the
necessity of a future observation. Depending on the veribcation of the obser-
vation, an assertion triggers explicit expanding or revision of a plan. Within
an abductive proof, an assertion turns the corresponding action plan into
a continual plan, to achieve the inferred update to the agentOs belief model
and attentional state. Assertions thus make Stone & ThomasonOs intuitive
idea of OcheckpointsO more precise. Krij& Janigek explore the use of as-
sertions in abductive proofs in the context of producing and comprehending
claribcation dialogues.

Kruij ! -Korbayova et al (12.2.4) explore intonation in situated dialogue,
with a particular focus on intonation in questions like claribcation requests.
Intonation of claribcation requests has so far received relatively little atten-
tion in the literature. Previous work on controling accent placement and
type in dialogue system output based on information structure assigment
w.r.t. the context all concentrated on the assignment of intonation in state-
ments [49, 38, 4]. The seminal work of [51] which laid out a classibcation of
the forms and functions of claribcation requests based on extensive corpus
analysis does not take intonation into account. Pioneering in this respect
is the study of CRs in German task-oriented human-human dialogues in
[52], who found that the use of intonation seemed to disambiguate claribca-
tion types, with rising boundary tones used more often to clarify acoustic
problems than to clarify reference resolution. A series of production and
perception experiments with one-word grounding utterances in Swedish has
also shown dlI erences in prosodic features depending on meaning (acknowl-
edgment vs. claribcation of understanding or perception), and that sub-
jects di! erentiate between the meanings accordingly, and respond derently
[17, 58]. The work by Kruij! -Korbayova et al extends the use of information
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structure to control the intonation of dialogue system output beyond answers
to information-seeking questions: they include acknowledgments as well as
claribcation requests, and ultimately other types of questions. They include
both fragmentary grounding feedback and full utterances, and address vary-
ing placement of pitch accents depending on context and communicative
intention.

1.3.3 Robust processing of spoken situated dialogue

Lison & Kruij ! Os work on robust processing?.3.1,22.3.2) aims to address
two central issues in spoken dialogue processing: (1) disBuencies in verbal
interaction and (2) speech recognition errors.

We know from everyday experience that spoken language behaves quite
di! erently from written language. We do not speak the way we write. The
di! erence of communicative medium plays a major role in this discrepancy.
A speech stream bers for instance no possibility for Obacktracking® P once
something has been uttered, it cannot be erased anymore. And, contrary
to written language, the production of spoken language is stronglytime-
pressured The pauses which are made during the production of an utterance
do leave a trace in the speech stream. As a consequence, spoken dialogue
is replete with disBuenciessuch as blled pauses, speech repairs, corrections
or repetitions [56]. A speech stream is also more ticult to segment and
delimitate than a written sentence with punctuation and clear empty spaces
between words. In fact, the very concepts of OwordsO and OsentencesO, which
are often taken as core linguistic objects, are much more ticult to debne
with regard to spoken language. When we analyse spoken language, we ob-
serve a continuous speech stream, not a sequence of discrete objects. Hence
the presence of manydiscourse markersin spoken dialogue, which play an
important role in determining discourse structure. A Pnal characteristic of
spoken dialogue which is worth pointing out is that few spoken utterances
take the form of complete sentences. The most prototypical example is the
Oshort answerQ in response to queries, but many other types of fragments or
non-sentential utterancescan be found in real dialogues [19]. This is mainly
due to the interactive nature of dialogue P dialogue participants heavily rely
on what has been said previously, and seek to avoid redundancies. As a
result of all these factors, spoken language contains much more disBuent,
partial, elided or ungrammatical utterances than written language. The
guestion of how to accommodatethese types of ill-formed input is a major
challenge for spoken dialogue systems.

A second, related problem isautomatic speech recognition(ASR). Speech
recognition is the brst step in comprehending spoken dialogue, and a very
important one. For robots operating in real-world, noisy environments, and
dealing with utterances pertaining to complex, open-ended domains, this
step is also highly error-prone. In spite of continuous technological advances,
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the performance of ASR indeed remains for most tasks at least an order
of magnitude worse than that of human listeners [44]. And contrary to
human performance, ASR accuracy is usually unable talegrade gracefully
when faced with new conditions in the environment (ambient noise, bad
microphone, non-native or regional accent, variations in voice intensity, etc.)
[12]. This less-than-perfect performance of ASR technology seriously hinders
the robustness of dialogue comprehension systems, and new techniques are
needed to alleviate this problent.

The papers included in this deliverable present an integrated approach
to dealing with these problems. The approach has three debning character-
istics:

1. It is a hybrid approach, combining symbolic and statistical methods
to process spoken dialogue. The implemented mechanisms combine
Pne-grained linguistic resources (a CCG lexicon) with statistical infor-
mation (the ASR language model and the discriminative model). The
resulting system therefore draws from the best of both worlds and is
able to deliver both deepand robust language processing.

2. It is also an integrated approach to spoken dialogue comprehension.
It goes all the way from the signal processing of the speech input
up to the logical forms and the pragmatic interpretation. The various
components involved in dialogue processing interact with each other in
complex ways to complement, coordinate and constrain their internal
representations.

3. Finally, itis also a context-sensitive approach. Contextual information
is used at each processing step, either as aanticipatory mechanism
(to guide expectations about what is likely to be uttered next), or as a
discriminative mechanism (to prune interpretations which are contex-
tually unlikely). These mechanisms are implemented by the dynamic
adaptation of the ASR language model and the use of contextual fea-
tures in the discriminative model for robust parsing.

This approach compares to the state of the art in robust processing of
spoken dialogue, as follows. Commercial spoken dialogue systems tradition-
ally rely on shallow parsing techniques such as Oconcept spottingO. In this
approach, a small hand-crafted, task-specibc grammar is used to extract
specibc constituents, such as locative phrases or temporal expressions, and
turn these into basic semantic concepts [65, 32, 3, 16, 1]. These techniques
are usually very € cient, but also present several important shortcomings,

1The speech recogniser included into our robotic platform B Nuance Recognizer v8.5
with statistical language models b yields for instance a word error rate (WER) of about
20 % when evaluated on real spoken utterances. Thus, more thanone word out of bvein
each utterance is actually misrecognised by the system.
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as they are often highly domain-specibc, fragile, and require a lot of devel-
opment and optimisation e! ort to implement. In more recent years, several
new techniques emerged, mainly based on statistical approaches. In the
CHORUS system [47], the utterances are modeled as Hidden Markov Mod-
els [HMMs], in which hidden states correspond to semantic concepts and
the state outputs correspond to the individual words. HMMs are however

a Rat-concept model B the semantic representation is just a linear sequence
of concepts with no internal structure. To overcome this problem, various
stochastic parsing techniques have been proposed, based either on Proba-
bilistic Context Free Grammars [43, 20], lexicalised models [13, 10], data-
oriented parsing [5, 57], or constrained hierarchical models [29]. A few recent
systems, such as the SOUP parser, also attempt to combine shallow pars-
ing with statistical techniques, based on a hand-crafted grammar associated
with probabilistic weights [22]. More rarely, we can also bnd in the literature
some descriptions of spoken dialogue systems performing a real grammatical
analysis, usually along with a OrobustnessO mechanism to deal with speech
recognition errors, extra-grammaticality [64, 9] or ill-formed inputs [66].

Compared to the state of the art, our approach is unique in the sense
that it is, to the best of our knowledge, the only one which attempts to
combine deep grammatical analysis together with statistical discriminative
models exploiting both linguistic and contextual information. This has ar-
guably several advantages. Using a deep processing approach, we are able
to extract full, detailed semantic representations, which can then be used
to draw inferences and perform sophisticated dialogue planning. This is not
possible with shallow or statistical methods. At the same time, due to the
grammar relaxation mechanism and the discriminative model, we do not
sul er from the inherent fragility of purely symbolic methods. Our parsing
method is particularly robust, both to speech recognition errors and to ill-
formed utterances. Finally, contrary to Oconcept spottingO techniques, our
approach is much less domain-specibc: the parser relies on a general-purpose
lexicalised grammar which can be easily reused in other systems.

Our approach is also original in its tight integration of multiple knowl-
edge sources B and particularly contextual knowledge sources P all through
the utterance comprehension process. Many dialogue systems are designed
in a classical modular fashion, where the output of a component serves as
direct input for the next component, with few or no interactions other than
this pipelined exchange of datd. Our strategy, however, is to put the tight,
multi-level integration of linguistic and contextual information at the very
center of processing.

As a bnal note, we would like to stress that our dialogue comprehension
system also departs from previous work in the way we debne OcontextO.

2Some interesting exceptions to this design include integrated approaches such as [45,
21].
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Many recent techniques have been developed to take context into account
in language processing (see e.g. [28]). But the vast majority of these ap-
proaches take a rather narrow view of context, usually restricting it to the
mere dialogue/discourse context. Our dialogue comprehension system is one
of the only ones (with the possible exceptions of [54, 8, 25]) to dePne context
in a multimodal fashion, with a special focus on situated context.
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2 Annexes

2.1 Verbalization

2.1.1 Zender et al. OA Situated Context Model for Resolution
and Generation of Referring ExpressionsO (ENLGO09)

Bibliography H. Zender, G.J.M. Kruij !, and I. Kruij ! -Korbayova. OA
Situated Context Model for Resolution and Generation of Referring Ex-
pressions.O In: Proceedings of the 12th European Workshop on Natural
Language Generation (ENLG 2009). pp. 126D129. Athens, Greece. March
20009.

Abstract  The background for this paper is the aim to build robotic assis-
tants that can naturally interact with humans. One prerequisite for this is
that the robot can correctly identify objects or places a user refers to, and
produce comprehensible references itself. As robots typically act in envi-
ronments that are larger than what is immediately perceivable, the problem
arises how to identify the appropriate context, against which to resolve or
produce a referring expression (RE). Existing algorithms for generating REs
generally by-pass this problem by assuming a given context. In this paper,
we explicitly address this problem, proposing a method for context determi-
nation in large-scale space. We show how it can be applied both for resolving
and producing REs.

Relation to WP The paper makes it possible for the robot to discuss
objects and places beyond the currently perceivable situation. That makes
it unnecessary for a robot and a human to be in the very place where there
is something a robot needs to be explained.
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2.1.2 Zender et al. OSituated Resolution and Generation of Spa-
tial Referring Expressions for Robotic Assistants.O (1J-
CAI009)

Bibliography H. Zender, G.J.M. Kruij ! , and I. Kruij ! -Korbayova. OSitu-
ated Resolution and Generation of Spatial Referring Expressions for Robotic
Assistants.O In: Proceedings of the Twenty-Prst International Joint Confer-
ence on Artibcial Intelligence (IJCAI-09). Pasadena, CA, USA. July 2009.

Abstract  In this paper we present an approach to the task of gener-
ating and resolving referring expressions (REs) for conversational mobile
robots. It is based on a spatial knowledge base encompassing both robot-
and human-centric representations. Existing algorithms for the generation
of referring expressions (GRE) try to bnd a description that uniquely identi-
Pes the referent with respect to other entities that are in the current context.
Mobile robots, however, act in large-scale space, that is environments that
are larger than what can be perceived at a glance, e.g. an"cae building
with di! erent Boors, each containing several rooms and objects. One chal-
lenge when referring to elsewhere is thus to include enough information so
that the interlocutors can extend their context appropriately. We address
this challenge with a method for context construction that can be used for
both generating and resolving REs two previously disjoint aspects. Our
approach is embedded in a bi-directional framework for natural language
processing for robots.

Relation to WP The paper further explores how a robot can discuss
objects and places outside the current situation (cf. alsoa2.1.1). The pa-
per shows how determining the appropriate context for a reference can be
integrated in a bi-directional approach, to enable the robot to both produce
and comprehend contextually appropriate references.
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2.1.3 Zender and Pronobis. OVerbalizing vague scalar predicates
for autonomously acquired ontological knowledgeO (report)

Bibliography H. Zender and A. Pronobis. OVerbalizing vague scalar pred-
icates for autonomously acquired ontological knowledgeO (report)

Abstract  The paper reports on ongoing research in generating and under-
standing verbal references to entities in the robotOs environment. The paper
focuses on features of spatial entities that are commonly expressed as vague
scalar predicates in natural language, such as, e.g., size. The paper proposes
an approach for characterizing such features in terms of properties and dis-
tributions over their values. This leads to a basic notion of prototypicality

of property-values. Using this notion, the paper shows how dierent types

of contextual standards can be debned, which determine the contextually
appropriate use of a vague scalar predicate in linguistically describing a fea-
ture of a spatial entity. The approach goes beyond existing work in that it
allows for a variety of contextual standards (in class, across classes, across in-
stances) in describing features as vague scalar predicates, and by ultimately
basing these standards in models of the robotOs perceptual experience.

Relation to WP Typically a robot is provided with an initial ontology,
outlining the concepts and their relations considered relevant for understand-
ing the environment in which the robot is to act. Over time, the robot can
extend this ontology, for example with instances and properties that hold for
these. The report develops a new method for verbalizing knowledge about
autonomously acquired scalar properties for instances and their classes.
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2.1.4 Zender and Kruij !. OVerbalizing classes and instances in
ontological knowledgeO (report)

Bibliography H. Zender and G.J.M. Kruij! . OVerbalizing classes and
instances in ontological knowledgeO (report)

Abstract  The paper reports preliminary research on verbalizing a robotOs
knowledge about an instancel of a particular category C. This covers both
what a robot knows, and what it does not (yet) know about the instance.
The paper considers a OgapO to be that information the robot misses to
establish a given property P for I, knowing that that property typically
applies to instances ofC. The paper proposes a method for determining
which properties are classibable as gaps for an instance relative to a cate-
gory. This method operates on the T- and A-box of an ontology. It provides
a general method for determining gaps, and is not specibc to situated dia-
logue. The paper shows how the resulting characterization of available and
missing knowledge about/ relative to C can then be verbalized, following
up an approach recently presented in [55]. The paper illustrates the method
on an example involving spatial entities, and discusses further research on
extending the method.

Relation to WP The report provides a brst attempt at verbalizing on-
tological knowledge about classes and instances, with a particular focus on
verbalizing what a robot does not yet know about a particular instance (i.e.
a OgapO).
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2.2 Claribcation
2.2.1 Kruij ! and Brenner. OPhrasing QuestionsO (AAAI SSO09)

Bibliography ~ G.J.M. Kruij ! and M. Brenner. OPhrasing Questions.O In:
Proceedings of the AAAI 2009 Spring Symposium on Agents that Learn
from Human Teachers. Stanford, CA. March 2009.

Abstract In a constructive learning setting, a robot builds up beliefs
about the world by interacting B interacting with the world, and with other
agents. Asking questions is key in such a setting. It provides a mechanism
for interactively exploring possibilities, to extend and explain the robotOs
beliefs. The paper focuses on how to linguistically phrase questions in dia-
logue. How well the point of a question gets across depends on how it is put.
It needs to be @ ective in making transparent the agentOs intentions and be-
liefs behind raising the question, and in helping to scaold the dialogue such
that the desired answers can be obtained. The paper proposes an algorithm
for deciding what to include in formulating a question. Its formulation is
based on the idea of considering transparency and stalding as referential
aspects of a question.

Relation to WP The paper considers what beliefs to use as context for
a question (considered as a subdialogue). The paper debnes the notion of a
question nucleus. This structure identibes beliefs that provide a background
for the question, the expected answers to the question, and a plan for formu-
lating the question. The identibed beliefs provide the basis for determining
how to achieve transparency in phrasing the question, by relating aspects of
the question nucleus to private and shared beliefs.
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2.2.2 Brenner et al. OContinual Collaborative Planning for Sit-
uated InteractionO (report)

Bibliography M. Brenner, G.J.M. Kruij !, I. Kruij ! -Korbayova, and N.A.
Hawes. OContinual Collaborative Planning for Situated Interaction.O

Abstract  When several agents are situated in a common environment
they usually interact both verbally and physically. Human-Robot Interac-
tion (HRI) is a prototypical case of such situated interaction. It requires
agents to closely integrate dialogue with behavior planning, physical ac-
tion execution, and perception. The paper describes a framework called
Continual Collaborative Planning (CCP) and its application to HRI. CCP
enables agents to autonomously plan and realise situated interaction that
intelligently interleaves planning, acting, and communicating. The paper
analyses the behavior and & ciency of CCP agents in simulation, and on
two robot implementations.

Relation to WP The paper argues for the continual nature of dialogue
processing, reacting to the dynamics of the collaborative activity encom-
passing the actions of the di erent agents, and their interaction.
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2.2.3 Kruij ! and Janigek. OAbduction for claribcation in situ-
ated dialogueO (report)

Bibliography G.J.M. Kruij ! and M. Janigek. OAbductive inference for
claribcation in situated dialogueO (report)

Abstract A robot can use situated dialogue with a human, in an ¢ ort
to learn more about the world it Pnds itself in. When asking the human
for more information, it needs to be clear to the human, what the robot
is talking about. The robot needs to make transparent what it would like
to know more about, what it does know (or doesnOt), and what it is after.
Otherwise, the human is less likely to provide a useful answer to the robot.
They need to establish a common ground in. The paper presents ongoing
research on developing an approach for comprehending and producing (sub-
)dialogues for clarifying or requesting information about the world in which
establishing common ground in beliefs, intentions, and attention plays an
explicit role. The approach is based on Stone & ThomasonOs abductive
framework [60, 61, 62]. This framework integrates intention, attentional
state, and dynamic interpretation to abductively derive an explanation on
what assumptions and intentions communicated content can be interpreted
as updating a belief context. The approach extends the framework of Stone
& Thomason with assertions, to provide an explicit notion of checkpoint,
and a more explicit form of multi-agent beliefs [6]. The approach uses these
notions to formulate claribcation as continual process of comprehension and
production set in dialogue as a collaborative activity.

Relation to WP The report details a continual approach for managing
claribcation dialogues, based on an extended form of weighted abductive in-
ference. The inference process covers both comprehension and production,
in an interleaved fashion. The approach integrates intention, attentional
state, and multi-agent belief models in a continual way of dealing with dia-
logue as a collaborative activity.
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2.2.4 Kruij ! -Korbayova et al. OContextually appropriate into-
nation of claribcation in situated dialogueO (report)

Bibliography . Kruij ! -Korbayova, R. Meena, and G.J.M. Kruij! . OCon-
textually appropriate intonation of claribcation in situated dialogue.O Re-
port.

Abstract  When in doubt, ask. This paradigm very much applies to au-
tonomous robots which self-understand and self-extend in the environment
they bnd themselves. For this, it is essentially for these systems to learn
continuously, driven mainly by their own curiosity about the surroundings.
Spoken dialogue is a means through which a robot can clarify or extend
the acquired knowledge about the situated environment. This ability to
self-initiate a dialogue to actively seek information or claribcations besides
adding autonomy to a robotOs behavior also allows the robot to connect its
belief system to that of its listener. This access to respective belief systems
in a dialogue helps the participating agents in dialoguegrounding. However,
for conversational robots raising claribcation requests to seeking information
is not only limited to contextually appropriate lexical selection and utter-
ance content planning, but extends further to the generation of contextually
appropriate intonation. In the absence of contextually appropriate into-
nation, dialogue participants might be lead to maintain incongruous belief
state in wake of situational ambiguities that may arise in situated dialogue.
Use of contextually appropriate intonation in claribcation statements will
enable the robot to rightly express its intentions to the human interlocutor.
In this work we develop an approach for determining contextually appropri-
ate intonation in claribcation statements, for resolving situated ambiguities.
Following the approaches [24, 50, 51] to claribcation in human dialogue,
we develop claribcation strategies in human-robot dialogue for continuous
and cross-modal learning. Working in the lines of SteedmanOs theory iof
formation structure [59, 48] and [18], we propose and develop the notion
of information packaging in our claribcation statements. We evaluate our
approach to generation of contextually appropriate intonations using psy-
cholinguistically plausible experimental setup.

Relation to WP When a robot raises a question, or more in general
says something in a given context, it is important for it to be clear how
the utterance relates to the preceding context B and what it focuses on.
Intonation is one such means to indicate this relation to context.
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2.3 Robust processing of spoken situated dialogue

Increased robustness, ultimately reRected as an improvement in understand-
ing what the user has said, contributes to & cient and € ective dialogue:
the better the understanding, the less need for corrective measures (e.g.
claribcation).

2.3.1 Lison and Kruij ! . OAn integrated approach to robust pro-
cessing of situated spoken dialogue.O (SRSLO09)

Bibliography P. Lison and G.J.M. Kruij ! . OAn integrated approach to
robust processing of situated spoken dialogue.O In: Proceedings of the Sec-
ond International Workshop on the Semantic Representation of Spoken Lan-
guage (SRSLO09). Athens, Greece. April 2009

Abstract  Spoken dialogue is notoriously hard to process with standard
NLP technologies. Natural spoken dialogue is replete with disBuent, par-
tial, elided or ungrammatical utterances, all of which are di' cult to accom-
modate in a dialogue system. Furthermore, speech recognition is known to
be a highly error-prone task, especially for complex, open-ended domains.
The combination of these two problems - ill-formed and/or misrecognised
speech inputs - raises a major challenge to the development of robust dia-
logue systems. We present an integrated approach for addressing these two
issues, based on an incremental parser for Combinatory Categorial Gram-
mar. The parser takes word lattices as input and is able to handle ill-formed
and misrecognised utterances by selectively relaxing its set of grammatical
rules. The choice of the most relevant interpretation is then realised via
a discriminative model augmented with contextual information. The ap-
proach is fully implemented in a dialogue system for autonomous robots.
Evaluation results on a Wizard of Oz test suite demonstrate very signibcant
improvements in accuracy and robustness compared to the baseline.

Relation to WP The paper describes an approach in which context in-
formation (salient entities, properties, and actions) is used to anticipate
likely word sequences (biasing the lexical activations of words in a language
model), and to discriminate (complete) parses. This yields improvements in
robustness, resulting in a lower word error rate (WER) and an improvement
in partial- and exact-matches of semantic representations against a WoZ
corpus.
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2.3.2 Lison and Kruij !, OE" cient parsing of spoken inputs for
human-robot interaction® (RO-MANOOQ9)

Bibliography P. Lison and G.J.M. Kruij ! . OF' cient parsing of spoken
inputs for human-robot interaction.O In: Proceedings of the 18th IEEE
International Symposium on Robot and Human Interactive Communication
(RO-MANODO09). Toyama, Japan. September 2009.

Abstract  The use of deep parsers in spoken dialogue systems is usually
subject to strong performance requirements. This is particularly the case
in human-robot interaction, where the computing resources are limited and
must be shared by many components in parallel. A real-time dialogue sys-
tem must be capable of responding quickly to any given utterance, even
in the presence of noisy, ambiguous or distorted input. The parser must
therefore ensure that the number of analyses remains bounded at every pro-
cessing step. The paper presents a practical approach to address this issue
in the context of deep parsers designed for spoken dialogue. The approach
is based on a word lattice parser combined with a statistical model for parse
selection. Each word lattice is parsed incrementally, word by word, and a
discriminative model is applied at each incremental step to prune the set of
resulting partial analyses. The model incorporates a wide range of linguis-
tic and contextual features and can be trained with a simple perceptron.
The approach is fully implemented as part of a spoken dialogue system for
human-robot interaction. Evaluation results on a Wizard-of-Oz test suite
demonstrate signibPcant improvements in parsing time.

Relation to WP Whereas the (SRSLO09) paper only considers the uses
of discriminative models at the end of the parsing process, the current paper
employs discriminative models after each incremental step during parsing.
A discriminative models ranks all partial analyses, after which the top-30
ranked analyses are selected for further processing. The paper shows a 50%
improvement in parsing time, without any signibcant loss in performance
(partial/exact match). Improvements in processing time make it possible
for the system to have a faster response-time.
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Abstract Where is the

IT help desk'ﬂl Itis on the 1st
— ——1 [3oor in buildin

The background for this paper is the aim
to build robotic assistants that can Onatu-
rallyO interact with humans. One prereg-
uisite for this is that the robot can cor-
rectly identify objects or places a user
refers to, and produce comprehensible ref-
erences itself. As robots typically act
in environments that are larger than what
is immediately perceivable, the problem
arises how to identify the appropriate con-
text, against which to resolve or produce
a referring expression (RE). Existing al- Figure 1: Situated dialogue with a service robot
gorithms for generating REs generally by-
pass this problem by assuming a given
context. In this paper, we explicitly ad-
dress this problem, proposing a method for
context determination in large-scale space.
We show how it can be applied both for re-
solving and producing REs.

<45.56, -3.92, 10.45>

human-robot dialogues. Consider the following
set of examples:
1. Opositiof? = 145.56," 3.92, 10.4540
2. OPeterOs ofbce no. 200 at the end of the cor-
ridor on the third Boor of the Acme Corp.
building 3 in the Acme Corp. complex, 47
Evergreen Terrace, Calisota, Earth, (...)O

1 Introduction 3. Othe area®

. . These REs are valid descriptions of their respec-
The past years have seen an extraordinary increage : . . .
. : ) Ve referents. Still they fail to achieve theiom-
in research on robotic assistants that help users ~ .~ . S . .
. municative goal which is to specify the right
perform daily chores. Autonomous vacuum clean- . .
) ) ~amount of information that the hearer needs to
ers have already found their way into peopleQOs . : . .
A . uniquely identify the referent. The next REsght
homes, but it will still take a while before fully . : .
) R A . erve as more appropriate variants of the previous
conversational robot OgophersO will assist peop?e . ;
. . i examplesif certain contextst
in more demanding everyday tasks. Imagine a N B
robot that can deliver objects, and give directions 1+ Othe IT help deskO
to visitors on a university campus. This robot must 2- OPeterOs ofbceO )
be able to verbalize its knowledge in a way thatis 3. Othe large hall on the prst BoorO
understandable by humans. The brst example highlights a requirement on the
A conversational robot will inevitably face sit- knowledge representation to which an algorithm
uations in which it needs to refer to an entity (anfor generating referring expressions (GRE) has ac-
object, a locality, or even an event) that is locatectess. Although the robot needs a robot-centric rep-
somewhere outside the current scene, as Figurergésentation of its surrounding space that allows it
illustrates. There are conceivably many ways irto safely perform actions and navigate its world,
which a robot might refer to things in the world, it should use human-centric qualitative descrip-

but many such expressions are unsuitable in mosions when talking about things in the world. We



do not address this issue here, but refer the inter- In contrast, robots typically act itarge-scale
ested reader to our recent work on multi-layeredspace i.e. space Olarger than what can be per-
spatial maps for robots, bridging the gap betweereived at onceO (Kuipers, 1977). They need the
robot-centric and human-centric spatial represenability to understand and produce references to
tations (Zender et al., 2008). things that are beyond the current visual and spa-
The other examples point out another impor-tial context. In any situated dialogue that involves

tant consideration: how much information does theentities beyond the current focus of attention, the
human need to single out the intended referentask ofextending the contekiecomes key.

among the possible entities that the robot could be paraponi et al. (2007) present an algorithm for
referring to? According to the seminal work on context determinatiorin hierarchically ordered
GRE by Dale and Reiter (1995), one needs to disgomains, e.g. a university campus or a document
tinguish whetNher the intended referent is alread¥trycture. Their approach is mainly targeted at
in the hearer(@scus of attentiomr not. This focus  producing textual references to entities in written
of attention can consist of a local visual scene (Vidocuments (e.g. Pgures, tables in book chapters).
sual context) or a shared workspace (spatial conconsequently they do not address the challenges
text), but also contains recently mentioned entitieshat arise in physically and perceptually situated
(dialogue context). If the referent is already partdialogues. Still, the approach presents a num-
of the current context, the GRE task merely conyer of good contributions towards GRE for situ-
sists of singling it out among the other membersyted dialogue in large-scale space. An appropriate
of the context, which act as distractors. In thisgontext, as a subset of the full domain, is deter-
case the generated RE contadiiscriminatoryin-  mined through Ancestral Search. This search for
formation, e.g. Othe red ballO if several kinds of olhe intended referent is rooted in the Oposition of
jects with different colors are in the context. If,pn the speaker and the hearer in the domainO (repre-
the other hand, the referent is not in the hearerOs fganted asl), a crucial brst step towards situated-
cus of attention, an RE needs to contain what Dal@ess. Their approach suffers from the shortcom-
and Reiter calhavigational orattention-d[recting ing that spatial relationships are treated as one-
information. The example they give is Othe blacly|ace attributes by their GRE algorithm. For ex-
power supply in the equipment rack,0 where Othgnple they transform the spatial containment re-
equipment rackO is supposed to direct the hearefgiion that holds between a room entity and a
attention to the rack and its contents. building entity (Othe library in the Cockroft build-

In the following we propose an approach foringQ) into a property of the room entiB(LDING
context determination and extension that allows aiame = CockROFT) and not a two-place relation
mobile robot to produce and interpret REs to enti{in (1ibrary, Cockroft)). Thus they avoid

ties outside the current visual context. recursive calls to the algorithm, which would be
needed if the intended referent is related to another
2 Background entity that needs to be properly referred to.

Most GRE approaches are applied to very lim- However, according to Dale and Reiter (1995),
ited, visual scenes D so-callsmhall-scale space these related entities do not necessarily serve as

The domain of such systems is usually a small Vi_discrimi_natory information. At least in Iarge-scale_
sual scene, e.g. a number of objects, such as cupBace, in contrast to a document structure tha_t is
and tables, located in the same room), or othefonceivably transparent to a reader, they function
closed-context scenarios (Dale and Reiter, 19953,1$attention—directing elementbat are introduced
Horacek, 1997; Krahmer and Theune, 2002). Rel© build upcommon groundy incrementally ex-
cently, Kelleher and Kruijff (2006) have presentedte”d'ng the hearerOs focus of attention. Moreover,

an incremental GRE algorithm for situated di-representing some spatial relations as two-place
alogue with a robot about a table-top setting predicates between two entities and some as one-

i.e. also about small-scale space. In all these casddace predicates is an arbitrary decision.

the context set is assumed to be identical to the We present an approach for context determina-
visual scene that is shared between the interlocuion (or extensiol, that imposes less restrictions
tors. The intended referent is thus already in theon its knowledge base, and which can be used as a
hearer(scus of attention sub-routine in existing GRE algorithms.
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3 Situated Dialogue in Large-Scale Space

Imagine the situation in Figure 1 did not take place
somewhere on campus, but rather inside building
3B. Certainly the robot would not have said Othe
IT help desk is on the 1st Roor in building 3B.0
To avoid confusing the human, an utterance like
Othe IT help desk is on the 1st RoorO would have _
been appropriate. Likewise, if the IT help desk T '9uré 2: Incremental TAJ” large-scale space
happened to be located on another site of the unkorresponds to the hearerOs physical location. As
versity, the robot would have had to identify its lo- illustrated abovea can also move along the Ospa-
cation as being Oon the 1st Boor in building 3B oriial progressionO of the most salient discourse en-
the new campus.O The hierarchical representatidity during a dialogue. If the intended referent is
of space that people are known to assume (Coh@utside the current context, TA extends the context
and Hazarika, 2001), reRects upon the choice oy incrementally ascending the spatial abstraction
an appropriate context when producing REs. hierarchy until the intended referent is an element

In the above example the physical and Spatiapf the resulting sub-hierarchy, as illustrated in Fig-
situatedness of the dialogue participants play atire 2. Below we describe two instantiations of the
important role in determining which related partsTA principle, a TA algorithm for reference gener-
of space come into consideration as potential disation (TAAL) and TAAZ for reference resolution.
tractors. Anothe_r important observation concems. .+ Determination for GRE TAAL con-
the verbal behavior of humans when talking about

. . ._Structs a set of entities dominated by the Referen-
remote objects and places during a complex dia:

: : - tial Anchora (anda itself). If this set contains the
logue (i.e. more than just a question and a reply). "
. . ! intended referemt, it is taken as the current utter-
Consider the following example dialogue:

. . By ance context set. Else TAA1 moves up one level
Person A: OWhere is the exit?0 of abstraction and adds the set of all child nodes to
Person B: OYou Prst go down this corridorthe context set. This loop continues untis in the
Then you turn right. After a few steps you context set. At that point TAA1 stops and returns

will see the big glass doors.O the constructed context set (cf. Algorithm 1).
Person A: OANnd the bus station? Is it to the TAAL is formulated to be neutral to the kind of
left?0 GRE algorithm that it is used for. It can be used

The dialogue illustrates how utterances becomith the original Incremental Algorithm (Dale and
grounded in previously introduced discourse ref-Reiter, 1995), augmented by a recursive call if a
erents, both temporally and spatially. Initially, relation to another entity is selected as a discrim-
the physical surroundings of the dialogue partnerératory feature. It could in principle also be used
form the context for anchoring references. As a diWith the standard approach to GRE involving re-
alogue unfolds, this point can conceptually movéations (Dale and Haddock, 1991), but we agree
to other locations that have been explicitly intro-With Paraboni et al. (2007) that the mutually qual-
duced. Discourse markers denoting spatial or temiPed references that it can prodécee not easily
poral cohesion (e.g. OthenO or OthereO) can mig&olvable if they pertain to circumstances where
this move to a new anchor explicit, leading to a& conPrmatory search is costly (such as in large-
Omental tourO through large-scale space. scale space). More recent approaches to avoid-
We propose a general principle ®bpological ing inPnite loops when using relations in GRE
Abstraction(TA) for context extension which is Make use of a graph-based knowledge represen-
rooted in what we will call thd&Referential Anchor fation (Krahmer et al., 2003; Croitoru and van
a.l TAis designed for a multiple abstraction hier- Deéemter, 2007). TAAL is compatible with these
archy (e.g. represented as a lattice structure rath&PProaches, as well as with the salience based ap-
than a simple tree). The Referential Anclagcor-  Proach of (Krahmer and Theune, 2002).
responding to the current focus of attention, formsTXarnlole for such a phenomenon is the expression
the nucleus of the context. In the simple came, Othe ball on the tableO in a context with several tables and

- several bhalls, but of which only one is on a table. Humans
similar to Ancestral Search (Paraboni et al., 2007) bnd such REs natural and easy to resolve in visual scenes.



Algorithm 1 TAA1 (for reference generation)

Require: a = referential anchor;, = intended referent
Initialize context:C = {}
C = C U topologicalChildren (a) U {a}
if r € C then
returnC
else
Initialize: SUPERNODES = {a}
for eachn € SUPERNODES do
for eachp € topologicalP arents (n) do
SUPERNODES = SUPERNODES U {p}
C = C UtopologicalChildren (p)
end for
if r € C then
returnC
end if
end for
return failure
end if

Algorithm 2 TAAZ2 (for reference resolution)

Require: a = ref. anchorgesdx) = description of referent
Initialize context:C = {}
Initialize possible referentR = {}
C = C U topologicalChildren (a) U {a}
R =desqx)NC
if R # {} then
returnR
else
Initialize: SUPERNODES = {a}
for eachn € SUPERNODES do
for eachp € topologicalP arents (n) do
SUPERNODES = SUPERNODES U {p}
C = C UtopologicalChildren (p)
end for
R =desqx)NC
if R # {} then
returnR
end if
end for
return failure
end if

Resolving References to Elsewhere Analogous

4 Conclusions and Future Work

We have presented two algorithms for context de-
termination that can be used both for resolving and
generating REs in large-scale space.

