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Abstract

This paper examines how far it is possible to
replace hand crafted dialogue design with a
combination of generic dialogue system
components and ontological domain knowledge.
Two case studies are presented, one for
dialogue-based breast cancer referrals, the other
for control of networked home appliances.

1 Introduction

Even modest improvements in the domain knowledge
available to dialogue systems should be able to reduce
reliance on hand-crafted linguistic components, allowing
more flexible dialogues and more easily reconfigurable
dialogue systems. This paper provides a broad, if not
exhaustive, overview of how domain knowledge can be
used by various components of a dialogue system.

Separating out domain knowledge reduces the
complexity of the linguistic components. Moreover, if
dialogue systems are to be built for domains that have a
rich ontological structure (such as the health domain),
reuse of existing domain knowledge becomes critical. For
cancer applications we are using an existing medical
ontology [Ceusters et al., 2001] that contains rich
semantic and terminological information. For the home
domain, where we did not have access to an existing
ontology, we are experimenting with a more minimal
hand-crafted ontology.

Section 2 presents some background on the use of
ontologies for natural language processing. Section 3
discusses how ontologies can be used to provide flexible
dialogue management. Section 4 discusses how
terminological information can be used to build language
models for speech recognition (with certain provisos),
and to assist interpretation and generation. Section 5
describes implementations for two very different
domains.

2 Background

There has been considerable effort in recent years in
developing large-scale domain ontologies, particularly in
the medical and biological sciences. Recent research on

description logics [Nardi and Brachman, 2002], has led
to a knowledge representation that is weak enough to be
highly tractable for rapid search and inference. The work
on domain ontologies complements efforts to provide
large domain independent lexical ontologies, such as
WordNet [Fellbaum, 1998].

WordNet consists of sets of orthographic forms of
words with associated sense sets: typically a set of
synonyms or “synset” which can be viewed as defining a
concept. WordNet also defines a large number of
domain-independent lexical relations which can hold
between synsets, e.g. hypernym (is-a), part-of, member-
of etc. These relations can be linked together to form
paths (e.g. hyperonymy chains) between synsets.

Large lexical ontologies such as WordNet have been
used in applications such as text summarisation [Chaves,
2001], translation [Knight, 1993] and information
extraction [Burke et al., 1995], sometimes directly,
sometimes to help build more specialised domain
ontologies.

Ontologies have been used within specific dialogue
system modules, for example in language generation as
the basis of the Systemic Grammar approach [Bateman,
1990]. However, more general use of ontologies is
relatively rare. AT&T’s “How May I Help You?” system
[Abella & Gorin, 1999] uses an inheritance hierarchy of
task knowledge covering the available operator services.
This is used both to help interpretation, and within
dialogue management to generate clarifications. The
EMBASSI system [Bilicher et al., 2001] uses a
description logic based ontology to evaluate the semantic
well-formedness of DRT (Discourse Representation
Theory) structures returned by a speech recogniser.

Dahlbédck and Jonsson [Dahlbick and Jonsson, 1997]
have argued that a speech-act based dialogue model
could have much wider applicability if combined with
sophisticated domain knowledge. They split the domain
knowledge into a domain model containing static
knowledge e.g. that Heraklion is a town in Crete, and a
conceptual model which contains relationships which are
more connected with a task such as hotel booking. The
conceptual model is used to help interpret user requests
such as “I need a shower” as meaning “I need a room



with a shower” when uttered in the hotel booking domain
(as opposed to e.g. after a football match).

3 Ontologies for Dialogue Management

In dialogue systems that provide relatively open-ended
prompts, users may provide responses that are not an
exact fit with what is expected. One particular case of
this, which has been much examined, is where a user
supplies a more informative response involving two
separate pieces of information. Consider the following
(utterances marked “S” are system utterances and those
marked “U” are utterances by the user):

S: Where do you want to leave from?
U: Boston at 8am.

This has been called “mixed initiative” in the VoiceXML
literature and is handled in VoiceXML forms by allowing
more than one form value to be supplied at once.

