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A computational framework is presented for the generation of elementary speech
acts to establish conceptual alignment between a computer system and its user. This
article clearly distinguishes between 2 phases of the alignment process: message in-
terpretation and message generation. In the interpretation phase, presuppositions are
extracted from the user’s message and compared with the system’s semantic model
of the application domain, which is represented in Type Theory. Subsequently, in the
generation phase, a feedback message at the conceptual level is produced to resolve
detected discrepancies and avoid potential discrepancies as a result of quantity
implicatures. A conversational strategy is provided that is based on Gricean maxims
and a differentiation of various types of information states of the system, such as pri-
vate and common beliefs about the domain of discourse.

Contemporary technological developments of interactive systems and the expan-
sion of bandwidth enable designers to incorporate a variety of media and modali-
ties in the computer interface. However, merely adding amazing technological
feats or increasing bandwidth does not necessarily improve the communication
process. When we interact with computers, we also want them to be endowed with
characteristics that closely mimic human communication. One of these character-
istics is the ability of humans to react in a cooperative manner to the communica-
tive actions of the dialogue partner. In everyday conversation, people effortlessly
answer questions, accept or deny assertions, confirm the receipt of a message, and
provide relevant feedback in case of communication problems. Because the cogni-
tive and communicative abilities of humans are so well adapted to the real-time
processing of these various interaction structures, we expect that including natural
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conversational skills in interfaces may contribute to a more efficient and satisfac-
tory human–computer interaction.

One of the prerequisites for natural human communication is that participants
are able to reason about and to discuss various aspects of the domain of discourse.
To cope with the complexity of the world around us, people consider the existence
of objects, discuss possible behavior, draw conclusions from the various dialogue
contributions, discuss the meaning of the communication symbols, and many
more. Behind these manifestations of various beliefs and opinions is the partici-
pant’s need to conceptualise the problem domain and to build a coherent and con-
sistent mental model to achieve some sort of common understanding of our com-
plex world.

The situation in human–computer interaction hardly differs from the communi-
cative situation in the real world. In a computer domain, a user should know that
there are objects like files and folders, that files are removable, readable, editable,
storable, and so forth. Although the need to discuss these various aspects of the vir-
tual domain is probably even more compelling than in the real world, these conver-
sational skills are usually absent from the computer interface.

The goal of this article is to present a computational method that enables us to
generate feedback utterances that regulate the avoidance and repair of conceptual
mismatches between a computer system and its user. We clearly distinguish be-
tween two phases of the alignment process: message interpretation and message
generation. In the interpretation phase, assumptions are extracted from the user’s
message on the basis of the system’s belief about the application domain and the
rules of well-formedness of these beliefs. In other words, based on both its own se-
mantic model of the application domain and the user’s utterance, the system sup-
poses that the user makes particular assumptions about the domain. If conceptual
mismatches between the user’s assumptions and the system’s belief are detected, a
feedback message is produced to resolve the mismatch. We provide a conversa-
tional strategy that is based on Gricean maxims and the system’s dynamic mental
state that contains information about the application domain and the conversa-
tional partner. The semantic model of the system’s beliefs of the application do-
main is represented in Type Theory (TT). In order to regulate the communicative
behavior of the system, we also introduce a model that contains pragmatic knowl-
edge with respect to the user, such as the beliefs and goals of the user. In fact, the
pragmatic model marks the semantic information as part of particular information
states.

The remainder of this article is organized as follows. First, in the following sec-
tion we consider the characteristics of the various communication models that
should play a basic role in human–computer interaction. We introduce the formal
semantic model (FSM), which represents a variety of aspects of the domain of dis-
course and the formal pragmatic model (FPM). Then, the next section discusses
the role of the Gricean cooperation principle in the feedback generation process.
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The next two sections then describe the formalization of the semantic model in
terms of TT and the detection of conceptual mismatches. Following those sections,
the actual conversational strategy is presented. The final two sections wrap up with
a discussion and directions for future research.

MENTAL, CONCEPTUAL, AND FORMAL MODELS

Humans carry a model of the external reality and are able to reason about various
aspects of the world, to think about the past and the future, and they can decide
which action is appropriate given a certain goal within the circumstances of the ac-
tivities. In the same manner, users of a particular computer application build their
own conceptualization of the characteristics and the behavior of the application.
The mental representations that reflect the user’s understanding of a system is of-
ten termed a mental model. Mental models are used to predict the system behavior
and to guide the user’s actions.

Mental models are based on the user’s previous knowledge and experiences,
and evolve naturally with the interaction of the system under consideration. They
are sometimes being derived from idiosyncratic interpretations of the system and
must operate within the constraints of the human processing system (Norman,
1983). Because only a fraction of the computer application and its internal state is
observable, mental models are not only dynamic, they are also often inaccurate, in-
complete, inconsistent, and incoherent.