We are currently planning a user study to evalu-
ate the performance of the TA algorithms. Another
important item for future work is the exact nature
of the spatial progression, modeled by OmovingO
the referential anchor, in a situated dialogue.
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Abstract Where is the] -
? | Itis on the 1st
In this paper we present an approach to the task IT he_lﬂprde‘sk.\ Roor in buildin

of generating and resolving referring expressions
(REs) for conversational mobile robots. It is based
on a spatial knowledge base encompassing both
robot- and human-centric representations. EXxisting
algorithms for the generation of referring expres-
sions (GRE) try to bnd a description that uniquely
identibes the referent with respect to other enti-
ties that are in the current context. Mobile robots,
however, act in large-scale space, that is, environ-
ments that are larger than what can be perceived at a
glance, e.g., an ofbce building with different 3oors,
each containing several rooms and objects. One
challenge when referring to elsewhere is thus to in-

Itis at
<4556, -3.92, 10.45>

clude enough information so that the interlocutors Figure 1: Situated dialogue with a campus service robot

can extend their context appropriately. We address 1. Opositio® = "45.56,# 3.92, 10.45%0

this challenge with a method for context construc- 2. Othe area®

tion that can be used for both generating and resolv- 3. OPeterOs ofpce at the end of the corridor on the third Roor
ing REs B two previously disjoint aspects. Our ap- of the Acme Corp. building 7 in the Acme Corp. com-
proach is embedded in a bi-directional framework plex, 47 Evergreen Terrace, Calisota, Earth, (...)O

for natural language processing for robots. Clearly, these REs are valid descriptions of the respec-

tive entities in the robotOs world representation. Still they

1 Introduction fail to achieve theicpmmunic;ative goakwhich is to specify '

) . ) the right amount of information so that the hearer can easily
The past years have seen an extraordinary increase in reseag@lquely identify what is meant. The following expressions
on robotic assistants that help the users perform their dailyhjght serve as more appropriate variants of the previous ex-
chores. Although the autonomous vacuum cleaner ORoombafples in certain situationst
has already found its way into peopleOs homes and lives, therq = ihe |T help deskO
is still a long way until fully conversational robot OgophersO 5 3ihe large hall on the brst RoorO
will be able to assist people in more demanding everyday 3. OPeterOs ofbceO

tasks. For example, imagine a robot that can deliver objects . .
and give directions to visitors on a university campus. Such a However, the question remains how a natural language pro-

robot must be able to verbalize its knowledge in a way that g €ssing (NLP) system can generate such expressions which

: gy are suitable in a given situation. In this paper we identify
understandable by humans, as illustrated in Figure 1. : )
A conversational robot will inevitably face situations in some of the challenges that an NLP system for situated dia

which it needs to refer to an entity (e.g., an object, a Iocality,Iogue about large-scale space needs to address. We present

or even an event) that is located somewhere outside the Cua_snuated model for generating and resolving REs that ad-

: . ; resses these issues, with a special focus on how a conver-
rent scene. There are conceivably many ways in which a rob%

X : ; .~ " Sational mobile robot can produce and interpret such expres-
might refer to things in the world, but many such expressions.. . . : .
are unsuitable in most human-robot dialogues. Consider th%'ons against an appropriate part of its acquired knowledge

following set of examples: base (KB). One benebt of our approach is that most com-
9 pies ponents, including the situated model and the linguistic re-
' Supported by the EU FP7 Project OCogXO (FP7-ICT-215181)sources, are bi-directional, i.e., they use the same representa-



tions for comprehension and production of utterances. This The domain of such systems is usually a small visual scene,
means that the proposed system is able to understand and cerg., a number of objects, such as cups and tables, located
rectly resolve all the REs that it is able to generate. in the same room, other closed-context scenarios, includ-
The rest of the paper is organized as follows. We Prsing a human-robot collaborative table-top scenéifiale and
brieRy discuss relevant existing approaches to comprehendReiter, 1995; Horacek, 1997; Krahmer and Theune, 2002;
ing and producing REs (Section 2). We then motivate ouelleher and Kruijff, 2006. What these scenarios have in
approach to context determination for situated interaction ircommon is that they focus on a limited part of space, which
large-scale space (Section 3), and describe its implementatias immediately and fully observablemall-scale space
in a dialogue system for an autonomous robot (Section 4). We In contrast, mobile robots typically act in more complex

conclude in Section 5. environments. They operate liarge-scale spacge.e., space
Olarger than what can be perceived at ofikeipers, 1977.
2 Background At the same time they do need the ability to understand and

produce verbal references to things that are beyond the cur-
The main purpose of an RE is to enable a hearer to correctlgent visual and spatial context. When talking about remote
and uniquely identify the target entity to which the speakerplaces and things outside the current focus of attention, the
is referring, the so-calleihtended referentThe GRE task is  task ofextending the contextecomes crucial.
thus to produce a natural language expression for a KB entity Paraboni et al[2007 are among the few to address this
that fulPlls this purpose. problem. They present an algorithm foontext determi-

As can be seen from the examples in the previous sectiomation in hierarchically ordered domains, e.g., a university
an RE needs to meet a number of constraints in order to beampus or a document structure. Their approach is mainly
successful. First, it needs to make use of concepts that can lgrgeted at producing textual references to entities in writ-
understood by the hearer. This becomes an important consigen documents (e.g., Pgures and tables in book chapters),
eration when we are dealing with a robot which acquires itsand consequently they do not touch upon the challenges that
own models of the environment and is to talk about the conarise in a physically and perceptually situated dialogue set-
tents of these. Second, it needs to contain enough informatiaing. Nonetheless their approach presents a number of con-
so that the hearer can distinguish the intended referent fromibutions towards GRE for situated dialogue in large-scale
other entities in the world, the so-callpdtential distractors  space. An appropriate context, as a subset of the full domain,
Finally, this needs to be balanced against the third constrainks determined through Ancestral Search. This search for the
Inclusion of unnecessary information should be avoided so asitended referent is rooted in the Oposition of the speaker and
not to elicit false implications on the part of the hearer. the hearer in the domainO (represented)as crucial Prst

We will only brie3y mention how to address the brst chal-step towards situatedness. Their approach suffers from the
lenge, and refer the reader to our recent work on multishortcoming that their GRE algorithm treats spatial relation-
layered conceptual spatial maps for robots that bridge the gaghips as one-place attributes. E.g., a spatial containment re-
between robot-centric representations of space and humalation that holds between a room entity and a building entity
centric conceptualizatioZenderet al., 2009. (Othe library in the Cockroft buildingO) is given as a property

The focus in this paper lies on the second and third aspectf the room entity éuiLDING NAME = COCKROFT), rather than
namely the problem of including the right amount of infor- a two-place relationi( (1ibrary, Cockroft)). Thereby
mation that allows the hearer to identify the intended referthey avoid recursive calls to the GRE algorithm, which are
ent. According to the seminal work on GRE by Dale andnecessary for intended referents related to another entity that
Reiter[1994, one needs to distinguish whether the intendecheeds to be properly referred to. We claim that this imposes
referent is already in the heareo@gent contexbr not. This  an unnecessary restriction onto the KB design. Moreover, it
context can consist of a local visual scene (visual context) or makes it hard to use their context determination algorithm as
shared workspace (spatial context), but also contains recentlysub-routine of any of the many existing GRE algorithms.
mentioned entities (dialogue context). If the intended refer-
entis already part of the current context, the GRE task merelé Situated Dialogue in Large-Scale Space
consists of singling out the referent among the other members
of the context, which act as distractors. In this case the genimagine the situation in Figure 1 did not take place some-
erated RE containdiscriminatoryinformation, e.g., Othe red where on campus, but rather inside building 3B. It would have
ballO if several kinds of objects with different colors are in themade little or no sense for the robot to ‘say that Othe IT help
current context. If, on the other hand, the referent is not in thelesk is on the 1st Roor in building 3B.0 To avoid confusion,
hearerOs focus of attention, an RE needs to contain what Dala utterance like Othe IT help desk is on the 1st RBoorO would
and Reiter calhavigationa) or attention-directingnforma-  be appropriate. Likewise, if the IT help desk happened to be
tion. The example they give is Othe black power supply in théocated on another site of the university, the robot would have
equipment rack,0 where Othe equipment rackO is supposetdd to identify its location as being, e.g., Oon the 1st Roor in
direct the hearers attention to the rack and its contents. building 3B on the new campusO. This illustrates that the hi-

While most existing GRE approaches assume that the inerarchical representation of space that humans afiéphn
tended referent is part of a given scene modelctivgext sgt  and Hazarika, 204IreRects upon the choice of an appropri-
very little research has investigated the nature of referenceste context when producing referential descriptions that in-
to entities that are not part of the current context. volve attention-directing information.



Thus, the physical and spatial situatedness of the dialogue
participants plays an important role when determining which
related parts of space come into consideration as potential dis-
tractors. Another important observation concerns the verbal
behavior of humans when talking about remote objects and
places in a complex dialogue (i.e., more than just a question .
and a reply). E.g., consider the following dialogue:

Person A: OWhere is the exit?0
Person B: OFirst go down this corridor. Then turn right.

After a few steps youOll see the big glass doors.O
Person A: OAnd the bus station? Is it to the left?0 p\
As can be seen, an utterance in such a collaborative dia-
logue is usually grounded in previously introduced discourse
referents, both temporally and spatially. Initially, the physi-

cal surroundings of the dialogue partners form the context t@b) Illustration of the TA principle: starting from the Referential An-
which references are related. Then, as the dialogue unfoldshor @), the smallest sub-hierarchy containing batand the in-
this point can conceptually move to other locations that havéended referentr{ is formed incrementally

been explicitly introduced. Usually, a discourse marker de- Figure 2: Topological Abstraction in a spatial hierarchy
noting spatial or temporal cohesion (e.g., OthenO or OthereQ)

establishes the last mentioned referent as the new anchor, crélgorithm 1 TAAL (for reference generation)

(a) Example for a hierarchical representation of space

ating a Omental tourO through large-scale space. Require: a = referential anchor;, = intended referent
. . . Initialize context:C = {}

3.1 Context Determination Through Topological C = C! topologicalChildren (a)! {a}
Abstraction ifr" C then

To keep track of the correct referential context in such a di- elégturnc

alogue, we propose a general principleTaipological Ab- Initialize: SUPERNODES = {a}

stractiort (TA) for context extension. TA is applied when- for eachn * SUPERNODES do

ever a reference cannot be generated or resolved with respect for eachp " topologicalP arents (n) do

to the current context. In such a case TA incrementally ex- SUPERNODES = SUPERNODES ! {p}

tends the context until the reference can be established. TA C = C! topologicalChildren (p)

is designed to operate on a spatial abstraction hierarchy; i.e., end for

a decomposition of space into parts that are related through ifr * C then

a tree or lattice structure in which edges denote a contain- enrdewmc

ment relation (cf. Figure 2a). Originating in tfeferential end for

Anchora, TA extends the context by incrementally ascend- return failure

ing the spatial abstraction hierarchy until the intended refer- end if
ent is in the resulting sub-hierarchy (cf. Figure 2b). When na_"; .
other information, e.gg., from a preg:aging dgilalogue), is presenfs in the thus constructed set. At that point TAA1 stops and
a is assumed to correspond to the spatio-visual context tha(?tums the constructed context set. .

is shared by the hearer and the speaker b usually their physi-T.Ar']A‘l 'i for_m_ulated(;of be r}eutral tbo the Ignd_ohf iRE "’_‘l'
cal location and immediate surroundings. During a dialogued®"thm that it is used for. It can be used with the orig-
however,a corresponds to the most salient discourse entityirlal Incremental Algorithm[Dale and Reiter, 1995 aug-

relRecting how théocus of attentiormoves to different, even mented by a re_:cur_si\_/e call if a relation to a_”Oth.ef ?”“W is
remote, places, as illustrated in the example dialogue aboveselected as a discriminatory feature. It could in principle also

- ; - - be used with the standard approach to GRE involving rela-
Below we describe two instantiations of the TA principle, .: . .
a TA algorithm for reference generation (TAA1) and one fortlons[DaIe and Haddock, 1991but we agree with Paraboni

reference resolution (TAA2). They differ only minimally, g;r‘?l' r[ggozlégﬁgtnt:teeamsqfu?ggo?ﬁ:zeﬂﬁgfereerﬁffﬁ ttgit'r[t
namely in their use of an intended referemtr an REdesqx) produ 1y vablé It they pertal !

to determine the conditions for entering and exiting the |Oopcumstances where a conbrmatory search is costly (such as

for topological abstraction. The way they determine a contex! 1arge-scale space). More recent approaches to avoiding
through topological abstraction is identical. InPnite loops when using relations in GRE make use of a

o . graph-based knowledge representatiorahmeret al., 2003;
Context Determination for GRE = TAA1 (cf. Algorithm 1) = gitoru and van Deemter, 20D7TAAL is compatible with

constructs a set of entities dominated by the Referential Angyese approaches, as well as with the salience based approach
chora (including a itself). If this set contains the intended o kranmer and Theunk200d.

referentr, it is taken as the current utterance context set. Els

TAA1 moves up one level of abstraction and adds the set of 2Stone and Webbd1999 present an approach that produces

all child nodes to the context set. This loop continues until sentences like Otake the rabbit from the hatO in a context with several

- hats and rabbits, but of which only one is in a hat. Humans bnd such
similar to Ancestral SeardiParabongt al,, 2007 REs natural and easy to resolve in visual scenes.




building 3B

Algorithm 2 TAA?2 (for reference resolution)

Require: a = ref. anchor; desqx) = description of referent
Initialize context:C = {}
Initialize possible referentfR = {}

C =C'! topologicalChildren (a)! {a}
R =desdqx)# C (a) Topological abstraction hierarchy
if R$& {} then . .

return R (kitchenl rdf:type Kitchen), (...)
else (officel rdf:type Office), (...)

Initialize: SUPERNODES = {a} (kitchen2 size big), (...)

for eachn " SUPERNODES do (bob rdfitype Person), (bob name Bob),

for each p" topologicalP arents (n) do (bob owns officel), (...)

SUPERNODES = SUPERNODES ! {p}
C = C! topologicalChildren (p)
end for

(floorl contains kitchenl), (...)
(floor2 contains office3), (...)

R = desox) # C (floorl ordNum 1), (floor2 ordNum 2), (...)

if R $ {} then (b) RDF triples in the conceptual map (namespace URIs omitted)

enr(ﬂ?m R Figure 3: Part of a representation of an ofpce environment
end for

return failure 4.1 The Comprehension Side

end if In situated dialogue processing, the robot needs to build up an
interpretation for an utterance which is linked both to the di-

Context Determination for Reference Resolution A cOn- 506 context and to the (referenced) situated context. Here,
versational robot must also be able to understand verbal d‘%\'/e focus on the meaning representations

scriptions by its users. In order to avoid overgenerating possi- We represent meanina as a loaical form (LE) in a descrip-
ble referents, we propose TAA2 (cf. Algorithm 2) which tries tion Iogi(F:)[BIackburn, 280]] An gLF is a di(reczed acyclic P

to select an appropriate referent from a relevant subset of th&raph (DAG), with labeled edges, and nodes representing
full KB. It is initialized with a given semantic representation 5, sitions. Each proposition has an ontological sort, and a
Of:E?hrEfﬁgen\B'\?l exﬁ)reﬁsm?]esc(i(h)_, in a format Iqorr]n[()ja_tlble unique index. We write the resulting ontologically sorted, re-
with the RB. YVe will Snow now this 1S aCCOmPIISNed IN OUT |44iqna) structure as a conjunction of elementary predications
framework in Section 4.1. Then, an appropriate entity saliepg). @ (prop ) to represent a propositigerop with
isfying this descrlp_tlo_n |s_searched for in the_KB. Similarly ntological'sorsort and indexidx , @gx 1-sort 1! REI"(idX 2 :

to TAAL, the description is Prst matched against the currengy 5y 1, rapresent a relatioRel from indexidx 1 to index
context seC consisting ofa and its child nodes. If this set ;4 5 g @ sort | Feat"(val ) to represent a featufeeat

. . H X .sort -
does not contain any instances that matebdx), TAA2 en- ith valueval at indexidx . Representations are built compo-

larges the context set along the spatial abstraction axis unty:.. : : :
X X ; . itionally, parsing the word lattices provided by speech recog-
at least one possible referent can be identibed within nition with a Combinatory Categorial Grammprison and
. Kruijff, 2008]. Reversely, we use the same grammar to real-
4 Implementation ize strings (cf. Section 4.2) from these meaning representa-

Our approach for resolving and generating spatial referringions[White and Baldridge, 2043 _ . o
expressions has been fully integrated with the dialogue func- AN €xample is the meaning we obtain for Othe big kitchen
tionality in a cognitive system for a mobile robi@enderet N the pbrst Boor,O (folding EPs under a single scop@)of

al., 2008; Kruijff et al, 200d. The robot is endowed with It illustrates how each propositional meaning gets an index,
ac10ncep,tual spatial rﬁaEZender and Kruiiff, 200F, which similar to situation theory. OkitchenO gets one, and also mod-
represents knowledge about places, objects and their relatioff2e"s like Obig,0 OonO and Oone.O This enables us to single out
in an OWL-DL® ontology. We use the Jena reasoning frame-8Very aspect for possible contextual reference (Figure 4a).

work? with its built-in OWL reasoning and rule inference fa- Next, we resolve contextual references, and determine the
cilities. Internally, Jena stores the facts of tumceptual map ~ POSsible dialogue move(s) the utterance may express. Con-

as RDP triples, which can be queried through SPARQL textual rgference resolution det_ermines how we can re_late the
queries. Figure 3 shows a subset of such a KB. content in the utterance meaning, to the preceding dialogue

Below, we use this example scenario to illustrate our ap_context. If part of the meaning refers to previously mentioned

proach to generating and resolving spatial referring exprescontent, we associate the identipers of these content represen-
sions in the robotOs dialogue system. We assume that tHEIONS: else, we generate a new identiber. Consequently, each
interaction takes place at the reception on the ground RodfentiPer is considered a dialogue referent.

(ORo0r00), so that for TAAL and TAAZ reception. Once we have a representation of utterance meaning in
' dialogue context, we build a further level of representation

3http:/mw.w3.org/TRIowl-guide/ to facilitate connecting dialogue content with models of the
“http:/ljena.sourceforge.net _robotOs situation awareness. Thls.next level of representation
®hitp:/vww.w3.0rg/RDF is essentially an a-modal abstraction over the linguistic as-

Shttp:/Awww.w3.org/ TR/rdf-spargl-query pects of meaning, to provide an a-modal conceptual structure



@1 et pace (Kitchen ! SELECT ?x0 ?x1 WHERE {
“Delimitation ~ #unique ! ?x0 rdf:itype Kitchen.

"Num #sg !" Quantification  #specibc ! ?x0 size big.

"Modifier #(b1:q$ size ! big )! Concept: {"kitchen'} Concept: {"Boor"} ?x1 rdf:itype Floor.
“"Modifier #o1: m $ location ! on ! Size: {"big’} OrdNumberTag: {1} 2x1 ordNum 1.
"Anchor #(f 1:thing ! Roor ! (b) A-modal directed acyclic graph ?x0 containedin ?x1.
"Delimitation  #unique !
"Num #sg !" Quantification #specibc ! (C) SPARQL query
"Modifier #(n1:number $ ordinal ! 1)))) In the previous example this would
(a) Logical form resolve?x0 to kitchen2

Figure 4: Logical form, a-modal DAG and corresponding SPARQL query for Othe big kitchen on the Prst BoorO

[Jacobssoet al., 200d. Abstraction is a recursive translation logue system with a request for an RE, with a pointer to the
of DAGs into DAGs, whereby the latter (conceptual) DAGs node in the (provided) LF. The dialogue system resolves this
are typically Ratter than the linguistic DAGs (Figure 4b). request by submitting it to GRE modules which have been

The Pnal step in resolving an RE is to construct a queryegistered with the system. (Registration allows us to plug-
to the robotOs KB. In our implementation we construct and-play with content-specibc GRE algorithms.) Assuming a
SPARQL query from the a-modal DAG representations (Fig-GRE module produces an LF with the content for the RE, the
ure 4c). This query corresponds to the logical description oplanner gets this LF and integrates it into the overall LF.

the referentlesdr) in TAA2. TAA2 then incrementally ex- For example, say the robot in our previous example is to
tends the context until at least one element of the result set @nswer the question OWhere is Bob?0. We receive a commu-
desdr) is contained within the context. nicative goal (see below) to inform the user, specifying the

. i goal as an assertion related to the previous dialogue context
4.2 The Production Side as an answer. The content is speciPed as an ascriptibn

Production covers the entire path from handling dialoguea property to a target entity. The target entityt ighich is

goals to speech synthesis. The dialogue system can itself prepeciPed as a person called OBobO already available in the di-
duce goals (e.g., to handle communicative phenomena likelogue context, and thus familiar to the hearer. The property
greetings), and it accepts goals from a higher level planneis specibed as topological inclusion (TopIn) within the entity
Once there is a goal, an utterance content planner producés the reference to which is to be produced by the GRE algo-

a content representation for achieving that goal, which theithm (hence the type OrfxO and the ORefIndexO which is the
realizer then turns into one or more surface forms to be synaddress of the entity).

thesized. Below we focus on utterance content planning. Q@g:ap (¢$ goall

A dialogue goal specibes a goal to be achieved, and any “SpeechAct #assertion !
content that is associated with it. A typical example is to "Relation #answer !
convey an answer to a user: the goal is to tell, the content is "Content #(e : ascription !
the answer. Content is given as a conceptual strughuoto "Target #(t : person ! Bob !
LF, abstracting away from linguistic specibcs, similar to the “InfoStatus  #amiliar ) !

a-modal structures we produce for comprehension. “Topin #(p : rfx | Reflndex )))

m aci(c){]]éintthgksiggé?g ctlﬁjrzgagt:f s?rrl?;[:(t)urLer 'dnetgnaen d Ii_nFtrYé h;g _The content planner makes a series of decisions abpl_Jt the
mar we use to realize it. OTurning intoO means extending {I%éoe and structure of the utterance to be produced. As it is an
proto LF with further sémantic structure. This may be non-; .seryon.ofa property ascription, it demqes toplan asentence
monotonic in that parts of the proto LF rﬁay be rewritten. ex-" indicative mood and present tense with ObeO as the main
' “" verb. The reference to the target entity makes up the copula

panding into locally connected graph structures. drestriction, and a reference to the ascribed property is in the

Planning is agenda-based, and uses a planning domain dg- P - .
bned as a (systemic) grammar network alBateman, 1997: 8opula scope. This yields an expansion of the goal content:

Kruijff, 2005]. A grammar network is a collection of systems Qe:ascription  (be !

that dePne possible sequences of operations to be performed “Tense #pres |

on a node with characteristics matching the applicability con- “"Mood #nd !

ditions for the system. A systemOs decision tree determines "Cop $ Restr #(t : entity !

which operations are to be applied. Decisions are typically Bob ! " InfoStatus  #familiar ) !
context-sensitive, based on information about the shape of the "Subject #(t : entity )!

(entire) LF, or on information in context models (dialogue or "Cop $ Scope#(prop : m $ location !
otherwise). While constructing an LF, the planner cycles over in 1" Anchor #(p :rfx ! Refindex )))

its nodes, and proposes new agenda items for nodes which The next step consists in calling the GRE algorithm to pro-

have not yet been visited. An agenda item consists of thduce an RE for the entitp. In our NLP system we use a

node, and a system which can be applied to that node. slightly modiped implementation of the Incremental Algo-
A system can explicitly trigger the generation of an RErithm [Dale and Reiter, 1995 The context seC is deter-

for the node on which it operates. It then provides the diamined using TAAL. LetOs assume that Bob is currently in



kitchen3. In our examplea(=reception) the GRE algorithm [Horacek, 199F H. Horacek. An algorithm for generat-
hence produces the following result, which is then returned to ing referential descriptions with Rexible interfaces. In

the planner and inserted into the proto LF created so far: Proc. ACL/EACL-1997, Madrid, Spain, 1997.
@p:eniy  (Kitchen A [Jacobssoer al., 2009 H. Jacobsson, N. Hawes, G. J. Krui-
(TopOn )(f - entity A jff, and J. Wyatt.  Crossmodal content binding in
floor A (Unique jtrue A information-processing architectures. Rroc. HRI-2008,
(Number )(n : qualiy A 2)) Amsterdam, The Netherlands, 2008.

The planner then makes further decisions about the realiz
tion, expanding this part of the LF to the following result:
@pentity (Kitchen A
(Delimitation ~ )unique A

Tkelleher and Kruijff, 2006 J. Kelleher and G. J. Kruijff. In-
cremental generation of spatial referring expressions in sit-
uated dialogue. In Proc. Coling-ACL-2006, Sydney,
Australia, 2006.

(Num )sg A Quantification  )specibc A
(Modifier )(o1:m — location A on A [Krahmer and Theune, 20DE. Krahmer and M. Theune.
(Anchor )(f :thing A floor A Efbcient context-sensitive generation of referring expres-
(Delimitation  junique A sions. In K. van Deemter and R.Kibble, editabigforma-
(Num )sg A (Quantification  )specibc A tion Sharing: Givenness and Newness in Language Pro-
(Modifier )(t1: number — ordinal A 2)))) cessing. CSLI Publications, Stanford, CA, USA, 2002.
Once the planner is Pnished, the resulting overall LF is prolKrahmerer al., 2003 E. Krahmer, S. van Erk, and A. Ver-
vided to a CCG realizdWhite and Baldridge, 2043turning leg. Graph-based generation of referring expressions.

it into a surface form (OBob is in the kitchen on the second Computational Linguistics, 29(1), 2003.
RoorO). This string is synthesized to speech using the MARYKruijff et al., 2009 G. J. Kruijff, P. Lison, T. Benjamin,

TTS softward Schieder and Trouvain, 2003 H. Jacobsson, H. Zender, |. Kruijff-Korbayayand N. Ha-
wes. Situated dialogue processing for human-robot inter-
5 Conclusions and Future Work action. In H. I. Christensen, G. J. Kruijff, and J. Wyatt,

We have presented an algorithm for context determination €ditors,Cognitive Systems. Springer, 2009. to appear.

that can be used both for resolving and generating referrin§f<ruijff, 2005] G. J. Kruijff. ~Context-sensitive utterance

expressions in a large-scale space domain. We have presentedlanning for CCG. InProc. ENLG-2005, Aberdeen, Scot-

an implementation of this approach in a dialogue system for land, 2005.

an autonomous mobile robot. [Kuipers, 197Y B. Kuipers. Representing Knowledge of
Since there exists no suitable evaluation benchmark for sit- Large-scale Space. PhD thesis, Massachusetts Institute of

uated human-robot dialogue to compare our results against, Technology, Cambridge, MA, USA, 1977.

we are currently planning a user study to evaluate the perfofi ison and Kruijff, 2008 P. Lison and G. J. Kruijff.

mance of the TA algorithm. Another importantitem for future  Salience-driven contextual priming of speech recognition

work is the exact nature of the spatial progression in situated for human-robot interaction. IBCAI 2008, 2008.

dialogue, modeled by OmovingO the referential anchor. [Parabonkt al., 2007 I. Paraboni, K. van Deemter, and

J. Masthoff. Generating referring expressions: Making
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Verbalization of Vague Scalar Predicates
Based on Autonomously Acquired Models
(preliminary report)

Hendrik Zender and Andrzej Pronobis

AbstracfN The paper reports on ongoing research in gen- represented, some of it might be inferable when necessary,
erating and understanding verbal references to entities in the and some of it might only be implicitly accessible.
robotOs environment. The paper focuses on features of spatial In this paper, we address the question of how a robot can

entities that are commonly expressed as vague scalar predicates bali hat it k bout tai i f thi
in natural language, such as, e.g., size. The paper proposes anVerbalize what 1t knows about certapropertiesol things.

approach for characterizing such features in terms of properties We focus on those properties that correspond to a scalar
and distributions over their values. This leads to a basic notion feature space (e.g., size, length), and on their contextually

of prototypicality of property-values. Using this notion, the  appropriate verbalization. We address this issue from two
paper shows how different types of contextual standards can viewpoints. For one, we propose a method for acquiring and

be debned, which determine the contextually appropriate use luati i ical dels f h Hies in t
of a vague scalar predicate in linguistically describing a feature evaiuating calegorical modaels 10r SUCh propertes in terms

of a spatial entity. The approach goes beyond existing work in Of @ robotOs perceptual capabilities. Secondly we investigate

that it allows for a variety of contextual standards (in class, how these models can serve as a basis for situated natural

across classes, across instances) in describing features as vaguganguage generation and comprehension.

scalar predicates, and by ultimately bas]ng these standards in The rest of the paper is organized as follows. Section I

models of the robotOs perceptual experience. .
presents related work that serves as background for this re-

|. INTRODUCTION port. In Section Il we introduce the assumptions underlying

Robotic assistants are no longer simply a product of ol@ul @pproach. In the subsequent section we then give the
imagination. Advances in related belds in robotics, Al an§€tails on the acquired categorical models (Section V) and
computer vision make it nowadays possible to develop high@? the verbalization methods (Section V). We conclude in
autonomous robotic systems. Robots are already able ction V.
perform a wide variety of tasks while exhibiting a high Il. BACKGROUND

degree of adaptivity to new environments.

When it comes to building Otalking robots,0 though, we Giver;} that Ia rrcl)bot autonohmously acquires knowlgdg:e
still face major challenges. These arise primarily from th&@eOut the world, how can such properties be appropriately

variability and unpredictability of the kinds of dialogues theyverballzed for human-robot communication? Conversational

need to engage in. This sets talking robots apart from moFQbOts and their users mtergct sntuate(_j dialoguesSuch .
standard dialogue systems, the development of which hguated language typically involves things and persons in
matured over the last couple of years. Computer- or webhe environment or facts that are relevant for the current
based conversational agents can usually talk about conbr@ﬁk at 'hand [3]. 1t r'elles cIJn sr;tuatlonally fand contextuglly |
objective domains, like for example soccer, or pop star trividPPropriate expressions. In the case of a conversationa
[1]. Robots on the other hand have to talk about the envirofiQPOt these expressions are generated from the rqbotOs own
ments they share with their users. And unlike location awallénowledge base. ,SUCh knoyvledge bases.,_of.ten being hybrid
personal navigational assistants (e.g., [2]), which usual od_els thqt contain symbolic and probabilistic Iayers [4]_are
combine external localization (e.g., through RFID or GPS ot immediately useful for sonen human-robot interaction.
with existing maps and information bases, these robots rel l_\l/!c_:reover, It,)Ot_h (tjhe rgbotOs ;nd tg? humaan percgptual
on autonomously built maps and knowledge acquired throug?ﬁ" ities are limite ' and may be su ject to noise or in-
their own interaction with their environment. complete observability. Therefore unnecessary precision in
So how could a robot talk about what it knows? A robotd€Palizing known properties of things should be avoided.
knowledge base contains facts about OthingsO in the woltptead of referring to Othe 18arge ofbce (rague ex-
These facts include properties of entities (e.g., color, siz@ressions involving gradable adjectives (such as Othe largest

age, hame, etc.) and relations between entities (e.g., locati I?ceO) Sh,OUId be USS‘?' (51, ,[6]’ [7_]' TT'S rgsearoch pnmarllyh
ownership). Some of this knowledge might be explicitl ocuses on mstan'ces in a given visua setting. Our approac
moves beyond this, by considering how scalar properties can
H. Zender is with the Language Technology Lab, German Rebe modeled as probabilistic distributions over their values
search Center for Artibcial Intelligence (DFKI), Saatken, Germany, p and then use these distributions to construct contextual
zender@dfki.de dard hi K . ibl ider distributi
A. Pronobis is with the Centre for Autonomous Systems, Royal Institut§tan ards. This makes .|t possible FO consider distributions
of Technology (KTH), Stockholm, Swedepronobis@csc.kth.se solely across observed instances (like [5]), and also across



instances within a class (considering values tpimdotypical which builds on the concepts of discrete places and scenes
values within a class), and across classes. Within-class aexpressed in terms of arbitrary, possibly complex features
across-class contextual standards are not considered (aod local spatial relations.
immediately possible) in [5]. They are, however, necessary The categorical layer contains categorical models grouping
to generate contextually appropriate verbalizations usirtpe robotOs sensory information expressed in terms of feature
comparatives. For example, consider the average ofbcevalues. The knowledge represented in this layer is not
have 8m. Talking about two ofbces, withfbcelmeasuring specibc to any particular location in the robotOs environment.
12n? andofbce218n?, it would be more appropriate to talk Instead, it represents a general knowledge about the world at
aboutofbcelas Othe smaller ofbce,O not as Othe small ofbdkeeédsensory level. The categorical models stored in this layer
The reason being that it is still bigger than the averaggive rise to certairpropertiesof the spatial units (areas).
ofbce. These ideas are based on insights in categorizatibhese properties can either be continuous or discrete and
and prototypicality originating with Brown [8] and Roschusually correspond to human concepts, such as size, shape
[9]. or type of a room. The categorical layer could practically
The approach presented in this paper is consistent with the implemented by using a set of classiber models trained
structure of the spatial knowledge representation developéd a supervised manner as in case of the existing place
in the CogX EU project [10]. The representation dividesategorization approaches [12], [13].
spatial knowledge into low level categorical models based The linguistic layer, Pnally, contains specialized algo-
on robotOs sensory information, discrete, bottom-up modeithms for turning such properties into logicaredicates
representing a map of the robotOs environment as wetich then are realized as natural language expressions.
as conceptual models attaching semantics to the low-leviélis important to note that the categorical models do not
representations. Moreover, the method is compatible with thmaintain linguistic labels for properties of the spatial units.
existing approaches to topological mapping (e.g. [4], [11]The linguistic layer maintainmterpretation functionswhich
and place categorization (e.g. [12], [13]). query the categorical models for relevant information when-
Finally, the approach takes us beyond earlier methodwer needed. This explicit interpretation step guarantees the
for relating language to Othe world.O For example, Ste&smation of contextually appropriate semargiedicatesor
et al (cf. e.g. [14]) propossemiotic networksA semiotic  verbalization.
network is an associative network in which a perceptual In the following, we present concise debnitions of the
layer is connected with a category layer, which in turnerms used. Afeature f; is a function that provides a
associates categories with words. A robot is able to acquipmtentially complex interpretation of robotOs sensor input.
such networks online, establishing nodes within layers, arithe role of features is to provide a new representation of
associations within and across layers. The resulting netwotke sensory input that is less sensitive to noise and usually
captures how words can be related to categories B but deesre compact. The quality of a given feature observation is
so in an absolute way. We take this a step further. Predi-feature value which is positioned with respect to one or
cations (OwordsO in a semiotic network) are not determinediltiple dimensiond=; € R". Thus, each functiof; maps
directly through association with a category. We perform asensory observatior8 onto a certain rangg;:
intermediary interpretation step, which establishes how best
to express a property (a OcategoryO) within a given context. fi:S—F 1)
Such expression may vary, obviously; but it is a variatiofrhe yalues of all features correspond to a single point in the
no_t possmle on the current formulation of semiotic networkssg_cajledfeature spacé =F; x Fp x ... x Fy.
(Similar observations can be made for approaches proposedy property pi of an entityx € U is a function that

by Roy et al.) maps entities onto a certain property valiec P;, e.g.,

lIl. THE APPROACH the property of having a given size, or being of a given type.

In our approach, we assume that the robot is able to pi :U— P (2)
perceive the world through its sensors and internally grounds . .
its spatial knowledge upofeaturesextracted from the sen- size:U—R ®3)
sory input. Moreover, we distinguish between three separate type : U — {Room O! ce Kitchen, Corridor,...}  (4)
layers of the knowledge representation: spatial layer the
categorical layer and thelinguistic layer The spatial layer If there additionally is a (partial) order specibed over the
represents the knowledge about the environment in whickalues of P;, we speak ofscalar properties. Entities can
the robot operates, i.e., its world map. We assume that thence be sorted in a partial order with respect to such a
environment, can be segmented iat@as where each area scale.
corresponds to a single spatial unit of certain semantics, e.g.
a room. As a result, the map stored in the spatial layer
consists of a bnite number of models, each representing a
single area in terms of the observed feature values. This
is consistent with the mapping framework presented in [4], (2) 0! ce3<gze 0 cel<gje O ce2

‘(1) size(o! cel) = 12m?
size(o! ce? = 18m?
size(o! ced = 7m?



In our approach, the properties of entities are determineslich as, e.g., OlargeO and OsmallO, which correspond to
and updated on the basis of spatio-temporally integratéde opposite poles of the size scale. The challenge lies
feature value observations. Due to the uncertainty and noifaus in debning appropriate functiomos.(! ), neg.(!)
involved in robotic perception, our approach represents propnd gap.(! ) for constructing the positive, negative, and
erties as probability distributions over a range of valuemdeterminate extensions respectively of a preditafeom
instead of a crisp numerical value, cf. Section IV. The scalaan underlying property.
order of entities is determined dynamically when needed, We will proceed with illustrating how autonomously ac-
cf. Section V. quired categorical models represent features; how these mod-

Logical predicates express propositions about entities.els are used in the task of determining properties of entities in
Such propositions can be either true or false or non-sensiceile world; and bnally how eontext dependemmiterpretation
Predicates are the basis for forming semantic representatiasfsthese properties yields a situationally appropriate vague
that can then be realized as natural language descriptioespression to describe an entity.

The following list contains examples for predicates along
with natural language paraphrases:

(3) Size@E cel 12m?) : OThe size of ofbcel is 124@ ) i i
] . L As already mentioned, in our approach, the representation
(4) Type(PdqBird) : OFido is a bird.O of spatial knowledge is divided into three separate layers.
(5) Small(bdo : OFido is small.O Here, we focus on the spatial and categorical layers. The
(6) Bigger(bdq dido) : OFido is bigger than Dido.)  Spatial layer maintains models representing areas in the
environment in terms of the observed feature values. The
There is a close link between properties and predicategependency between the area and the feature values likely
The important distinction is that properties encode the agenfgge observed in that area is captured by a probability distri-
knowledge about entities in the world, while predicategtion par (a,f), where the random variable A represents
express propositions about entities. The truth value of g area, and the random variaBlethe values of all features.
proposition is determined by evaluating amterpretation  Simijlarly, the categorical layer encodes the dependency be-
function against a given knowledge base. In this paper, Wgyeen the observed values of area properties and the observed
want to focus orvague scalar predicatethat correspond to yalues of features as a distributipa ¢ (p, ). In the rest of
gradable adjectivedike the ones in Examples 5 and 6. Whengjs section, we show how the knowledge represented in the
verbalizing the robotOs knowledge, only true propositiorgatial and categorical layers is acquired and used to perform

are to be considered. The truth value of a vague predicaifferences about the properties of areas in the environment.
cannot be established in absolute terms. Their meaning is

highly context-dependent [6], and moreover needs to talﬁ Model Acauisition
into account a giverstandard[5]. A vague predicate must " q
hence be interpreted against a precise property with respecDespite the fact that the models stored in both the spatial
to a givencontextc. and categorical layers represent the knowledge in terms of
Following Kennedy, a predicaté that corresponds to values of features extracted from the sensory input, they
a gradable adjective Ocan then be analyzed as a functififier in the way that knowledge is acquired. The models
that induces a tripartite partitioning of its (ordered) domaimepresenting the instances of areas that the robot visited,
into: (i) a positive extensiopos:(! ), which contains objects stored in the spatial layer, are built as the robot explores
above some point in the ordering (...), (i) a negativeéhe environment, in an unsupervised fashion. The continuous
extensiomeg:(! ), which contains objects below some pointspace is segmented and models are build separately for each
in the ordering (...), and (i) an Oextension gap@(' ), of the segments. On the other hand, the categorical models
which contains objects that fall within an indeterminateneed to encode human concepts corresponding to the proper-
middle (...)O [15]. ties of areas. These concepts must be transferred to the robot
! i | | during a supervised learning stage. A learning algorithm is
| B T i x | pOSC('I) employed and provided with sets of training sensory data
I Cle = # F !ﬁ x! neg(!) annotated by a human with ground truth indicating the values
undef iff x! gap(!) of properties of areas where the data were acquired. The
[15] further discusses the partitioning of the domain intdraining data are acquired while the robot is guided by a
pos:(! ), neg:(! ) andgap:(! ) with respect to a comparison user through several different environments. Moreover, one
class. We will however focus on another aspect, which isf the available robotic databases, such as [16], can be used
left out in [15], namely the context-dependent transformatioto provide the initial spatial knowledge for training. The task
from precise properties to vague predicates, and the detef-the algorithm is to build universal models encoding the
mination of a comparison class. correspondence between values of area properties and values
As explained earlier, a scalar property is a derivation frorof features extracted from the sensory data acquired in the
one or many feature observations. Several vague predicatega. At the same time, during the guided tour, the robot
can correspond to different dimensions in the feature spadayilds models of the areas stored within the spatial layer.

IV. THE SPATIAL CATEGORICAL MODELS
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Fig. 1: Graphical model representing the dependencies be-
tween values of features, areas and values of area properties.

B. Inferences About Properties of Areas

In order to generate referring expressions, we need to inte-
grate the knowledge represented in the spatial and categorical
layers and obtain dependencies between areas and values of
properties for those areas. Let’s take the example of a size
of an area. In such case, the categorical models are trained
using sensory data annotated with the correct size of the
areas where the data were acquired. As a result, a model is
be build that maps the features extracted from the sensory
data into the values of the size property. Below, we show
how those models could be integrated with the models of
the visited areas.

We assume the that the dependency between observed
values of features, areas and values of area properties can be
expressed through the graphical model presented in Figure 1.
The model allows to express the joint probability distribution
p(f,a,p1,...,pm ) as follows:

p(f,a,p1,... p(palf) a...ap(pm If) &

p(alf ) ap(f) (5)

In other words, random variables representing the area and
the area properties are independent given the values of all
features extracted from the sensory input. Such formulation,
allows to make inferences about properties of areas by
integrating the models of properties in the categorical layer
with the models of areas in the spatial layer. For instance, in
order to obtain a distribution over the values of a property
p; for an area a, we use %he formula given below:

Pv) =

p(pila) = p(f.pila) o
e
= P(pilf) p(f fa) of (6)

Similarly, to obtain a distribution over areas described by a
certain value of a propert?/ pi, we calculate

p(f,alp) o

I*OO

p(f Ipi) p(alf) o )

— 00

p(alpi)

In practice, the integration can be performed as the robot
explores the environment and builds the models of areas. In

some cases, the models of areas might be based on different
features than those required to perform the integration. In
such cases, the integration is performed with the features
calculated from immediate observations only for the area
where the robot is currently located.

V. VERBALIZATION

In this section we are addressing the question how an
autonomous robot can verbalize what it knows about its
environment such that it can be correctly understood by
human hearers. Here, we especially focus on verbalizing
spatial properties of areas in the known environment. Con-
sider the following set of examples (with an emphasis on
the italicized parts), which illustrate two separate but related
phenomena. In Example 7 the task is to produce a unique
Referring Expression, while Example 8 concerns categorical
descriptions.

(7) “The toolbox is in the largest ofpceé
“The kitchen is the smallest roonon the third floor.”