However, there are other cases where there is a
mismatch between what a user supplies in their response
and what was expected by the system. In this section we
consider two cases: the first is where the user supplies
more information via the use of a single term that is more
specific than expected, the second is where the user
supplies less information via the use of a more general
term. We will also consider how ontological structure can
be used to automatically structure a dialogue for maximal
coherence.

3.1 Hypernyms and Hyponyms

During dialogue the user may provide a response to a
prompt that does not match any of the expected range of
responses (as defined by the application domain) but is a
hypernym or hyponym of an expected response. In this
case the system should be able to discover the relation
between the expected terms and the user response in
order to resolve the discrepancy.

In the case where the user’s reply was a hypernym of
an expected term, then their reply can be considered
under-specified and the system can issue clarificatory
questions in order to obtain a more detailed reply.
Consider the following example from the cancer domain:

S: Do you have a family history of chronic disease?
[system expects: lung cancer, leukemia, sarcoma, ...]

U: Yes, cancer

S: What type of cancer?

U: Lung cancer.

In this example the system expected a specific disease
but the user replied with a more generic term. The system
therefore formulated a more specific question in order to
elicit an answer at the expected level of the is-a
hierarchy. Hypernyms are similarly treated in a generic
fashion in the AT&T system via the use of a
disambiguation operation.

In the case where the user’s reply was a hyponym of an
expected term then their reply can be considered over-
specified and the system can (a) find a more general
related term which matches the expected responses in
order to answer the current question and (b) avoid asking
subsequent more specific questions that have already
been answered. For example

S: Have you had any chronic diseases?

[system expects: cancer, hypertension, diabetes, ...]
U: Yes, Leukemia
S: # What kind of cancer?

In this example the system expected a more generic
answer to the question (such as “cancer”), but the user
replied with a more specific term. The system, however,
was able to match the answer to the question on the basis
that leukemia is a cancer, which is a chronic disease. The
system avoids asking what kind of cancer since this has
already been answered and therefore would be
pragmatically ill-formed (indicated by a “#”). Instead the
system continues with the next item in its plan.

3.2 Part-Whole Relationships

During dialogue the user may provide a response to a
prompt that does not match any of the expected range of
responses (as defined by the application domain) and
furthermore is not a hypernym or hyponym of an
expected response, but is associated with one or more of
the expected responses by a non-is-a link which imposes
an ordering on concepts (e.g. part-whole links). In this
case the system should be able to discover the associative
relation between the expected terms and determine
whether the supplied term is more or less specific than
the expected terms according to the ordering imposed by
the relation.

In the case where the user’s reply can be considered
under-specified with respect to the expected terms the
system can issue clarificatory questions in order to obtain
a more specific reply. For example:

S: Where does it hurt?
[system expects: elbow, wrist, shoulder,...]
U: In my arm.
S: Where in your arm?
U: In my elbow.

In this example the system initially expected a more
specific body-part than the user supplied, but recognized
that the supplied term “arm” was related to the expected
terms in a part-whole hierarchy and was more general
then the expected terms. The system therefore did not
simply repeat the original question “where does it hurt?”
but instead formulated a new question to elicit an answer
at the expected level of the part-whole hierarchy.

In the case where the user’s reply can be considered
over-specified with respect to the expected terms the
system can (a) find a more general term which matches



the expected responses in order to answer the current
question and (b) avoid asking subsequent more specific
questions that have already been answered. For example:

S: Where does it hurt?

[system expects: arm, leg, head, ...]
U: In my elbow
S: # Does your arm hurt?

3.3 Dialogue Coherence

In system-initiated dialogue, questions are grouped
together at design time. Even in systems allowing some
mixed initiative, this rarely affects the ordering of
subsequent questions. Consider, the following dialogue:

S: What is the patient’s sex?

U: Female with severe nipple discharge
S: What is the patient’s age?

U: Fifty five

S: Is the discharge bilateral?