In this article we are not concerned with a detailed analysis of the characteris-
tics of a mental model. In other words, whether a mental model is a picture in the
head, a set of propositions, a schema, structural, functional, or any other represen-
tation is irrelevant here (cf. van der Veer & Puerta Melguizo, 2002). What is impor-
tant, however, is that we assume a close relation between the intentional behavior
of users, in particular their communicative actions and their mental model. For in-
stance, if a user utters the question, “Restart the system,” he or she believes, among
many other things, that the system exists and that it can be restarted; if a user clicks
on the “save” button after editing a file, we assume that the user wants to apply the
action “save” to the file object unless we have evidence to the contrary. Note that
the verbs “believe” and “want” are natural language terms that explicitly refer to
the internal state of the user. Unintentional non-verbal behavior may as well reveal
particular aspects of a user’s mental state—think of the application of lie detectors
or particular computer games—but valid conclusions are probably much harder to
draw from this type of information. Although we expect that most of our results
can be generalized into a theory of action sequences in direct manipulation, we
concentrate on the intentional communicative behavior of users in terms of simple
sequences of words as part of a linguistic dialogue.
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In contrast to the concept of a mental model is Norman’s (1983) idea of a con-
ceptual model. The conceptual model characterises the relevant objects, their fea-
tures, relations, behaviors, and the interactions with the user. It is devised as a tool
for the understanding or teaching of the system to the user and often informally
communicated in natural language, graphical symbols, and pictures. It is important
to note, however, that in this article we assume that the conceptual model is usually
“in the head” of the designer and, therefore, not directly accessible for other partic-
ipants, although it looks as if the communication symbols are the conceptual
model. In other words, in our view the conceptual model is not a description; it is
not on paper, not in the interface, or in any other symbolic form; the symbols and
their interrelations are only a means to convey the model to the user.

Designers also are subject to inconsistencies and inaccurateness with respect to
their own design, especially in case of complex applications where a team of de-
signers is involved. The role of the conceptual model is, therefore, pragmatically
defined; we accept a particular model as the conceptual model and hope that, with
respect to a particular task, this model closely resembles the reality in terms of be-
havior and characteristics of the application.

In our approach, we advocate the idea that we need an explicit representation of
the conceptual model inside the machine (for similar approaches, e.g., see Ahn,
Beun, Borghuis, Bunt, & van Overveld, 1995; Rich & Sidner, 1998)—that is, a for-
mal counterpart of the conceptual model that is accepted as the expert model; we
refer to this model as the formal semantic model (FSM). The FSM contains seman-
tic knowledge with respect to the domain of discourse, for instance, ontological in-
formation that helps to catalogue and distinguish various types of objects in the do-
main, their properties, relations (Sowa, 2000), and assertional knowledge in terms
of the concepts defined in the ontology.1 The FSM, which is modeled in the follow-
ing as a type theoretical context, is assumed to be semantically grounded in the
agent’s ability to recognize the inhabitants of certain types in the external world.
We distinguish five types of semantic information:

• Information about the existence of a particular type (e.g., “animals exist”).
• Information about subtypes (e.g., “mammals are animals”).
• Information about the existence of predicates that are applicable to a particu-

lar type (e.g., “warm-bloodedness is applicable to animals”).
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• Information about rules that state that an object of a particular type has a nec-
essary feature (e.g., “all mammals are warm-blooded”).

• Information about instances of the previous information (e.g., “flipper is a
dolphin”).

To regulate the communicative behavior of the system, we also introduce a
so-called formal pragmatic model (FPM). The FPM contains pragmatic knowl-
edge with respect to the user, such as the words that can be used during the dia-
logue and the beliefs and goals of the user. In fact, the FPM marks the semantic in-
formation as part of particular mental states; we distinguish five types of pragmatic
information:

• Common vocabulary (�V): the words that can be used in the communication.
• Private belief (�B): the system’s subjective beliefs about the domain of dis-

course.
• Common belief (�C): the part of the system’s belief assumed to be shared

with the user.
• Pending belief (�P): the system’s belief about the user’s belief.
• Goal (�G): the system’s belief about the user’s goal(s).

To communicate, there needs to be a certain degree of compatibility between the
system and the user; this is expressed by the common vocabulary and the common
beliefs (e.g., see Ahn, 2001). The common vocabulary contains the terminology of
common concepts and enables the system and user to communicate simple mes-
sages.