(8) “Restrooms are small rooms’
“Meeting rooms are usually larger than ofbced

Although the focus here is on verbalization, it is important
to note that this work is embedded in a larger dialogue
system for situated spoken human-robot interaction [17].
Our approach is thus in principle bi-directional (like [18],
[19]). The same mechanisms can be used both for natural
language generation and comprehension. While this is true
and conceivable for generating and resolving referring ex-
pressions, a “real” understanding of human descriptions and
explanations would require feeding back the conveyed facts
into the robot’s categorical models. This is still an open issue
and remains as a possibility for future work.

A. Referring Expressions

A Referring Expression (RE) is a (complex) noun phrase
(NP) that contains enough information to identify an intended
referenf while avoiding ambiguities with potential distrac-
tors [20]. [19] illustrates how an appropriate context for
references in large-scale spacean be constructed, and how
referring expressions to entities (including areas) in large-
scale space can be generated by expressing spatial relations
between such entities.

Here, we assume a similar structure of the spatial knowl-
edge base in order to construct an appropriate context. We
furthermore make use of the same GRE algorithm in order
to narrow down the distractor set through the inclusion of
navigational information in complex referring expressions.
The contribution of this work lies in allowing a GRE (and
also RRE) algorithm to include properties, such as, e.g.,
size, to further qualify the intended referent by ruling out
remaining distractors.

Although, strictly speaking, such properties could be ver-
balized by expressing a numerical value (e.g., “the room with
size 18m?” or “the 12m? large office”), such a level of detail
is commonly avoided in human-human dialogues. Not only
is such specific information not easy to verify with human



perceptual capabilities, it might as well be hard to determing&hen, similarly as for properties, we can calculptex (1]a)
given a robotOs knowledge base. As discussed previouatyfollows:

(Section 1V), the robotOs representation of a property usually %,
is not a crisp number, but rather a probability distributionpy |a (1]a) = Prs|a(s1]@) (12)
over a range of values. 9Bs, &

Previous e>gisting work propose the usevakue scalar Pps A Py (S2, @z|kitchen) ds; ds;
predicates as Oqualitative linguistic expressions of quantita- 0 a
tive informationO [5]. Size is widely used as an example fop, a(0la) = 1! p ja(lla)

a property that needs to be expressed by vague predicates,

namely the adjectives Osmall® and OlargeO, as well as YHegePs is a random variable representing the size property

comparative (i.e., OsmallerO, OlargerO) and superlative 4Pt is a random variable representing the type property.

OsmallestO, OlargestO) forms [6]. The probability distributiorpe A p; (S2, 82|kitcher) can be
factored as follows:

B. Vague Scalar Predicates

. . . Sz, ag|kitchen) % Sy, kitchenay) a
As said previously, one way of avoiding unnecessaryppS’AlpT( 2:8| N % Pesprialse flaz)

precision in verbal interaction is to make use of vague Pa (22) (13)

expressions. One intricacy with vague expressions is that thﬁ}ﬁd the priom, (as) can be used to specify the context, i.e.

are highly context dependent. For instance, what is calleghicy other areas should be taken into consideration, e.g. all
a Olarge restroomO in one situation could be approprlatgpéas except the area

d_escribed as Othe smallest room on _the _second RoorO undf\row' in order to obtairpa ;e , (a]1, kitcher), we use the
different circumstances.A crucial notion is the scale of Bayes rule: T

the underlying property. The applicability of different vague

predicates corresponding to thzz\t property is then determined PajLp - (Al kitchen) % p_|ap, (1]a,kitchen) &

on the basis of the referentOs position on that scale in ;

comparison to where the distractors are on that scale. A Per ja (Kitcherla). (14)
simple ordering of the referent and its distractors on suchhe probability p_ ap ; (1]a, kitcher) can be calculated as
a scale can give rise to a predication that consists of ghown in Eq. 12, by replacing the factpg |a (S1|a) with

superlative form. Pes AP (S1]a, kitchen).
r < size distractor ! set” Smallest() (8) D. Evaluating Against a Standard
£ > 4y distractor | set”  Largest(r) ©) A purely contextual standard (as in [5]) might be ap-

propriate for abstract entities for which there is neither an
A stronger proposition is expressed by the correspondirPiective standard nor a standard based on prior experience.

positive forms. The applicability such predicates is furtherFOr spatial entities, however, people have expectations and

more determined by the position of the referent on that scafé@ndards based on their previous knowledge. Still there

with respect to a given standard [5], [15]. exists a contextual bias to which people can adapt their
expectations under varying circumstances.

I # sye Standard " Small(r) (10) We propose a standard that takes into account both the

given context and abstract world knowledge. We establish an

r $ size standard " Large(r) (11) evaluation standard on the basis of a prototypical property

5 value. The prototypical quality is determined by averaging

In the following weOll explain how these conditionals cagcross the property values of a given set of entities. We hence
be established in our probabilistic approach. propose an extensional debnition of prototypicality.

An a priori prototypical standard can be computed after
the dedicated learning step (cf. Section IV). Later on, this

A typical example could be Pnding places that corresponstandard is modibed by also taking into account all new in-
to Othe largest kitchenO. In such case, we could dePne a Beatces of a given class. This allows our system to gradually
rande variable adjust its standard to the environment in which it operates. By

# 1 ! the value of the size property for an area this self-extension we ensure the production of contextually

L = is larger than the value of the size property@PPropriate expressions. .

= for other areas being kitchens As shown in the previous section, we can debne a new
0 ! otherwise randlom variable

C. Evaluating Against a Set of Distractors

&

S ) . # 1 ! the value of the size property for an area
1The task of _re-!dentlfymg O_the large _restroomo later, however, isa task_ is Iarger than the expected value of the size
of correctly retrieving the previous mention and its referent from dialogué. = . .
history or from a long-term memory. This issue is beyond the scope of this & propert_y for areas being kitchens
paper. 0 ! otherwise



Then, again, we

can calculapg A (I/a) as follows:
|

PLia(1]a) Pps A (S1]@)

E[Ps|Pr = Kitchen
1! pa(dla)

pLia(0]a)

[15]

These equations provide an interpretation for the applica-

bility of the stronger positive predications. The expressiofg
Othe small kitchenO is hence only generated if the referent

is not only the smallest kitchen in the context, but also if it

generally belongs to the class of small kitchens as debn

by being considerably smaller than a prototypically-sized
kitchen.

[18]

VI. CONCLUSIONS ANDFUTURE WORK

This work presents a robot that autonomously acquires a
notion of prototypical appearance and intra-class variation.

It starts with a model that is learned off-line. It can use thigi9]

model right away for verbalizing descriptions and referring
expressions. It also constantly extends its models and its

instance knowledge and thus shapes its verbalization to bette)

reRect its experience in the operating environment.
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Verbalization of Ontological Knowledge
for Communication about Properties and Gaps
(preliminary report)

Hendrik Zender and Geert-Jan M. Kruijff

Abstracf The paper reports preliminary research on verbal-  is a list of those propertieB’ that together with a list of

izing a robotOs knowledge about an instance of a particular  known propertie®* for |, would provide the necessary and
concept C. This covers both what a robot knows, and what it sufbcient facts to establighas an instance ot.

does not (yet) know about the instance. The paper considers

a OgapO to be that information the robot misses to establish a  The basic idea behind the method is to use query mech-
given property P for I, knowing that that property typically  anisms for checking whether an individuhl fulblls the
applies to instances ofC. The paper proposes a method for  yappitions for being an instance of a given concept. This

determining which properties are classipable as gaps for an o L . .
instance rglative topa Féoncept. This method oper%te?s on the ,bas'c 'd?a is similar to t_he type of slot-Plling we Pnd in
TBox and ABox of an ontology. It provides a general method for  information state-based dialogue management [2]. Where the
determining gaps, and is not specibc to situated dialogue. The methods diverge is that the method we discuss here provides
paper shows how the resulting characterization of available and g natural way for integrating with uncertainty in (perceptual)
missing knowledge aboutl relative to C' can then be verbalized,  .510q0rization. Given a distribution over possible concepts

following up an approach recently presented in [1]. The paper
illustrates the method on an example involving spatial entities, Cy, ..., Cn, the method can query the ontology for fulbliment

and discusses further research on extending the method. of I against each of these concepts. The result is a set of
property listsP;?, one for each concey;. Which provides
I. INTRODUCTION us with the possibility to do more than just slot-plling. In a

dnanner akin to generating or resolving referring expressions

A robot typically does not come equipped with all there i ! o !
to know about the world it operates in. More often than n01[3,]’ [4], we can determine what minimal set of properties
would provide a way for optimally dividindZ4, ..., C,

it is uncertain about what it perceives, or how to understand

what it perceives. It needs to learn more. Which is exactl{!l® W0 subsets of concept descriptions that are mutually
the point of the argument for continuous learning. exclusive alongP". This is a strategy we use in meta-

But there is more to this. A passive strategy, waitinéeaming to actively sellectlsamplles to divideapa}t_egory search
until suitable learning examples present themsetiass ex >Pace [5]. In our setting it provides the possibility to select
machina is unlikely to help the robot much. The world a OgapO the answer to'whlch can help to efbciently narrow
presents a robot with a wealth of perceptual information gown the scope of possible concepts For
and at the same time, each perception is unique. ExperienceVe return to this idea at the end of the paper. What
is sparse, making it necessary for the robot to employ dnterests us here is the use of gdps and a description of
active strategy in learning. It needs to bgure out what the concept to verbalize the robotOs knowledge db@iich
needs to learn. Which is why a robot needs introspection.verbalization plays a fundamental role in situated dialogue

On introspection, the robot determines for a particulabetween a human and a robot that wants to learn more. By
context what it knows, and what it doesn®t know. Intuitivelyelling the human what it does and doesnOt know, the robot
Owhat it doesnOt knowO represents a (potential) gap inntt@kes its internal belief state transparent to the human. And
robotOs knowledge. The basic idea in the CogX project tisis sets up the background for another important aspect
to use such gaps to drive further learning. The robot caef dialogue for learning, namely scaffolding [6]. By telling
actively engage with the environment, or enter into dialoguthe human what it doesnOt know, the robot indicates what it
with other agents, to Pll in its gaps. Which raises the questiosould liketo know.

how a robot could identify what it doesnOt know. An overview of the paper is as follows. Section Il dis-

In this paper, we present a method for determining gysses Safite®s algorithm for verbalizing conceptual struc-
specibc type of gaps. We are interested in the following quegres. The verbalization method we use in this paper is
tion: Given an individual , and a concepC in an ontology, hased on that algorithm. Furthermore, we brieRy outline the
what information about is lacking to establish it as an scenario in which we work. Section Il describes description
instance ofC? We assume that we can express Oinformatigggics, and their use in formulating ontologies. Section IV
about! O as a list of properties. Lacking information thersxplains the different aspects of our proposed approach in

, _ terms of verbalization, introspection, and knowledge gap

H. Zender and G.J. Kruijff are with the Language Technology Lab, ti We ¢l th ith a di . f fut
German Research Center for Artibcial Intelligence (DFKI), Saelen, genera '0n' € (.:OSE € paper with a discussion of future
Germany{zender, gj }@dfki.de research in Section V.



II. BACKGROUND

Schiitte [1] presents an approach for verbalizing concept
descriptions from ontologies. In this work, we generate
concept and individual descriptions and use the same mecha-
nisms to identify such missing pieces of information that can
be discovered by an agent’s knowledge gathering behaviors.
We will call these pieces knowledge gapS'he domain we are
interested in in this work is a spatial knowledge base for an
autonomous robot, more specifically the robot’s conceptual
spatial mapof its environment, cf. [7]. The verbalization
mechanisms are part of a dialogue system for such a robot

[8].
IIT. ONTOLOGY-BASED KNOWLEDGE REPRESENTATION

Description Logics (DL) based ontologies make a dis-
tinction between a conceptual taxonomyof concepts (the
TBox T, for terminological knowledge) and the knowledge
about individuals in the domain of discourse (the ABOXA,
for assertional knowledge) [9]. Additionally DL-ontologies
contain a set of roles that can hold between individuals,
and which are defined over concepts. While some call
this the RBox we will assume that role definitions and
role restrictions that are used in concept definitions belong
to the TBox. Those roles that represent relations between
individuals are part of the ABox. Another common name
for concept is class. This gives rise to a more extensional
perspective — in which a concept can be represented as the
set of its member individuals.

An important distinction which we will later get back
to is the distinction between atomic conceptand concept
descriptions[10]. Atomic concepts can be dePnedin terms
of complex concepts, which are expressed by other concepts,
concept constructors and role restrictions, cf. [10], [11] for
a more complete account. Here is an example of such a
concept debnitioin our robotic spatial map domain (TBox
T,, cf. Figure 1), which defines kitchens as all those rooms
that contain at least one kitchen object:

(1) Kitchen! Room"# hasObjectKitchenObject$ T,

The task of DL reasoners is to perform certain kinds of
inferences in both the TBox and the ABox. The most basic
TBox inference — and the one that is relevant for this work
— is subsumptiorthecking between concepts. This inference
turns a set of concept definitions into a hierarchical taxonomy
in which concepts are related with a subclass/superclass
relation. Given the example above, a DL reasoner could infer
that Kitchen is a subclass of Room.

(@)

In the ABox a DL reasoner establishes class membership
of individuals, the so-called instance checkingnechanism
[10]. Continuing our example, we could assert the following
facts about our domain:

1, Kitchen % Room

(3) The example ABox Aey:
Room AREA)

owl: Thing

i

Kitchen

Coffeemachine Oven

Fig. 1: Visualization of the named-class hierarchy of the
example TBox T;. owl:Thing is the OWL equivalent of
the top level concept & in abstract DL formalisms.

Overn(OBJ))
hasObjec(AREAYL OBJ1)

The reasoner would then infer that OBJ1 is also an
instance of KitchenObject and hence AREAL is an instance
of Kitchen':

4) Aex ET, KitchenObjec{OBJ1)
Aex F 1, Kitchen(AREAY)

At the core of our system is an OWL-DL ontology? that
represents a robotic conceptual spatial mag12], which
represents knowledge about places and objects in the envi-
ronment, as well as relations between them. For the present
work, we are using the “Jena” reasoning framework® with
its built-in OWL reasoning and rule inference facilities.
Internally, Jena stores the facts of the ABox and the TBox
of the ontology reasoner as RDF* triples. The knowledge
base can be queried through SPARQL’ queries. We will later
use the abstract DL syntax (see above) and the concrete
OWL/RDF syntax interchangeably wherever one is more
appropriate.

IV. VERBALIZATION AND INTROSPECTION

In terms of verbalization and knowledge introspection,
DL-based ontologies afford a number of interesting tasks;
verbalizing conceptual knowledge, i.e., turning TBox defini-
tions into natural language descriptions [1] being one. An-
other opportunity for verbalization is to talk about individuals

1Of course, an OWL-DL reasoner would establish the full type hierarchy
for both individuals along the transitive subsumption axis (cf. Figure 1. This
is left implicit here for ease of reading.

Zhttp://www.w3.0rg/TR/owl-guide/

3http://jena.sourceforge.net

“http://www.w3.0rg/RDF

Shitp://www.w3.0rg/TR/rdf-spargl-query



in a knowledge base, e.g., generating referring expressiohke restriction to discriminatory information, however, must
to ABox instances [3]. A task which is closely related tobe left out. Querying the ontology for all properties that
the aforementioned tasks is knowledge introspection, ptbld for | yields a listP," that can be verbalized using
differently, determininggapsin an agentOs knowledge. a mixture between concept lexicalization (see above) and
referring expression generation for all individuals that are
involved as relatees iR," . In the following we will illustrate
Ontologies encode knowledge of concepts and their rel&aow P," andPc together can be used in formalizing absent
tionships in a specibc domain. They are designed to suppdmformation.
different inference mechanisms and in order to describe .
intensional and extensional knowledge about the involvela' Identifying Knowledge Gaps
concepts. Ontologies thus contain many concepts that dond¢nder an open-world assumption every individuain
have a clear one-to-one correspondence with a lexical iteiie ABox might be an instance of every conce@t The
They hence typically donOt straightforwardly afford generafere ignorance of facts that would support such an inference
ing natural language descriptions of concepts and instancé.not interpreted as negative information. Only positive
Following Schitte [1], we annotate those concepts in thénferences are drawn by a reasoner that operates with open-

TBox that correspond to words in natural language. world semantics. Everything else is considered a lack of
N _ _ knowledge. However, equating this wiktnowledge gaps
(5) Depnition of the AnnotationPropertexicalWord, s relevant in the present work as well as in the CogX

A. Verbalizing Ontological Knowledge

and annotation of the concelittchen in T;: project as a whole, is impractical. Many of the concepts
<owl:DatatypeProperty rdf:ID="lexicalWord"> in a typical ontology in our domain (for instance [7], [12])
<rdf:type rdf:resource= serve a predominantly structural purpose (i.e., they give
"&owl;AnnotationProperty"/> structure to the ordered concept taxonomy), while offering
<rdfs:range rdf:resource="&xsd;jstring"/> little information that is directly linked to phenomena that
</owl:DatatypeProperty> are observable by the robot. Furthermore considering the
<owl:Class rdf:ID="Kitchen"> typical size of such an ontology (e.g, 200 concepts and
<rdfs:subClassOf rdf:resource="#Room"/> > 10 individuals in a running system like [14]), a purely
<lexicalWord rdf:datatype="&xsd;string"> combinatorial approach to establishing gaps would lead to
@p:entity(kitchen) a massive over-generation that would be intractable for the

</lexicalWord>

<Jowl:Class> robot. Within the project CogX we are thus identifying

knowledge gapas absent knowledge which can be gathered
His approach relies on the distinction between atomignd established by the robot itself. Our notion of knowledge

concepts and concept debnitions, cf. Section Ill, whicgap is hence inherently linked to the notiongsp Plling
is relBected in the choice of the subject and the subjectn the present work, we make use of a crucial distinction
complement in the introductory sentence. in DL-based knowledge representations and formalisms. We

(6) OA Kitchen is a room that has at least one kitcheﬂstmgmsh |nd|V|(_1IuaI_s intcassertedand inferred msta_nces
. . G of a concept. This dichotomy corresponds to the difference
object, like an oven or a coffee machine.O . .
between user-given knowledge and self-acquired knowledge
Atomic concepts are named classes whereas concept def-the robot. Presence of both kinds of knowledge is a
initions are expressed as complex restrictions over rold¢pical characteristic of a robotOs knowledge base after it
(i.e., relations). Sdiftte clusters individual restrictions to Was given a guided tour by its human user through their
property groups. He then iterates over these groups in ordgtared environment [15]. After such a tour, a robot might
to generatemessagesor verbalization. What it essentially have acquired a spatial map whose units correquﬁtd)tmn
does is it generates a list of propertiBg that constitute instances in the knowledge base, augmented with the user-
necessary and/or sufpcient conditions @r given information that one of these rooms is a kitchen. The
This approach can be extended for verbalizing ABox indirespective individual (say, e.gAREAS) is what we call an
viduals. This task is related to the task of generating referrir@sserted instance of the concefitchen. Put differently,
expressions (GRE) to the individull The difference is that during the tour the ABoXA o, is Plled with the following
a GRE algorithm iterates over a bxed list of properties ifects:
order to (a) bPnd out whether a property holds foand (b) .
. (7) Part of Ay :
whether it does not hold for a non-empty subBet A of
S ; . . Room(AREAL), Room(AREA?2),
remainingdistractorsb in other words: a referring expression
. . . X Room(AREA3), Room(AREA4),
should include only true information about the intended .
C i Room(AREAbB), Kitchen(AREAD),
referent that helps distinguish the referent from potential
X . Room(AREA®G)
distractors in the context B cf. [13] for a more complete
account of the matter. AREAS5 is thusassertedto be an instance of the named
Now, in order to verbalize a description of an individlial conceptKitchen, that is, it satispes the left-hand side of the
of course, only true statements abdoushould be included. concept debnition (1) above. At the same tikg,, does



not contain enough facts to satisfy the concept descriptior{10) OThe kitchen is supposed to have typical objects like
given on the right-hand side. The reasoner cannot prove that an oven or a coffee machine. | will go and check.O
the individual is aninferred instance of that concept. The . .
asserted-inferred dichotomy thus provides a brst interpre _After mformmg the user, the robot tums aroun_d and
tion of a relevant knowledge gap: the presence of facts thtﬁ??ds for the kitchen to Pnd and locate those objects. It

can be subsumed by a right-hand side of a concept debnitih/MPortant to note that from a behavioral point of view,

would allow the reasonerQOs instance checking mechanisn? h an informative message only makgs sense if t_he robot
infer a fact. Of course, the reasonemigriori indifferent to will then also execute the respective action. In architectural

whether a piece of information is asserted or inferred, as lo rms this means that the r_obotOs plannlng module must brst
as it can be assumed to be true. Such a case, on the ot (presented with a possible goal, then it needs to check

hand, provides an interesting opportunity for a robot to gath 'hCh agtlon steps COUIdf ha\{e the deS|Led o_utlgomﬁ. Onlyl
knowledge in a goal-directed way. The rationale behind thil ¢ erehls ? seéquence ho adctlo_r(; steps that y;? S the goal
is the assumption that there exist objective facts that (a) le&ifite: the planner can then decide to try to achieve the goal,

the human user to make such an assertive statement, and B cuting ong gct|on at a t'me' .AS a I?rst' step, the .planner
can be veribed by the robot, such as, e.g., the presences uld then initiate the verbalization action in order to inform

an object that is typical for kitchens. the user about its plans. We will illustrate how suclya

Such a knowledge gap can be determined through intr§//ing behavior cfan behinitizted in (tjhe nfexlt sefction (_Sectiog
spection. The reasoning behind this is a sort of abductioll1\./'D' Diverging from the above order of plan formation an

given that the robot knowg (1), it can assume that it must be instead following the chronology of the observable behavior,
possible to satisfy a set of fadts, — F4 F, thatcanbe & will Prst have a look at how to generate and verbalize

subsumed by the right-hand si@@ of the concept debnition such an informative message. . o 0
C ! C’ such that these facts give rise to the infere@¢d ). E\_/ery non-empty  set of_lac_klng prope?rtlﬁ (I.) s %
I qualibes for such a verbalization ta$i(P;’(l )). First the

@ A" ({4 Fi)kErc(). robot should make clear which entity in the world it will talk
To get back to our earlier descriptions, for every individuafPout. ThIS.IS QOn'e'by using a feferrmg expresdrin, to
| and for all conceptsCy,...,Cn that | instantiates B the respective individual as subject of the generated sen-

Ci(1) # A D one needs to determine the properfles  tence. The rest of the informative utterance can then take one
that correspond t&/. The next step is then to check the®f two forms, depending on wheth&E, already contains
known propertiesP,” of | parallel to the verbalization the lexicalizationL (C;) of the concepC; in question. The
task (cf. Section IV-A). For eack;(l) the list of lacking MOostimportant part is the verbalizatidh(P;’) of the lacking

propertiesP?(1 ) can then be calculated as follows. properti~esPi?. This is achieved using a modibed version qf
R N ScluitteOs algorithm, which gets only a subset of properties
(9) P& (1) =Pc\P, for verbalizationP & Pc, .
C. Verbalizing Knowledge Gaps (11) ifL(C)# RE,:
i :
Once lacking properties have been identiped through in- V(P?(1)) = RE, ' Ois supposed tdOV (P;?)

trospection, it is possible to verbalize this missing informa- -

tion. The method is similar to the verbalization approaches(lz) othe£W|se. v A A . A _
N V(P?(1)) = RE; ' Ois a0 L(Cj) "' O, which is

presented above. Verbalization of knowledge gaps can be ! , ”

useful for eliciting new verbal information from the user supposed 100V (Py")

in tutoring settings. However, it would require a concise In our example above, this individual is AREA5. A

interaction model in which to embed such verbalizationgeferring expressiorRE, Othe kitchenO is then generated

The exact choice of words must of course also be carefullysing our existing GRE algorithms [3], [13]. SindRE,

matched to the intended scenario. In this report we fOCL@ready contains the concefd in question, we can avoid

on informative verbalizations, which are not supposed tqyenerating the tautological Othe kitchen is a kitchen, which

elicit human feedback. We rather propose a way of verbais supposed to have typical objects like (...)O and instead

izing knowledge gaps that can accompany an autonomopgoduce a short informative sentence (cf. Example (10)).

knowledge gathering behavior of an autonomous robot. For

example consider a robot OgopherO that has just been tdkednitiating Gap Filling Behavior

on a guided tour through a userOs apartment. At the end ofWe start from the assumption that only those Oblank

the tour, the robot is left with a knowledge base |iKeyr spotsO in an agentOs knowledge should be considered as

in example Example (7). The robot then decides to acquaiptoper knowledge gaps for which there exist knowledge

itself with the environment Oon his own hook.O The brst plgathering actions that can potentially Pl those gaps. Usually,

it comes up with is to navigate to the kitchen and look outhese actions are provided by different modules of a robotic

for important objects, such as the oven, the microwave, themgnitive architecture. An introspective mechanism that is to

coffee machine etc. In order to not intimidate its user witlpresent opportunities for knowledge gathering actions needs

unpredictable behavior, the robot is programmed to inforrhence to be informed from the outside about such possible

her about its plans in order to establighnsparency. actions. This can be done by enforcing that each module



registers the kinds of actions and reasoning facilities it cattie conditions under which could be an inferred instance
provide with a central planning and motivation module [14]of C, and determined gaf’ from the extent to which did
We can thus postulate that the module containing the onot yet fulbll these conditions. Verbalization then combined
tology reasoner and the introspection procedures be informedncept description with the known propertiesl o * and
about the kinds of facts that can be established throughe gapsP?, extending the approach proposed by &t
knowledge gathering actions. One such acticacisve visual [1].
search (AVS), in which the robot efbciently locates one There are several directions for future research we intend
or more distinct objects in its environment. AVS benebtto follow. These concern the introspection mechanisms them-
from a restricted search space, both in terms of spatiaklves, and the subsequent use of introspection in carrying
extent and number of object classes. An abductive reasoniogt a situated dialogue for learning more about the environ-
over ontological knowledge can provide hypotheses for AVSnent.
such as searching a given spatial area (e.g., Othe kitchenO) a) Uncertainty over categories and propertiegfe are
for a limited set of objects (e.g., coffee machines, ovensot considering an individudl, nor the ontologies against
microwaves, etc.). Just as ontology verbalization requires avhich we want to interprek, in logical isolation. Concepts
additional layer of annotation, the ontology must contairtheir instances are anchored in the perceptual and propri-
information about which objects an AVS behavior can detectceptive experience of a robot, over time and space. As
In our case, those concepts that represent objects which aamcertainty is inherent to a robotOs experience, we need a
be detected visually are subsumed by the conbégually-  way to deal with Othat® B uncertainty in the actual concepts an
Detectable. individual can instantiate, uncertainty about what properties
. can be recognized for the individual, and uncertainty about
(13) Et\c/ilS::&ézﬁgigtia?/liﬁ;H;/DetectabIe what values_ any of th_e recognized properties may take. As
Ov.enIZ VisuaII;DetectabIe We_already indicated in Section I, there are natl_JraI ways in
Microwaver VisuallyDetectablp ¢ T which we can ext_end our method to dgal with various sources
= r of uncertainty. Given a set of alternative concepts..., Cy
The semantics of the conceytsuallyDetectable is that for I, ranked by (un)certainty, the method can retrieve a
AVS can populate the ontology with individuals that instanmultiset of unknown properties, orle” for each concept
tiate this concept. The task of presenting knowledge gagg (1 <i < n). We assume that ead?’ is Pnite, and each
that can be blled by AVS now consists of identifying theproperty pi € P has a Pnite, discrete (or discretizable)
set of factsFc/ (as debned above) that are part of théange. Then, giveru the number of unique properties in
post-condition of an AVS action. AVS can be debned as any, ... P we haveO(u*n «(n — 1)) comparisons between
action that takes as parameters a spatial locadtigr(e.g., an concepts to establish which properties are shared between
instance oRoom) and a set of objects (object concepts, tha€1, ..., Cn. For Shared = {pi,...,pm} the set of shared
is) Copj = C1,...,Cn C VisuallyDetectableto search for properties we can subsequently determine, how each property
in that location (e.g.{ Oven, Coffeemachine}). The post- (by presence) would help split the set of concepts into evenly
conditions of AVS can then be represented as a set of fadiglanced subsets. We can directly determine this by a linear
Fp. computation over the bPndings in the comparison matrix
, constructed in the previous step. Given a cost function over
(14) Fp(lioc, Covj) = {hasObjeck! ioc Iobj MC(lor;)|C € observing particular properties, and the uncertainty in having
Conj } (or not having) observed that property for we want to
As introduced aboveRZ (1) corresponds to all potential investigate how ranking gaps in order of cost/uncertainty can
lacking properties to establisg;(1). The intersection of help us establish what would be the most suitable sequence
all possible factsF, that can be produced by a knowledgefor querying the environment or a human about these gaps,
gathering action and¢ (1) then yields the set of relevant t0 establish the correct concept flor

factsF¢, that could give rise to an inferen&(1). It is this b) Weighted abduction for lowest-cost proofs of cate-

Fc/, which is then presented to the planner as a potentiflPrical identity: A cost-based ranking over gaps provides

go'al state B thus denotingPélable knowledge gap a direct connection with cost-based planning or inferencing
for dealing with gaps. Kruijff & Jarjiek [16] present a form

V. CONCLUSIONS ANDFUTURE WORK of weighted abduction based on [17], [18], [19], among

The paper discussed ongoing research on developing metithers extending it with a notion of assertion alike [20].
ods for (a) introspecting a robotOs ontological knowledge, (Bhis kind of abduction helps us to establish the lowest-
determining gaps in knowledge about a specibc individu@ost proof for making an update to the robotOs belief model.
| relative to one or more concepBy,...,C,, and (c) Weights in this form of abduction represent uncertainty in
verbalizing what the robot does and does not know abouhowledge [21]. We can use this to re3ect uncertainty in an
| relative to these concepts. The paper operated with abservation (the cost of making the right assumption) or the
limited notion of Ogap,0 debned as a property of a knownotual cost of making an observation (as per above). Kruijff
conceptC but unknown forl if instantiated asC. The & Jan#iek introduce assertions to identify propositions that
proposed method used queries on an ontology to establiake included in an abductive proof, but which are in need



of future validation. We intend to investigate how we cani[8] G. Kruiiff, P. Lison, T. Benjamin, H. Jacobsson, H. Zender, and

see establlshlng Concept membershlp of an IndIVI(uLm a . Kruijﬁ'KorbayOVa, OSituated d|alogue processing for human-

. . . . LA robot interaction,O irCognitive SystemsH. Christensen, G. Krui-
weighted abductive proof. Given the costs of OdecidingO be- i " anq 3. wyatt, Eds.  Springer Verlag, 2009, available at

tween alternative concepts, and given the (un)certainties for http://www.cognitivesystems.org/cosybook. _
the observations abolit which concepiC would establish [9] F. Baader, ODescription logic terminology,0'fre Description Logic

. .. . Handbook: Theory, Implementation, and ApplicatiorsBaader, D. L.
the lowest-cost proof for instantiatingC? Using a form of

; ) ) ) McGuinness, D. Nardi, and P. F. Patel-Schneider, Eds. Cambridge,
inference like abduction would also enable us to take into  UK; New York, NY, USA: Cambridge University Press, 2003, ch.

account any logical structure over the interrelations betwegi{b] Appendix 1.

" i t ft. | d in inf i D. Nardi and R. J. Brachman, OAn introduction to description logics,0
properues tor a conqep (as often explored in interent in The Description Logic Handbook: Theory, Implementation, and
forms of knowledge discovery).

Applications F. Baader, D. L. McGuinness, D. Nardi, and P. F. Patel-
c) From verbalization to information requesténother Sﬁ?vr‘;ggvp'fg:-s ambridge, UK;: New York, NY, USA: Cambridge
interesting use of a ranking over gaps that are discriminatiV@i] r. paader and W. Nutt, OBasic description logics Ghia Descrip-
between potentially applicable concepts, is to drive verbaliza- tion Logic Handbook: Theory, Implementation, and Applications
tion and dialogue planning for information requests. Realized F- Baader, D. L. McGuinness, D. Nardi, and P. F. Patel-Schneider,

. . Eds. Cambridge, UK; New York, NY, USA: Cambridge Universi
gaps provide a focus D they are the properties we are after press 2003, Ch? 2. 9 b

when asking for more information. This helps us to structurgt2] H. Zender and G. Kruijff, OMulti-layered conceptual spatial mapping
a dialogue for getting more information. We would like to for autonomous mobile robots,O @ontrol Mechanisms for Spatial

. . . . . . Knowledge Processing in Cognitive / Intelligent Systeses. AAAI
investigate how the abductive view on continual collaborative  gping ngposium 20907’ Ma?ch 2007. 9 Y

activity, explored by Kruijff & Janfek, can provide a basis [13] NN, OTowards generating referring expressions in a mobile robot
for morehendin liberatin n r in h _ scenario,O ihanguage and Robots: Proceedings of the Sympgsium
O. comprene .d 9, de. berating, and producing such (sub Aveiro, Portugal, December 2007, pp. 101D106.

)dialogues for information requests to help resolve gaps. [14] N. Hawes, H. Zender, K. 8¢, M. Brenner, G.-J. M. Kruiiff, and

Finally, we will need to generalize from the notion of gap  P. Jensfelt, OPlanning and acting with an integrated sense of space,O
used in this paper, to more general notions. In this paper we in Proceedings of the 1st International Workshop on Hybrid Control

. L of Autonomous Systems B Integrating Learning, Deliberation and
only focus on understanding an individual at the ABox level  Reactive Control (HYCASPasadena, CA, USA, July 2009, pp. 25932.

in an ontology. We are not dealing with extending existingl5] E. A. Topp, H. Htenrauch, H. Christensen, and K. Severinson Ek-
concepts in the TBox, or even establishing new concept lundh, OBringing together human and robotic environment representa-

. . o tions D a pilot study,0 Proc. oflROS-2006Beijing, China, October
classes. It currently remains an open question within CogX .

how to debne such more general gaps, how to ground them[i6] G. Kruijff and M. Jangek, OAbduction for claripcation in situated

perceptual and proprioceptive models (i.e. in OexperienceO), gg‘ggl“e'o EU FP7 CogX project, Tech. Rep., 2009, Deliverable

and how to use them in self-extension. [17] M. Stone and R. Thomason, OContext in abductive interpretation,O in

Proceedings of EDILOG 2002: 6th workshop on the semantics and

pragmatics of dialogue2002.

NN, OCoordinating understanding and generation in an abductive

approach to interpretation,O Rmoceedings of DIABRUCK 2003: 7th

workshop on the semantics and pragmatics of dialo@083.

[19] R. Thomason, M. Stone, and D. DeVault, OEnlightened update: A
computational architecture for presupposition and other pragmatic
phenomena,® Presupposition AccommodatioR. Byron, C. Roberts,
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Phrasing Questions
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Abstract

In a constructive learning setting, a robot builds up be-
liefs about the world by interacting B interacting with
the world, and with other agents. Asking questions is
key in such a setting. It provides a mechanism for in-
teractively exploring possibilities, to extend and explain
the robotOs beliefs. The paper focuses on how to linguis-
tically phrase questions in dialogue. How well the point
of a question gets across depends on how it is put. It
needs to be effective in making transparent the agentOs
intentions and beliefs behind raising the question, and
in helping to scaffold the dialogue such that the desired
answers can be obtained. The paper proposes an al-
gorithm for deciding what to include in formulating a
question. Its formulation is based on the idea of consid-
ering transparency and scaffolding as referential aspects
of a question.

Michael Brenner
Institute for Computer Science
Albert-Ludwigs-Universiat
Freiburg, Germany
brenner@informatik.uni-freiburg.de

?x.P(z) to indicate that a question regards a parameter
of some predicaté’(z), a question about the color of a ball
could be phrased &:.(ball(y) ! has" color(y, x)). How-
ever, more aspects need to be taken into account, for a ques-
tion to be posed in such a way that the addressee is likely
to understand the question and provide a suitable answer
(Ginzburg 1995b).

First of all, the phrasing needs to matkansparenthow
a question arises from an agentOs beliefs, what beliefs B and
what gaps in an agentOs beliefs it refers to. It should make
clearwhat a question is abouturthermore, there is a rea-
son behind raising the question. The agent has a specibc
goal, it intends to obtain a particular kind of answer. Not
just any answer will do. Raising a question also needs to set
up, scaffold the right context for answering it. This is the
why of a question, pointing to how the agent would like to

see the questioresolved

An example in (Kruijff et al. 2006b; 2007b) provides an
interesting illustratiort. The robot is capable of bguring out
when it might have mistakenly classibed a particular passage
in the environment as a door. At the point where it realizes
this, it asks, Ols there a door here?0 Unfortunately, the place
where it asks this is not related to the location OhereO refers
| ) Al S to. To anyone but a developer-acting-as-user it is not trans-
that learning can be done effectively through social interac- parent what the Ohere® means. This often leads to the user
tion with other agents in the environment. _ giving the wrong answer, namely Oyes this room has a doorO
_ This paper focuses on how a robot should phrase its ques- rather than, Ono, there is no door between the trash bin and
tions, considering a social learning setting in which situ-  ne taple. The way the question was phrased lacked both in
ated dialogue is the main interactive modality (Kruijff et transparency (location reference) and in scaffolding (specibc
al. 2006a; Jacobsson et al. 2007). The robot and a human|gcation, not the room as such).
use spoken dialogue to discuss different aspects of the envi- 11,4 paper presents an approach to generating a content

ronment. We consider learning to be driven by the robotOS o esentation for a question. These representations refect
own, perceived learning needs. This requires dialogue to be \ha; s pheing asked after, in reference to beliefs (about-
mixed-initiative. Both the human and the robot can take the ness, transparency) and intentions (resolvedness, scaffold-

initiative in driving this Oshow-and-tell-then-askO dialogue. ing). The approach explicitly regards transparency and scaf-
Questions play a fundamental role in such dialogues. AS- ¢ ding asreferential qualitiesof a question. This way their

suming a robot has the ability to raise issues in need of clari- eferential nature in the larger dialogue- and situated con-
Pcation or learning for any modality, (e.g. (Kruijff, Brenner, oyt can be considered. Following out that idea, the ap-
and Hawes 2008)), the problem thus becomes how t0 prop- 54ch hases its content determination algorithm on Dale &

erly phrasea question. ReiterOs incremental algorithm for generating referring ex-

Typically, a question is represented as an abstraction , oqqjons (Dale and Reiter 1995), in combination with algo-
over the argument of a predicate. For example, assuming

Introduction

Robots are slowly making their entry into Othe real world.O
And it is slowly becoming an accepted fact of life that we
cannot possibly provide such robots will all there is to know,
out-of-the-box. So they need to learn. The point of socially
guided (machine) learning (Thomaz 2006) is that some of

Copyright!c 2009, Association for the Advancement of Artibcial

1See also the video at the CoSy websiteOs Explorer page, at
Intelligence (www.aaai.org). All rights reserved. .

http://cosy.dfki.de/www/media/explorer.y2.html



rithms for referential context determination (Zender, Kruijff,
and Kruijff-Korbayova 2009; Paraboni, van Deemter, and
Masthoff 2007).