U: No

Here we assume that the system would normally ask for
gender first, followed by age. It is intelligent enough not
to ask whether or not the patient has nipple discharge, but
otherwise the ordering of the questions is kept fixed. We
can achieve much more natural dialogues if we cluster
questions dynamically following changes by the user.
Consider the following:

S: What is the patient’s sex?

U: Female with severe nipple discharge
S: Is the discharge bilateral?

U: No

S: What is the patient’s age?

U: Fifty five

This appears to be a much more natural exchange, with
the system immediately asking the follow-on question
concerning nipple discharge. How can this be achieved?
Again, ontological information plays a part. Questions
which elaborate a previous question, either by asking
about a particular attribute, or by asking for more
specific information (determined by the is-a or part-
whole hierarchy) will ideally appear straight afterwards,
similar to elaboration in well structured texts [Mann and
Thompson, 1988].

4 Ontology Use in Recognition,
Interpretation and Generation

4.1Recognition

Ontologies provide terminological information useful for
generating context specific (dynamic) language models.
For example, consider the following question:

S: Does the patient have cardiac arrhythmia?
[system expects: atrial fibrillation, sinus tachycardia,
AV block, ...]

Here, we can use synonym sets to create a language
model containing not only “atrial fibrillation” but also all
its synonyms e.g. “auricular fibrillation”. We have used
this both for grammar based language modeling, and for
populating a class in a class-based statistical language
model.

There are some limitations to this approach, however.
Terminological ontologies tend to provide variations in
the way complex terms are expressed e.g. including both
“nipple retraction” and “retraction of the nipple”.
However, a grammar based on a disjunction of these two
terms will not recognize “retraction of the left nipple” or
“the nipple has retracted”.

To achieve a more comprehensive recognition
grammar we need to use a more semantically based
approach to term recognition. This is the approach we use
in the home domain. The ontology associates terms with
kinds of devices and rooms, but not with individual
devices. For example, there is a term for “light” and a
term for “kitchen” but no term for “kitchen light”. The
recogniser can cope with instantiations of e.g. “<room>
<device-type>”, ‘“<device-type> in the <room>" and
“<device-type> in the back <room>".

4.2 Interpretation

In order to interpret user responses it is necessary to map
lexical terms into domain concepts. Furthermore, one
term may map to several concepts (polysemy). For
example, consider the following exchange:

S: Are there any skin changes?
U: There is some distortion

The term “distortion” might refer to various concepts in
the ontology (e.g. skin distortion, nipple distortion etc)
and so the system has to determine which concept is
intended. Since the context is skin changes, the ontology
can be searched to find a concept which is related to skin
change and for which “distortion” is a term.

4.3 Generation

In generating a term for a particular concept, a
terminological ontology will provide one or more terms.
There may be reasons for choosing one synonym rather
than another (for example, to follow the usage of a user).
If not, many ontologies also include a notion of
‘preferred term’ which can be used by default.

The upper ontology may also provide appropriate
concepts for sentence generation in the same way as the
Upper Model [Bateman, 1990]. This will be described
later for the medical domain.



5 Case Studies

These ideas have been evaluated by looking at two
disparate domains. The first is a medical decision support
application. The second is home control.

5.1Decision Support for Cancer Referrals

The cost of managing patients with chronic diseases is
progressively increasing. In order to improve the capability
of healthcare institutions to manage chronic diseases, it has
been recognized that medical guidelines must be
implemented more effectively, which will often require
patients’ conditions to be monitored and assessed more
frequently. A cost-effective way of achieving this may be to
use communication technologies such as the Internet and
telephone to allow patients to provide data (e.g. blood
pressure measurements for hypertension patients) and to
receive advice (e.g. revising insulin levels for patients with
diabetes). This could also offer patients more control of
their own care, by allowing them to obtain advice whenever
and as often as they need it. Voice interaction seems a
particularly suitable approach as speech is a natural way for
people to communicate and does not require the patient to
use any technology other than a telephone. Hence, the
technological barrier is reduced and the potential reach of
the system is increased (especially among the elderly).