Central to the approach is establishing the information
pertaining to the question. A description logic-like formal-
ism is used to represent such information, as a conceptual
structure in which propositions have ontological sorts and
unique indices, and can be related through named relations.
A question can then be represented as a structure in which
we are querying one or more aspects of such a representa-
tion (Ginzburg 1995b; Kruijff, Brenner, and Hawes 2008).
The formalism allows everything to be queried: relations,
propositions, sorts. Around the formulation of a question
we construct a nucleus, comprising the situation (the facts™)
and the beliefs that have led up to the question, the question
itself, and the goal content which would resolve the ques-
tion. The question nucleus integrates Ginzburg’s notions of
aboutness, and (potential) resolvedness.

Based on the question nucleus, the algorithm starts by
determining to what extend the different aspects are cov-
ered by the (dialogue) common ground between the robot
and the human. For this, contextual references are resolved
in a dialogue context model (Kruijff et al. 2007a), and it
is established how these can be related to inferences over
domain knowledge and instances (Kruijff et al. 2007b).
The question nucleus is extended with these connections
— or rather, with indications of the information structure
or informativity of individual content — so that it includes
an explicit notion of what is shared, and what is privately
held information (cf. (Lochbaum, Grosz, and Sidner 1999;
Grosz and Kraus 1999)).

The algorithm next decides what aspects of a question
nucleus to include in the content for phrasing the ques-
tion. For each aspect of the nucleus (facts, beliefs, ques-
tion, goals) the algorithm uses the informativity of the as-
pect’s content, in conjunction with similarly related but con-
trasting content in the dialogue context model, to determine
whether to include it. Essentially, new or contrastive con-
tent will be considered, whereas salient ~old” information
will not. The form in which the content will be included
is determined by content-specific algorithms for generat-
ing referring expressions (e.g. (Kelleher and Kruijff 2006;
Zender, Kruijff, and Kruijff-Korbayova 2009)). The deci-
sions to include particular content can be weighted accord-
ing to a comprehensibility ranking as e.g. in (Krahmer, van
Erk, and Verleg 2003).

The contributions the approach aims for are, briefly, as
follows. Purver and Ginzburg develop an account for gen-
erating questions in a dialogue context (Purver, Ginzburg,
and Healey 2003; Purver 2004). Their focus was, however,
on clarification for the purpose of dialogue grounding. A
similar observation can be made for recent work in HRI
(Li, Wrede, and Sagerer 2006), We are more interested in
formulating questions regarding issues in building up situ-
ation awareness, including the acquisition of new ways of
understanding situations (cf. also (Kruijff, Brenner, and
Hawes 2008)). In issue-based (or information state-based)
dialogue systems (Larsson 2002), the problem of how to
phrase a question is greatly simplified because the task do-

main is fixed. There is little need for paying attention to
transparency or scaffolding, as it can be assumed the user
understands the task domain.

An overview of the paper is as follows.The paper starts
with a discussion of basic issues in modeling questions and
their semantics, based on (Ginzburg 1995b). Then the ap-
proach is presented. The approach starts from the assump-
tion that a question is a dialogue, not just a single utterance.
Discussed is how the content plan for such a question dia-
logue can be determined, providing definitions, representa-
tion, and algorithms. The paper ends with a discussion of
how the approach could be integrated, evaluated, and points
for further research.

Background

What is a question? Ginzburg (1995b) discusses a variety of
linguistic approaches. All of them aim to provide an invari-
ant characterization of the semantics of a question. Broadly,
they have proposed the following aspects as crucial to that
definition.

First, several approaches propose to see a question as an
n-ary relation. The relation puts together the question with
one or more contributions pertaining to answering it. The
point here is to take into account the fact that a question
can be discussed over several turns in a dialogue. Second,
there is a sense of aboutnesso a question. Each question
can be associated with a collection of propositions, which
are —intuitively— related to the question. And, finally, each
question can be considered to be associated with a (possibly
complex) proposition which provides an exhaustive answer
In other words, an exhaustive answer resolves the question.

Ginzburg suggests that all these aspects together make
up a characterization of a question — not just one of them,
as most approaches suggest. Furthermore, these aspects
are to be understood as being relative What a question is
about, and how it can be resolved, should be understood rel-
ative to an agent’s goal and belief/knowledge statef. also
(Ginzburg 1995a)). The following example illustrates this.

(1) Context: arobot drives around campus, and is about
to enter the DFKI building.

a. Janitor: Do you know where you are?
Robot: DFKI.

b. Janitor believes the robot knows where it is.

(2) Context: a robot drives around the DFKI building,
to get a cup of coffee.

a. Janitor: Do you know where you are?
Robot: DFKI.

b. The janitor is not convinced the robot really
knows where it is.

What counts as an answer to a question may thus vary
across contexts. What a question is thus cannot be reduced
to an analysis of just what counts as its answers. Instead,
Ginzburg starts with setting up an ontology in which ques-
tions, propositions and facts are considered as equal citizens.
This makes it possible to consider a question in relation to



possible answers for it. The ontology is debPned using sit-
uation theoretic constructs, which we will adopt through-
out this paper. (All debnitions as per (Ginzburg 1995a;
1995b).)

Debnition 1 (SOA, Situation, Fact) A SOA (State Of Af-
fairs) describes possible ways an actual situation might be.
SOAs are eithebasig or built up from basic ones using al-
gebraic operations. Aasic SOAs an atomic possibility,
written as!R,f :i" with R a relation,f a mapping assign-
ing entities to the argument rolesi®f andi is a polarity i.e.

i # {+,%}. Asituations supports the factuality of a SOA
I'iff s !'. The SOA! is then considered factin s. To
enable complex SOAs, SOAs can be structured as a Heyt-
ing algebra under a partial ord&O, which is closed under
arbitrary meets () and joins ( ). Situations and SOAs to-
gether form a SOA-algebra:

1. IfsE ! and! % " then! "

2. s&0,sF 1 (FALSE,TRUE)

3. If ¥ is any pnite set of SOAs, thenf ! Yiff s !
foreachl # X §

4. If ¥ is any bnite set of SOAs, thenF X iff s | !

for at least oné # X

Finally, an application operator is dePned, to allow for vari-
able assignment (and reduction):
#x.!R,a:b,c:x:+"x'%d ='R,a:b,c:d:+" !

Using Debnition 1, we can now consider a proposition to
be an assertion about the truth of a possibility relative to a
situation.

DebPnition 2 (Proposition) A propositionp is a relational
entity, asserting a truth regarding a SOAN a particular
situations: p=(s:"). A propositionp=(s: ") is TRUE
iff " is afactofs, denoted as | ". !

Before debning what a question is, the notionsref
solvednessand aboutnesseed to be debned. Resolved-
ness, or rather the broader conceppofentially resolving
guestion, is debned as follows. The debPnition distinguishes
whether a (possibly complex) fact resolves a question de-
pending on whether the questiorpislar, asking for the truth
of an assertion (e.g. Ols the ball red?Cfaative asking af-
ter a value (e.g. OWhat color is the ball?0).

Debnition 3 (Resolvedness conditionsp SOA " poten-
tially resolvesa questiorq if either

1. " positively-resolves q (for Opolarity pO: any informa-
tion thatentailsp; for a factive question: any informa-
tion that entails that the extension of the queried predi-
cate is non-empty)

2. " negatively-resolves q (for Opolarity pO: any informa-
tion thatentailsAp; for a factive question: any informa-
tion that entails that the extension of the queried predi-
cate is empty)

We will leave the notion ofiboutnesdor the moment.
Essentially, Ginzburg (1995a; 1995b) debnes this as a col-
lection of SOAs which can be associated with the content of
a questiorng, with a SOA being abouq if it subsumes the
fact thatq is either positively or negatively resolved. (For
subsumption, recall DePnition 1.)

GinzburgQOs dePnition of what a question is then works out
as follows.

Debnition 4(Question) A question is an entitys?u) con-
structed from a situatios and ann-ary abstract SOAL =
#X1, e Xn !t (X1, ooy Xn) (N ( 0):

1. p constitutes an underspecibed SOA from which the
class of SOAs that ar@boutq can be characterized.

2. Those SOAs which are facts sfand informationally
subsume a level determined pyconstitute a class of
SOAs thatpotentiallyresolveq.

The dePnition includes references to the relational charac-
ter of a question (the abstract), and the notions of aboutness
(intuitively, the space within which we are looking for an
answer) and of resolvedness (the space of possible answers
we are looking for, one of which will -hopefully- establish
itself as fact). Finally, we already indicated above that re-
solvedness is an agent-relative notion. Ginzburg suggests to
do so using Debnition 3 as follows.

Debnition 5 (Agent-relative resolvednessA fact " re-
solvesa questior(s?u) relative to a mental situatioms iff

1. Semantic condition? is a fact ofs that potentially re-
solvesu

2. Agentrelativisation!' =) sGoal$ content(ms),
i.e." entails the goal represented in the mental situation
ms relative to the inferential capabilities encodedanis.

Approach

The previous section presented a formal (but relatively ab-
stract) notion of what a question is. It made clear that a
question is more than a predicate with an open variable, or
(alternatively) just another way of characterizing a set of
propositions that would serve as exhaustive answer. Instead,
a question is a relational structure, tying into a larger con-
text. For one, this OcontextO provides a set of beliefs (SOAs,
in GinzburgOs terms), a background within which potential
answers are sought. An agentOs goals help motivate to fo-
cus which beliefs are associated with the question. Another
point about this OcontextO is that a question isnOt just a sin-
gle utterance, or just forming a unit with an utterance that
answers it. There is a dialogue context in which this ques-
tion is phrased. The question itself, and whatever utterances
contribute to help clarify, rePne and answer that question,
may (though need not) refer to content already established
in that context.

Phrasing a question, in other words, means we need to
provide the possibility for such contextual factors to inf3u-
ence how the content of a question is determined. Once the



agent has determined that it needs to raise a question, and
about what (e.g. cf. (Kruijff, Brenner, and Hawes 2008) for
questions in situated forms of learning), it needs to estab-
lish how best to communicate the question. In this paper,
we suggest to do this as follows. We will begin by further
explication of the notion of question, using a structure we
term the question nucleus. The question nucleus captures
more explicitly the relation between beliefs and intentions
that are active in a current context, and how they determine
the space of possible answers (or complexes of those). Then,
we sketch several algorithms. The first group of algorithms
concern context determination. Intuitively, these algorithms
determine what beliefs and potential answers form the rele-
vant background for the question. The background specifies
what can be assumed to be known, (and can thus be referred
to or even silently assumed), both in terms of content and
intentions in the the dialogue- and situated context. How a
question is to be phrased relies on what it needs to expli-
cate relative to that background, to effectively communicate
it. This is then finally done by the content determination
algorithm. The result of this algorithm is a logical form, ex-
pressed in a (decidable) description logic. The logical form
specifies the core content for the question, which a content
planner subsequently can turn into one or more fully-fledged
utterances.

The following definition defines more precisely what
we mean by a logical form, based on (Blackburn 2000;
Baldridge and Kruijff 2002). We will use the same formal-
ism to describe SOAs (cf. Definition 1).

Debnition 6 (Logical forms). A logical form is a formula
I' built up using a sorted description logic. For a set of
propositions PROP = {p,...}, an inventory of ontolog-
ical sorts SORT = {s,...}, and a set of modal relations
MOD = {R,..},! = pli:s|"!'"'|"R# | @:s" . The
construction 7 : s identifies a nominal (or index) with onto-
logical sort s. The at-operator construction @:s" specifies
that a formula " holds at a possible world uniquely referred
to by ¢, and which has ontological sort s. !

A standard Kripke-style model-based semantics can
be defined for this language (Blackburn 2000). Intu-
itively, this language makes it possible to build up rela-
tional structures, in which propositions can be assigned
ontological sorts, and referred to by using ¢ as in-
dices. For example, @1 enity (ball ! " Property#cl :
color ! red) means we have a “ball” entity, which we
can uniquely refer to as bl, and which has a (refer-
able) color property. (An alternative, equal way of view-
ing this formula is as a conjunction of elementary pred-
ications: @h1:entity Dall ! @b1.enity "Propertyficl
color ' @k1:color red.)

Question nucleus

We start by defining the notion of question nucleus. The
function of a question nucleus is twofold. First, it should
capture the question’s background in terms of associated be-
liefs and intentions, and what space of expected answers
these give rise to. An expected answer is naturally only as
specific (or unspecific) as is inferable on the basis of what

the agent knows.

DePnition 7 (Expected answer). An expected answer a for
a question ¢ is a proposition a = ( s : #), with # potentially
resolving ¢ as per Definition 3. # is a logical formula (Def-
inition 6) which can be underspecified, both regarding the
employed ontological sorts, and arguments. !

Effectively, assuming that the agent has a collection of
ontologies which provide a subsumption structure (a " b
meaning a subsumes b, i.e. b is more specific), an expected
answer can be said to define a “level” of specifity (Defini-
tion 4) according to subsumption. Following up on the ball
example, assume the agent has an ontology which defines
material $ property " {color, shape}. An expected an-
swer to a question, what particular shape the ball has, would
take the form @h1:entity (ball !'" Property#(sl : shape)).
All the proposition specifies is that there is an identifiable
shape. If the question would be about any, or some un-
known, property of the ball, an expected answer could be
phrased as @1 enity (ball!" Property#ml : material $
property)). Using the available ontological structure, and
relational structure between formulas, we can formulate ex-
pected answers at any level of specifity without requiring the
agent to already know the answer (cf. also (Kruijff, Brenner,
and Hawes 2008)).

Debnition 8 (Question nucleus). A question nucleus is a
structure gNucleus = {r, BL, X P, AS} with:

1. A referent r relative to which the question g (part of XP)
is phrased.

2. BL (Beliefs) is a set of private and shared beliefs, about
agent intentions and facts in the current context (cf.
(Lochbaum, Grosz, and Sidner 1999; Grosz and Kraus
1999)).

3. X P (Execution Plan) is a continual plan with an exe-
cution record (Brenner and Nebel 2008) for resolving a
question g = ( s?p).

4. AS (Answer Structure) is a finite " -structure over
propositions p1,... which potentially resolve ¢, and
which are implied by B L.

The beliefs B L specify what the agent knows about r, what
the agent presumes to be shared knowledge about r, and
what the agent presumes other agents could know about 7.
BL is based on the dialogue leading up to the question, any
previous actions involving 7, and a domain model of agent
competences (Brenner and Kruijff-Korbayova 2008). X P
makes explicit that phrasing a question constitutes a dia-
logue, with an associated plan for communicating the ques-
tion and a record for how far the question has been fully
answered. This record maintains which aspects (elementary
predications) of the question are still open (“under discus-
sion,” similar to the Question-Under-Discussion construct of
(Ginzburg 1995b)). The AS is a set of propositions, relat-
ing those propositions to the aspect(s) of the question they
would potentially resolve (and thus to the execution record
in X P). AS is based on propositions implied by BL (rel-
ative to r,q) and is " -structured according to ontological
structure. !



Contextually determining aboutness

Asking a question starts with the agent having determine
what it is it needs to know about some referepe.g. an
area in the environment, an object B or, more specibcally,
relations or properties. (To allow for group referents, we
will considerr to be aset) Next the question nucleus is
built up, starting with the beliefs about the questiBi, .

We adopt the approach to belief modeling described in
(Brenner and Kruijff-Korbayoa& 2008). Beliefs are formu-
lated as relational structures withulti-valued state vari-
ables(MVSVs). These state variables are used for several
purposes. First, they can indicate domain values, as illus-
trated by the sorted indices in the examples above. The
color c1 would be a Property-type state variable of the en-
tity bl, and could take domain values in the range of that
ontological sort. Important is that the absence of a value
for an MVSV is interpreted aggnorance not as false-
hood: @b1:entity (ball ! " Property#sl : shape)) means
the agent does not know what shape the ball has, not that
it has no shape (as per a closed-world assumption). In a
similar way, state variables are used for expresgirgate
beliefs and mutual orshared belief§Lochbaum, Grosz,
and Sidner 1999; Grosz and Kraus 1999). A private be-
lief of agenta; about content is expressed ad {a;}!)
whereas a mutual belief, held by several agents, is expresse
as (K{ai,az,...}!). Secondly, MSVSs can be quanti-
bed over, for example using tleto express a question:
?51.@b1 eniity (ball! " Property#(sl : shape)) represents
a question regarding the shape of the refeb&nt

As an agent perceives the environment, we assume it
builds up beliefs about the instances it perceives, and what
relations can be observed or inferred to hold between them.
For example, see (Brenner et al. 2007) for a robot manipu-
lating objects in a local visual scene, or (Kruijff et al. 2007b)
for a robot exploring an indoor environment. Furthermore,
we assume that the agentOs planning domains include mod
els of agent capabilities B what another agent is capable of
doing, including talking (and answering questions!) about
particular aspects of the environment (Brenner and Kruijff-
Korbayow 2008). Finally, if the agent has been engaged in
a dialogue with another agent, and discussed the referent-in-
questiorr before, we assume that the (agreed-upon) content
discussed so far constitutes shared beliefs, held by all agents
involved.

d

Algorithm 1 : Determine(BL) éketch

Require: BELs is a set of private and mutual beliefs the
agent holds, (including beliefs about capabilitigsis the
referent (set) in question

BL=$%
for b %BELs do
if b includes a MVSVim %r then
BL=BL&b
end if
end for

return BL

Algorithm 1 sketches the basis of the algorithm for estab-
lishing BL . Those beliefs are gathered which refer explic-
itly to the referent the question is about. Note tBat may
end up being empty. This means thatas not been talked
about, nor does the agent know whether another agent could
actually offer it an answer to what it would like to know
more about.

Contextually determining resolvedness

The beliefsBL about the referent in questiagnstate what
the agent already believes aboyprivately, or shared), and
what it believes about another agentOs capabilities. Next,
these beliefs need to be structured such that potentially re-
solving answers can be derived. We assume that we can
make use of the ontological sorts, and the structuring over
these sorts provided by domain ontologies, to organize be-
liefs. The organization we are after brst of all relates a belief
to a potentially resolving answer, by combining it (inferen-
tially) with the ?-quantibed, ontologically sorted MVSVs in
the question to yields a partially or completely reduced log-
ical form (Debnition 1). Secondly, the organization relates
beliefs by (sortal) subsumption over the potentially resolv-
ing answers they generate.

For example, consider a question about the color of a ball:

d?cl.@l;entity (ball ! " Property#cl : color)). Let us as-

sume the robot holds several beliefs with regartftoand

the variablecl. A robot learning more about visual prop-
erties of objects through interaction with a human tutor (Ja-
cobsson et al. 2007) typically holds at least beliefs about
what the tutor is capable of telling it. Thus, assume the
robot believes the tutor can tell it about material properties,
colors, and shapes. Usirgll-val (tell value action)

we can model these beliefs @s {a;} tell * val(az, m :
material ' property), (K {a;} tell ' val(az, c: color).
The variablean, b are existentially bound in these beliefs.
Using the inference thahaterial ' property ! color

and introducing bound variables', ¢' for m andc respec-
tively, the beliefs can be combined with the question to
yield the potentially resolving propositiors : color,m' :
material ' property. Furthermore, subsumption yields
m' : material ' property ! ¢ : color. Thus, by com-
bining the beliefs with what the agent already knows, it can
expect to know something it doesnOt yet know by asking a
guestion. And by making use of the way its knowledge is
ontologically structured, it can determine how precise that
answer is likely to be.

Algorithm 2 provides a brst sketch of the algorithm for
establishingAS. (In the current version, propositional con-
tent and additional relational structure pertainingian the
context ofbis not yet included into AS.)

Content determination

Finally, once the beliefs abogtand the potentially resolving
answers forg have been established, we can turn to deter-
mining the exact content for communicatiggThe purpose

of content determination is to establish what, how much,
should be communicated for the agent to get an appropri-
ate answer B how much content it needs to communicate to
ensure proper scaffolding and transparency. For example,



Algorithm 2 : Determine(AS) {ketch)

Require: BL is a set of beliefs relative to, g is a question
aboutr, and ONT is a collection of ontologies supporting
subsumption inferences on sorts usedih andq.

AS=! (empty subsumption)
forb" BLs do
| =#
for MVSV m " r existentially bound irb do
introduce a bound variable'
=1 $ m':sort(MVSV)
end for
AS = AS%! , under!
end for

return AS

consider again the question about the color of the ball. How

the question should be phrased, depends on whether e.g. the

ball has already been talked about, what goals are involved
(are we learning how this ball looks like, or how objects
roll?), etc. Example 3 provides some illustrations.

(3) Asking about the color of a single ball on a table ...

a. If the robot is not sure whether the other agent
knows about colors: )
OCould you tell me about the color of this ball?O

If the robot believes the other agent knows about
colors: ]
O Could you tell me what color this ball is?0

If the robot is not sure whether asking about
color is relevant to the current goal:

Ol would like to know more about the color of
this ball. Could you tell me what it is?0

If the ball is under discussion, and asking for
color is relevant: )
OWhatOs the color?0

Example 3 particularly illustrates how scaffolding and

transparency come into play. We connect these terms ex-

plicitly to the question nucleus. We see scaffolding primar-

ify what ontological sorts the agent is trying to learn.) Infor-
mation status regards whether content, pertaining tan

be assumed to be mutually known B most notably, whether
r is mutually known (i.e. mutually identibable in context).

Algorithm 3 : Content determinatiorskezch)

Require: BL is a set of beliefs relative to, g is a question
aboutr, ONT is a collection of ontologies supporting sub-
sumption inferences on sorts usedBi. andg, AS' is a
structure over potentially resolving answers

RelBL =!
fora" ASdo ~
if a is maximally specibc, i.e. there is m® s.t. a !
aOthen
RelBL =RelBL &{ b}, forb yieldinga
end if
end for
MutualRelBL
ScaffoldingBL
TransparencyBL
for MVSV m in ¢ do
if thereis & " MutualRelBL associated ta: then
TransparencyBL =TransparencyBL & { b}
else
ScaffoldingBL = ScaffoldingBL & { be-
liefs associated to most specibc answersigr
end if
end for
return ScaffoldingBL, TransparencyBL

= mutual beliefs irRelBL
=1

Algorithm 3 prst determines what beliefs are relevant to
achieve a maximally specibc answer, and which of these be-
liefs are mutual. How much scaffolding needs to be done de-
pends on whether these mutual beliefs imply all potentially
resolving answers to the questioned MVSVs itf not, the
algorithm backs off by constructing a belief set which needs
to be communicated for appropriate scaffolding. The basis
for transparency is formed by the mutual beliefs about

On the basis of these sets of beliefs, gntdelf, the com-
munication ofg can be planned. We do not provide an in-

ily as appropriately embedding a question into an intentional depth discussion of dialogue- and content-planning here, for
setting, relating tad.S and the extent to which available be- space (and time) reasons. We refer the interested reader to
liefs lead to specibc (potentially resolving) answers. Trans- (Brenner and Kruijff-Korbayoa 2008; Kruijff et al. 2009).
parency relates to the referential setting of the question nu- In brief, beliefs in the scaffolding set are specibed as as-
cleus, relating- to BL in the sense of what the agent can sertions (Brenner and Nebel 2008). The plan for communi-
already assume to be mutually known about the referent un- cating the question starts by verifying these assertions, and
der discussion. Planning the question as a dialogue, then, then raises the question itself. It is a matter for content fu-
means determining relevant beliefs, and the information sta- sion whether such veribcation can be done in conjunction
tus of relevant content. Relevant beliefs are those which are with the question itself (Example 3, abb) or as preceding ut-
associated with maximally specibc, potentially resolving an- terances (Example 3, c). For the realization of the question,
swer(s). A distinction needs to be made between private and the transparency beliefs are used to determine information
mutual believes, particularly as beliefs about competences status. Content planning then turns information status into
are brst and foremost private beliefs. Furthermore, it should decisions about how to refer toand the asked-after prop-
be determined whether these beliefs bt into the current in- erties B e.g. using pronominal reference (Example 3, c) or
tentional context. (For the purposes of the current paper, we even omitting explicit reference, by eliding any mention of
will consider learning goals only, and consider them to spec- r (Example 3, d).



Conclusions

The approach presented in this paper is still under develop-
ment. The key technologies it is based on (planning, mo-
tivation, dialogue processing, and ontological inferencing)
are already available in the system architecture the approach
will be integrated into. We will describe the full integration,
with working examples, in a full version of this paper. We
will then also consider how this approach can be applied in
related settings, such as performance requests.

We are currently considering various alternative ways to
evaluate the approach. User experiments are just one option
here. The problem is that an approach as presented here,
and the overall architecture it will be integrated into, present
a large parameter space. Consequently, it is difficult to en-
sure a controlled setting for a user experiment — and, only
a very limited part of the parameter space can be effectively
explored. An alternative way we are therefore currently con-
sidering is to use techniques from language evolution. In
simulations we would like to explore what the effects of dif-
ferent parameter settings would be on how agents are able to
communicate, and what this consequently means for mea-
surable parameters such as learning performance. Examples
of such experiments can be found in (Ginzburg and Macura
20006).

There remain for the moment plenty of open issues to be
investigated further — this paper really only provides a first
description of the approach we are developing. It does aim to
make clear how notions such as scaffolding and transparency
can be folded into a characterization of how a system can
phrase a question — seeing a question, in fact, as a subdia-
logue to be planned, not just a single utterance paired with
a possible answer. Basic issues remain in the construction
of the various belief sets, and the associated structures over
potentially resolving answers. Although an “unweighted”
approach as followed here will work for most simple sce-
narios, it remains to be seen whether associating costswith
beliefs (and assuming them, in a plan for communicating a
dialogue) could provide a more adaptive, scalable approach
in the long run. Furthermore, the current formulation of the
construction of the answer structure AS (Algorithm 2) does
not cover polar questions (though this is an easy extension).
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Abstract

When several agents are situated in a common envi-
ronment they usually interact both verbally and phys-
ically. Human-Robot Interaction (HRI) is a prototypi-
cal case of such situated interaction. It requires agents
to closely integrate dialogue with behavior planning,
physical action execution, and perception. The paper
describes a framework called Continual Collaborative
Planning (CCP) and its application to HRI. CCP en-
ables agents to autonomously plan and realise situated
interaction that intelligently interleaves planning, act-
ing, and communicating. The paper analyses the be-
havior and efficiency of CCP agents in simulation, and
on two robot implementations.

1 Introduction

When agents try to jointly solve a task in a shared
environment, they typically interact with each other
and the environment in a variety of ways. They
see, they say, they act. These modes of interac-
tions are closely tied. Dialogue is typically about
the situation, about plans to be executed, things that
happened before. That makes it possible for these
modes to complement each other, and, where possi-
ble, to substitute each other. For example, a physical
action can serve as communicative feedback, to ac-
knowledge that an instruction was understood. The
problem is how to bring such a close coupling about.
The paper investigates this problem in the con-
text of cognitive architectures for robot assistants.
These robots can sense their environment, they
build up models of where things are and what you
can do there, and then use these models to talk
to humans about things they (the robots) should
do. To address the problem we propose to use a
framework called Continual Collaborative Planning
(CCP). CCP makes it possible to interleave plan-
ning, sensing, acting, and interacting (DesJardins
et al., 1999) — and to make explicit to what extent

Geert-Jan Kruijff
DFKI GmbH
Saarbriicken, Germany

Nick Hawes
School of Computer Science
University of Birmingham, UK

planned actions and interactions are contingent on
what the robot knows right now. As the execution of
a plan unfolds, these contingencies (modeled as “as-
sertions”) can trigger revision of the plan (i.e. the
robot’s goals), or a further detailed of the plan (mak-
ing use of knowledge the robot has acquired more
recently). This dynamics yields a pro-active behav-
ior in the robot: It actively tries to gather information
to establish how to balance its goals and their execu-
tion against the dynamics of a collaborative setting.

The paper describes the framework, and shows
experiments with an actual implementation on two
robot platforms (one for object manipulation, one
for an office assistant), and in a simulated environ-
ment (MAPSIM). The experiments focus on the ef-
fects of dynamic sensing and acting on the nature of
interaction between a robot and a human. Figure 1
shows a typical example (MAPSIM). The experi-
ments quantify how, in domains of different com-
plexity, the dynamics arising from the continual na-
ture of interleaving sensing, acting and interacting
provide for more task-efficient behavior than if no

such dynamic interleaving were possible.
Overview. =2 introduces the multiagent plan-

ning formalism, and discusses its suitability for dia-
logue planning. ©3 presents the CCP algorithm. &4
presents the simulation environment MAPSIM and
quantitative experiments we have run in it to evalu-
ate our approach. ©5 discusses the implementation
of CCP in the robot systems. We discuss related
work in 86 and conclude.

Representation

When planning for situated interaction an agent
needs to represent its physical environment as well
as other agents, it must reason about about their (mu-



(1) Anne: OPlease bring me the beer, R2D2.0 (1) Bill goes home.

(2) R2D2: OOkay, 101 try, Anne.O (2) Bill: OPlease bake the pizza, Oven.O

(3) R2D2 moves to the hall. (3) Oven: OOkay.O

(4) R2D2: OWhere is the beer, Bill?0 (4) Oven bakes the pizza.

(5) Bill: OThe beer is in the kitchen, R2D2.0 (5) Oven: Ol have bnished baking the pizza, Bill.O

(6) R2D2: OThanks.O (6) Bill: OThanks for baking the pizza, Oven.O

(7) R2D2 moves to the living room. . (7) Bill: OPlease bring me the pizza, R2D2.0

(8) R2D2: OPlease open the kitchen door, Anne.O (8) R2D2: OOkay.O

(9) Anne opens the kitchen door. (9) R2D2 brings Bill the pizza.
(10) R2D2: OThanks.O (10) Bill: GThanks for bringing me the pizza, R2D2.0
(11) R2D2 moves to the kitchen. (11) Bill eats the pizza.
(12) R2D2 grasps the beer.
(13) R2D2 moves to the living room.

14) R2D2 gives Anne the beer. . . S .
§15g Anne- %Thanks for bringing me the beer, R2D2.0 Figure 2: Dialogue between three artibcial agents in
MAPSIM (Pizzadomain).

Figure 1: Mixed-initiative interaction involving act-
ing, communication and sensing between three ar@ueries about MVSVs in our model (see below).
pcial CCP agents in MAPSIMExplorer domain). Thirdly, algorithms for generating and interpreting
Sensing actions have been omitted for reasons tsfferring expressiongely on the mutual exclusivity
space. between feature values, as expressed in the MVSV
representation.

MAPL actions are similar to those of PDDL. In
tual) beliefs as well as their physical, communicativdMAPL, every action has aontrolling agent who
and perceptual capabilities. One language for mo@xecutes the action and controls when it is done.
elling these elements is the multiagent planning lamAgents are assumed to be autonomous when execut-
guage MAPL (Brenner and Nebel, 2009). Here, wing actions, i. e. there is no external component syn-
will describe MAPL informally and discuss its suit- chronising or scheduling actions by different agent.
ability for situated interaction:; for details of MAPLOsAs a consequence an action will only be executed if,
semantics see (Brenner and Nebel, 2009). in addition to its preconditions being satisbed, the

MAPL is a multiagent variant of PDDL (Plan- controlling agentknowsthat they hold. Implicitly,
ning Domain DePbnition Language), the de-fact@ll MAPL actions are extended with sudmowl-
standard language for classical planning (Fox ar@dge preconditions Similarly, there are implicit
Long, 2003). One important extension in MAPL iscommitment preconditions, intuitively describing
the use of multi-valued state variables (MVSVs) inthe fact that an agent will only execute actions if he
stead of propositions. For example, a state variabltas agreed to do so.
colour(ball) would have exactly one of its possible Three different ways to affect the beliefs of
domainvaluesred, yellow,or blue compared to the agents, e. g., for satisfying knowledge preconditions,
three semantically unrelated propositioflour can be modelled in a MAPL domain : sensing, co-
ball red), (colour ball yellow), (colour ball blug) presence (joint sensing), and communication. All
all of which could be true in a given STRIPS statethree are MAPL actions with knowledge effects.
MVSVs have successfully been used in classic&ensor modelsdescribe circumstances when the
planning in recent years (Helmert, 2006), but thegurrent value of a state variable can be perceived.
also provide distinctive benebts when used for in€opresence modelsare multiagent sensor models
teraction planning. Firstly, MVSVs can be used tdhat induce mutual belief about the perceived state
modelknowledgeandignoranceof agents by adding variable (Clark and Marshall, 1981). Informally,
a special constaninknownto the domain of each agents are copresent when they are in a common sit-
MVSV. This concept can also be extended to bedation where they can not only perceive the same
liefs about other agentsO beliefs and mutual beligfings but also each other. Individual and joint sens-
which are modeled by so-calldatlief state vari- ing are important for dialogue because they help
ables Secondly,wh-questioncan be modeled as avoidingit: an agent does not need to ask for what



he sees himself, and he does not need to verbal-
ize what he assumes to be perceived by the other
agents as well. Communicative acts currently come
in two forms: (i) Declarative statementsire actions
that, similarly to sensory actions, can change the be-
lief state of another agent in specific circumstances.
Line 5 of Fig. 2 shows an example of an agent ex-
plicitly providing another one with factual informa-
tion. (ii) Questions commandsand acknowledg-
mentsdo not have to be modelled explicitly, but are
derived from a MAPL domain automatically. They
are used in CCP as discussed in Sect. 3.

MAPL goalscorrespond to PDDL goal formulae.
However, MAPL has two additional goal-like con-
structs: Temporary subgoals(TSGs) are manda-
tory, but not necessarily permanent goals, i.e. they
must be satisfied by the plan at some point, but
may be violated in the final state. Assertions on
the other hand, describe optional “landmarks”, i.e.
TSGs that may helpful in achieving specific effects
in later phases of the continual planning processes,
which cannot be fully planned for yet because of
missing information (Brenner and Nebel, 2009). For
example, the MAPL domain used to create the sim-
ulation in Fig. 1 contains an assertion stating that,
informally speaking, to get something one must first
know where it is.

MAPL plans differ from PDDL plans in being
only partially ordered. This is inevitable since we
assume that there is no central executive which could
guarantee a totally ordered execution. We use the
term asynchronous planssince MAPL plans also
allow for concurrent occurrence of actions. Fig. 3
shows an example. An asynchronous plan that guar-
antees that the implied knowledge preconditions will
be satisfied during execution (e. g. by explicitly nam-
ing the perceptions to be made and speech acts to be
used) is called self-synchronizing planbecause it
“explains” how the agents can coordinate their be-
havior during execution.

It is often impossible for a group of situated
agents to jointly commit to a self-synchronizing plan
prior to beginning its execution. As an example, line
1 of Fig. 2 shows how an agent must start executing
its individual multiagent plan (i. e. a plan for a group
of agents but to which no other agent has commit-
ted yet) in order to even get the chance to negotiate
the plan with the others: In this scenario, Bill must

physically move first because he can only communi-
cate with his household appliances “at home”. This
is modeled explicitly in the MAPL domain by means
of a so-called communication preconditionthat the
planner has to satisfy if agents should engage in di-
alogue. In future work, we will also use communi-
cation preconditions to model dialogue-specific re-
quirements like attention (Grosz and Sidner, 1986)
and engagement (Sidner et al., 2005).

3 Continual Collaborative Planning

Continual Collaborative Planning (CCP) agents
switch between planning, partial plan execution,
monitoring, plan adaptation and communication.
Alg. 1 gives a high-level description of the CCP al-
gorithm. Since the current state of the algorithm not
only depends on what the agent has been doing, but
also on the messages received from others, CCP is
specified as a Distributed Algorithm (Lynch, 1996).

Algorithm 1 CcCP AGenT(S, G)
pP=1

Receivedno message:
if S satisfies G do
return “goal reached”

else

P = MONITORINGANDREPLANNING(S, G, P)
if P =1 then

return “cannot achieve goal G”
else

(S, P) = EXECUTIONANDSTATEESTIMATION(S, P)
Received(tell-val vx) from agent a:
addv=zto S
Receivedrequest(e) from agent a:

sg = TRANSLATEREQUESTTOGOAL(e)
P = MONITORINGANDREPLANNING(S,G" sg,!)

if P =1 then
send“cannot execute request e” t0 a
else

add sg to G as temporary subgoal

We will first discuss the base case when no com-
munication has taken place yet, i.e. the CCP agent
has neither sent nor received any messages yet.
Roughly speaking, the agent alternates between (re-
)planning and acting in this case. The two phases
are detailed in Algs. 2 and 3. Alg. 2 shows how a
new planning phase is triggered: the agent monitors
whether his current plan has become invalid due to
unexpected (external) events or changes in his goals.
If this is the case, the agent adapts its plan by replan-
ning those parts that are no longer executable. In or-



bill: go home

in Alg. 3. First, an actione, on the brst level of the
gosiionot)=home plan, i.e. one whose preconditions are satisped in
the current state, is chosen non-deterministically. If
the action is controlled by the CCP agent himself, it
is executed. If not, the planning agent tries to deter-
commited(tabor)rue mine whether the action was executed by its control-
ling agent. In both cases, the CCP agent will try to
update its knowledge about the world state based on
the expected effects and the actual perceptions made
(Fusefunction).

position(bill)=home

negotiate_plan bill over

negotiate_plan bill robot

position(pizza)=bill

bill: eat pizza

Figure 3: BillOs initial plan for getting pizza.

Algorithm 3 ExEcuUTIONANDSTATEESTIMATION(S, P)

e = choosea brst-level event frorR
if e =Onegotiatplan with agena®

. . r = SELECTBESTREQUEST(P, a)
der to exploit the power of state-of-the-art planning  sendrequest() to a

systems, Alg. 2 uses an unspecibed classical planneglse if agt(e) = selfthen
PLANNER to (re-)plan for the obsolete or missing S!E:XEEE(TSE(Q
parts of the old plan. The details of this process areexp = ExPECTEDPERCEPTIONES', A®)
irrelevant for the purpose of this paper; it results in Perc= GETSENSORDATA()
h lan that specibes actions for os'—f perc® exp orexp = #then
an asynchronous plan that speci i (p removee from P
sibly) several agents and the causal and temporal res = Fusg(S', perc)
lation between them that is necessary to achieve thgetmn (S.P)

planning agentOs goal.

The most important case foerbal interaction is

Algorithm 2 MoNITORINGANDREPLANNING(S, G, P) the one where the action chosen to be executeet is
if rgS(S, P)é" G < c ®) gotiate_plan. This means that a CCP agent A is now
EMOVEOBSOLETESUFFIXGRAPH : . . . . .
P' = PLANNER(A. res (S, P).G) in a situation where he is able communicate with an-
P = concaT(P,P") other 9gent B who he intends to collaborate with,
return P i.e. AOs plan includes at least one action controlled

by B, that B has not yet committed to. In this case, A

Fig. 3 shows such an asynchronous plan for theill send arequest to B. However, if a plan contains
pizza scenario of Fig. 2, created with Alg. 2. Noteseveral actions by another agent, i.e. a whole sub-
that this plan contains speciakgotiation actions; plan, itis often best not to request execution of the
they will be the triggers for task-orientated subdi-actions individually, but to ask for the end result or,
alogues in a later phase of CCP. The planning afespectively, the Pnal action in the subplan. In other
gorithm enforces such negotiation actions to be irsituations it may even be reasonable to request the
cluded in a plan whenever this plan includes actiongchievement of subplans that include more than one
or subplans to be executed not by the planning age@gent. CCP does not stipulate a specibc implemen-
but by another agent who is not yet committed to thitation of SELECTBESTREQUEST, the standard ver-
plan. Thus CCP ensures that a (sub-)dialogue wiflion, REQUESTSUBPLAN, selects the longest possi-
take place that either secures the other agentOs céig-subplan using only one agent.
mitment or triggers replanning. Note how, in turn, When an agent receives a request, Alg. 1 brst
the need for negotiation has forced the planner tests for its individual achievability, i.e., regardless
include a physical action (BillOs moving home) intof other goals. If it can in principle be achieved, it
the plan in order to satisfy the above communicatiois adopted. Accepted reque'stse adopted agm-

precondition. - ,
A cCp t has f d . For space reasons, we have omitted the treatment of re-
S soon as a agent has found (or repa”efpcted requests and failed action execution from this presenta-

a valid plan it enters the execution phase, describaidn. Essentially, agents keep Oblack listsO that prevent repeti-



porary subgoals (TSGs). This means that they must_Task | Tums | Agents | Calls | t Avg | t Tot | Total
lyb hieved temporarily and do not have to hol probl | 7 3 002 | 0061 1.1/
only be achieve porarily v I&prob2 [ 10 5 | 002 | 0.12 | 1.67

N[N

any more when the agentOs main goal is achieve@rob3 | 13 2 8 0.03 | 0.25 | 2.36

The adoption of requests as TSGs is a crucial eI=P'VOE‘51 ;g g ié 8-83 ffB ?-;Z
cpro . . .

ment of CCP that, to the best of our knowledge, h Sorob6 |27 3 33 T 013 371 1684

not been described in other Continual Planning a
proaches: in addition to repeatedly revising their beFable 1: Experiments in thExplorer domain: prob-
liefs about the world, CCP agents also perform colem complexity and runtimes (in secs).

tinual goal revision. In the simplest case, this leads

to information-seekingubdialogues, as in lines 4D _ _
agent. For our robot implementation (cf. next sec-

6 of Fig. 1. But newly adopted TSGs also explain, ibe low-level dial |
why agents engage in subdialogues that mix corﬁ'—on)' We UsS€ a Specipe low-ievel dialogue plannet.

municative and physical actions (as in lines 8910 of FOr studying whether CCP is suitable for situ-
the same example). ated interaction and for measuring its performance

and scaling behaviour, we conducted several exper-
4 Situated Interaction in Simulation iments in theExplorer domain. This is a simpliped
service robotics domains (cf., Figure 1 amg) in

Studying situated interaction requires environmentshich tasks (consisting of a number of agents, inter-
where agents can physically or virtually act and ineonnected rooms and objects) can become demand-
teract. The same is true for studying continual planing quite quickly. MAPSIM was run on a 2 GHz
ning: it needs environments where agents can ngtMD Athlon with 1 GB RAM. The CCP implemen-
only plan, but also execute, monitor and revise theiation used was the same that also runs on our robot
plans. To be able to investigate situated interactioplatform, but sensing and communication was com-
across many application domains and algorithmiputed and routed by MAPSIM.
variants, we have developed MAPSIMsiawlation Table 1 provides some general information about
generator that automatically transforms MAPL do- the experiments and the performance of our CCP
mains into multiagent simulations. MAPSIM parsesmplementation. In each task, several autonomous
and analyses a MAPL domain and turns it into peragents interacted in a common simulated environ-
ception, action, and communication models for CCkhent, automatically synthesized from a short (about
agents. During the simulation, MAPSIM maintains150 lines) MAPL description of the Explorer do-
and updates the global world state, it uses the sefain (cf. Figure 1). The knowledge and goals varied
sor models to compute individual and joint percepever tasks, leading to increasingly complex interac-
tions of agents, and it executes MAPL speech actins, roughly measurable by the number of turns
by passing them on from the sender to the addresseéetook the agents to achieve their goals. Individ-
In other words, MAPSIM interprets the planning do-ual plans are computed quite fastAvg) and even
main as arexecutable model of the environment. in sum ¢ Tot) are largely dominated by other (yet

MAPSIM and the CCP agents described in thisinoptimised) parts of the simulation (Total). This
paper have been implemented in Python, integrategheed should be competitive with approaches based
with a planning engine in C as a subsolver. The bas plan librarie$ , while providing the agents with
planner currently used in our implementation is ahe additional Rexibility to react to new situations
slightly modibed version of Axioms-FF (Thiebauxtruly autonomously by bnding previously unseen
et al., 2003). MAPSIM includes a basic verbalisaplans on their own.
tion module, called theeporter agent, which ob-  Table 2 explains in which situations agents change
serves all physical and communicative events in the

simulation and verbalises them using a simple re- The planning problems in these tasks usually consist of sev-

. . al hundred distinct facts and instantiated actions, which may
cursive template engine. The examples througoﬁ(je{ad to enormous search spaces (size may be exponential in the

the paper were created with the MAPSIM reportefumber of facts) and an even greater number of plans. It is
not obvious how a system based on a necessarily limited plan
tion of unpromising behaviour. librariy can choose an appropriate plan for any given situation.



Task | Reuse| Replanning| Expansion| Goal Change Task | Speech Acts| Phys. Actions| Sensings| Wait
probl 9 1 0 1 probl 3 4 6 4
prob2 10 3 1 2 prob2 6 4 5 4
prob3 10 6 1 3 prob3 8 5 8 4
prob4 | 20 8 1 3 prob4 8 7 12 15
prob5 16 11 2 5 prob5 14 9 9 7
prob6 | 20 26 1 5 prob6 14 13 14 25

Table 2: Plan reuse vs. Replanning (and causes fdable 3: Different types of actions and their distri-
plan invalidation). bution inExplorerexperiments.

IDing, i.e. not acting deliberately or for want of a plan,
Iq_ccurs in CCP, whenever the next actions in a plan

) . . . re to be executed not by the agent itself, but by an-
ning. However, complex interactions with severa

agents are so dynamic that plans become obsolel her (cf. Algorithm 3). This OpassingO behaviour

quickly. A major factor here is the adaptation of arf>° leads to some simple, if limitedm-taking

agentOgoalsduring an interaction (due to requestsmeChan'Sm (detailed discussion is beyond the scope

and questions by others or due to perceptions (‘)accff—th's paper.)
vatingO conditional goals). Such goal changes (a%d

the resultant replanning) should not be considered

as planning failures; instead they enable engagemagf have also implemented CCP in two real robotic
in previously unforeseen subdialogues and changggstems, one for interactive table-top manipulation
changes in initiative (as, e.g., in turns 3 and 6 ofnd one for interactive exploration of an indoor envi-
Figure 1). Expansion of MAPL assertions, i.e. dergnment. The brst robot, called the PlayMate, is sta-
tailed planning for previously postponed subprobtionary and uses a 6-DOF Katana arm to manipulate
lems, only seldom is the cause for replanning. Stillppjects on a table. It can interactively learn about
assertions are the major tool that make agents bgroperties of the objects and play small games with a
have proactively in situations where they need to g¢juman user standing nearby. The second robot sys-
help or information from others or the environment'tem, the Explorer, is based a mobile platform, an
without assertions, all tasks except for probl beactivMedia PeopleBot. It interactively builds up an
come unsolvable for the agents, because they cannpfgerstanding of the spatial and functional organ-
work around their initial lack of knowledge or joint jsation of an indoor environment, using automated
commitment (e.g. turns 36 of Figure 1 where thgyapping techniques, and can perform basic tasks for
R2D2 postpones detailed planning for AnneOs goglhuman user, e.g. Pnding a object and carrying it
until is has got more information from a third agentyck to the human (if a second human puts the ob-
Bill). If replanning is neither caused by assertiongect on the robot).
nor goal changes, it is due to changes in the environ- the two robot systems differ signibcantly in both
ment caused by other agents that render the previoyigir hardware and their capabilities. However, they
plan invalid. use a common architecture schema, CAS (Hawes et
Table 3 shows the distribution of action typesal., 2007), for integrating varying subarchitectures
throughout interactions. It is interesting that thifSAs). In CAS, all SAs are active in parallel, and
fairly even distribution and the continual, seamlesall operate on SA-specibc representations (as is nec-
switching between actions (as can be withessed assary for robust and efpcient task-specibc process-
Figure 1), is not enforced anywhere in the CCP aling). These disparate representations are unibed by
gorithm. It arises from the needs of the agents tabinding SAwhich performs abstraction and cross-
achieve their individual goals by means of actingmodal information fusion on the information from
seeing, and communicating. Note also that physicéthe other SAs (Jacobsson et al., 2008), yet stores in-
behaviour and sensing sometimes substitute corfermation about the origins and original representa-
municative actions (e.g. in turn 8 of Figure 1). Waittions in a so-called Address-Variable Map (AVM).

their plans during situated interactions with CC
Note brst that plan reuse usually dominates repla

Robot Implementations



The representations produced by the binding SAlicit reasoning about perception and copresence
are sufpciently close to MAPL to enable planningn CCP can explain how agents try to bring about
with CCP. The PlayMate and the Explorer robot emknowledge conditions for joint behaviour, as speci-
ploy the same planning domains for planning theibed, e. g. in the SharedPlans literature.

behaviour that are used for the respective MAP- pjgtripted Continual Planning was advocated as
SIM simulations, 1.e. the robots continually pro-5 new paradigm for planning in dynamic multiagent
duced and revise MAPL plans exactly as in the Simaironments by desJardins and colleagues (Des-
ulation. However, actions are executed not in siMujadins et al., 1999). To the best our knowledge,
lation, but in the real world, by SAs controlling the 5 (s is the brst principled attempt to apply DCP to
actuators and sensors of the robot. Each SA whogg ated dialogue and HRI, and also the brst DCP ap-

behaviour is modelled in the planning domain propach describing deliberatigoal revisionas part
vides a so-calledction dispatchewhich, using the ¢ 5 pcp algorithm. Planning with sensing has of-

AVM, translates MAPL commands and argumentgeny peen described in the planning literature (see,

back into its own representation. _ e.g. (Petrick and Bacchus, 2002) for a modern ex-
For human-robot interaction it is most importantymoje) byt mostly in the context of conditional,

that the robots canommunicateaturally with hu-  aiher than continual planning, and, to the best of

mans. Here, the verbalisation engine of MAPSIM ig) knowledge, without including the conceptagf-

not sufbcient. Instead, CCP is integrated with a sp resenceLewis, 1969). The form of active execu-

cialised SA for situated dialogue processing (Kruijfion monitoring used in CCP is also related to the

etal., 2007). In this architecture, CCP does the higr};ittentional statef (Grosz and Sidner, 1986).

level pragmatic reasoning, i.e. it determines how and _ _ _

why to use communication for achieving a (possi- MQSI of t.he aforementioned worll< relies oier-

bly non-communicative) goal. Linguistic situation-arCh'cal action and plan representations. In contrast,

appropriate realisation of the planned Overbal b&CP could be said to decompose planning problems
haviour®, as well as the situation-aware interpret3V€" timeby actively postponing subproblem solv-
tion of speech acts by other agents, are handled Hj}8: The two approaches are not mutually exclusive

the specialised dialogue component. CCP providéd'd CCP could be adapted to hierarchical planning.
the dialogue component with a high-level (commu- Collagen (Rich et al., 2001) is a system for build-

nicative) goal and additional context information, sang collaborative interface agents that is based on
that the dialogue component can turn it into an utte{Grosz and Sidner, 1986; Grosz and Sidner, 1990),
ance (or even subdialogue) that communicates thehich is domain-independent and has been used for

provided content. various applications. CollagenOs methods for rep-
resenting the discourse state and doing plan recog-
6 Related Work nition are much more sophisticated than CCP cur-

The aim of this work is to bring together ideag€ntly. However, Collagen does not (yet) include a

from Planning, Dialogue, and Multiagent Systemgrst-princi_ples plr_;lnner, but reli_es on_plan Iibrgries
research. We can only discuss a few prototypical if2nd domain-specibc code plug-ins (Rich and Sidner,
spirations from those Pelds here. 2007). Itwou_ld be mteres'tlng to investigate whether
Our work is close in spirit to models of collabo- CCP can be integrated with Collagen.

rative dialogue most notably those based on BDI Similarly, the most prominent representative of
models of collaboration, such as the SharedPlarise information-state-update approach to dialogue
formalism (Grosz and Kraus, 1996; Lochbaummodeling, GoDiS (Traum and Larsson, 2003),
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Abstract

A robot can use situated dialogue with a human, in an effort to learn more about the world

it Pnds itself in. When asking the human for more information, it needs to be clear to the
human, what the robot is talking about. The robot needs to make transparent what it would
like to know more about, what it does know (or doesnf)t), and what it is after. Otherwise,
the human is less likely to provide a useful answer to the robot. They need to establish
a common ground in. The paper presents ongoing research on developing an approach
for comprehending and producing (sub-)dialogues for clarifying or requesting information
about the world in which establishing common ground in beliefs, intentions, and attention
plays an explicit role. The approach is based on Stone & ThomasonQOs abductive framework
[42D44]. This framework integrates intention, attentional state, and dynamic interpretation
to abductively derive an explanation on what assumptions and intentions communicated
content can be interpreted as updating a belief context. The approach extends the framework
of Stone & Thomason with assertions, to provide an explicit notion of checkpoint, and a
more explicit form of multi-agent beliefs [7]. The approach uses these notions to formulate
claribcation as a continual process of comprehension and production set in dialogue as a
collaborative activity.

1 Introduction

Robots need to continuously learn. They do not always know everything, or under-
stand everything. So they can ask: we make it possible for a robot to communicate
with humans, to learn more. For such dialogue to be effective, the human and the
robot need to form a mutual understanding of what is being talked about, and why.
Recent theories focus on how this mutual understanding can come about through
alignment [33,14]. Agents align how they communicate content, what they pay at-
tention to, and what they intend to do next. They base this alignment on how they

1 The research reported here was performed in the EU FP7 IP OCogX: Cognitive Systems
that Self-Understand and Self-ExtendO (ICT-215118tp;//cogx.eu

In preparation 18 July 2009



perceive each otherOs perspective on the world D situatedness, attention, intention,
capabilities, current cognitive and emotional state (cf. e.g. [39,12,40]).

This works out reasonably well as long as we can assume a more or less common
way of OlookingO at things. Even when humans normally differ in what they know,
can, and intend to do, there is typically a common categorical framework in which
they can try to characterize the world, to arrive at a common ground. But this is
where a problem arises in communication between a human, and a robot that con-
tinuously learns. Because that robot is not just learning more about instances in the
world, possibly using a predebned human-like ontology. Ultimately, it will also be
forming category systems for thinking about these instances, based in patterns that
arise from its own ways of perceiving reality. And those may well be substantially
different from how humans see things.

Which is why mechanisms for claribcation, and information requests in general,
are necessary for situated dialogue. Humans and robots interacting with each other
need to be able to ask when something is not clear. As Clark already indicated, this
covers a broad range of possible unclarities. Claribcation typically covers misun-
derstanding at the purely linguistic level, but extends all the way to not being able
to understand how an utterance relates to the (situated) context it pertains to. In
human-robot interaction (HRI), and dialogue systems in general, claribcation has
primarily focused on linguistic misunderstanding [46,34,27,36,35,28]. Relatively
few HRI systems extended claribcation to also include misunderstanding or lack of
understanding relative to a situated context [45,26,25]. Trafton et al. [45] deal with
ambiguities in, or absence of, suitable object antecedent for references. Kruijff et al.
[26,25] more focus on claribcation-as-information request, using situated dialogue
for a robot to obtain more information about particular aspects of the environment.
In this paper we describe a computational approach to claribcation which aims to
deal with the continuum indicated by Clark.

The approach is based on an extension of Stone & ThomasonOs abductive frame-
work [42D44]. In this framework, comprehension and production of dialogue are
based in the construction of an abductive proof. Abduction reasons towards an
explanation consisting of a consistent context update and possible changes to at-
tentional state. The explanation is based on factual assumptions, observations, and
inferred intentions D all included at a context-sensitive cost. The resulting frame-
work thus places belief context, attentional state, and intention on a par. This is
in idea comparable to other intentional approaches to dialogue and discourse, like
Grosz & SidnerQOs [20]. Stone & ThomasonOs approach arguably provides more Rex-
ibility [44] in that aspects such as reference resolution are dynamically determined
through proof, rather than being constrained by hierarchical composition of a con-
text model. (This particularly applies to a comparison with approaches such as
SDRT [3].) For comprehension an abductive proof provides the conditions under
which an agent can update her belief model and attentional model with the content
for a communicated utterance, and her task model using the inferred intentions un-



derlying the utterance. For production an abductive proof provides the conditions
for executing a plan to achieve an intended context- and attentional state update in
another agent.

The approach we present here extends Stone & Thomason’s framework in several
ways. We expand Stone & Thomason’s context [42] to incorporate the types of sit-
uated multi-agent beliefs and tasks the robot reasons with in understanding collab-
oration, and the world as such. Furthermore, we make Stone & Thomason’s notion
of “checkpoints” more explicit. Stone & Thomason propose to use checkpoints, a
communicative means to establish whether assumptions are in fact warranted [44].
Checkpoints introduce a relation between the construction of an explanation, and
acting on it. This suggests a similarity to the construction of a plan and the mon-
itoring of its execution, as found in continuous multi-agent planning [7]. Brenner
& Nebel [7] introduce a notion of assertion for continual planning. An assertion
poses the availability of future observations, to enable the construction of a contin-
ual plan including actions based on such an assertion. Upon execution, assertions
are checked and are points for possible revision or extension of a plan.

We propose to use a similar notion. In an abductive proof, we can include assump-
tions, observations, and actions at varying costs to infer an explanation. They all
contribute facts or outcomes from which further inferences can be drawn. An as-
sertion is a statement whose truth we need to assume, but which we cannot prove
or disprove on the current set of beliefs of the agent. Marking assertions turns these
statements in an abductive proof into points that warrant explicit verification — i.e.
they act as checkpoints. Checkpoints make explicit how acting upon an abductive
proof turns into a form of execution that is similar to continual plan execution. The
notions of assertion and checkpoint provide the approach with a fundamental way
for dealing with clarification. While constructing a proof, the inclusion of an as-
sertion can itself trigger a clarification process to verify its validity — or it can be
used to assert the positive outcome of a clarification process itself. The former case
concerns assumption-turned-assertion, whereas the latter case regards an assertion
about a future observation.

Taken together, the approach treats clarification as a process. A proof constructs
how the content of a request is based in private and shared beliefs and intentions,
and in an attentional state. It links the request and its expected answers, modeling
the latter as assertion. This turns the outcome of a request into an explicit check-
point, and with that, clarification into a process of requesting, answering, and veri-
fying the answer. Should the verification of the answer fail, a proof can be expanded
or reconstructed. The resulting approach formulates clarification as a continual pro-
cess of comprehension and production set in dialogue as a collaborative activity
[44].

An overview of the paper is as follows. @2 discusses Clark’s notion of grounding,
and computational approaches of that notion. @3 presents a formalization of the



approach, withe4 discussing a prototype implementation and integration of the
approach into a cognitive system. The paper ends with a discussion of a wide range
of examples, and conclusions.

2 Background

In this section we look into the concept of common ground, the process of adding
to the common ground §oundingand its computational modeling. We also ex-
amine the relation between grounding and claribcation and brie3y touch the topic
of surface realizations of claribcation requests.

2.1 Common ground and grounding

Following Clark ([10,11]), we dePne common ground as a set of mutual, common
or joint knowledge, beliefs and suppositions of a group of agénts

Debpnition 1 (Common ground (shared basis)) is common groundor members
of communityC if and only if

(1) every member of has information that basib holds p is referred to as
shared bas)s

(2) bindicates to every member Gfthat every member & has information that
bholds,

(3) bindicates to members €f thatp.

Clark distinguishes two broad sources of shared basmamunaland personal
Communal bases are based on a group memberOs membership in cultural commu-
nities (such as nationality or the accent of English the member speaks) and imply
the features, facts and beliefs about the individual commonly ascribed to him/her
by other agents. Personal bases originate from joint personal experiences within the
group. Personal bases comprise both joint perceptual experiences about the situa-
tion and joint actions.

In order to add to common ground through joint actions, agents have to look for
evidence of shared bases in signals that other agents display.

In joint actions, the agents act together to achieve a common goal. Since this can
only be successful if the agents have common ground, the agents actively work on
its establishment. This process is calggdunding Common ground needs to be
establishedvell enough for current purposex all levels of communication. The
debnitions of the levels vary across theories (see e.g. [41,46,10,2]).



In ClarkOs view, it has to be established at all levels of what hejemitsaction
ladder, the following hierarchy of causally related actions:

Level SpeakerAOs actions HeareB Os actions
1 executing behavidr attending to behaviar
2 presenting signa identifying signals
3 signalling thap recognizing thap
4 proposing joint projectv  considering the proposal of

Lower levels provide evidence to the upper ones and are the required for the upper
levelsO completion.

2.1.1 Closures

In general, agents performing an action require evidence that they have succeeded
in performing it. The optimal evidence usually isnOt the strongest, most economical

and most timely evidence possible, because that may be too costly. Clark formulates

these principles of closures:

¥ principle of least effort® all things being equal, agents try to minimize their
effort in doing what they intend to do.

¥ principle of opportunistic closur® agents consider an action complete just as
soon as they have evidence sufbcient for current purposes that it is complete.

¥ principle of holistic evidenc® evidence that an agent succeeded on a whole
action is also evidence that the agent succeeded on each of its parts.

¥ principle of joint closureb agents try to establish shared basis for the mutual
belief that they have succeeded well enough for the current purposes.

2.1.2 Contributions

In a conversationgontributionsto the conversation are seen by Clark as joint ac-
tions aimed towards the successful understanding of the displayed (uttered) sig-
nals. The contributions, according to the joint closure principle, are divided into
two phases:

¥ the presentation phasevhereA presents the content 8, the underlying as-
sumption being that iB gives sufpcient evidenoe of its acceptanceA can
believe thaB understands wha has meant;

¥ theacceptance phas&hereB gives evidence' that she understands the mes-
sage B Os action is based on the assumption that this evidence is requited by
to believe thaB has understood.



The evidence required in a dialogue can be classified as follows:

¥ continued attentiopshowing that the hearer is satisfied with the speaker’s pre-
sentation;

¥ initiation of the relevant next contributio”

¥ acknowledgmenby saying “OK” or the like;

¥ demonstratiorf what B has understood the message meant;

¥ verbatim displayof all or a part of A’s presentation.

Note that every acceptance except for the continued attentioiis also a contribution
to the dialogue (in the opposite direction) and therefore also has a presentation
phase.

2.2 Computational models of grounding

The descriptive and off-line nature of Clark’s theory of grounding disqualifies it
from direct use in dialogue systems. In practical applications, a more computationally-
oriented model is needed.

In non-situated dialogue systems, models of linguistic grounding have been studied
in detail, see e.g. [46,27,35]. In human-robot interaction, however, they have only
been studied to a limited degree. [28] present a basic model for Clark-style commu-
nicative grounding in human-robot interaction, adopting an approach very similar
to [46]. [26] discuss an approach to clarification in human-augmented mapping,
making use of the Question-Under-Discussion mechanism of [16,17,27].

In this section, we sketch out David Traum’s finite-state model ([46]) and the situ-
ated multi-modal model of Li et al. ([28]) and relate them to Clark’s contribution
model.

2.2.1 TraumOs bnite-state model

The Grounding Acts model, introduced by David Traum (see [46,47]), is a com-
putational, prescriptive and non-situated on-line reformulation of Clark’s theory of
contributions. Its cornerstones are grounding actsinterpretations of discourse units
with a specific function towards grounding of the units to effectively model the the
presentation and acceptance phases of the contribution model.

The grounding acts, distinguished by whether they are performed by the initiator |
of the discourse unit or the responder R, are the following:

¥ initiate — initiate a new discourse unit;

2 Which, of course, implies the hearer’s understanding of the speaker’s contribution.



e continue — continue the discourse unit, i.e. further specify its content (in Clark
and Schaefer’s terminology);

acknowledge- signal understanding of the discourse unit to the other party; 3
repair — correct a misunderstanding in the discourse unit’s content;
requestrepair — signal a lack of understanding;

requestacknowledgment- signal a request of acknowledgment by the other
party;

e cancel- abort the process of the discourse unit’s grounding.

Traum avoids treating each grounding act as a Clark-style presentation, eliminating
the need for each of them to have its own acceptance phase. This allows him to
devise a Pnite-statamodel: each grounding act changes the grounding state of the
underlying discourse unit, possibly to the same state. There are seven grounding
states, the initial state is S, the desired, grounded, state is F:

stateS — initial state

statel — acknowledgment by R required for grounding
state2 — need for repair by / and acknowledgment by R
state3 — need for acknowledgment by /

state4 — need for repair by R and acknowledgment by /
stateF — grounded

stateD — dead state (grounding either abandoned or failed)

From the viewpoint of Clark’s theory, once a discourse unit is grounded, i.e. its
grounding state is F, its acceptance phase is successfully finished.

The Grounding Acts model does not require any particular size of the discourse
units to be grounded. However, the size of the units determines what behavior can
be modeled. In [47], Traum indicates that most work has been done with intonation
phrases as grounding units, but that smaller as well as larger units have been used.

2.2.2 Stack-based situated model of Li et al.

Li et al. ([28]) build on Traum’s work and present a situated multi-modal grounding
model for human-robot interaction.

Their model uses exchangesg[9]) as grounding units. Exchange is a pair of “con-
tributions” — speech acts initiated by the two agents engaged in the dialogue. The
first act of the exchange is called Presentation, the second is called Acceptance.
Note that Li et al. use the term “contribution” in a different way than Clark does:
for Clark, a contribution comprises bothacceptance and presentation.

3 Traum uses “acknowledgment” to cover the entire spectrum of positive signals of under-
standing that the hearer issues.



Similarly to Traum, instead of treating each Acceptance as a new presentation as
Clark does, Li et al. explicitly model the embedding of (claribcation) subdialogues
by organizing exchanges in a stack operated by a push-down automaton augmented
S0 as to allow transitions trigger actions and push or pop a variable number of ex-
changes in one step. They identify four relations of the grounding status of individ-
ual exchanges stored in the stack to the grounding of the stack as a whole:

¥ default B the Presentation dePnes a new account independent to the previous
ones;

¥ support b specibed when an agent is unable to provide an Acceptance for the
given Presentation. In such case a new exchange is initiated to support the ground-
ing of the given Presentation. (For instance, by saying OWhat?0);

¥ correctb a correction of the previous Presentation;

¥ deleteb abandon the grounding process of the previous Presentation.

The (ClarkOs) acceptance phase is successfully Pnished when there is an Accep-
tance (Li et alOs) available. The Acceptance may also be an implicit one, as in
ClarkOgontinued attention. Grounded units are immediately removed from the
stack.

The contributions are structurediaseraction units (1Us) that consist of two layers:
conversational and intention layer. The conversation layer component comprises
verbal and non-verbal realizations of the intention represented in the intention layer.
This allows the handling of deictic expressions such as Othis boxO in a systematic
way and therefore modeling a multi-modal dialogue.

For each contribution received from the other dialogue participant, it is prst at-
tempted to determine the underlying intention by examining the verbal content of
the 1U; if that fails, the non-verbal component is examined. If the intention is recog-
nized and found conforming to the current joint goal, a new acceptance contribution
is generated and the presentation is deemed to be grounded. If the intention is not
recognized, a new contribution with the relatisupport or correctis pushed onto

the stack.

2.3 Clarification as a means of grounding

To overcome a breakdown in communication, people relatively often use claribca-
tion (sub)dialogues rather than starting the whole conversation again as that would
not waste their resources (following the principle of least effort in Section 2.1).

Claribcation, corresponding to TraumOs concept of OrepairQ suoitbe/correct
grounding relation in Li et al.Os approach mentioned above, can take many forms P
be that relative to the form of the utterance, its meaning and the level of understand-
ing that has been achieved. In the following, we examine the range of claribcation



requests that may be raised, e.g. by a robot in a human-robot interaction scenario,
depending on the source of communication breakdown represented as the achieved
level in ClarkOs joint action ladder and give an example classibcation of their sur-
face forms based on a corpus study.

A communication breakdown may occur at any level of the joint action ladder,
which corresponds to different levels of understanding and interpretation of the
utterance. The following classibcation is based on [38] and extended by the notion
of visual recognition problems:

Breakdowns on level 1 (execution / attention) are typicallychannel problems
where there is a lack of contact between the parties [38].

Examples:

¥ The hearerB) doesnOt notice that the speaki¢ talking to her;
¥ A canOt talk tB sinceB is looking somewhere else.

Breakdowns on level 2 (presentation / identipPcation) can arise due tacoustic
problems[38]. A part of the speech signal was not heard or not recognized or
there is an uncertainty in the word recognition such as multiple similarly ranked
hypotheses in the output of the recognition.

¥ OPick up the rethois¢' O or thoise' the red ballO or! @oise O;
¥ OMove thé cup| culg O.

Breakdowns on level 3 (signaling / recognition) arise when we fail to process a
signal B whether linguistically, or as part of maintaining situation awareness. Lin-
guistically, we distinguislexical problemg38], when the meaning of one or more
words in the utterance is not known, apdrsing problemg38]. A parsing prob-

lem regards an ambiguity in the syntactic structure of the utterance that results in
ambiguity of its semantic interpretation.

¥ The hearer knows the word OfootballO but does not have any concept or visual
image associated with it (lexical problem).

¥ Obring the mug on top of the shelfO which can either concern a mug on the shelf
or a mug somewhere else that should be put onto a shelf (parsing problem)

¥ Othe mug with a BowerO which can either refer to a mug with a Bower in ir or a
mug with a RBower painted on it (parsing problem).

Similarly, we might face a problem in processing signals in other modalities. A
perceptual recognition problerarises when the agent is uncertain about what it



perceives, or when it does not recognize it. (Note that we understand perception
here in a broad sense D not just visual perception, but also e.g. laser range-bPnder
based perception and classibcation.)

¥ A robot sees an object, but is unable to recognize it as a mug;
¥ The robot canOt see a door in the room.

Another possibility is that the agent may fail ieference resolutioi38]. There

is an ambiguity or failure in the resolution of the intended referent of a natural
language expression. This may concern the referents of NPs and deictic expressions
(with or without gestures), as well as action references. This problem can thus go
beyond the realm of dialogue, as an agent may fail to ground a reference in her
world model(s).

¥ Othe red ball®O when there are multiple red balls on the table, or when there is
none;

¥ Othe supermarketO when there are multiple (or no) supermarkets in the relevant
region;

¥ OthisO + pointing when itOs not clear which object is meant;

¥ OMonday the brstO when the month has not been specibed.

Finally, abelief confZictan arise [38]. There may be a problem with the validation

of a proposition against the agentOs beliefs. (This might perhaps be seen as just
another case of reference resolution problem.) Presupposition failures, apart from
referential presuppositions which are handled above, would also belong here.

¥ OYouOll need a visaO when the hearer doesnOt think so ([37]);

¥ OThere are three balls on the tableO when the robot can only see two;

¥ OThis is a ball® when the robot is perceiving a square object;

¥ OPut the ball on the tableO presupposes that the ball is not on the table yet; if it
iS, a conf3ict arises.

Breakdowns on level 4 (proposal / consideration) arise as problems intention
recognition or -evaluatiofi38]. It is not clear why the utterance with that interpre-
tation has been uttered or why an action in the physical world has taken place, i.e.,
how it is relevant to the interaction, what contribution it makes to the goal(s), if
there are any.

¥ OThis is a phoneO when one is playing the color game;

¥ ODo you know where the printer is?0 or OGo to the printer roomO when the cur-
rent task is to get a cup of coffee;

¥ if the human places an object in front of the robot without saying anything, the
robot may not know what is expected from it, or when the human is moving
objects, the robot may not know why s/heOs doing it.
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3 Approach

In this section we discuss an abductive approach to comprehension and produc-
tion of claribcation dialogues. The approach is based on Stone & Thomason [42D
44]. We extend their approach widssertiongx3.2), and a more explicit notion

of multi-agent belief§a3.3). Assertions introduce explicit checkpoints in a proof.

At these checkpoints, an assertion needs to be veribed against the current con-
text. Should this veribcation fail, a proof can be expanded to overcome this failure
(identifying which actions to undertake), or require reconstruction. This lends the
approach a continual nature [7], making abduction for claribcation part of a larger,
continual form of collaborative activitys8.4).

3.1 Abduction: Stone & ThomasonOs approach

Stone & Thomason propose a contextualized form of weighted abduction, for pro-
ducing and comprehending dialogue [42,43]. The abductive inference is set within
the broader model of collaborative activity [44]. This model makes explicit how
the proofs for comprehension and production interact with actual steps for acting
upon these proofs. Below, we brst focus on the debnitions for Stone & ThomasonOs
form of abduction. In subsequent sections we provide debnitions of the formal ex-
tensions we propose.

Definition 2 (Abductive modal inference [42]) Contextual reasoning is phrased
as a modal logic. Modal operators of the fofa} are associated with contexts. A
distinguished operator specibes an axiom to be true in all contextsschema-
tizes atomic formulad; identipes the always-true atom.

If I is a sequence of context operators of the f¢egh..[c,] (possibly empty) then

the notation! (") is used to name the formufag]...[ch]".! " ! ' denotes the con-
catenation of and!'. Goals are modalized atomic formulas, claugeare modal-

ized Horn clauses whose antecedent and conclusion formulas may themselves be
modalized:

G =1 (A
Pu=(11(A). ) m(Am) # K (H))]
M !(! 1(A1)---! m(Am) # k”(H))

During proof construction each subgoal is associated withssumability function
f; to indicate assumption costs:

NG/ f1.$ .8 Cn/fm # EY(Q))

An abductive proof for a quer§ is a sequence of lists for whose initial element is
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Q[unsolved, in which transformation rules (truth, assumption, resolution, factor-
ing) transform this list successively into a bnal list in which none of the elements
are marked as unsolved. The proof determines an answer to the query as a pair
1Qo, D " consisting of an instantiatio®q of Q and a set of postulated assump-
tions! .! isa multiset consisting of a formulgA) for each element of the form

I : A[assumed in the terminal list. !

The transformation rules for abductive proof construction are debned as follows.

Debpnition 3 (Transformation rules [42]) Given a state in the construction of an
abductive proof, represented as a list Qg, ..., Q, withQ; = ! : A the left-most
guery marked asinsolved This state can then be transformed using one of the
following transformation rules

Truth If A is#, derive a new state exactly like except that the label dD; is
resolvedrather thanunsolved

Assumption Derive a new state exactly likeexcept that the label @; is assumed
rather thanunsolved

Resolution Select a claus® of the formP or! P, whereP is
P! 1AL m(Am) $ KH(H))
with its variables renamed, so that it has no variables in common it8up-

poseH andA are unibable with a most general uniet = 1" %' 9% Q and
unlessR is! P thenk' is empty. Then derive the new state:

15 Qina” )
I =1"9%"'% ;:A;"[unsolved, ....,! =!" % "'% ,, : A" [unsolved,

I - A" [resolved, Qi+1, ..., Qn"

Factoring Suppose some elemdp describing a query : H precedes); in L,
andH andA are unibable with most general uniPeerThen derive a new state
suppressing the duplicate proof@f: Q:", ..., Qix#1", Qi+1 ", ..., Qn" .

In [43] Stone & Thomason identify four types of contéxtc is a contextj repre-

sents old information i, e represents new information about events, amslthe
attentional component. For understanding the utterance Ohe leftO Stone & Thoma-
son provide the following illustration:
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a;: he(X)

e;: utter (Che left’, E, P)
e;: do(E)

ii: leavgP, X)

c:: add info (P,iq,i>)

c;:  put! in! focus(X,as, ay)

The proof assumes that he(X ) can be resolved against the current attentional con-
text with low cost if X is masculine, singular and in focus. The event €; is postu-
lated on observation, and the information i, is proven given by the grammar, which
provides the logical form as a way of expressing P. The inference about the in-
tended effects of communication (i.e. of the intention do(E)) is the addition of P
to the context (i.e. a context update), and the maintaining of X in focus.

3.2 Assertions in abductive inference

We expand Stone & Thomason’s definition of abductive modal inference with a
notion of assertion The point of an assertion is to provide an explicit checkpoint
in a proof. Brenner & Nebel [7] define a notion of assertion for continual plan-
ning, in which an assertion can explicitly trigger replanning or plan expansion. We
propose to do something similar. Intuitively, the truth of an assertion depends on
the outcome of an action, or on a future observation verifying the asserted propo-
sition. Such verification occurs during the execution of the actions, based on the
interpretation of a proof as a plan [44]. Should an assertion not be confirmed, we
can revisit the assertion in the proof and check how to adapt the proof — akin to
continual planning.

We propose a notion of assertion for abduction, based on test actionsF #? [5]. Bal-
doni et al. [5] specify a test as a proof rule. In this rule, a goal F follows from a
state &y, ..., ay after steps "F#?,py, ..., pn if we can establish F on ay, ..., a, with
answer ! and this (also) holds in the final state resulting from executing pa, ..., Pm.
Using the notion of context as per Definition 2, a test " : "F#? means we need to
be able to verify F in context ". If we only use axioms A, testing is restricted to
observability of facts. By extending Definition 2 with embedded implicationsve
can also make tests range over obtainable outcomes. An embedded implication is
an implication D $ C as part of a Horn clause. [4] show how embedded implica-
tions can be included in abduction; (see [8] for a general overview). An embedded
implication establishes a local module The clauses D can only be used to prove
C. Formulating a test over an embedded implication i : D $ " C#?, we make it
explicit that we assume the truth of the statement but require its eventual verifi-
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cation inp. (Test actions turn an embedded implication intstaic module, only
promoting the conclusion [4].) Finally, an assertion then is the transformation of a
test, into a partial proof which assumes the veribcation of the test, while at the same
time conditioning the obtainability of the proof goal on the tested statements. Intu-
itively, i : 'D"?within a proof! [!D"?]to a goalC turnsinto! [D]# C$ u:D.
Shouldu : D not be veribablé, is invalidated.

Debpnition 4 (Test; embedded implication)Given the language for Horn clauses
P in Debnition 2. We extend this widtmbedded implication® % C and atest
operator -"? as follows:

P ::=(as per Debnition 2)
a clause of the forrR or! R whereR is:
K (K1(A1)...im(Am) # K'(D %C))|
K'(k1(A1)...km(Am) # K'(D % !C"?))|
K (K1(A1)...k5; (1A "?)..ckm (Am) # Kk"(H))
with C atomic or tested,C""? with CO atomic

A test operatot A"? applies to atomi@\, and resolves té& " (A is true) orA+ (A
is false, under an open world assumption). !