Natural language dialogue systems therefore seem to
have great potential for assisting in delivery of healthcare
services, but the state of the art in medical applications of
dialogue systems is extremely limited. One reason for
this may be that medicine is a more challenging domain
for implementing dialogue systems than many of those
that have been investigated so far, e.g. route planning,
flight booking etc which generally involve simple
information look-up. In building a patient home-
monitoring system, however, the range of dialogue will
typically be much more varied and the clinical service
must make use of expert knowledge and be able to
perform complex reasoning and decision-making in
responding to the user. Overall, therefore, it seems
necessary to better integrate technologies such as medical
guidelines and advice systems with the dialogue system
so that the dialogue can be closely related to the
underlying clinical context and goals.

Cancer Research UK (CR-UK) has developed a
dialogue system as part of the HOMEY project (Home
Monitoring through an Intelligent Dialogue System, EC
project IST-2001-32434) that supports electronic
referrals for breast cancer [Beveridge and Milward,
2003a; Beveridge and Milward, 2003b]. The system is
intended to be used by medical General Practitioners
(GPs) to determine whether a patient with suspected
breast cancer should be referred to a cancer specialist or
treated within-practice. The dialogue system therefore
needs to be closely integrated with technologies for
representing and enacting clinical guidelines, in this case
the PROforma process specification system [Fox and
Das, 2000], and with medical domain ontologies, in this

case an ontology provided by Language & Computing
n.v. [Ceusters et al., 2001].

Architecture

In order to allow integration with the clinical domain
representations, the dialogue model is divided into high-
and low-level representations. The low-level
representation defines a finite-state network of
communication acts and is represented by a VoiceXML
specification. The high-level representation captures
information regarding the intentional and informational
structures underlying the dialogue, along with its current
attentional state [Grosz and Sidner, 1986; Hobbs, 1996;
Moore, 1995]. The information in the high-level
representation is in turn derived from the underlying
domain specification, with the intentional structure
deriving from tasks in the medical guideline and the
informational structure deriving from the medical
ontology. In order to make use of these representations in
a practical system we have employed a multi-level
architecture (similar to 3-layer hybrid agent architectures
[Gat, 1998]) as shown in Figure 1.
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Figure 1: The CR-UK Dialogue System Architecture.

The deliberative layer is provided by a domain manager
which creates an abstract task specification (ATS) based
on the outputs of the plan execution and ontology
engines. The sequencing layer includes a Game Engine
which determines the conversational games [Kowtko and
Isard, 1993; Lewin, 2000] to be played in order to
complete the tasks in the ATS, and orders them for
maximal dialogue coherence. The resulting High-Level
Dialogue Specification (HLDS) is used by a Move
Engine to generate the sequence of low-level
communicative acts (moves) that can be made by either



participant at the current point in the dialogue. The
reactive layer interprets the low-level specification
(VoiceXML) in order to complete the specified dialogue
segment, and handles low-level reactive behavior
required to support communication, e.g. repeating
prompts, changing the speech volume etc.

The following sections focus on the role of ontological
knowledge in this architecture, and the way in which the
ideas presented in Sections 3 & 4 are employed in the
CR-UK dialogue system.

Hypernyms and Hyponyms

As described in Section 3, the CR-UK system uses
ontological subsumption (is-a) relations to reason about
under- and over-specified user replies, such as the use of
hypernyms or hyponyms of expected terms. For example,
in the following interaction the user provides an over-
specified reply that refers to a hyponym of the term
presented in the question:

S: Does the patient have a breast nodule?
U: She has a breast induration.
S: Ok.

The concept related to the term ‘“breast induration” is
subsumed by the concept related to the term “breast
nodule” (i.e. “breast induration” is a hyponym of “breast
nodule”) and so the system can infer from the ontology
that the patient does have a breast nodule. The user’s
reply can therefore be successfully accommodated as an
answer to the system’s question. Conversely, the
following interaction demonstrates an under-specified
response by the user:

S: Does the patient have a lesion?

[system expects: skin ulcer, gastric ulcer, etc ... |
U: She has an ulcer.

S: What kind of ulcer does the patient have?

U: A skin ulcer

In this case the concept related to the term “ulcer”
subsumes all the concepts that the system can accept as
valid responses and so the system attempts to clarify
what exactly was meant. The subsequent reply “skin
ulcer” is related to one of the concepts the system
expected, and can therefore be accommodated as an
answer to the original question.

Part-Whole Relationships

Part-whole relations could be used in a similar way to
hyperonymy relations to expand the range of replies that
can be accommodated by the system. However, as such
relations do not frequently occur in the breast cancer
referrals domain they are not currently used.

Dialogue Coherence

In the CR-UK system the overall dialogue structure is
only partially determined by the intentional structure
(derived from the task structure of the underlying

medical guideline). Ontological knowledge is also used
in order to ensure that the dialogue is coherent with
respect to the relations between the topics under
discussion. These then give rise to rhetorical relations
between segments in the rendered dialogue [Beveridge
and Milward, 2003a; Stent, 2000]. For example, the
intentional structure of a dialogue may define intentions
and relations such as those below (where DOM indicates
a dominance relation [Grosz and Sidner, 1986]):

I} = Intend(S, Intend(H, Know(S, clinical details)))

I, = Intend(S, Intend(H, Know-if(S, nipple discharge)))
I3 = Intend(S, Intend(H, Know-if(S, bilateral nipple
discharge)))

I, DOM 1,

I, DOM 13

From this we can infer that I and I3 must both be
satisfied in order for I} to be satisfied but the intentional
structure only provides a partial ordering - it does not
specify which of I, and I3 should receive focus first in
the attentional state. Suppose however that the domain
ontology contains a specification that bilateral nipple
discharge is subsumed by nipple discharge. In this case
we can infer the following information relation: I3
elaborate 1) [Mann and Thompson, 1988]. Hence I, is
the nucleus of an elaboration relation of which I3 is the
satellite, and hence I, should receive focus first. This
relation in the information structure (derived from the
medical ontology) therefore allows a total ordering of
dialogue intentions to be constructed in the attentional
state. Furthermore, if at any point in the dialogue the user
addresses I, (for example by making use of mixed-
initiative) then the dialogue system should consider I3 as
a priority for receiving focus next (assuming that it does
not violate constraints imposed by the intentional
structure). This allows the system to shift to the topic
introduced by the user and pursue it immediately, hence
preserving dialogue coherence.

Recognition

The terminological information in the medical ontology
is used to generate a grammar-based language model
with rules defining synonym sets for individual concepts.
These are then combined with general rules that provide
a template into which synonym sets can be slotted. E.g.
consider the case where the dialogue system has
intentions such as the following:

I} = Intend(S, Intend(H, Know-if(S, breast cyst)))
I, = Intend(S, Intend(H, Know-if(S, skin ulcer)))

The language model in this case should contain at least
the following synonym sets:

breast cyst: {“breast cyst”, “cyst of breast”, “simple

breast cyst”, “simple cyst of breast”, ...}



skin ulcer:
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ulceration”,

{“skin wulcer”, “ulcer of skin”, ‘“skin
ulceration of skin”, “cutaneous ulcer”, ...}
In order to allow the accommodation of hypernyms and
hyponyms (as described earlier), synonym sets for
concepts that subsume or are subsumed by these concepts
are also retrieved from the ontology. E.g. in the case of
breast cyst, the ontology might contain the following
relations: recurrent breast cyst is-a breast cyst,
lactocele is-a breast cyst, breast cyst is-a cyst, breast
cyst is-a breast mass. The following additional synonym
sets should therefore also be included in the language
model:

recurrent breast cyst: {“recurrent breast cyst”,
“recurrent cyst of breast”, ... }

lactocele: {“lactocele”, “lacteal cyst”, “milk cyst”, ...}
cyst: {“cyst”, “cysts”, “simple cyst”, ...}

breast mass: {“breast mass”, “mass in breast”, ... }

A simplified version of the template rule for recognizing
a fully formed utterance is of the following form:

<reply> = (“he” | “she”) “has” (“a” | “an”) (<breast cyst>
| <recurrent breast cyst> | <lactocele> | <cyst> | <breast
mass> | <skin ulcer>1...)

where <cyst>, <breast cyst> etc are grammar rules that
accept all the terms in the synonym sets for the
associated concepts (cyst, breast cyst etc.).