Debnition 5 (Abductive modal inference with assertions)Anassertions the ex-
plicit assumption of a positive test result for a téat'? for A atomic. We extend
the abductive model inference of Debnition 2 witraasertion transformation rule

Assertion Select a claus® of the formP or ! P, whereP is
K (K1(A1)...5 (VA "?)..km (Am) # K'(H)).
then derive the new state:
Q11 reaay Qi—11
k' &K1 : Aj[unsolved, ...,
k' &rj @ Ajlasserted, ....,
K &km @ Am[unsolved, Qi+ ...Qn

The multiset’ is extended to also include assertion's& «; : Aj[asserted,
besides the assumptions in the proof (DePnition 2). A falsiped assArtiaan
lead to the expansion or reconstruction of a proof. Given a proof as a ktate
Q... Qi ....,Q, for a goalG, with Q; = « : A[asserted. If A+, a proof expan-
sionis an abductive proof for A" as goal, starting from the current conditions
including A+, st.L = Q,....Q_1,! ,Qi+1,....,Qy derives goalG (and" for

L updated with* for ! ). Failure to produce a proof expansion leads t@mof
reconstructionstarting from a context : —A. !
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3.3 Multi-agent beliefs

We exploit Stone & ThomasonOs idea of contextualizing abductive inference [43] to
explicitly reason with situated multi-agent beliefs. In our approach, abductive infer-
ence reasons over belief models. A belief model represents what an agent believes
about the world, about actions are to be performed there, and what she is currently
paying attention to. Beliefs and tasks are relativized to one or more agents, and to
spatio-temporal Oframes,O situating beliefs and tasks in time and space.

The logical depbnition of belief models captures the beliefs, tasks, and attentional
state. The structures used in the logical debnition are based on the notion of Multi-
Variant State Variables (MVSV) used in MAPL to dePne multi-agent belief models
[7]. These state variables are used for several purposes. First, they can indicate
domain values, taking values in the range of an ontological sort the variable is de-
Pned for. Important is that the absence of a value for an MVSV is interpreted as
ignorance, not as falsehood (as per a closed-world assumption). In a similar way,
state variables are used for expresspntyate beliefs, and mutual orshared be-

liefs [31,19]. A private belief of agerd; about content is (basically) expressed

as (K{a;}!) whereas a mutual belief, held by several agents, is expressed as
(K{az,ap,}!). Finally, MSVSs can be quantibed over.

DePnition 6 (Belief model, attentional state)A belief models a rupleB ='A,S, K, T,F".
A is a non-empty set of agents. S is a spatio-temporal model, consisting of a set of
spatiotemporal frames and a set of relations defined over these frames (see defini-
tions below). K is a set of private and/or mutual beliefs [31,19]. A private belief
of agent &; # A about content | in spatiotemporal frame " # S is expressed
as (K "y {@&}!), a private belief of a; contributed to another agent a; is written
as (K " {[a;]a;}! ) whereas a mutual belief, held by several agents &;..a; # A
for a spatiotemporal frame " |, # S, is expressed as (K " {&;,a;,}! ) (after [7]).
Every belief ! is explicitly indexed, noted as ! [|] for an index set | with indices
from the namespace of indices for B, N(B). The namespace for a B is a set of in-
dices of content over which beliefs and tasks can be defined. T is an ordered set
of tasks. A task t, for an agent a; # A in spatiotemporal frame " # S is repre-
sented as (T " {a;}t,); a task involving multiple agents a;, ,; is represented as
(T "w{a, a;}t,). Just like beliefs, tasks are explicitly indexed: t,[l]. F is the set of
foregrounded beliefs and tasks, for which it holds that F $ (K %T ). !

DePnition 7 (Spatiotemporal calculus)Let a spatiotemporal frame be a tuple stf =
IS, T, p.#," consisting of a spatial interval S defined as a set of one or more con-
tiguous places in space, T a continuous temporal interval X °, X", and #,, a
perspective under which S and possibly T are considered relative to an agent ;.
If S, T are presumed valid under every perspective, # = & and can be omitted
from the tuple. p is a time-point, and functions as unique index for the spatio-
temporal frame. X°, X ¢ are interpreted as points on the (interval) real line such
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that X °© < X ¢, X ?is called the opening of the interval anti® the closing of the
interval. p is a time-point on the (point) real line. Givestf; = !S;, I X2, X, pi
andstf; = 1§,!X?, X p" if p # p thenX{ # X°. We assume a function

Z that provides a bi-simulation between time-points and temporal intervals [6].
Relations between temporal intervals are debned using a tractable fragment of the
Allen interval calculus [1,32] with RCC-8 (cf. e.g. [15]). In addition, the calculus

debnes the following shorthands:

¥ Given a frameFng, and X3, X5 " for identifying the present time, and a
frameF; with ! X?, X" such that~,, duringF;, thenF; is called open relative
to Frow: openFi|Fnow ), OF Simplyoper(F;).

¥ Given a frameF,,, and!X 2, , X5, " for identifying the present time, and a

frameF; with I X ?, X " such that~,,, after F;, thenF; is called closed relative
to Frow: closedFi|Fnow ), Or simplyclosedF;)

With these notions we can provide more detail to Stone & ThomasonOs four types
of context! [43], with c a contextj old information inc, e new information about
events, and the attentional state. We assume a context of type range over
beliefs and tasks iB, (and by extension so do€s and over general [Gtrue-for-
all-contextsO) rules from a domain model. To make explicit what belief or task a
c-type context in a proof step concerns, we adopt the following structure over labels
functioning as context.

DePnition 8 B-relative contexts in abductive inference)Given a query of the form

Qi =! : A. We further structureé as a term following the format of beliefs and
tasks (DePnition 6). For a modalityl (K or T), a spatiotemporal framé and

a set of agent#, we build a termM ["#]: Qi = M[" #] : A. Composition$

over contexts requires this composition to apply to the composed spatiotemporal
frames and sets of agents (to whom beliefs and tasks are contributed). Specibcally,
M["#]SM["' #] %M [" $ "' #$ #'] under labelled logics that control composi-

tion over spatiotemporal frames, and over agent setsAFbolding for all contexts

we keefd (DebPnition 2). !

For spatiotemporal frames, we control composition using a spatiotemporal calculus
(Debnition 7) to infer what relatioR can hold between two frames: (X, Y )

for the intervals represented By" ' then" $z "' in the label (cf. [13]). Similarly,

we can debne an algebra over agent sets based on a basic logic of attributing multi-
agent beliefs.
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3.4 Abduction for claribcation as a continual collaborative activity

Stone & Thomason place their abductive inference in the context of an algorithm
for comprehending and producing collaborative activity [44]. The algorithm is
based on the idea that, ultimately, what we try to understand igthetionbe-

hind an activity. Looking at it from the viewpoint of collaboration, why did the
agent do something? The algorithm aims to capture the interplay between action
and interaction in collaboration. It debPnes collaborative activity in terms of collab-
orative agents taking tacit and public actions. Tacit actions are actions which one
agent performs (mentally or physically) without those being observable (OsensedO)
by the other agent(s). Public actions are observable to all agents involved, and most
importantly, help to explicitly further a common ground.

Algorithm 1 presents a debnition of Stone & ThomasonOs algorithm. When trying
to comprehend an observed evenunderstanding builds an abductive proof éor
returning an intention presumed to underlyand updates to the context(includ-

ing updates to the attentional state). This comprehension process takes into account
the available communicative resourcesnd the horizon of contextual alternatives

Z (c) [44]. The weighted cost-based nature of the abductive inference deals with
the uncertainty inherent to such understanding; cf. also [22]. On the other hand,
producing actions is based in the possible undertaking of tacit actions set against
private beliefs, and then the selection of a message in the resulting context to be
communicated publicly to the other agents involved.

Algorithm 1 Collaborative acting [44]

loop{
Perception

e < SENSK)
(c',i) < UNDERSTAND(,Z (C), €)
C « UPDATE(C, i)

Determination and Deliberation
¢ < ACT-TACITLY (P, 0
m «— SELECT(p, ©)
i «+ GENERATHT, c',m, Z(c))

Action
ACT-PUBLICLY(a(i))
C < UPDATE(C, i)

}

Underlying Algorithm 1 is an assumption that there is a symmetry between compre-
hension and production. They are assumed todwdinated[43,44]): for a bxed
perspective, an utterance will be understood the way the speaker intends it. Stone &
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Thomason call this the Principle of Coordination Maintenance. They note that this
is a strong assumption [44], as natural communication is able to deal with divergent
perspectives and less certainty in action. The use of assertions allows us to lessen
this assumption. Certainty can be asserted, but it needs to be veriped. Should an
assertion turn out to fail, we need to revise.

The Principle of Coordination Maintenance is ref3ected in the unveribed updates
made in Algorithm 1. With assertions, it may happen that an update is not war-
ranted. For example bothENERATE and UNDERSTAND may rely on an asserted
outcome of a claribcation request. Only if this assertion is veribped, can we make
the update. Otherwise, the underlying proof needs to be expanded or revised.

Veribcation in a collaborative setting is, in and by itself, another run through the
loop in the algorithm. A claribcation question is rais&ENERATE), the answer
obtained is processed{DERSTAND), and we need to verify whether the update
made on the basis of the public action initially resulting from raising the question
is actually warranted.

Algorithm 2 Continual collaborative acting

1t=0

loop{
Perception

€ < SENSK)
(c,i," ) «+ UNDERSTAND(I,Z () ®! ', €)
C <+ VERIFIABLE-UPDATE(C,i, ")

Determination and Deliberation
C <« ACT-TACITLY (p, O
m < SELECT(p, C)
(i," ) < GENERATHI,¢',m,Z(c) & !"')

Action
ACT-PUBLICLY(a(i))
C <+ VERIFIABLE-UPDATE(C,i, ")

}

We alter Algorithm 1 to rel3ect this need for veribcation. Algorithm 2 adds a stack
I Pi of OopenO proofs, and it turnstheATE steps of Algorithm 1 into/ERIFIABLE-
UPDATE steps. The presence of a pr8obn the stack Pi indicates it has assertions
inits# -set (cf. Debnitions 2 and 5) that are either not yet veribed, or have been fal-
sibed. We provide the proof stack as argument taythieERSTAND andGENERATE
steps. This makes it possible to expand or restructure a proof currentl$i pos-

ing it to determine the next public action to make. (The use'otan be compared
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to Ginzburg’s Question-Under-Discussion structure.) A VERIFIABLE-UPDATE tests
the update to be made, based on !, i" and the underlying proof ! , against " * .

Algorithm 3 Algorithmic definition of VERIFIABLE-UPDATE

Given an input proof ! with !¢, i"
if "' = #then
"''$ pusH(!)
return ¢$ UPDATE(C,i)
else
1'$ pop(""')
end if
verified = true
for A;[asserted]  %# of ! ' do
if!1c,i" & Aj[asserted] ' ( then
verified = false
#$ #[AIAIC,I"
else
#$ #[AIAF]
end if
end for
"''¢$ pusH(!)
if verified == false then
"''$ pusH(! )
return ¢ $§ DOWNDATE(C,! ')
else
return ¢ $ UPDATE(C,! )
end if

Algorithm 3 outlines the algorithm for VERIFIABLE-UPDATE. If " Pi is empty, we
continue to make an update like in Algorithm 1: ¢ $ UPDATE(C,i). Otherwise,
Ic,i" are tested against the assertions in the # -set of the proof ! ' popped from
"', For each assertion A;j[asserted in # we check whether the intended update
would falsify A;. If so, we mark the assertionin# as A" and provide the falsifying
update, If A; is not falsified, it is marked as A*# . Should we find that one or more
assertions in # were falsified, we downdate the context with the update of ! *. We
store subsequently push ! onto "', and finally ! ' (making it the top-proof to be
addressed).

This provides for a straightforward model of clarification in collaborative activity.
If we specify a clarification in a proof together with an asserted positive outcome,
the algorithm for continual collaborative activity can verify whether the answer
is indeed subsequently obtained. If not, or if only partially so, further abductive
inference can expand or restructure the invalidated proof to continue clarification.
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4 Examples and Implementation

In this section we illustrate our approach on the following dialogue:

(1) Human places an object on the table

(2) Robot: "That is a brown object.”

(3) Human: "It is a red object.”

(4) Robot: Ok. What kind of object is it?”

(5) Human: ”Yes.”

(6) Robot: ”Aha. But what KIND of object is it?”
(7) Human: "It is a box.”

This dialogue illustrates several important phenomena we would like to capture,
in relation to common ground, grounding and clarification (§2). In (1) the human
places an object on the table. The robot interprets this activity as an intention on
behalf of the human to show the robot something. The robot accordingly acknowl-
edges this, by communicating what it understands about the object (2). Next we see
the first “conflict.” The robot believes the object is brown, which contrasts with the
human’s belief that it is actually red (§2.3: Level 3, breakdown in recognition, belief
conflict). The human corrects the robot (3). The robot accepts this correction (4),
and subsequently asks a question after the type of object it’s seeing. The human,
not being particularly collaborative, replies with “yes” (5). This leads to another
temporary breakdown in the dialogue, as a polar response isn’t an expected kind
of answer to the question the robot just posed (§2.3: Level 4, breakdown in con-
sideration, intention evaluation). The robot repeats the question (6), with a stress
on “KIND,” to stress the expected answer (and contrast with the initial and rather
unhelpful answer the human provided, (5)). Finally, the human provides the desired
information (7).

The discussion below relies on a design of a preliminary implementation of weighted
abduction, (Definitions 2 and 5), and its integration into the dialogue system and the
overall cognitive architecture we are developing. Core to the design is that we main-
tain belief models (Definition 6) at different working memories. For our current
purposes, we assume a belief model for dialogue, and one for a short-term working
memory with a-modal content (i.e. “binding” working memory [23]). These two
belief models are synchronizegin both directions. Following Lison & Kruijff’s no-
tion of context-sensitive language processing [30,29], foregrounded a-modal beliefs
are provided to the dialogue belief model to represent salient information about the
situated context(s) under consideration. We use namespace-information to appro-
priately keep track of where beliefs have their origin. This enables us to percolate
changes to beliefs across multiple belief models, and achieve synchronization in
the direction from the dialogue belief model back to the a-modal belief model. For
example, the dialogue above illustrates how a robot’s belief about visual proper-
ties (“this is a brown object”) gets corrected through interaction with a human (“no
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it is a red objectO). Another use of synchronization, resulting from updating the
foregrounded beliefs in the dialogue belief model with new beliefs in the a-modal
model, is that salient visual referents can thus become available as OgivenO without
having been explicitly introduced into the dialogue context beforehand.

(1) Human places an object on the table, (2) robot replies with Othat is a brown
object.0 Vision introduces a representation on the a-modal working memory,
identifying a Obrown object,0 which the huraarhas placed on the table. Fol-
lowing the methodology of [23], this introducesuaion on this working memory.
We use the union to create a corresponding belief for the r@bot

(K how{[ar]an @ 1:thing (object ! " Color#vhl : color! brown))) (1)

Based on its (assumed) high visual salience, the belief in (1) is placed in the fore-
ground set of the belief model on a-modal working memeéty,. This triggers
synchronization with the dialogue belief model, ensuring that this belief also be-
comes foregrounded in the dialogue belief modelf).

We treat the appearance of the a-modal beliéf jg, as asENSEaction, cf. Algo-

rithm 2. This triggers interpretation of that the observation as an act in the setting of
a collaborative activity. The interpretation is guided by the fact that in (1) we have
the robotartribute a belief toa,, . We treat the robot asa@utious agent, considering

this attribution still as a private belief. Ag was the one placing the objedt, the
attribution does make the object available for reference. At the same time it trig-
gers an explicit acknowledgment to make the belief part of the common ground.
The following proofs refl3ects this.

e ! now: show(an, @1:thing (object !'" Color#vbl : color! brown))),E)
F com put$in$focus(vl, az, az)

K[! now [ar]an]: @ 1:thing (object ! " Color#vbl : color! brown))

(2)

(2) starts with understanding the intention behind the humanOs showing the object.
The proof establishes it as an attempt to update the belief model of the robot, in-
cluding a new (attributed) belief about the object, and an updated foreground. Given
this updated belief model, the next step we take is to generate a public act. Acting
as a cautious agent, the goal of this public act is to turn the attributed belief into a
shared belief about the object.
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a2/fcom: that('Ul)
[asserted] K[! now [ar]an]:  @1:thing (ObjeCt )
[asserted] K[! now [ar]an]:  @y1:thing ! Color"(vbl : color # brown ))

e2/! now: utter(ar, Othat is a brown objecf)

@\ 1:thing (Object #! Color"(vbl : color # brown )))
e2/! now: do(FE)
KT now {ar,an}l: @1:thing (Object #! Color"(vbl : color # brown )))

3)

The proof in (3) breaks up the proposition in (1) into its elementary predications. It
then explicitly asserts the individual perceived properties ascribed to the object. An
utterance Othat is a brown objectO is then introduced as action to make the ascription
public, and yield the desired update of the observation to a shared belief. The use
of a deictic pronoun to refer tel can be assumed at low cost\asis part of the
foreground.

(3) Human indicates the robot is wrong, Oit is a red object.O (4) the robot com-
plies, O0k.O At this point, the proof stack ™ contains the proof (3). The asser-
tions about the ascribed properties are yet to be veriped. Now the human replies
with, Oit is a red object.O This yields a straightforward proof iluHmERSTAND

step.

az/ Feom: it(vl)
KT' now {ar,an}]:  @1:tning (Object )
e2/! now: utter(an, Oitis red®@,
@1.thing (Object #! Color"(vbl : color # red))) 4)
e2/! now: do(E)
Feom put$ in$ focus(vl, as,as)

K[' now {ar,an}]:  @1:thing (Object #! Color"(vbl : color # red)))

The proof in (4) assumes that there is a shared belief about the object (minimal
assumption), and that it can be referred to at low cost as itis (still) in the foreground.
The observed utterance yields a semantic representation, which the proof concludes
is the desired update relative to the object.
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The problem now arises when we try to perform the update. IBfIFIABLE-
UPDATE determines that the desired update contradicts an assertion in the proof
currently on top of the stack, (3). As a result, we downdate the incorrect belief. We
push the proof again onto the stack with a revigedet. The object assertion is
veribed, the color assertion has been falsibed by the intended updaté tzet a

red color.

Production of the next public action is now guided by the problematic proof that

remained ort' . This illustrates the continual nature of our approach. The assertion

of the color property made it possible for another agent to correctit. This resulted in
a retraction of the beliedind now leads to a step to address the situation. This step

is simple. Acting on the assumption that the human is truthful, the robot simply

acknowledges the correction, and updates its beliefs accordingly. The proof (5)
does so based on expansion of (4) to yield the desired Pnal update.

KT now {@r,an}]: correction(@1.thing (Object !'" Color#(vbl : color! red)),E’)
€2/ ! now utter (a,, Ook®&’, $)

€2/ ! now do(E’)

K[ now {ar,an}]: @ 1:thing (Object ! Color#vbl : color! red)))

(5)

The revised belief abowtl in the dialogue belief model leads to a synchronization
with the corresponding belief about in the a-modal belief model. Subsequently,
this makes it possible for the visual modality in which the belief originated, to use
the updated information to correct its categorization models.

(4) the robot asks after object type, (5) to which the human unhelpfully re-
sponds with Oyes.ONext, we assume that vision triggers a request for more in-
formation about the type of object we are looking at. Vision provides this trigger to
the motivation planner, which in turn sends it to dialogue [21]. @iB&rmination

and deliberationphase of Algorithm 2 handles the trigger by formulating a ques-
tion: OWhat kind of object is this?O Following [18,24] this question has an expected
answer, and is set against the background of shared beliefs about the object. The
shared beliefs about the object, and the fact tHais (still) part of F,m, makes

it possible to simply refer to the object using a pronoun. We then produce a proof
for a public action based on the idea that if we ask a question, and get a suitable
answer, we can make the appropriate update to our belief model. (To keep the proof
readable, we abbreviate the following semantic representation for the question to
P in the proof.)
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@bl.ascription(be 6

<Mood>int &

<Tense>pres 0

<Cop-Restr>(il:ithing 6 it 6
<Num>sg) 6

<Cop-Scope>(kl:thing 6 kind &
<Delimitation>unique 06
<Num>sg 0
<Quantification>specific 6
<Owner>(ol:thing 6 object)) 6

<Subject>il1:thing 0

<Wh-Restr>(w1l:specifier 6 what 0
<Scope>k1:thing))

K[! now {ar,an}l: @1:thing (Object )

a3/ Feom! it(vl)

e3/! now utter(a,, Owhat kind of object is it®, P)

e3/! now do(E)

lasserted] K[! now {an}] Answer! thing ©
lasserted]/eq oif e3 utter(an, X, E', P' £ Answer)

lasserted]/eq oif e3 do(E")

K" now {ar,an}l: @1:thing (Answer )

Proof (6) proceeds by assuming that both agents know aldpaind that it is still

in the foreground. It assumes a semantic structure for the utterance (provided by
content planning), realized as an utterance (using a CCG realizer). The next steps
formulate the idea that, once the question is raised, the humeesponds with an
answer. The proof needs to assert thatrst of all knows the answer, and then
provides this answer in an utterance in an ewgnimmediately following 6 )

upon the question. Provided that the answer is a proper answer to the question, we
can update the belief both agents have with that information.

The subsequent answer OyesO satisbes the assertion that the user did something. It
just wasnOt the right answer. A polar statement is not a proper subtype@fit

is amarken. At the same time, it does neither prove nor disprove whether or not

the human actually knows the answer. We are thus still left with falsiPed assertions,

an open question, and proof (6) bh.

(6) the robot repeats the question, (7) after which the human provides a correct
answer. Earlier, we dealt with falsibed assertions by simply adopting a correction
that the user provided ((3) B (5)). What makes the current setting different is that
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in this case the assertions do not concern the beliefs of the applotit statements
about the beliefs and intentions of the hunman The robot is therefore in the
position to OcorrectO B which we do by repeating the action. The repetition of the
guestion leads to a stronger stress on the phrase identifying the expected type of
answer (see also the report by Kruijff-Korbayost al.).

K[! now {&r, an}l: @y1:¢hing(ObjeCt )

as/ Feom: it (v1)

es/ ! pow utter (a,, Owhat kind of object is i, P )

es/ ! now re! do(E)

[assertedK [! 0w {an}] Answer ! thing ")
[asserted/es " ;f €5 utter (an, X,E’, P’ = Answer)

[asserted/es " i €5 do(E")

K[! ow {@r, @n}l: Qy1:thing (ANSWeET )

The subsequent answer Oit is a boxO then satisPes the assertions, and leads to an-
other update owl. This update is handled as per the mechanisms discussed already.

5 Conclusions

The paper discussed an approach to modeling continual collaborative activity, using
weighted abduction. The approach is based on earlier work by Stone & Thomason,
which it extends with more explicit handling of multi-agent belief models, and
the introduction of a notion of assertion based on [7]. The result is an approach
in which Stone & ThomasonOs strong principle on coordination between compre-
hension and production [44] can be relaxed. Should coordination fail, indicated by
failing assertions, then proof revision (expansion or rewriting) can be used as a
continual way to redress the problem. The paper exemplibed the approach on an
extended example from human-robot interaction in a continual visual learning set-
ting. The illustrations were set against the background of a design for integrating
the approach into the dialogue system and the larger cognitive architecture, and a
preliminary implementation. The examples illustrated how different issues in com-
mon ground, claribcation, and grounding come together in a coherent framework
that looks at dialogue as a continual collaborative activity.
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Contextually appropriate intonation of claribcation in situated dialogue
(preliminary report)

|. Kruijff-Korbayov & R. Meena, and G.J.M. Kruijff'
DFKI GmbH
Saarbecken, Germany
{ivana.kruijff,rame01,gj t@dfki.de

AbstractN'We develop an approach for determining con- answers should convey the same meaning, and hence be
textually appropriate intonation of grounding feedback ut- interchangeable. This, however, is not the case. What is it

terances, in particular claribcation requests raised during than  that distinguishes the response in (2b) from that in
continuous and cross-modal learning in autonomous robots. Fol- (1b)’,>

lowing the analysis in [Ginzburg, 1996], [Purver et al., 2003],
[Purver, 2004] on claribcations in human dialogue, we develop "
strategies for formulating claribpcation requests in human- (1) a. Who proved completeness

robot dialogue. As for intonation, we combine the approaches b. (MARCEL) (proved COMPLETENESS.

of [Steedman, 2000a], [Lambrecht and Michaelis, 1998] and . " o

[Engdahl, 2006] to intonation assignment based oimformation H* L L+H LH%
structure, an underlying partitioning of utterance context the .
relBects its relation to discourse context. We implement our (2) a. What did Marcel prove?

approach in the CogX system. Empirical veribcation of our b. (MarcelPROVED) (COMPLETENESS.
approach comes from psycholinguistic experiments. LiH* LH% H* LLoA
0 0.

. INTRODUCTION [Steedman, 2000a], among others, attributes the differ-

When in doubt, ask. This paradigm very much applieg€nces in these answer pairs to their information content,
to autonomous robots which self-understand and self-extefigore specibcally theinformation structurg(IS). In spoken
in the environment they bnd themselves. It is thereforBnglish, IS is realized through intonation. The intonation
essential for these systems to learn continuously about théintours shown under the answers, with the words printed
surroundings. Moreover, the learning process has to be drivéh SMALL CAPITALS indicating the alignment of the most
mainly by their own curiosity, rather then some externaprominent pitch accents (fundamental frequerfgypeaks)
motivation. During the course of learning or planning actionsand the brackets indicating the intonation phrases, originate
a robot might require additional information from a humarin the pioneering work of [Pierrehumbert, 1980]. The ut-
interlocutor. Spoken dialogue is a means through which tgrances in (1b) and (2b) with their respective intonation
robot can request new information or clarify the knowledg&ontours are not interchangeable without sounding unnatural
it has acquired about the situated environment. or altering the meaning of the dialog in the given context.

This ability to self-initiate a dialogue, besides adding The task of making the grounding feedback utterances of a
autonomy to a robotOs behavior, also allows the robot @nversational robot contextually appropriate, inevitably also
connect its belief state to that of its interlocutor. This enablggvolves intonation assignment.
the participating agents to perforgrounding and arrive To illustrate some of the issues we aim to address, let
at acommon groundClark and Schaefer, 1989]. A robotOdis Prst consider a scenario where a H(uman) presents the
grounding feedbackis one of the means to arrive at aR(obot) an object in an OemptyO verbal and visual context,
common ground. By employing a variety of feedbacks, sucke., this is the Prst object presented, there are no other objects
as acknowledgemente.g. Ol see a red box@ribcation in the scene (e.g., an empty table top) and nothing has been
request(e.g. Ols it a red box?@kambiguation requege.g. said so far. R recognizes the shape and color of the object
Ols this box red or brown?0) or simipfermation request Wwith some degrees of certainty. To verify its perception, R
(e.g. OWhat color is this box?0) a robot is able to assercan produce a veribcation request, giving H the opportunity
clarify its knowledge about its surroundings. to accept, reject or correct all or parts of ROs hypothesis:

But. is it just the lexical choice that makes up the 3) Is it a red box?
meaning of an utterance? For example, the answers to
the questions in (1a) and (2a) (sentences 4 and 5 takmRxt, let us assume that R is certain above some threshold
from [Steedman, 2000a]), contain the same exact string ofthat the object is a box, but not certain enough that it is
words, (1b) and (2b). If it were only the lexical choice thated. Instead of the more neutral veribcation request above, R
governed the semantics of these answer pairs, then both theag, for example, provide the following grounding feedback:

* Supported by EU FP7 Project OCogXO(FP7-ICT-215181). (4) Itis a box. Is it red?



The brst utterance provides amknowledgment concern- The use of contextually inappropriate intonation in situ-
ing the more certain recognized property, for the sake @ted dialogue might lead to ambiguities and/or mislead the
transparency? The second utterance veriPes the less certaitialogue participants to maintain incongruous belief states.
recognized property. Interestingly, this two-fold feedback caBuch situations would undermine the very purpose of spo-
also be combined into one utterance: ken dialogue. To avoid such miscommunication, a situated
dialogue system needs to use contextual information in the
utterance content planning and determination of intonation
Intonation plays an important role here: Intuitively, andcontour during surface realization. This in turns requires the
in line with the existing work on intonation and informationsystem to incorporate mechanism to capture, represent and
structure, accentuation can mark the part(s) of the utterangeintain contextual details.
with the highest need for veribcation, whereas that assumedThis paper is organized as follows. In Section Il we
to have been correctly recognized, and thus part of theverview the most relevant previous work on clariPcation
common ground between R and H, can remain unaccented. dialogue, and on using information structure to control
Conversely, if color is assumed correctly recognized, buhtonation of system output. In Section Il we discuss the
shape is uncertain, R can utter the following veribcatiogontextual factors that we take into account when for-
request. mulating grounding feedback. In Section IV we describe
our approach to partitioning utterances according to their
information structure, and the effect this has on intonation.
The intonation countour in (6) will, however, be practicallyThe implementation of our approach is presented in Section
hardly distinguishable from the case where both color and. In VI we sketch the experimental setup in which we will
shape are presented for veribcation: obtain empirical veribcation of our approach. In Section VII
we conclude.

(5) Is it arRED box?

(6) Isit aredsox?

(7) Is it arRED BOX?

This compact manner of formulating ROs feedback, com- Il. BACKGROUND
bining acknowledgment and claribcation request in one
utterance, is reminiscent of themplicit feedback strategy  [Purver et al., 2003] investigated the nature of clariPca-
often used in dialogue systems, e.g., [Aust et al., 1995}ions in human dialogue, using the BNC dialogue corpus.
[Larsson, 2002] where parameters extracted from userOs They chart out the range of possible forms of claribcation
put recognized with high conbdence are incorporated int@quests (CR), together with the range of readings they
the next system prompt, e.g., OWhen do you want to travedn convey. Their analysis reveals the frequency of vari-
to Paris?0 incorporates the recognized destination city ifigs CR forms, withreprise (50%), non-reprise (12%) and
the next prompt asking for the date of travel. conventional types (30%) of all. Moreover, 60% of these
When the verbal and/or visual context is not emptyieprise CRs were ofeprise fragment type i.e. elliptical
additional factors inRuencing accent placement becomiéeral reprise [Ginzburg and Sag, 2000] of a fragment of the
relevant. Previous research has addressed the context@ad-in utterance. From our experience with conversational
factors inBuencing accent placement. For example, it I9bots, we come to an observation that similar CR forms
widely accepted that in statements accent is assign€dn be employed in a human-robot conversation. However,
to those words that distinguish a referent from relevargince we aim to build autonomous conversational robots that
alternatives available in the context [Steedman, 2000b¢an self-initiate a clariPcation dialogue, we do not always
[Steedman and Kruijff-Korbayay 2003]. This role have a preceding utterance that is being claribed (as is the
of accent placement is present in questions, toease inthe BNC), and from which the claripcation form can
[Lambrecht and Michaelis, 1998], [Engdahl, 2006], ande derived. Under such circumstances we need alternative
similar principles hold. The second conbrmation requegpproaches to formulate the CRs in our system.
by R in the following example illustrates accent placement Since intonation of CRs is our main focus, we fol-
w.r.t. previously mentioned objects: low SteedmanOs theory afiformation structure (1S)
[Steedman, 2000a]. In SteedmanQOs view, the IS of an ut-
terance is composed of two parts. One of these parts links
the utterance to the current discourse context (teee),
and the other part contributes information (theme). As
an illustration, refer to the bracketing in (1b) and (2b)
which indicates the theme-rheme segmentation in view of
the respective questions. However, like most of the ex-
1R can of course misrecognize objects and/or their properties, as well Igling work on IS, SteedmanOs theory makes predictions
be wrong in assessing its (un)certainty. That is why grounding feedback &bout the intonation of statements. Some preliminary hy-
eszse““a" _ rPotheses concerning the IS in questions are formulated
R may make a short pause after the Prst utterance, to give H tone] [Prevost and Steedman, 1994a], but these only concern

opportunity for positive or negative feedback. If H gives positive or no ) : -
feedback, R goes on. information-seeking wh-questions.

(8) (H presents a red cone)
R: Is it a redCONE?
H: Yes, thatOs right.
(H presents a blue pyramid)
R: Is it aBLUE cone?
H: No, itOs a blue pyramid.



Among the existing investigations into the IS of questiongo information-seeking questions: we include acknowledg-
[Lambrecht and Michaelis, 1998] have discussed in detaihents as well as claribcation requests, and ultimately other
accent placement in information questions. Their discussidgpes of questions. We include both fragmentary grounding
addresses predominantly questions requesting informatidiegedback and full utterances, and address varying placement
but they also mention some examples of CRs, also includingf pitch accents depending on context and communicative
echo questions (also called reprise-questions in the literatuietention.
[Bolinger, 1989], [Engdahl, 2006]). [Engdahl, 2006] in her
work on information packaging in questions highlights the
role of question under discussion (QUD) [Ginzburg, 1996] We now discuss a range of contextual factors that we
in providing the right locus to account for focus-groundtake into account as shaping the content and surface form of
articulation of utterances. When a speaker produces an uttgrounding feedback in our system. Currently we concentrate
ance with a particular information packiging, this provideon feedback that grounds entities and their properties; we
information about their information state, what s/he knowfeave grounding of actions for future work. That is, a
and what s/he wants to achieve at this point. feedback utterance concerns a referent (currently just a single

With regard to practical applications, early work on con-one) and is clarifying some of its properties.
trolling the intonation of synthesized speech w.r.t. context a) Competing referents in verbal and visual context:
concerned mainly accenting open-class items on brst meWe distinguish situations where the context prior to the CR
tion, and deaccenting previously mentioned or otherwisetterance is empty or non-empty. Empty preceding verbal
OgivenO items [Hirschberg, 1993], [Monaghan, 1994]. Babntext means that no entities have been mentioned prior
such algorithms based on givenness fail to account for cep the CR utterance. Empty preceding visual context means
tain accentuation patterns, such as marking explicit contrabtat no entities have been made visually available. In the
among salient items. Givenness alone also does not se&mst scenario described in the introduction (example (3),
sufbcient to motivate accent type variation. when the brst object is placed onto an empty tabletop and

In [Prevost, 1996] contrastive accent patterns and sonm®thing has been said yet, the verbal context is empty and
accent type variation are modeled using SteedmanOs apprdhehvisual context contains only the one object, the referent
to IS in English. In one application he handles questiorthat the CR addresses. We conjectured that in this situation,
answer pairs where the question intonation analysis in IBe speaker is quite free in formulating their utterance to
terms is used to motivate the IS of the corresponding answeefRect their assumptions about the common ground and
realized through intonation. Another application concerns irtheir communicative goal(s), e.g., signaling by intonation
tonation in generation of short descriptions of objects, whenghat they consider most important about the referent, as in
Theme/Rheme partitioning is motivated on text progressioexample (5). As soon as either verbal or visual context is
grounds, and Background/Focus partitioning distinguishe®n-empty, the speaker needs to take into account similar
between alternatives in context. entities available in the context, and properly distinguish the

In [Kruijff-Korbayova et al., 2003] and intended referent from them, as in example (8). It is well
[Baker et al., 2004], a similar [S-based approach i&known that salience plays an important role in this case.
applied to assign contextually appropriate intonation to the b) Salience: In this paper we have been explicitly
output of an actual end-to-end dialogue system (Germdncusing on a scenario where a H(uman) places and object
and English, respectively). The reported evaluation results a tabletop in front of the R(obot). This makes this
show that this leads to qualitative improvements. object inherently salient. We conjecture that even if the

The intonation of questions, and CRs in particular, has sdsual and/or verbal context is non-empty, the just placed
far been largely neglected in dialogue systems. The praobject is the most salient one, and thus allows deictic
tical applications mentioned above all concentrated on theference (e.g., OitO, OthisO, OthatO, Othe/this box0). For oth
assignment of intonation in statements. However, a series cdises we will employ existing algorithms for generation of
production and perception experiments around thedtiNs referring expressions, particularly ones that take verbal and
dialogue system [Edlund et al., 2004], shows that fragmemisual salience into account [Krahmer and Theune, 2002],
tary grounding utterances in Swedish differ in prosodic fegKelleher and Kruijff, 2006], [Zender et al., 2009].
tures depending on their meaning (acknowledgment vs. clar- ¢) Source of problem: EXisting work on CRs has inves-
ibcation of understanding or perception), and that subjectigated the relationship between the form of a CR and the
differentiate between the meanings accordingly, and resposdurce of trouble that trigers it, inspired by therion lad-
differently [Edlund et al., 2005], [Skanze et al., 2006]. der [Clark, 1996]. Thus, [Rodiguez and Schlangen, 2004]

In a study of a corpus of German task-oriented humardistinguish between problems in channel, acoustic or lex-
human dialog, [Rodiguez and Schlangen, 2004] also founétal recognition, parsing, reference resolution and intention
that the use of intonation seemed to disambiguate clarilrecognition. [Rieser and Moore, 2005] extend this repertoire
cation types, with rising boundary tones used more often toith ambiguity rePnement and belief conbrmation. This
clarify acoustic problems than to clarify reference resolutionvork has addressed CRs with verbal antecedents, that is,

Our work extends the use of information structure to con€Rs addressing problems in natural language understand-
trol the intonation of dialogue system output beyond answeisg (typically speech). In our system, visual recognition

Ill. FACTORS INCR FORMULATION



constitutes an additional potential problem source. In thiexpectations, and it is not straightforward to see the CR as
paper, it is the latter that we concentrate on. As pasd reprise of a previous move:
of the Cogx project [Kruijff and Jadyek, 2_009] formulate. (14) H: 1 will now show you some red objects.
an abduction-based approach to planning CRs following R: Okav!
[Stone and Thomason, 2002], [Stone and Thomason, 2003], : y:
) . . H: (shows a red ball)
[Thomason et al., pear] and extending this approach to in- : .
. ) . . R: (recognizes a red ball) A red ball.
clude misunderstanding or lack of understanding relative to :
; H: (shows a red box)
a situated context. R: (recognizes a box of a different color)
d) Multiple communicative goalsAs we have pointed WHAT cglor is the box?
out in the introduction, when there are multiple communica- '
tive goals pertaining to one referent, we consider ways of In both these examples, the intonation indicates that R has
formulating an utterance that satispes these goals simultameuble matching the recognized color to the expected color.
ously. Example (5) illustrated a case of acknowledging th&his is different from not being able to recognize the color
type of the referent and verifying its color in one utteranceat all, as in example (9). In both (12) and (14), R could
e) Claribcation issueWhile the range of issues under alternatively formulate the CRs as a fragment:
claribcation is potentially very broad, we currently focus just 15) Red?
on CRs pertaining to either the type or visually recognizable( ) e- ’
attributes of a referent. That is, for example, whether the Is it red?
referent is a box (or a ball, etc.) and/or what is its color, A RED box?
shape, size and potentially also location w.r.t. other objects.
f) Claribcation hypothesis:The system either recog-
nizes the type or attribute(s) of an object with some degree &
certainty, or it is at a loss. When it has multiple hypotheses16) Is the box nosLUE?
they may be competing (i.e., com_parably good) or _there may 1sn®t the box blue?
be a single best one. Correspondingly, the system is then able
to formulate CRs with increasing degree of specibcity: (17) s the boxsLUE?
(9) What is it? (no hypothesis) ~ While ROs responses in (14) and (15) only indicate
unvillingness to accept that the color of the object is red,
(16) in addition proposes what R thinks is the correct color.

Moreover, if R is quite sure that the object has another
plor, it could also say:

What coLOR does it have?