Interpretation

Given the above language model, the interpretation
process simply involves matching terms to domain
concepts as specified in the ontology. Those concepts can
then be matched against the concepts expected by the
system and ontological relations calculated in order to
resolve under- or over-specified replies etc. (as described
earlier).

Generation

Currently we also make use of upper ontology concepts
as categories for text generation. These include: property
(e.g. age, sex), material entity (e.g. cyst, ulcer) and
material process (e.g. distortion, retraction). These
allow the text generator to choose appropriate templates
for generation, based on which category subsumes the
topic of the utterance to be rendered. E.g. the templates
for generating requests are of the following form:

property: “What is the patient’s” age, sex...?

material entity: “Does the patient have a” cyst, ulcer...?
material process: ‘“Does the patient have any”
distortion, retraction...?

The term used to represent a concept in sentence
generation is determined simply by defining one of the
terms in the ontology as a “preferred term” as described
in Section 4.3.

Example Dialogue

An example of a full dialogue with the system,
illustrating some of the concepts described above, is
given below. Note that the generation and interpretation
components developed so far are relatively simple and
currently lack mechanisms (such as use of anaphora) that
would allow for a better-articulated conversation. These
components will be improved in later versions of the
system.

S: Hello, this is the Cancer Research UK cancer referrals
advice system...

U: Hi

S: What is the patient's age?

U: She is thirty five, female, with nipple retraction, a
breast abscess, and an ulcer.

[The user answers the system’s question, but also
provides additional information (underlined). This is
mostly accommodated by matching it to questions the
system was planning to ask. The concept ulcer, however,
is too general to be directly matched to any pending
question and so the system attempts to clarify what
exactly was meant... |

S: What kind of ulcer does the patient have?

[The system expects skin ulcer, gastric ulcer, gastro-
intestinal ulcer etc.]

U: A cutaneous ulcer

[The system can accept the term “cutaneous ulcer” as it
is in the synonym set for skin ulcer. The clarification
side-sequence is therefore completed and the system can
return to its original dialogue plan... ]

S: Does the patient have an acquired deformity of nipple?
U: No, but she has some nipple discharge

[The wuser again provides additional information
(underlined) which is matched against pending questions.
In this case the system also has several pending questions
regarding more specific concepts that are subsumed by
nipple discharge. It therefore re-plans the dialogue in
order to pursue the topic introduced by the user and
obtain the more specific information required...|

S: Does the patient have bilateral nipple discharge?
U: No, she has bloodstained nipple discharge

S: Does the patient have cloth-staining discharge?
U: No

[The system has obtained all the required information
related to nipple discharge and so introduces a new

topic...]

S: Does the patient have a breast nodule?



U: She has a breast induration and she has a cyst

[The concept breast induration is-a breast nodule so the
system can infer that the patient does have a breast
nodule, and hence the reply can be accommodated. The
concept cyst, however, is too general to be directly
accommodated and so the system attempts to clarify this

reply...]

S: What kind of cyst does the patient have?
U: What do you mean?

[The user in turn requests clarification. In this case, the
system explains what types of cyst are relevant...]

S: I mean: do they have a breast cyst, retention cyst or
sebaceous cyst?
U: She has a breast cyst

[The user provides a reply to the original question, hence
implicitly acknowledging the system’s explanation and
ending the clarification side-sequence.]

S: Does the patient have any intractable pain?

U: No

S: Does the patient have an asymmetrical breast
nodularity?

U: Yes, and she has a breast lump

[The user provides additional information (underlined)
which matches a pending question and so can be directly
accommodated. ]

S: Does the patient have nipple eczema?
U: No

[The system makes a decision, based on standard
guidelines, as to whether the patient should be referred
to a specialist or treated in-practice. The result of the
decision-making process is provided as advice to the
user. |

S: This patient is a woman with possible breast cancer
who should be referred to a specialist.
U: Right, thanks...

[The user has acknowledged the system’s advice and so
the dialogue is complete.]

S: Ok. Thankyou for calling. Goodbye.
U: Bye.

5.2Home Device Querying and Control

Spoken dialogue provides a natural way of
communicating with individual or networked home
devices. This has immediate applicability for the elderly
or physically disabled. As homes become networked as a
matter of course, and we become used to services being

provided by multiple devices, spoken dialogue can also
provide a good alternative to universal remote
controllers. For example, there may be no one box
comprising the TV, but several devices e.g. a flat screen,
speakers, receiver etc. It then becomes natural to think in
terms of services rather than devices e.g. “show me the
news”, “give me mood lighting”, or “cool the room”. We
may also want to program across devices e.g. “turn on the
hall light when the door is opened”.

The Linguamatics dialogue system was inspired by
work on the EU project D’Homme. The D’Homme
project [DHomme, 2001] investigated spoken dialogue in
the home machine environment, and was particularly
concerned with how to deal with plug and play i.e. how
to allow for new devices to be added to a system without
having to reprogram the dialogue manager. The
Linguamatics dialogue system goes one step further. All
domain knowledge is isolated within the domain
ontology, which can be reconfigured dynamically. The
dialogue manager is fully generic, dealing with (partial)
commands or queries, and asynchronous tasks introduced
by devices (e.g. by sensor activation). Reconfiguration is
achieved by changing the ontology, the language model
and the generation templates.

The ontology used for home control includes lexical
information and synonyms for individual concepts such
as light, kitchen etc. There are two main hierarchical
relationships, is-a and in. The is-a relationship contains
general information e.g. light is-a device and instance
(A-box) information about the class of individual
devices. The in hierarchy describes which devices are in
which rooms, which rooms are upstairs etc. Unlike a
terminology inspired ontology, concepts are not included
for complex terms unless absolutely necessary. For
example, an item such as “the back bedroom light” is
treated as an instance of a light, having the location
“back bedroom”, without introducing a new concept
“back bedroom light” into the ontology.

The system allows users to query and control multiple
networked appliances using relatively free-form speech.
Dialogues are usually initiated by the user asking to
perform commands e.g. “turn off all the lights” or make
queries e.g. “have I left the cooker on?”. The system
takes over for clarification, help, or to establish extra
parameters for a command. Dialogues may also be
initiated by devices. For example, a sensor may be
triggered, causing the current dialogue to be interrupted.

The following sections focus on the way in which the
ideas in Sections 3 & 4 are employed in the Linguamatics
dialogue system.

Ontologies for Dialogue Management

For the cancer application, the most common mismatches
between user responses and system expectations are due
to the guideline enactment engine requiring information
at a particular level of granularity (e.g. cancer vs.
leukemia or vice-versa). In the home domain, the level of



granularity tends to be much clearer (e.g. a particular
device in a state of on or off). Where hyponymy does
occur in the home domain is in examples such as the
following:

S: Which service do you require?
U: Air conditioning

Air conditioning is not a top-level service, but is a
hyponym of the top-level service, temperature control.
This example corresponds to skipping one or more levels
of menu structure. Although menu structures and
ontological structure are not forced to correspond one-to-
one, we do assume that a daughter of a menu item is
subsumed, directly or indirectly, by its parent.

Hyperonymy (under-specification) is most commonly
seen in reference resolution e.g.

S: Which device?

U: The tv

S: Do you mean the living room tv or bedroom tv?
U: The living room tv

The system correctly determines that tv is a hyponym of
device according to the is-a hierarchy for devices, so is
an adequate reply, but not as fully specified as the system
requires. It then looks to see if there is a single instance
in the ontology for this class. If not, as in this case, it
asks for a further clarification of the particular television
intended.