(10) Is it acCONE Or aPYRAMID? (competing hyp.) e conjecture that the decision to take initiative and make an
Is it RED or BROWN? alternative proposal depends on the presence of a hypothesis
(11) Is it acONE? (single hypothesis) (in this case: color) of which R is certain above some
threshhold.

?
IS the boxRED h) Re-raising an issueWhen R poses a question but

g) ConBicting expectationsin the examples we dis- does not get a response that it can interpret as an answer, it
cussed so far, the system was recognizing objects Ooutneleds to reiterate its question. We need to keep track of this
the blueO, that is, it had no expectations or information froin order to ensure that reiteration is not a repetition. Besides
other sources about the objectOs properties. But we also wamtaltogether different formulation of the question, what par-
to consider situations when a CR arises because recognitifitularly interests us is the intonation of a repeated request.
results could not be integrated with ROs beliefs for sonmhere is the option of using the same intonation pattern,
reason. This arises for example when visual recognition anslit more pronounced accentuation in this case, e.g., a pitch
linguistic interpretation give conRicting results: accent with higher intensity. Another possibility suggested

(12) H: (shows a red box) This box is red. in [Engdahl, 2006] is using a different intonation pattern,

) articularly, different placement of the nuclear accent.
R: (does not recognize the color as red) P ¥ P

WHAT color is the box? (18) WhatcoLoR is the box?
Alternatively, the wh-phrase can be left situ, realized  (19) WHAT color the box?
with noticeable rising intonation [Engdahl, 2006]: Engdahl suggests that by accenting an initial wh-word
(13) The box hasvHAT color? in an information question the speaker may signal that

Othe issue she is introducing is one that has already

The place_ment of the pitch accent on _the wh-word 'Been raised in the converstion but not been resolved®
appropriate in a context where some specibc value has Jlféihgdahl 2006][p.101]
been mentioned. Bolinger coined the tereprise questions '
for questions that OreplayO a (part of a) previous utterancésve believe that the expectation could also arise by inference generalizing
[Bolinger, 1989], [Engdahl, 2006]. But this intonation pat_from_previous actions, thus not on the basis of any verbal clue. For example,
itable i f situations when the rec if Ris shown one red object after another, it may form the expectation
tern seems suitable in a range of situati W Qat more red objects will follow. When an object arives that R does not

nition results are incompatible with contextually establisheekcognize as red, we believe it can also pose the CR as in (12) or (13).



i) Authority/responsibility for an issue: On the ba- Steedman concentrates on certain aspects of intonation

sis of corpus-based experiments in Swedish reported that primarily have to do withnformation structure, as a
[Gustafson&apkpow, 2005], [Engdahl, 2006] points out partitioning of utterance meaning reRecting its relation to the
that, contrary to common claims in the literature aboutontext. He recognizes two independent dimensions of IS:
declarative questions, declarative utterances are often intdihe Theme-Rheme partitioning refects a notion of aboutness:
preted as questions even without any formal signal, such #ee theme maintains a link to the discourse context, i.e., to
a rising prosodic gesture. She summarizes that statementsat has been previously mentioned or can be considered
about the addressee are commonly understood as requestsalready established, and thgeme contributes some
for conpPrmation (checks). We would like to take this furtheinformation about the theme. The second partitioning is into
and claim that what really is at stake here is who has thBackground and Focus, where focus ref3ects where a theme
responsibility to resolve an issue: if it is the speaker, ar a rheme differs from alternatives in the context. The
formally declarative utterance is interpreted as a statememglation between intonation and IS is, in a nutshell, that (i)
whereas if it is the hearer, it can be interpreted as a requebkemes and rhemes constitute intonation phrases; (ii) main
for conbrmation. pitch accents are assigned to words realizing the focus within

The relevance of speakerOs vs. hearerOs responsibility theme or a rheme; (ii) the type of accent depends on
also suggested in [Steedman, 2000a] when comparing differhether the focus is within a theme or a rheme. Regarding
ent theme- and rheme-tunes. In the future we would like tboundary tones, Steedman argues that a falling boundary tone
investigate whether these two lines of thought can be brougsignals the speakerOs responsibility for (ownership of) the
together. corresponding information unit, whereas a rising boundary

The contextual factors listed above inRuence the formuene signals the hearerOs responsibility/ownership.
lation of CRs in various ways, and therefore need to be The combination of accents and boundary tones gives rise
available to the utterance planner. We are still in the proce$s theme-tunes and rheme-tunes. As an illustration, observe
of bnding out what and how to encode explicitly in the inputhe intonation contour of the utterances in (1b) and (2b). The
representations (cf. Section V). We recognize that there areemes exhibit thdl* L(L %) tune, where thd.(L.%) tone
interactions and interdependencies between the factors, amdrks the intonational phrase boundary. The themes exhibit
it is part of our ongoing and future work to pin at least soméhe L+H* L(H%) tune.
of these down.

A. Intonation in statements
IV. INTONATION IN CRs Similarly to the earlier work cited in Sec. Il, we can

Intonation has several aspects. According to the awtraightforwardly apply SteedmanOs approach to the assign-
tosegmental phonology approach [Pierrehumbert, 1980hent of intonation in acknowledgments, which are state-
[Ladd, 1996], the intonation contour of an utterance consistaents of what the robot has perceived or understood with
of intonation phrases, and these are described in terms sffbcient certainty. Consider the following example, assum-
accents and boundary tones of various types. The literatureg an empty verbal and visual initial context:
is rife with discussions of the meanings of various intonation

contours of statements, including dicussions of the meaninggzo) a. H places a red box

differences ascribed to different accent types and their place- b. R recognizes a red box with sufpcient certainty
ment_ on di_fferent words yvithin an utterz_ince. Howeyer, much c. R: (Itis)y (aRED BOX)R
less is available concerning the intonation of questions. Most H* H* LL%
work addresses boundary tones, but very little research has
addressed accent types and placement in questions. d. H places a blue box
Grounding feedback of course involves both statements, e. R recognizes a blue box with sufbcient certainty

—h

such as ackrjowledgments, and various types of cIariDca}tion R: (THIS)r (is a BLUE box)

requests which can be broadly characterized as questions, LH* LH% H*  LL%

even though they are not always realized by full sentences,

and when they are, they may have interrogative or declarativeThe theme-rheme partitioning of (20c) can be derived

syntax. by assuming that upon presentation of a new object, the
We take SteedmanOs approach to intonation in Englisisue of what type and properties hold of this object is a

[Steedman, 2000a], [Steedman, 2000b] as a starting poinglevant theme to address. This theme can alternatively be left

because it is an approach that (i) tightly couples intonatioout from the explicit realization, producing the fragmentary

with grammatical structure; (ii) associates intonation wittacknowledgment OAED BoxO. The rheme contains two new

discourse meaning in terms of information structure; (iiipieces of information (namely, the type of the object and its

provides a compositional semantics of English intonationolor), which can both be assigned focus, and thus accent.

in information-structural terms; (iv) assumes a general ISsiven accent-projection rules of English, the overt accent on

sensitive notion of discourse context update; (v) has provabe adjective is optional in this case.

its worth in previous practical applications to control intona- When the interaction continues in (20cd), the context is no

tion assignment w.r.t. context. longer empty. While the theme-rheme partitioning of the next



robotOs response could be parallel to that of (20c), resultiogrrespond to an established topic. Essentially, accents mark

in Olt is aBLUE boxO, (20f) shows a more fancy alternativethose parts of the KP that are not included in a TP, i.e., not

Its theme is construed as contrastive, indicating that the newatibed as topics in the discourse. The following example

object is different from another object available in the contextom [Lambrecht and Michaelis, 1998][ex. (41a), p. 525ff]

(namely, the red box). About this theme it is then assertdlustrates their analysis:

that it is of type box and is blue. Within this rheme, it is . .

the color prongty that distinguishes the current object from(21) What cities did yow1siT?

the previous one, and therefore is assigned focus, and thus Contexts:

becomes accented. i. 1 heard you went to France and visited various
An open issue in this area is, how to assign focus when the cities.

verbal and visual context differ, i.e., not all visually available

objects have been verbally mentioned or some verbally li. 1'heard you avoided Paris on your trip to France.

introduced referents are not available visually. Do referents Presuppositions:

recently mentioned verbally or those available visually have KP: You visited x cities (in France)

a higher priority as contextual alternatives for the purpose TP: in context (i): Oyoud and OcitiesO are ratibed topics
of contrast? Or are they all equal? This is a question of in context (ii): Oyou did something with respect
deciding between or combining visual and verbal salience, to cities (in France)O is ratiped

which requires further research. Assertion: x=what?

B. Intonation in questions Focus : what

We think of questions as including (at leastformation The accent falls on OvisitO by default, because the other
requests(IRs) and claribcation request{CRs) requesting parts of the KP, Oyou® and Ocities®, are ratibed topics in both
additional information or veribcation from the heate8yn-  contexts, and therefore unaccentable. In context (i), the Oyou
tactically, these may be interrogative or declarative sentencgsited some cities® is activated, but not (considered by the
or non-sentential fragments. The interrogative sentences M&Yeaker) ratiped as a TP. In context (i), Oyou visited some
be wh-questions or yes/no-questions. citiesO is construed (by the speaker) as contrasting with an

Our notion of CRs is broad, and potentially hard togjternative proposition activated in the context, namely Oyou
delineate from that of IRs because it includes not onlyyoided some city®.
requests for veripcation of a previous verbal utterance (alsowe think that there is another possibility, although
called checksor check question the literature), but also [Lambrecht and Michaelis, 1998] do not discuss it: namely,
requests for veribcation of uncertain or missing informatiofhat the context in (i) also allows the speaker to consider
about the visual scene or of the robotOs inferences, whi®jou visited some cities® as a ratibed topic, in which case
may or may not have a verbal antecedent. their rules would license accent placement on OwhatO, since

Few authors have discussed accent placement in questi@e propositional function in the KP is an already ratibed

and the associated discourse meaning@je draw on the topicO [p. 535], i.e., the KP and the TP coincide:
approach [Lambrecht and Michaelis, 1998], who studied the

formal and pragmatic principles that govern the placemen{22) WHAT cities did you visit? _ _
of sentence accent in Englishformation questiongIQs). TP: Oyou visited some citiesO is a ratibed topic

While they do not debne what they mean by 1Qs, their This js 4 CR to clarify, furtheiidentify a referent An-

discussion addresses wh-questions used as IRs and, in a {R¥er case of accenting the wh-word is for metalinguistic

cases, as CRs (request to repeat, i.e., an echo question,fsons, ircho questioni.ambrecht and Michaelis, 1998],
request to identify/clarify a referent). [Bolinger, 1989].

[Lambrecht and Michaelis, 1998] propose that in 1Qs the
sentence accent does not fall on the focus, i.e., the wh{23) A: | went to France and visitednaudible"
word (though sometimes it can). Instead they argue that B: WHAT did you visit?
Othe sentence accent in 1Qs represents an independently Presuppositions
motivated type: the topic-establishing or -ratifying accents
observed in declarative contexts to co-occur with focus
accentO [p. 539]. They propose a set of general principles
for accent placement. Their analysis of IQs relies on Lam- Applied to our scenario, the approach of
brechtOs theory of information structure, and in particulfirambrecht and Michaelis, 1998] seems to make the
his distinction betweeknowledge presuppositiofikP) and following predictions:
topicality presuppositionTP) [Lambrecht, 1994]. The KP

of an 1Q is an open proposition, which may or may not (24) Context: empty initial verbal or visual context;
H places a red box;

4At the moment we do not cosider rhetorical questions. R.rECOQmZGSObjl to be a pOX.With sufbcient cer-
5See [Lambrecht and Michaelis, 1998] for an overview. tainty, but does not recognize its color

KP: You visited x (ig France)
TP: Oyou visited xO is a ratibped topic



Acceptable presuppositions:

KP: obj; is a box and has color x

TP:  obj; is a ratified topic (by virtue of having
been ostentatively placed in front of R);
‘obj1 has some property’ is a ratified topic
(objects have properties and the ascription
of properties to objects is something R
does/learns)

Assertion: x=what?
Focus : what

Possible realization:
What COLOR does it have?

The accent lands on “color” because the color property
is one of possible object properties. Referring to obj; by a
pronoun is justified because it is a ratified topic. In order
to produce a reference by a full NP “the box”, we need to
appeal to the fact that although obj; is ratified as topic, it
has not yet been grounded among the interlocutors that it is
a box.

The following example shows a realization that (we be-
lieve) is infelicitous in the above context:

(25) WHAT color does it have?

KP: obj; has x color
TP: ‘obj; has x color’ is ratified topic

If the given TP holds, then the accent will end up on
“what” as the only possibility, because the KP and the TP
coincide. It is hard to justify why this TP should be blocked.
All physical objects have at least one color, after all, and
recognizing and learning objects’ colors is one of the things
that R does.

We believe that [Engdahl, 2006] helps us to resolve this
apparent puzzle. She points out that although sentence-
initial wh-phrases are normally not accented in English, it
is possible to accent them in certain uses, specifically, when
the speaker is introducing an issue that has already been
raised in the conversation but not been resolved. The accent
on “what” is thus blocked in (25), since the issue of the color
of obj; has not been previously raised. Note that in (22), the
issue ‘you visited some cities’ has been raised in the context.
An issue can be raised explicitly in a preceding utterance
but also more indirectly. [Engdahl, 2006] formulates her
interpretive account of accent placement on the wh-word
or elsewhere in a an IQ, and the placement of the wh-
phrase in-situ or sentence initially in terms of question under
discussion(cf. also [Ginzburg, 1995a], [Ginzburg, 1995b],
[Roberts, 1996]). Topic ratification following Lambrecht,
theme- and rheme-alternative presupposition resolution fol-
lowing Steedman, or question under discussion accommoda-
tion following Engdahl are tightly related, and more research
is needed to operationalize them.

Lambrecht’s notion of topic and Steedman’s notion of
Theme are largerly compatible (at least for our practical
purposes). Our approach is, therefore, to integrate these two
approaches to IS in IQs.

In an early paper on IS partitioning,
[Prevost and Steedman, 1994b] suggest that wh-questions
of the form illustrated in (26) consist of a theme and a
rheme, as follows:

(26) 1 know what the CAT scan is for, but
(WHICH condition)7 (does URINALYSIS address)r?
LH* LH% H* LL%

The Rheme of the question sets the theme of the corre-
sponding answer:

(27) (URINALYSIS addresses)7 (HEMATURIA)R.
LH* LH% H* LL%

All the questions used in [Prevost and Steedman, 1994b]
have two accents of different types. This is indeed an
indication of two information units, a theme and a rheme.
It is not entirely clear how to analyze questions with just
one accent in Steedman’s approach. One possibility is that
they contain a theme-rheme partitioning, but the theme is
prosodically unmarked, because either the theme does not
contain a focus, or the focus is not assigned an accent (since
accenting theme-focus is optional in the presence of a theme
focus). Another possibility is that such questions constitute
just one information unit, either a theme or a rheme — as
should be reflected in the type of accent (if Steedman is right
about the correspondence between accent type and theme- vs.
rheme-focus in English).

[Lambrecht and Michaelis, 1998][p. 531] note that the
open proposition presupposed by an IQ (i.e., the KP) consti-
tutes a topic-comment structure, too. Unlike in statements,
where the comment is asserted, in IQs it is itself presupposed.
In their example (41a) reproduced above as (21), ‘cities’ is
said to constitue a topic and ‘did you visit’ a comment.

For the time being, we are not excluding any of the three
possibilities for theme-rheme partitioning in IQs. Which one
obtains in a specific case should depend on the context and
the communicative goal of the speaker. The context may
constrain, but sometimes does not fully determine the IS of
an utterance. This holds of questions as well as statements.
The speaker has considerable (but not unlimited) freedom in
articulating their utterances.

In order to also deal with polar questions(PQs), we
our approach combining [Lambrecht and Michaelis, 1998]
and [Steedman, 2000a] to them. Thus, a PQ involves a KP
concerning the validity of the proposition in question. The
proposition itself can be viewed as having an IS partitioning
like the corresponding statement would have. Again, it is
conceivable that we will find PQs with the full theme-
rheme partitioning, as well as ones that only constitute one
information unit, a theme or a rheme.

V. IMPLEMENTATION

The production of verbal CRs in the CogX system con-
sists of the following phases: communicative goal planning,
utterance planning, surface realization and speech synthesis.
Communicative goal planning is described in more detail
in [Kruijff and Janicek, 2009]. Below we give more details



about the remaining phases. The utterance planner takes ame use a shallow classibcation of speech acts following
abstract logical description of a communicative goal as inpufSearle, 1975], and incorporating basic insights from the
and produces one or more logical forms that represent hdbAMSL [Core and Allen, 1997] classibcation débrward-
that goal can be expressed in a contextually appropriat@oking functionsCurrently, we distinguish assertions, ques-
way. The logical forms are then realized into utterancesons, directives and greetings. Grounding feedback utter-
using the OpenCCG realizer [White and Baldridge, 2003Rnces are either assertions (in the case of acknowledgements)
[White, 2006]. or questions (in the case of CRs). Thackward-looking

To represent communicative intentions, and the corrdunctionof a communicative act is captured as its relation to
sponding utterance meanings at all levels of processing, e context. CUrrently we distinguish between accept, reject,
use ontologically rich, relational structures [Kruijff, 2005] clarify and answer.
based on the Hybrid Logic Dependency Semantics The nominalel of sort ascribe in Content feature

(HLDS)[Kruijff, 2001], [Baldridge and Kruijff, 2003]. inBuences the type of main verb in its predicate part of the
utterance, and thus its overall structure. In this case it also
A. Utterance planning for CRs means that a full sentence will be produced. The relations

Our implementation of utterance planning for CRSembedded within the main predicate depend on its type. In

is an extension to [Kruijff, 2005]. We specify the the current _example, the relationz_zll featurarget repre-
planning grammar assystemic networkgKruijff, 2005], sents an object referred t_o, tp whl_ch a pr(_)perty represented
[Mathiessen, 1983], [Bateman, 1997]. These systems taHgder theProperty  relation is bemg ascnbed._ .

an abstract logical form as input, and enrich them with UndeGCntext » We currently.canilnclude a list of active
specibcations of the desired linguistic realization, that tak ferents in the verbal and/or situational context, with their

available context information into account. There is, Ofel_f_z\r:antt{aropertlesl. (See eixanjtf]le (29) belov;.a)b tent
course, a tight relationship between the choices made by the € utierance planner algornthm processesibatent -

utterance planner and the realization options available in tﬁ)@rtt of .the |Tputkretprgfentathn ;Iintd appl_ler.? fﬁ/.SteTS Otf the
grammar of the realizer, systemic network to its nominal to enric is structure

Let us illustrate the abstract logical forms used in ou\rN'th additional syntactic and semantic features relevant for

. . . realization. Let us have a brief look at this process.
system. Since this work is under development, these forms . . .
A systemic network is a collection of systems. Each

are still subject to modibcation. o .
) system has an entry condition checks the presence of specibc

(28) @u1: avp(c-goal nominal and/or specibc feature values in the input logical
1" SpeechActiuestion form. On having met its entry condition, the chooser associ-

1" Relation#clarify ated with the system applies. A chooser is basically a n-ary

1" Content#{el : ascription decision tree. Each node in the tree has a condition, which

1" Target#(bl : entity leads to nodes further down the tree. The leaf nodes in such
1" Salienttrue) a tree represent action(s). These actions include adding new

1" Property#{(b2 : entity! box relations, features and propositons in the current logical from.

1" Color#(b3 : quality ! red ! As a consequence the abstract logical forms is enriched with

" K nown#uncertain))) additional features. Moreover, these enriched forms can then

1" Contextempty) also become input to another system, and so on.

For example, the presence of th8peechActquestion

The relational structure in (28) uses standard operators figature triggers a system responsible for tense, aspect
model relations between features in HLDS [Kruijff, 2001],and mood, which can add the attributeMood"int
[Baldridge and Kruijff, 2003].@,!R"m implies that there (int:interrogative), if the decision is to produce an interrog-
is a relationR between nominalsi and m. A nominal is ative question (rather than a declarative one). This choice
a formula, which is interpreted as a unique reference to guides the realizer further to decide between a wh-question
state in the underlying model theory of the logic. Moreoverand a polar one, and to insert the appropriate structure
nominals can be sorted, to indicate the ontological categohjts. Moreover, since we want to produce spoken output,
of the proposition that holds at the state referred to by thend we want to control its intonation, we have a system
nominal. A detailed explanation of the HLDS structures ishat assigns the type of bnal boundary tone, in this case,
available in [Kruijff, 2005]. Below we briey elucidate those! UtFinalBT "rising .
aspects that are relevant to the current discussion, i.e., howNext, the presence of a nominal of sort ascription
does this form capture the systemOs intention to raise a Giiokes a system, which adds an intransitive vieetas the

and the necessary contextual details. main verb. The presence of this intransitive verb triggers an-
This structure specibes: the intention of a communicativether system to look for its arguments, in this case the scope
act, SpeechAct ; its relation to the contextRelation ; and restrictor. The arguments of the ascription predicate are

the contentContent , which consist of a predicate and itsrepresented in the logical from under the relational feature
arguments to be communicated; and a relevant portion of th& arget" and!P roperty".
current discourse contex@ontext . For a nominal referring to an entity, further systems



are invoked, which brst of all decide whether to use a&ed competitors which are not boxes. We have the following
pronominal or full NP reference. In our example, a proinput representation:
noun will be used for the entitypl in the !Target",
because the entity is salient. A full NP will be used for
IProperty". For this, further systems include additional
details such ad,Num"sg, ! Quantification "specific, and
IDelimitation “existential . Finally, the featurécolor” will
trigger systems for adding a modiber to the noun.

The structural decisions discussed so far amount to a plan
to realize the questioit it a red box

Now let us describe how we plan the information-structure
of an utterance. In the implementation developed so far, we
work without the theme/rheme distinction and consider the
utterances all rheme, for the time being. Fous is assigned
either based on contrast w.r.t. alternatives in the context,
or, in the absence of alternatives to contrast, to the most
informationally prominent part of the utterance. In the latter
case, as we suggested earlier, focus can for example belhe systemic networks will then accordingly place the
assigned to indicate an uncertain property value. That is whi@cus on the type of the entity in the ascription predicate,
we do in the current example. For the sake of comparisohamely OboxO. Furthermore, let us assume that this time
let us consider another version, where the context is nédund the utterance planner decided to produce a demon-
empty, i.e., the Context" feature contains a list of relevant Strative pronoun in the subject, reRected by the feature

(30) @qgz1:avp (c-goal
1" Speech Act#question
1" Relation#clarify
1" Content#{(el : ascription
1" Target#(bl : entity
1" Salient#true)
1" Property#(b2 : entity ! box
1" Color#(b3 : quality ! red !
" Known#uncertain)))
1" Context#(bd : de $ list
1" First#(b5 : entity ! ball
1" Color#(b6 : quality ! red))
1" Next#(b7 : entity ! cone
1" Size#(b6 : quality ! red))))

alternatives/competitors: Iproximity "proximal , and a declarative CR: this changes
the mood, while the boundary tone will still be rising. Here
(28) 1" Contexttempty)(bd : de $ list is the corresponding logical form:
P Firstib : entity | bOm, (31) <Content>(el:ascription
1" Color#(b6 : quality ! black)) 6 be 6 <Tense>pres
" Next#(b7 : entity ! box ! & <Mood>decl & <UtFinalBT>rising 6
"Size#(b6 : quality! small)) <Cop-Restr>(bl:entity 6 context

0 <Proximity>proximal
0 <Delimitation>unique 6 <Num>sg

Given that both these other entities are boxes, we assign 6 <Quantification>specific) 6
<Cop-Scope>(b2:entity 6 box

focus to the color attrl_bute df)2._ In this particular case the _ 6 <Focusstrue 6 <NUM>sg
result is the same as it was without the contextt, but that is 6 <Quantification>specific
of course a coincidence. 0 <Delimitation>existential

At the end of the utterance planning process, the bnal 6 <Modifier>(b3:quality 6 red)) 6
logical form specifying the content of the utterance, enriched <Subject>(b1:entity)

with a range of features relevant for a contextually appropri-

ate form of realization has the following shabpe:
These logical form are then provided to the OpenCCG

(29)  <Content>(el:ascription realizer for realization.
0 be 6 <Tense>pres
0 <Mood>int & <UtFinalBT>rising 6 B. CR realization

<Cop-Restr>(bl:entity 6 context

6 <Delimitation>unique 6 <Num>sg The realizer should produce a (ranked) set of possi-

6 <Quantification>specific) 6 ble utterances and a range of possible intonation contours
<Cop-Scope>(b2:entity & box for each of them. We follow the approach advocated in
0 <Num>sg - [Steedman, 2000a], [Steedman, 2000b] of specifying intona-
0 <Quantification>specific tion compositionally in the grammar. To integrate intonation
0 <Delimitation>existential ithi L. | h Iti-l I si
6 <Modifier>(b3:quality & red within our existing grammar, we employ the multi-level sign
6 <Focus>true)) 6 approach of [Kruijff and Baldridge, 2004].
<Subject>(b1:entity) The intonation model we use originates with the model of

intonation in [Pierrehumbert, 1980]. The core components
of this model arepitch accentsphrasal tonesand boundary

For comparison, let us consider an alternative example, [RNeS Pierrehumbert identibed the ways in which these

which a CR request is produced against a context Contain”q&mponents can be combined to form fiiecontours.
Words in English language are associated with lexical

6The utterance planning process is monotonic, but relations and featur%gresS which aSSIgnS one Sy”able greater prommence How-
that the realizer does not use are pruned in a bpnal Oclean-upO step.  ever, it is the relative prominence of the words in an utterance



that determines its intonation contour. We refer to this typf we want adjectives such as Ored® to be marked with
of prominence agpitch accentH* andL* are the most basic the rheme-accent, we need to add anothetry in this
pitch accents. While words bearilj* are realized as a tone family that takes an adjective as an argument and results
occurring high in speakerOs pitch rankg,is realized as in a rheme-accent bearing modiber. We extend gigms

a low tone. There also exist bitonal pitch accents such agth an additional syntactic featurgitacct to capture the
L+H*, L*+H, H+L* andH*+L An occurrence of ghrasal type of tune marking of a sign. This new syntactic feature
tone H and L after a succession of pitch accents delimitgurther constrains the combination of an unaccented word
a intermediatephrase. Phrasal tones thus control the pitclvith any boundary tone (rule 3). On the other hand, this entry
accent between the most recent pitch accent tone and thevents two rheme accented nouns from combining. This
end of the phrase. Intermediate phrases (or a sequenceatsfo implies that the grammar does not support intermediate
these) can be followed by either of the boundary toH&8  phrases. The grammar is therefore currently too constrained
andL % . Boundary tones thus form thetonational phrase to accommodate CRs having successive accents.

and describe the general direction of rising or falling of the Pitch accent bearing terms can further combine with
fo contours at the end of intonational contour. boundary toned.L %, LH% andHH% on their left. How-
To relate information structure to realization. weEVe" not all of these pitch accent and boundary combinations
~ ' are allowed. One way to control this is to use a feature in a
adopt SteedmanOs approach [Steedman, 1991] throdgh to specify boundary tones that it can combine with. But
[Steedman, 2000a] and [Steedman, 2000b], where the itiis will then lead to unnecessary combinations and even a

tonational realization of a rheme is with one of a set ofombinatoric explosion if the grammar is large. To avoid this,
possible rheme-tunessuch asH* L(L%) , H* LL% , we introduce boundary tones as separate lexical families.
H* LL$ (rheme-marking accents are: H*, L*, H*+L Boundaries are thus debned as functional categories, which
or g acce L5 ' take pitch accent bearing lexical items as argument, and
H+L*), and the theme comes with #theme-tungsuch as result in an intonational phrase. This way only pitch accent
L+H* L(H%), L+H* LH% or L+H* LH$ (theme-marking bearing words are allowed to combine with a boundary tone,

accents are: L+H*, L*+H). The 0%O is marks utteranc@s speciPed in rule (1). Following is an entry for a boundary
medial boundaries, as for phrases set apart by commas, dAgt Mmarks an intonational phrase.
the O$0 for utterance-bnal boundaries. #lexical/Categories for Boundary Tones
The pitch accent, phrasal and boundary tones form thHeamily LLp (indexRel="CompRheme") {
basic lexemes of a prosody grammar. These basic cof2try: np<>[X acc cp]i\+ np<> [X acc ip]:
ponents combine to form intonational phrases. However, Tebrunit (<CompRheme>X) ;
this combination is not arbitrary. The combinatorics of a
prosody grammar can be summarized as follows (from The featureip indicates that only an intermediate phrase
[Prevost and Steedman, 1994a]): can combine with a boundary told. %, to result in a com-

1) A boundary must combine with at least one pitcHJlete rheme phrase i.e an intonational phrase. Only complete
accent to its left. theme/rheme phrases are allowed to combine further and

2) A boundary may not combine with another boundar;[esu“ in larger intonational phrases, rule (5). As our current
3) Constituents which are prosodically unmarked ma{pcus is on rheme-only CRs, we havenOt incorporated this

freely combine with non-boundary constituents bearin§€ into our grammar yet. o
prosodic information. The prosody layer of the grammar is still under develop-

4) Multiple pitch accents may occur in an intonational_mem' What we are aiming for are the following realizations

phrase including prosodic marking for the examples of logical forms
5) A complete intonational phrase may combine only with" (29) and (31):
another complete intonational phrase. (29) s it a redHs box HHp

6) A constituent of any length bearing no pitch accents o
can promote itself to a full thematic intonational phrase(31) is it a red boxts HHp
(Null Theme Promotion Rule)

) ) . . The Hs indicates rheme-accelf* on the word to its left,
To incorporate an intonation layer into our grammar, we, 4 HHp indicates the utterance bnal bound&Ffi%
brst add lexical families to indicate pitch accent tunes. For . : . '
the moment we start with the rheme accErit The Pnal step in the production is speech synthe-
sis. We are using the NRY Text-To-Speech synthe-

sizer [Scheder and Trouvain, 2003] A post-processing
step converts the output of the CCG realizer to the MaryXML

# Lexicon/Categories for Pitch Accents
family Hs (indexRel="Rheme") {
entry: n<2> [X hs]\* n<2> [X acc]

T:pa-unit (<Rheme>X) ; format, in which a text is annotated with the type and location
} (word) of pitch accents, and breaks (boundary tones).
This lexicon entry for the Hs (Hstar) family specibes that V1. EXPERIMENTATION

it takes an accusative noun as argument and results in agjnce we do not yet have a working integrated system with

noun, which now has a rheme accent maknk).(Since a he gesired functionality, we opted to start by experimentally
rheme accent can mark nouns, adjectives, predicates etc. they

are the argument and result of these functional categorieS’mary.dfki.de



~ bad 1 2 3 4 5 good existing grammar. We also sketched the setup of experiments
unintelligible 12 3 4 5 intelligible the we are preparing to test the validity of our approach to
artibcial |12 3 4 5 lifelike producing contextually appropriate grounding feedback.
unnatural 12 3 4 5 natural The utterance planner and the intonation layer of the
~confusing 1 2 3 4 5 clear grammar are under development, and as we extend them,
inappropriate 1 2 3 4 5 appropriate

we further operationalize the theoretical notions used in our
approach. Once we start running the experiments, we will be
able to work in cycles of specibcation-extension  empirical
validation B implementation B experimental-evaluation.

verifying the crucial assumptions of our approach on a R
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Efbcient Parsing of Spoken Inputs for Human-Robot Interaction

Pierre Lison and Geert-Jan M. Kruijff

AbstractN The use of deep parsers in spoken dialogue sys-
tems is usually subject to strong performance requirements.
This is particularly the case in human-robot interaction, where
the computing resources are limited and must be shared by
many components in parallel. A real-time dialogue system must
be capable of responding quickly to any given utterance, even in
the presence of noisy, ambiguous or distorted input. The parser
must therefore ensure that the number of analyses remains
bounded at every processing step.

The paper presents a practical approach to address this issue
in the context of deep parsers designed for spoken dialogue.
The approach is based on a word lattice parser combined
with a statistical model for parse selection. Each word lattice
is parsed incrementally, word by word, and a discriminative
model is applied at each incremental step to prune the set of
resulting partial analyses. The model incorporates a wide range
of linguistic and contextual features and can be trained with
a simple perceptron. The approach is fully implemented as
part of a spoken dialogue system for human-robot interaction.
Evaluation results on a Wizard-of-Oz test suite demonstrate
signibcant improvements in parsing time.

I. INTRODUCTION

Developing robust and efpbcient parsers for spoken di
logue is a difpcult and demanding enterprise. This is due
several interconnected reasons.

The brst reason is the pervasivenesssech recogni-

Finally, the vast majority of spoken dialogue systems are
designed to operate imneal-time. This has two important
consequences. First, the parser should not wait for the
utterance to be complete to start processing it D instead, the
set of possible semantic interpretations should be gradually
built and extended as the utterance unfolds. Second, each
incremental parsing step should operate under strict time
constraints. The main obstacle here is the high level of
ambiguity arising in natural language, which can lead to a
combinatorial explosion in the number of possible readings.

The remaining of this paper is devoted to addressing this
last issue, building on an integrated approach to situated
spoken dialogue processing previously outlined in [3], [4].
The approach we present here is similar to [5], with some
notable differences concerning the parser (our parser being
specibcally tailored for robust spoken dialogue processing),
and the features included in the discriminative model.

An overview of the paper is as follows. We Prst describe
in Section Il the cognitive architecture in which our system
has been integrated. We then discuss the approach in detail in

%_ection lll. Finally, we present in Section IV the quantitative

é)valuations on a WOZ test suite, and conclude.

Il. ARCHITECTURE

tion errors in natural (i.e. noisy) environments, especially e approach we present in this paper is fully implemented

for open, non-trivial discourse domains. Automatic speechq jntegrated into a cognitive architecture for autonomous
recognition (ASR) is indeed a highly error-prone task, anghpois A recent description of the architecture is provided

parsers designed to process _spoken input must therefore '?ﬁ'%], [7]. It is capable of building up visuo-spatial models
ways to accomodate the various ASR errors that may (aRff 5 gynamic local scene, and continuously plan and execute

will) arise. This problem is particularly acute for robots

manipulation actions on objects within that scene. The robot

operating in real-world noisy environments and deal withn giscuss objects and their material- and spatial properties

utterances pertaining to complex, open-ended domains.
Next to speech recognition, the second issue we need
address is theelaxed grammaticality of spoken language.

for the purpose of visual learning and manipulation tasks.
ﬁbure 1 illustrates the architecture schema for the commu-
nication subsystem, limited to the comprehension side.

Dialogue utterances are often incomplete or ungrammatical,

and may contain numerous disBuencies like bllers (err, u

mm), repetitions, self-corrections, etc. Rather than gettin

crisp-and-clear commands such @uQthe red ball inside

the box!O, we are more likely to hear utterances such a

Oight, now, could you, uh, put the red ball, yeah, inside

the ba/ box!O. This is natural behaviour in human-huma

interaction [1] and can also be observed in several domai
specibc corpora for human-robot interaction [2]. Spoke

dialogue parsers should therefore be made robust to su

ill-formed utterances.
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Starting with ASR, we process the audio signal to estab- Several approaches in situated dialogue for human-robot
lish a word lattice containing statistically ranked hypothe-interaction have made similar observations [13], [14], [15],
ses about word sequences. Subsequently, parsing constriiéis A robotOs understanding can be improved by relating
grammatical analyses for the given (partial) word lattice. Aitterances to the situated context. By incorporating con-
grammatical analysis constructs both a syntactic analysis @xtual information into our model, our approach to robust
the utterance, and a representation of its meaning. The anafyocessing of spoken dialogue seeks to exploit this important
sis is based on an incremental chart pdréer Combinatory insight. At each processing step (speech recognition, word
Categorial Grammar [8]. These meaning representations dadtice parsing, dialogue-level interpretation and cross-modal
ontologically richly sorted, relational structures, formulatedinding), contextual information is used to prime the utter-
in a (propositional) description logic ® more precisely in thance comprehension, as shown in the Figure 2.

HLDS formalism [9]. The parser itself is based on a variant
of the CKY algorithm [10].

Once all the possible (partial) parses for a given (partial) As we just explained, the parse selection module is re-
utterance are computed, they are bltered in order to retsBROnsible for selecting at each incremental step a subset of
only the most likely interpretation(s). This ensures that th©900dO parses. Once the selection is made, the best analyses
number of parses at each incremental step remains bound®@ kept in the parse chart, while the others are discarded
and avoid a combinatorial explosion of the search spacend pruned from the chart.

The task of selecting the most likely parse(s) among a sgt

of possible ones is callegarse selectionWe describe it in _ i . _ )
To achieve this selection, we need a mechanism to dis-

detail in the next section. o X N )
criminate among the possible parses. This is done via a

At the level of dialogue interpretation, the logical forms>" """ <= < e -
are then resolved against a dialogue model to establish ddliscriminative) statistical model covering a large number of

reference and dialogue moves. features. _ ,

Linguistic interpretations must bnally be associated with Formally, the task is debned as a functien X ! 'Y
extra-linguistic knowledge about the environment B dialogu&nere the domairx is the set of possible inputs (in our
comprehension hence needs to connect with other subarchpSeX 1S the set of possibleord latticeg, andY  the set
tectures like vision, spatial reasoning or planning. We realigdf parses. We assume:
this information binding between different modalities via a 1) A function GEN(X) which enumerates all possible
speciPc module, called the ObinderO, which is responsible for parses for an inpuk. In our case, the function rep-

I1l. APPROACH

The parse selection task

the ontology-basedediationaccross modalities [11]. resents the admissibles parses according to the CCG
e grammar.
A. Context-sensitivity 2) A d-dimensional feature vectd¢x,y) " ! 9, represent-
The combinatorial nature of language provides virtually ing specibc features of the pdix,y). It can include
unlimited ways in which we can communicate meaning. various acoustic, syntactic, semantic or contextual fea-

This, of course, raises the question of how precisely an  tures which can help us discriminate between the
utterance should then be understood as it is being heard. various parses.

Empirical studies have investigated what information humans 3) A parameter vectow" ! 9.

use when comprehending spoken utterances. An importantThe functionF, mapping a word lattice to its most likely
observation is that interpretatidn contextplays a crucial parse, is then debned as:

role in the comprehension of the utterance as it unfolds [12].

During utterance comprehension, humans combine linguistic F(x)= argmaxw' &(x,y) (1)
information with scene understanding and Oworld knowl- y' GEN(X)
edgeO to select the most likely interpretation. wherewT &(x,y) is the inner product (Sj:]_WS f(x.y), and
Context: Context: Confext: can be seen as a measure of the OqualityO of the parse. Given
scrh?rxllisuaf, d"sco'urs’e, mhe;r rsuaf, discorurs’e, possibility to bind the parameterw, the Optlmal parse Of a glven utterame
and planning confen and planning conrent . . .
e can be therefore easily determined by enumerating all the
\V/ % parses generated by the grammar, extracting their features,
Ak S [r— computing the inner produat’ &f(x,y), and selecting the

& Parsing Dialogue int. i . ]
aa = parse with the highest score.
&= ED The task of parse selection is an example atractured

e (olaxed)  packed logicalform  "the" interpretation classipcation problemwhich is the problem of predicting
parses  withprefershce scores an outputy from an inputx, where the outpuy has a rich
internal structure. In the specibc case of parse selectimn,
Fig. 2. Context-sensitivity in processing situated dialogue understanding word lattice, and/ a logical form.