The system does not require parameters to commands
to be provided by the user in a particular order, and
allows for multiple parameters to be specified at once.
However, it uses a default order, and does not perform
reordering according to the ontological structure as
described in Section 3.3. We would expect to incorporate
this, in future versions of the system.

Recognition

Language modeling uses both grammar-based and n-
gram techniques. Evaluation in the D’Homme project for
recognition of user initiated queries and commands
suggested that statistical n-gram language models give
better results for untrained users, and are better at picking
up partial information than grammar based approaches
[Knight et al. 2001]. The Linguamatics system therefore
uses n-gram language modeling for user initiated queries
and commands, with grammar based approaches used for
more constrained contexts, e.g. to interpret answers to
clarification questions, such as “do you mean the front
door or the back door?”.

The class-based statistical language model was derived
by collecting a corpus of user utterances and defining a
set of classes. For example, the class “device-type” is
populated by the term corresponding to “device” and all
the terms corresponding to the sub-concepts of “device”
in the ontology e.g. “cooker”, “light” etc. Corpus

examples involving individual class terms, such as “turn
on the light”, are generalized to “turn on the <device-
type>" before creating the statistical language model.
Classes are redefined dynamically (where necessary) by
finding all the terms in the ontology corresponding to
instances of the class.

Interpretation

The system uses the synonyms provided in the ontology
to provide candidate concepts for the interpreter.
Interpretation proceeds by a process of semantic-based
composition where relationships in the ontology are used
to propose appropriate combinations of terms cf.
[Milward, 2002]. For example, a term such as “back
bedroom light” is interpreted as [[light] in [bedroom
orientation back]].

Generation

Sentence generation is template based. Generation of
referring expressions uses the ontology. An entity is
described by its most specific class e.g. “light” and
distinguished from other items of that class according to
its properties, such as its location. A term successfully
describes the item if there are no other candidate items
with this description c.f. [Dale and Haddock, 1991].

5.3 Evaluation

We have considered the use of ontologies to provide
dialogue systems in two very different domains, in one
case reusing an existing ontology, in the other building
an ontology from scratch.

Our aim was to provide more easily reconfigurable
dialogue systems by describing the structure of the
domain and the tasks. This is in contrast to finite state,
or VoiceXML style dialogues where the emphasis is on
describing the possible dialogue interactions.

In the case where there is no existing ontology, a key
question is whether it is easier to build a new ontology,
rather than building a description of all possible dialogue
interactions. Our experience from the home control
application is that ontology building for a particular
application can be relatively easy. Moreover, you need an
ontology or some similar knowledge representation
component anyway if you are to have reference
resolution capability.

In the case where there is an existing domain ontology,
a key question is whether it is likely to be suitable for use
by a dialogue system, or whether adaptation of the
ontology will be more work than starting from scratch.
Our experience in the cancer domain has been very
positive, with a good fit between the particular task and
the information needed by the dialogue manager from the
ontology.

In both dialogue systems hand crafting is kept at a
minimum. In the Cancer Research system the language



model and the generation templates are specific to
patient care applications. In the Linguamatics system, the
ontology was hand crafted, and the generation templates
are specific to each task. The language model is derived
statistically.

Both dialogue systems have been recently developed,
and we have not yet undertaken any formal evaluation.
The home control application will be field tested in 50
homes in the second half of 2003. We expect the cancer
referrals application to be evaluated by OpenClinical
users (http://www.openclinical.org/). Evaluation of this
data will provide a better idea of how important flexible
dialogue phenomena (such as the use of hypernyms or
hyponyms) are for ordinary users.

6 Conclusions

In this paper we have shown how domain and
terminological knowledge can be used by linguistic
components ranging from recognition to dialogue
management. This allows for more general linguistic
components, and hence more easily reconfigurable
systems. We see this as an important step in moving from
the scripted dialogues deployed in most current
commercial systems, to a new generation of practical

systems based on domain knowledge and task
descriptions.
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