1Built using the OpenCCG APhttp://openccg.sf.net



B. Training data we shall denotg’'), we move to the next example. Else, we
In order to estimate the parametess we need a set perform a simple perceptron update on the parameters:

of training examples. Unfortunately, no corpus of sit_uated w= w+f(xi,y ) # f(x,Y) @)

dialogue adapted to our task domain is available to this day,

let alone semantically annotated. The collection of in-domain The iteration on the training set is repeafédimes, or

data via Wizard of Oz experiments being a very costly andntil convergence. The most expensive step in this algorithm

time-consuming process, we followed the approach advis the calculation ofy' = argmayggen) W' - f(%i,y) - this

cated in [16] andgenerateda corpus from a hand-written is the decodingproblem.

task grammar.
To this end, we brst collected a small set of WoZ datglgorithm 1 Online perceptron learning

totalling about a thousand utterances related to a simp,}gequire; - Set ofn training exampleg(x;,z) :i= 1..n}

scenario of object manipulation and visual learning. This set - For each incremental stejpwith 0% j % x|,
is too small to be directly used as a corpus for statistical we dePne the partially parsed utterange
training, but sufbcient to capture the most frequent linguistic and its gold standard semantig's
constructions in this particular context. Based on it, we - T: number of iterations over the training set
designed a domain-specibc context-free grammar covering - GENX): function enumerating possible parses
most of the utterances. Each rule is associated to a semantic for an inputx, according to the CCG grammar.
. . . . - GENX,2): function enumerating possible parses
HLDS representation. Welght.s are automatically as5|gned_ to for an inputx and which have semantias
each grammar rule by parsing our corpus, hence leading according to the CCG grammar.
to a smallstochastic context-free grammaugmented with - L(y) maps a parse tregto its logical form.
semantic information. - Initial parameter vectowg

Once the grammar is specibed, it is randomly traversed a% Initialise
large number of times, resulting in a larger set (about 25.000) w & wg
of utterances along with their semantic representations. Sincey Loop T times on the training examples
we are interested in handling errors arising from speechfor t=1.. T do
recognition, we also need to OsimulateO the most frequent for i=1..ndo

recognition errors. To this end, w&ynthesiseeach string % Loop on the incremental parsing steps
generated by the domain-specibc grammar, using a text-  for j = 0..[x| do
to-speech engirfe feed the audio stream to the speech % Compute best parse according to model
recogniser, and retrieve the recognition result. Lety = argm%GEN(&J)WT f(x,y)

Via this technique, we are able to easily collect a large % If the decoded pars& expected parse, update the
amount of training data. Because of its relatively artibcial parameters of the model
character, the quality of such training data is naturally lower if L(y') = Z then

than what could be obtained with a genuine corpus. But, as
the experimental results will show, it remains sufbcient to

train the perceptron for the parse selection task, and achieve
signibcant improvements in accuracy and robustness. In a
near future, we plan to progressively replace this generated
training data by a real spoken dialogue corpus adapted to

% Search the best parse for the partial utterancge X
with semantics /z _

Lety = argma>§$GE,\I(XiJ‘;;)WT f(x,y)

% Update parameter vectowr

Setw = w+ f(x),y ) # f(x,y)

our task domain. end if
: end for
C. Perceptron learning
end for

The algorithm we use to estimate the parameterssing end for
the training data is gerceptron. The algorithm is fully
online - it visits each example in turn, in an incremental
fashion, and updatesv if necessary. Albeit simple, the . ) . o
algorithm has proven to be very efbcient and accurate for It iS possible to prove that, provided the training 6¢1z)

return parameter vectow

the task of parse selection [5], [17]. is separable with margih > 0, the algorithm is assured
The pseudo-code for the online learning algorithm i€ converge after a bnite number of iterations to a model
detailed in Plgorithm 1]. with zero training errors [5]. See also [18] for convergence

It works as follows: the parametevs are brst initialised theorems and proofs.
to some arbitrary valqes. Then, for each p(a@r,'zi) _in the p. Features
training set, the algorithm searchs for the paysevith the

highest score according to the current model. If this parseenﬁ;:r'zﬂ;‘avti JUS;SSS?SZ’ ?resezagsnz :Ef:tt'iﬁn t?,%e;arfgswﬁﬁ
happens to match the best parse which genemtésghich 9 P P 9

the highest score according to the linear model parametrised
2We usedMIARY(http://mary.dfki.de) for the text-to-speech engine. by the weightsw.



. _ cup
The accuracy of our method crucially relies on the pick —up_ oo _the  pall

selection of_ Ogoon fe_atgf(azgy) for our model - that is, siparticie/np particle N
features which helgliscriminatingthe parses. In our model, sinp > np

the features are of four types: semantic features, syntactic S >
features, contextual features, and speech recognition features.

np/n n

Fig. 4. CCG derivation oDpick cup the ball®

1) Semantic featuresWhat are the substructures of a
logical form which may be relevant to discriminate the
parses? We debne features on the following information
sources: the nominals, the ontological sorts of the nominals, ) . o
the dependency relations (following [19]), and the sequenc&¥?s @ last resortO when the usual grammatical analysis fails

of dependency relations. to provide a parse.
—— 3) Contextual featuresAs we have already outlined in
CwantL 1 cognition] the background s_ection, one striking characteristig of spoken
Moodind dialogue is the importance afontext Understanding the
& Tense:pres

visual and discourse contexts is crucial to resolve potential
ambiguities and compute the most likely interpretation(s) of
a given utterance.
The feature vectof(x,y) therefore includes various fea-
Patient tures related to the context:
¥ Activated wordsour dialogue system maintains in its
working memory a list of contextually activated words
(cfr. [20]). This list is continuously updated as the
dialogue and the environment evolves. For each context-

take
{i1_1:person} ( \
k{takel_l:actlonfnon—motlon})

Num:sg

Patient

mug

{mugL_L:thing} L dependent word, we include one feature counting the
Delimication-unigue. | |_L/2=LPersent | number of times it appears in the utterance string.
& Num:sg Num:sg . . .
& Quantification:specific | S ¥ Expected dialogue movefor each possible dialogue
move, we include one feature indicating if the dialogue
Fig. 3. HLDS logical form for Owant you to take the m@ move is consistent with the current discourse model.

These features ensure for instance that the dialogue
The features on nominals and ontological sorts aim at move following aQuestionYN is a Accept, Reject
modeling (aspects oflexical semantics e.g. which mean- or another question (e.g. for claribcation requests), but
ings are the most frequent for a given word -, whereas almost never at©pening.
the features on relations and sequence of relations focus
on sentential semantics which dependencies are the most 4) Speech recognition featureBinally, the feature vector
frequent. f(x,y) also includes features related to thpeech recogni-
These features therefore help us handle various forms tén. The ASR module outputs a set of (partial) recognition
lexical and syntactic ambiguities. hypotheses, packed in a word lattice. One example is given
in Figure 5.
2) Syntactic featuresSyntactic features are features as-
sociated to thederivational history of a specibc parse. now, P=0.6 this, P=0.8
Alongside the usual CCG rules (application, composition an ik

mug, P=0.95 inside, P=0.7

mugs, P=0.05 -
type raising), our parser also uses a set of non-standard ru "> ™=%* these Pood : O_/ N Side, P=1
designed to handle disRuencies, speech recognition errc ' muos P O
and combinations of discourse units by selectively relaxing
the grammatical constraints (see [4] for details). In order to Fig. 5. Example of word lattice

Qrenalis® to a correct extent the application of these non- o
standard rules, we include in the feature ved(ory) new We want to favour the hypotheses with high conbdence

features counting the number of times these rules are appliegPres: which are, according to the statistical models in-

in the parse. In the derivation shown in the Figure 4, the rulgorPorated in the ASR, more likely to refiect what was

corr (correction of a speech recognition error) is for instancHttered. To this end, we introduce in the feature vector
applied once. several acoustic features measuring the likelihood of each

These syntactic features can be seen peraltygiven to  '€¢0gnition hypothesis.

the parses using these non-standard rules, thereby givindgza Incremental chart pruning

preference to the OnormalO parses over them. ~In the previous subsections, we explained how the parse
This ensures that the grammar relaxation is only appliegkjection was performed, and on basis of which features.



Beam width Size of Average parsing Exact-match Partial-match
word lattice time (in s.) Precision ' Recall | Fi-value || Precision ' Recall | Fj-value
(Baseline) (none) 10 10.1 404 | 1000 | 57.5 814 | 1000 | 898
120 10 5.78 409 | 969 57.5 819 | 980 89.2
60 10 4.82 411 1 925 56.9 817 1 94.1 87.4
40 10 4.66 39.9 1 88.1 54.9 796 ' 919 85.3
30 10 421 410 | 830 | 549 802 | 886 | 842
20 10 4.30 40.1 | 803 53.5 789 | 865 82.5
| (Baseline) |~ (none)” |~ 570 528 " || " 400 v 100.0 | 571 7| 815 171000 | 898 |
120 5 6.62 409 ' 984 | 578 81.6 ' 985 89.3
60 5 5.8 405 | 969 | 57.1 81.7 | 97.1 88.7
40 5 4.26 409 | 910 | 565 81.7 | 924 86.7
30 5 3.51 407 1 924 | 565 814 1 939 87.2
20 5 2.81 367 | 871 517 79.6 | 90.7 84.8
TABLE I

EVALUATION RESULTS (IN SECONDS FOR THE PARSING TIME, IN % FOR THE EXACT- AND PARTIAL-MATCH).

This parse selection is used at each incremental step to
discriminate between the ”good” parses that needs to be kept
in the parse chart, and the parses that should be pruned in
order to keep a limited number of interpretations, and hence
avoid a combinatory explosion of analyses.

To achieve this, we introduce a new parameter in our
parser: the beam width. The beam width defines the maximal
number of analyses which can be kept in the chart at each
incremental step. If the number of possible readings exceeds
the beam width, the analyses with a lower parse selection
score are removed from the chart.

Practically, this is realised by removing the top signs
associated in the chart with the set of analyses to prune,
as well as all the intermediate signs which are included in
these top signs and are not used in any of the “good” analyses
retained by the parse selection module.

A simple backtracking mechanism is also implemented
in the parser. In case the beam width happens to be too
narrow and renders the utterance unparsable, it is possible to
reintroduce the signs previously removed from the chart and
restart the parse at the failure point.

The combination of incremental parsing and incremental
chart pruning provides two decisive advantages over classi-
cal, non-incremental parsing techniques: first, we can start
processing the spoken inputs as soon as a partial analysis
can be outputted by the speech recogniser. Second, the
pruning mechanism ensures that each incremental parsing
step remains time-bounded. Such a combination is therefore
ideally suited for the real-time spoken dialogue systems used
in human-robot interaction.

IV. EVALUATION

We performed a quantitative evaluation of our approach,
using its implementation in a fully integrated system (cf.
Section II). To set up the experiments for the evaluation,
we have gathered a Wizard-of-Oz corpus of human-robot
spoken dialogue for our task-domain (Figure 6), which
we segmented and annotated manually with their expected
semantic interpretation. The data set contains 195 individual

utterances > along with their complete logical forms.

The results are shown in the Table I. We tested our
approach for five different values of the beam width param-
eter, and for two sizes of the word lattice. The results are
compared against a baseline, which is the performance of
our parser without chart pruning. For each configuration, we
give the average parsing time, as well as the exact-match and
partial-match results (in order to verify that the performance
increase is not cancelled by a drop in accuracy). The most
important observation we can make is that the choice of the
beam width parameter is crucial. Above 30, the chart pruning
mechanism works very efficiently — we observe a notable
decrease in the parsing time without significantly affecting
the accuracy performance. Below 30, the beam width is too
small to retain all the necessary information in the chart, and
the recall quickly drops.

Figure 7 illustrates the evolution of the ambiguity level
(in terms of number of alternative semantic interpretations)
during the incremental parsing. We observe that the chart
pruning mechanism acts as a stabilising factor within the
parser, by limiting the number of ambiguities produced after
every incremental step to a reasonable level.

Fig. 6. Wizard-of-Oz experiments for a task domain of object manipulation
and visual learning

3More precisely, word lattices provided by the speech recogniser. These
word lattices can contain a maximum of 10 recognition hypotheses.



Variation of ambiguity level during incremental parsing
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Fig. 7. Variation of ambiguity level during incremental parsing, with and
without chart pruning (on word lattices with NBest 10 hypotheses).

V. CONCLUSIONS

We presented in this paper an original mechanism for
efficient parsing of spoken inputs, based on a combination
of incremental parsing (to start the processing as soon as
a partial speech input is recognised) and incremental chart
pruning (to limit at every step the number of analyses
retained in the parse chart).

The incremental parser is based on a fine-grained Com-
binatory Categorial Grammar, and takes ASR word lattices
as input. It outputs a set of partial semantic interpretations
("logical forms™), which are progressively refined and ex-
tended as the utterance unfolds.

Once the partial interpretations are computed, they are
subsequently pruned/filtered to keep only the most likely
hypotheses in the parse chart. This mechanism is based on
a discriminative modeéxploring a set of relevant semantic,
syntactic, contextual and acoustic features extracted for each
parse. At each incremental step, the discriminative model
yields a score for each resulting parse. The parser then only
retains in its chart the set of parses associated with a high
score, the others being pruned.

The experimental evaluation conducted on a Wizard-of-
Oz test suite demonstrated that the aforementioned approach
was able to significantly improve the parser performance .

As forthcoming work, we shall examine the extension of
our approach in new directions, such as the introduction
of more refined contextual features, the extension of the
grammar relaxation rules, or the use of more sophisticated
learning algorithms such as Support Vector Machines.
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Abstract

Spoken dialogue is notoriously hard to
process with standard NLP technologies.
Natural spoken dialogue is replete with
disBuent, partial, elided or ungrammati-
cal utterances, all of which are difbcult to
accommodate in a dialogue system. Fur-
thermore, speech recognition is known to
be a highly error-prone task, especially
for complex, open-ended domains. The
combination of these two problems b ill-
formed and/or misrecognised speech in-
puts B raises a major challenge to the de-
velopment of robust dialogue systems.

We present an integrated approach for ad-
dressing these two issues, based on an in-
cremental parser for Combinatory Cate-
gorial Grammar. The parser takes word
lattices as input and is able to handle ill-
formed and misrecognised utterances by
selectively relaxing its set of grammati-
cal rules. The choice of the most rele-
vant interpretation is then realised via a
discriminative model augmented with con-
textual information. The approach is fully
implemented in a dialogue system for au-
tonomous robots. Evaluation results on a
Wizard of Oz test suite demonstrate very
signibcant improvements in accuracy and
robustness compared to the baseline.

Introduction

Geert-Jan M. Kruijff
Language Technology Lab,
DFKI GmbH,
Saarbecken, Germany
gj@dfki.de

crisp-and-clear commands such @uOthe red
ball inside the boxD, it is more likely the robot
will hear such kind of utteranceright, now, could
you, uh, put the red ball, yeah, inside the ba/ X!
This is natural behaviour in human-human interac-
tion (Ferrandez and Ginzburg, 2002) and can also
be observed in several domain-specibc corpora for
human-robot interaction (Topp et al., 2006).

Moreover, even in the (rare) case where the ut-
terance is perfectly well-formed and does not con-
tain any kind of disBuencies, the dialogue sys-
tem still needs to accomodate the various speech
recognition errors thay may arise. This problem
is particularly acute for robots operating in real-
world noisy environments and deal with utterances
pertaining to complex, open-ended domains.

The paper presents a new approach to address
these two difbcult issues. Our starting point is the
work done by Zettlemoyer and Collins on parsing
using relaxed CCG grammars (Zettlemoyer and
Collins, 2007) (ZC07). In order to account for
natural spoken language phenomena (more R3ex-
ible word order, missing words, etc.), they aug-
ment their grammar framework with a small set
of non-standard combinatory rules, leading to a
relaxationof the grammatical constraints. A dis-
criminative model over the parses is coupled with
the parser, and is responsible for selecting the most
likely interpretation(s) among the possible ones.

In this paper, we extend their approach in two
important ways. First, ZC07 focused on the treat-
ment of ill-formed input, and ignored the speech
recognition issues. Our system, to the contrary,

Spoken dialogue is often considered to be one df able to deal with both ill-formed and misrec-
the most natural means of interaction between £9nized input, in an integrated fashion. This is
human and a robot. It is, however, notoriouslydone by augmenting the set of non-standard com-
hard to process with standard language procesgjnators with new rules specibcally tailored to deal
ing technologies. Dialogue utterances are often inWith speech recognition errors.

complete or ungrammatical, and may contain nu- Second, the only features used by ZCO7 are syn-
merous disRBuencies like bllers (err, uh, mm), rep];actic features (see section 3.4 for details). We
etitions, self-corrections, etc. Rather than getting'gniPcantly extend the range of features included



in the discriminative model, by incorporating not for Combinatory Categorial Grammar (Steedman
only syntacti¢ but alsoacoustic semanticand and Baldridge, 2009). These meaning represen-
contextualinformation into the model. As the ex- tations are ontologically richly sorted, relational
perimental results have shown, the inclusion of astructures, formulated in a (propositional) descrip-
broader range of linguistic and contextual infor-tion logic, more precisely in the HLDS formal-
mation leads to a more accurate discrimination ofsm (Baldridge and Kruijff, 2002). The parser
the various interpretations. compacts all meaning representations into a sin-
An overview of the paper is as follows. We brstgle packed logical fornfCarroll and Oepen, 2005;
describe in Section 2 the cognitive architecture irKruijff et al., 2007). A packed LF represents con-
which our system has been integrated. We thetent similar across the different analyses as a single
discuss the approach in detail in Section 3. Figraph, using over- and underspecibcation of how
nally, we presentin Section 4 the quantitative evaldifferent nodes can be connected to capture lexical

uations on a WOZ test suite, and conclude. and syntactic forms of ambiguity.
_ At the level of dialogue interpretation, a packed
2 Architecture logical form is resolved against a SDRS-like dia-

The approach we present in this paper is fully/o9ué model (Asher and Lascarides, 2003) to es-
implemented and integrated into a cognitive ari@Plish co-reference and dialogue moves.
chitecture for autonomous robots. A recent ver- Linguistic interpretations must Pnally be associ-
sion of this system is described in (Hawes et al.&ted with extra-linguistic knowledge about the en-
2007). It is capable of building up visuo-spatial vironment B dialogue comprehension hence needs

models of a dynamic local scene, and continuousl§/0 connect with other subarchitectures like vision,
plan and execute manipulation actions on object§Patial reasoning or planning. We realise this

within that scene. The robot can discuss objectdlformation binding between different modalities
and their material- and spatial properties for thewaaspecnac module, called the ObinderO, which is

purpose of visual learning and manipulation tasks'€SPonsible for the ontology-basewediationac-

cross modalities (Jacobsson et al., 2008).

Mediation
'éommumcatlon n:gd(;tlll)[el‘zs l 2.1 Context-SenSItiVIty
| subsystem . . .
bluﬂ i referent s The combinatorial nature of language provides
indings ialogue move(s, . . . . .
, word grent structyre virtually unlimited ways in which we can commu-
Speech signal Speech lattice Working Dialogue . . . .

- — > Memory —Wed nicate meaning. This, of course, raises the ques-
Wl ’"”i;”;f””" tion of how precisely an utterance should then be
lattice| packe; A . ..

logica form understood as it is being heard. Empirical stud-
ies have investigated what information humans use

when comprehending spoken utterances. An im-

Figure 1: Architecture schema of the communica—Ioortant observation is that interpretation con-

tion subsystem (only for comprehension) text plays a crucial role in the comprehension of
y y P ’ utterance as it unfolds (Knoeferle and Crocker,

Figure 2 illustrates the architecture schema fo?OOG)_' Dgrmg_ u'Fte_rance cqmpre_hensmn, humans
the communication subsystem incorporated in thé:omg!ne Imgu!stlc |Ir(1jfirmat||ocrj1 W'i[h scene under-
cognitive architecture (only the comprehensionStan ing and Oworld knowledgeO.

part is shown). Context: Context: Context:
. . . . salient visual, discourse, salient visual, discourse, ossibility to bind
Starting with ASR, we process the audio signal and planning contert o laning cone
to establish avord lattice containing statistically Ry VA

ranked hypotheses about word sequences. Subs @ @ e
. . ialogue int.
quently, parsing constructs grammatical analyse &~ £ :
. . . (lattice balanci ifive discriminative parse selctn )
for the given word lattice. A grammatical analy- = (N
sis constructs both a syntactic analysis of the ut word lattice parses  pocked LFs - “the inferpretation”
terance, and a representation of its meaning. The

analysis is based on an incremental chart parsefigure 2: Context-sensitivity in processing situ-
ated dialogue understanding

!Built using the OpenCCG APhttp://openccg.sf.net



Several approaches in situated dialogue for where A represents an arbitrary saturated
human-robot interaction have made similar obseratomic categoryg np, pp, etc.).
vations (Roy, 2005; Roy and Mukherjee, 2005; The ruleT¢ is a type-changing rule which al-
Brick and Scheutz, 2007; Kruijff et al., 2007): A lows us to integrate two discourse units into a sin-
robotOs understanding can be improved by relatirgje structure:
utterances to the situated context. As we will see
in the next section, by incorporating contextual in- du:@az! du:@z/du: @y (Tc)
formation into our model, our approach to robust \yhere the formula@y.- is debned as:
processing of spoken dialogue seeks to exploit this

important insight. @ c.d-unitg (list"
3 Approach (#FIRST$ 0" )
(INEXTS D" ) (2)

3.1 Grammar relaxation

. 3.1.2 ASR error correction rules
Our approach to robust processing of spoken di- h on is a highl c
alogue rests on the idea gfammar relaxation: ~ SP€€ch recognitionis a highly error-prone task. It

the grammatical constraints specibed in the granS "OWeVer possible to partially alleviate this prob-
mar are Orelaxed® to handle slightly ill-formed ofE™ PY Inserting new error-correction rules (more
misrecognised utterances. precisely, new lexical entries) for the most fre-

Practically, the grammar relaxation is donequently ml_srecognlsed words.
via the introduction ofnon-standard CCG rules If we notice e.g. thatthe ASR system frequently

(Zettlemoyer and Collins, 2007). In CombinatorySUbStitUtes the word OwrongO for the word OroundO

Categorial Grammar, the rules are used to asser’r_ql-uring the recognition (_because of their phonolog-

ble categories to form larger pieces of syntactidcal_prﬁx"lmty)’ we car:jlntroduce an(;\{v Iexmal en-

and semantic structure. The standard rules are aHy In the lexicon in order to correct this error:

plication (<, >), composition B), and type rais- round %adj: @iuge (Wrong) (3)

ing (T) (Steedman and Baldridge, 2009). _ . . _
Several types of non-standard rules have been A set of thirteen new lexical entries of this type

introduced. We describe here the two most imporhave been added to our lexicon to account for the

tant ones: thaliscourse-level composition rules most frequent recognition errors.

and theASR correction rulesWe invite the reader

. . 3.2 Parse selection
to consult (Lison, 2008) for more details on the

complete set of grammar relaxation rules. Using more powerful grammar rules to relax the
_ N grammatical analysis tends to increase the number
3.1.1 Discourse-level composition rules of parses. We hence need a mechanism to discrim-

In natural spoken dialogue, we may encounter utinate among the possible parses. The task of se-
terances containing several independent Ochunkig@ting the most likely interpretation among a set
without any explicit separation (or only a short of possible ones is callguhrse selectionOnce all
pause or a slight change in intonation), such as the possible parses for a given utterance are com-
R puted, they are subsequently Pltered or selected
(1) Oyes take the ball no the other oneé onyour i gder to retain only the most likely interpreta-
left right and now put it in the box.O tion(s). This is done via a (discriminative) statisti-
cal model covering a large number of features.
Formally, the task is debPned as a functibn:
& Y where the domaiiX is the set of possible

Even if retrieving a fully structured parse for
this utterance is difbcult to achieve, it would be
useful to have access to a list of smaller Odiscour _ . :
unitsO. Syntactically speaking, a discourse un'pp_UtS (in our caseX is the set of possible/ord
can be any type of saturated atomic categories attices, andY the set of parses. We assume:
from a simple discourse marker to a full sentence. 1. A function GEN(z) which enumerates all

The type-changing rul&@'y, allows the conver- possible parses for an input In our case,
sion of atomic categories into discourse units: this function simply represents the set of

parses ofr which are admissible according
A:@f! du:@f (Tau) to the CCG grammar.



2. A d-dimensional feature vectdr(x,y) ! Once the grammar is specibed, it is randomly
" d representing specibc features of the paitraversed a large number of times, resulting in a
(x,y). It can include various acoustic, syn- larger set (about 25.000) of utterances along with
tactic, semantic or contextual features whichtheir semantic representations. Since we are inter-
can be relevant in discriminating the parses. ested in handling errors arising from speech recog-

nition, we also need to OsimulateO the most fre-

guent recognition errors. To this end, wenthe-
siseeach string generated by the domain-specibc

CFG grammar, using a text-to-speech engine

feed the audio stream to the speech recogniser,

F(x)= argmax wT &f(x,y) (4) a_nd retrieve the recognitipn result. Via this tech-

y! GEN (x) nique, we are able to easily collect a large amount
of training data.

3. A parameter vectow ! " ¢.

The functionF, mapping a word lattice to its
most likely parse, is then debned as:

| Where wT af(x,y) is the inner product
' gzl ws fs(X,y), and can be seen as a measur&.3.2 Perceptron learning

of the OqualityO of the parse. Given the parametetie algorithm we use to estimate the parameters
w, the optimal parse of a given utterancean be y ysing the training data isgerceptron. The al-
therefore easily determined by enumerating all thgyorithm is fully online - it visits each example in
parses generated by the grammar, extracting theifirn and updatesv if necessary. Albeit simple,
features, computing the inner product & (x,y),  the algorithm has proven to be very efbcient and
and selecting the parse with the highest score.  accurate for the task of parse selection (Collins
The task of parse selection is an example ohnd Roark, 2004; Collins, 2004; Zettlemoyer and
a structured classibcation problenwvhich is the Collins, 2005; Zettlemoyer and Collins, 2007).
problem of predicting an outpyt from an input  The pseudo-code for the online learning algo-
X, where the outpw has a rich internal structure. rithm is detailed in Algorithm 11].
In the specibc case of parse selectioms a word It works as follows: the parametews are brst
lattice, andy a logical form. initialised to some arbitrary values. Then, for
each pail(x;, z;) in the training set, the algorithm
searchs for the parge with the highest score ac-
3.3.1 Training data cording to the current model. If this parse happens
In order to estimate the parametevs we need a to match the best parse which generatesvhich
set of training examples. Unfortunately, no corpuswe shall denotg®), we move to the next example.
of situated dialogue adapted to our task domain i€lse, we perform a simple perceptron update on
available to this day, let alone semantically annothe parameters:
tated. The collection of in-domain data via Wizard )
of Oz experiments being a very costly and time- w=w+ f(xi,y") # f(xi,y) (5)
consuming process, we followed the approach ad-
vocated in (Weilhammer et al., 2006) agdner-
ateda corpus from a hand-written task grammar.
To this end, we Prst collected a small set o .

' - T
WoZ data, totalling about a thousand utteranced® calculation ofy’ = argmaxy, gen (x) W' &

This set is too small to be directly used as a cord (Xi.Y) - this is thedecodingproblem. _
It is possible to prove that, provided the train-

pus for statistical training, but sufpcient to cap-. ) ! )
ture the most frequent linguistic constructions iniN9 S€(Xi, z) is separable with margin> 0, the
this particular context. Based on it, we designed 2we usedMARY (http:/mary.dfki.de ) for the
a domain-specibc CFG grammar covering most ofext-to-speech engine.

the utterances. Each rule is associated to a seman- Because of its relatively artibcial character, the quality
) of such training data is naturally lower than what could be

tic HLDS representation. Weights are automati-otained with a genuine corpus. But, as the experimental re-
cally assigned to each grammar rule by parsing ousults will show, it remains sufbcient to train the perceptron

: - for the parse selection task, and achieve signibcant improve-
corpus, hence leading to a smalbchastic CFG ments in accuracy and robustness. In a near future, we plan

grammaraugmented with semantic information. to progressively replace this generated training data by a real
spoken dialogue corpus adapted to our task domain.

3.3 Learning

The iteration on the training set is repeafed
times, or until convergence.
f The most expensive step in this algorithm is



algorithm is assured to converge after a finite num-
ber of iterations to a model with zero training er-
rors (Collins and Roark, 2004). See also (Collins,
2004) for convergence theorems and proofs.

Algorithm 1 Online perceptron learning

Require: - set of n training examples {(Xi,z):i =1..n}

- T: number of iterations over the training set

- GENX): function enumerating possible parses
for an input X, according to the CCG grammar.

- GENX, z): function enumerating possible parses
for an input X and which have semantics z,
according to the CCG grammar.

- L(y) maps a parse tree y to its logical form.

- Initial parameter vector W o

% Initialise
w! wpo

% LoopT times on the training examples
fort=1...T do
fori =1..ndo

% Cqmpute best parse according to current model
Lety' = argmax,. genex,) W' -f(Xi,y)

% If the decoded parse expected parse, update the
parameters
if L(y') & z then

% Search the best parse for utterangewith se-
manticsz;
Lety* = argmax . qen 2y W' - F(XiLY)

% Update parameter vectay
Setw = w + f(xi,y*) # f(xi,y")

end if

end for
end for

return parameter vector W

3.4 Features

As we have seen, the parse selection operates by
enumerating the possible parses and selecting the
one with the highest score according to the linear
model parametrised by W.

The accuracy of our method crucially relies on
the selection of “good” features f(x,y) for our
model - that is, features which help discriminat-
ing the parses. They must also be relatively cheap
to compute. In our model, the features are of four
types: semantic features, syntactic features, con-
textual features, and speech recognition features.

3.4.1 Semantic features

What are the substructures of a logical form which
may be relevant to discriminate the parses? We de-
fine features on the following information sources:

1. Nominals for each possible pair
(prop, sort), we include a feature f; in

fulicognitiong

Actor EComp

Patient

ftltaction-notion:

Patient

nug
inlithing3

Nunber:pl

Delinitation:unique
& Number:sg
& Quantification:specific_singuldr

Figure 3: graphical representation of the HLDS
logical form for “I want you to take the mtig

f(x,y) counting the number of nominals
with ontological sort sort and proposition
prop in the logical form.

2. Ontological sorts occurrences of specific
ontological sorts in the logical form.

3. Dependency relationgollowing (Clark and
Curran, 2003), we also model the depen-
dency structureof the logical form. Each
dependency relation is defined as a triple
(sorta, sorty, label), where sort, denotes
the sort of the incoming nominal, sorty, the
sort of the outgoing nominal, and label is the
relation label.

4. Sequences of dependency relationsmber
of occurrences of particular sequences (ie. bi-
gram counts) of dependency relations.

The features on nominals and ontological sorts
aim at modeling (aspects of) lexical semantics
e.g. which meanings are the most frequent for a
given word -, whereas the features on relations and
sequence of relations focus on sentential seman-
tics - which dependencies are the most frequent.
These features therefore help us handle lexical and
syntactic ambiguities.

3.4.2 Syntactic features

By “syntactic features”, we mean features associ-
ated to the derivational historyof a specific parse.
The main use of these features is to penaliseto a



correct extent the application of the non-standard  following a QuestionYN is a Accept, Re-
rules introduced into the grammar. ject or another question (e.g. for claribcation
requests), but almost never @pening.

cup
pick up °o" _the g 3 E d _ s § h
siparticlelnp_particie npin Tn . xpepte synFactlc categorles or eac
SInp > np atomic syntactic category in the CCG gram-
s > mar, we include one feature indicating if the

category is consistent with the current dis-
course model. These features can be used to
handlesentence fragments

Figure 4: CCG derivation adDpick cup the ball®

To this end, we include in the feature vector
f(x,y) a new feature for each non-standard ruleg 4 4 Speech recognition features

Wh'Ch. counts the number of times the rule was api:inally, the feature vectof(x,y) also includes
plied in the parse.

L . features related to thspeech recognitian The
In the derivation shown in the bgure 4, the rule sP 9

. . ."ASR module outputs a set of (partial) recognition
corr (correction of a speech recognition error) is

. . hypotheses, packed in a word lattice. One exam-
applied once, so the corresponding feature value |syIO P

L ple of such a structure is given in Figure 5. Each
set tol. The feature values for the remaining rules - - ) .
. recognition hypothesis is provided with an asso-
are set td, since they are absent from the parse.

: ciated conbdence score, and we want to favour
These syntactic features can be seen@enalty e .
. i the hypotheses with high conbdence scores, which
given to the parses using these non-standard rules . - )
. . p are, according to the statistical models incorpo-
thereby giving a preference to the OnormalO parse . .
. . rated in the ASR, more likely to rel3ect what was
over them. This mechanism ensures that the gram-

L . R ttered.
mar relaxation is only applied Oas a last resort%

: . To this end, we introduce three features: the

when the usual grammatical analysis fails to pro- .

. ) acoustic conbdence scofeonbdence score pro-
vide a full parse. Of course, depending on the . o . .
. . vided by the statistical models included in the
relative frequency of occurrence of these rules in .
- . ASR), thesemantic conbdence scdlmsed on a
the training corpus, some of them will be more ~ i’ .
: Oconcept modelO also provided by the ASR), and
strongly penalised than others.

the ASR rankinghypothesis rank in the word lat-

3.4.3 Contextual features tice, from best to worst).

As we have already outlined in the background .y mug, P=0.95

section, one striking characteristic of spoken dia- "~ put P=1

logue is the importance @ontext Understanding s o/

the visual and discourse contexts is crucial to re e ot ugs, Po1 NG
solve potential ambiguities and compute the most

likely interpretation(s) of a given utterance. Figure 5: Example of word lattice

The feature vectof (x,y) therefore includes

various features related to the context:
4 Experimental evaluation
1. Activated words our dialogue system main- o _
tains in its working memory a list of contex- We performed a quantitative evaluation of our ap-

tually activated words (cfr. (Lison and Krui- Proach, using its implementation in a fully inte-
iff, 2008)). This list is continuously updated 9rated system (cf. Section 2). To set up the ex-
as the dialogue and the environment evolvedPeriments for the evaluation, we have gathered a

For each context-dependent word, we includé©rPus of human-robot spoken dialogue for our
one feature counting the number of times ittask-domain, which we segmented and annotated

appears in the utterance string. manually with their expec_ted semgnt_ic_ interpreta-
tion. The data set contains 195 individual utter-
2. Expected dialogue movefor each possible ances along with their complete logical forms.
dialogue move, we include one feature indi-
cating if the dialogue move is consistent with4-1  Results
the current discourse model. These feature¥hree types of quantitative results are extracted
ensure for instance that the dialogue movdrom the evaluation resultexact-matchpartial-



T

Size of word Iattice; Grammar; Parse Precision: Recall Fr-value
(number of NBests) relaxation selection ‘ 1
(Baseline) 1 ‘ No | No 409 | 452 430
1 [ No [ Yes 59.0 1 543 56.6
1 : Yes : Yes 52.7 : 70.8 60.4
3 . Yes | Yes 553 |, 829 66.3
. 5 [ Yes [ Yes 556 1 84.0 66.9
(Full approach) 10 [ Yes ! Yes 55.6 ' 84.9 67.2
Table 1. Exact-match accuracy results (in percents).
Size of word Iattice; Grammar ; Parse Precision; Recall F--value
(number of NBests) relaxation  selection ‘ b
(Baseline) 1 | No | No 86.2 , 56.2] 68.0
1 [ No [ Yes 87.4 56.6 68.7
1 : Yes : Yes 88.1 : 76.2 81.7
3 | Yes | Yes 87.6 , 852 86.4
. 5 [ Yes | Yes 876 1 86.0 86.8
(Full approach) 10 ‘ Yes ! Yes 87.7! 87.0 873

Table 2: Partial-match accuracy results (in percents).

match, andword error rate. Tables 1, 2 and 3 illus-
trate the results, broken down by use of grammar
relaxation, use of parse selection, and humber of
recognition hypotheses considered.

Each line in the tables corresponds to a possible

¥ For the partial-match, th&i-measure goes
from 68.0 % for the baseline t&7.3 % for
our approach b a relative increas8f4 %.

¥ We observe a signibcant decrease in WER:

we go from20.5 % for the baseline t@5.7 %
with our approach. The difference is statisti-
cally signibcantg-value for t-tests i9.036),
and the relative decrease23.4 %.

conbguration. Tables 1 and 2 give the precision,
recall and~1 value for each conbguration (respec-
tively for the exact- and partial-match), and Table
3 gives the Word Error Rate [WER].

The brst line _corresponds to the_ baseline: & Conclusions
grammar relaxation, no parse selection, and use of
the brst NBest recognition hypothesis. The lasiVe presented aintegrated approach to the pro-
line corresponds to the results with the full ap-cessing of (situated) spoken dialogue, suited to
proach: grammar relaxation, parse selection, anthe specibc needs and challenges encountered in
use of 10 recognition hypotheses. human-robot interaction.
In order to handle disBuent, partial, ill-formed

Size of word Grammar Parse : :

lattice (NBests)' relaxation ' selection WER or mlsrecog.nlz\ed utterances, the grammar _used by
1 ~— No | No 205 the parser is OrelaxedO via the introduction of a
1 . Yes |, Yes 19.4 set ofnon-standard combinators which allow for
3 I Yes 1 Yes 16.5 the insertion/deletion of specibc words, the com-
5 ' Yes | Yes 15.7 bination of discourse fragments or the correction
10 ' Yes ' Yes 15.7 i

: of speech recognition errors.

The relaxed parser yields a (potentially large)
set of parses, which are then packed and retrieved
by the parse selection module. The parse selec-
tion is based on a discriminative model exploring a
Here are the comparative results we obtained:  set of relevant semantic, syntactic, contextual and

¥ Regarding the exact-match results betweecoustic features extracted for each parse. The pa-

the baseline and our approach (grammar retameters of this model are estimated against an au-
laxation and parse selection with all fea-tomatically generated corpus lftterance, logical
tures activated for NBest 10), tiig-measure  form” pairs. The learning algorithm is an percep-
climbs from43.0 % to 67.2 %, which means tron, a simple albeit efbcient technique for param-
a relative difference d56.3 %. eter estimation.

Table 3: Word error rate (in percents).

4.2 Comparison with baseline



As forthcoming work, we shall examine the po- H. Jacobsson, N. Hawes, G.-J. Kruijff, and J. Wyatt.
tential extension of our approach in new direc- 2008. Crossmodal content binding in information-
. oy . processing architectures. Rroceedings of the 3rd
tIOI’l.S, such as the_explmta_tlon of parse selection ACM/IEEE International Conference on Human-
for incremental scoring/pruning of the parse chart,  robor interaction (HRI), Amsterdam, The Nether-
the introduction of more rebned contextual fea-

lands, March 12D15.
tures, or the use of more sophisticated learning aIP. Knoeferle and M.C. Crocker. 2006. The coordinated
gorithms, such as Support Vector Machines.

interplay of scene, utterance, and world knowledge:
evidence from eye tracking-ognitive Science.
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