In line with Clark and Schaefer (1989), Allwood, Nivre, and Ahlsen (1992), and
Traum (1994), we assume that successful communication requires some degree of
conceptual alignment or common ground and that the goal of grounding of the se-
mantic information is a vital activity in cooperative communication. Prior to a con-
versation, participants not only have beliefs of a particular discourse domain, they
also assume that there is some agreement about these beliefs and they augment
manifested beliefs to the “agreed beliefs” during the conversation—these agreed
beliefs are called the common belief. In practice it is hard (and, because we have no
direct access to our dialogue partners, even impossible) to decide whether com-
mon beliefs are really common, but our main point is that dialogue participants act
as if these beliefs are common. Among other things, the distinction between pri-
vate and common beliefs enables us to give concrete form to the Gricean maxim of
quantity. If relevant, private beliefs can always be manifested unless they are part
of the common beliefs. Common beliefs give us a criterion to leave out particular
information in the dialogue move (otherwise, we would manifest information that
the user already believes).
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It is important to note that the information from the FSM cannot be distributed
in a random manner over the belief states of the system. For instance, if the system
has a common belief that a predicate is applicable to a particular type, the existence
of the type should first be introduced in the private beliefs. We assume that the sys-
tem’s information state is organized in a well-formed manner (i.e. according to the
rules of the type system; see also Borghuis, 1994). Also, the words in the common
vocabulary correspond with variables (e.g., ideas or concepts) declared in the com-
mon beliefs of the system.

System beliefs about the user’s beliefs will be represented by a temporary belief
state, called pending belief, that exists during the process of interpreting the user’s
message. Pending belief can be considered as a temporary state to separate the
user’s beliefs from the system’s belief. If the information is accepted, it will be
transferred to the system’s common belief after the system responds to the user’s
utterance. If the user’s assumptions contradict the FSM, they will be kept separate
from the system’s belief state and rejected if no agreement can be found.

The system’s belief about the user’s goal gives relevance to the communication
process and may be considered as the driving force behind the detection process of
the potential mismatches.

Before we explain the details of the semantic model in TT, the detection mecha-
nism of mismatches and the conversational strategy in terms of the Gricean max-
ims, we first briefly elaborate on the feedback process in dialogue.

FEEDBACK GENERATION IN DIALOGUE

The term feedback originates from the area of cybernetics and refers to the infor-
mation that a system receives from its environment about the consequences of its
behavior. Feedback information is often used to regulate the behavior and guides,
in case of purposeful behavior, the actions toward a particular goal. In communica-
tion, feedback is used for a broad range of responses at various levels and has an
enormous diversity, varying from a simple nod in human–human communication,
a particular bit that indicates the receipt of a message in computer–computer com-
munication, to a written comment that evaluates the quality of a scientific article.
However, for various reasons, we have no accurate mathematical theory for ade-
quate communicative behavior and the application of cybernetic models to com-
municative activities has only a limited scope of relevance (Spink & Saracevic,
1998).

When we look at general feedback phenomena in conversations between hu-
mans, sequences in terms of speech acts appear to be rather chaotic and seem
hardly subjected to any rules. Questions can be followed by answers, denials of the
relevance of the question, rejections of the presuppositions of the question, state-
ments of ignorance, and so on (e.g., see Levinson, 1983). An example of general
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principles underlying cooperative contributions in dialogue are the Gricean max-
ims (Grice, 1975) for conversation such as “tell the truth” (quality), “say enough,
but not too much” (quantity), “be relevant” (relevance), and “use the appropriate
form” (manner). Also, in human–system interaction—where a system is repre-
sented by some kind of electronic equipment, such as a computer or a video
player—a diversity of heuristics for feedback is suggested. Nielsen (1993), for in-
stance, stated that a system should continuously inform the user about what it is
doing and how it is interpreting the user’s input. More detailed heuristics concern
the different degrees of persistence in the interface, response times, and corrective
feedback in case of errors.

Focusing on the linguistic aspects of feedback in human–system interaction,
several authors have modified and extended the Gricean maxims and Nielsen’s
(1993) heuristics at various levels of the communication process. Ainsworth and
Pratt (1992), for instance, discussed two feedback strategies at the perceptual
level for error correction in speech recognition systems in noisy environments.
Based on a classification derived from Allwood et al. (1992) and Allwood
(1995), Larsson (2003) presented a human–computer feedback system where the
levels “contact,” “perception,” “understanding,” and “reaction” are specified.
Bernsen, Dybkjær, and Dybkjær (1996) presented an extension of the Gricean
maxims based on a corpus of transcribed dialogues obtained from Wizard of Oz
experiments. They supplement the maxims with several rules such as “partner
asymmetry” (e.g., only 1 partner has a hearing deficiency), “background knowl-
edge,” and “repair and clarification.”

More formal and system-oriented approaches in natural language feedback
can be found in, for instance, Hirst, McRoy, Heeman, Edmonds, and Horton
(1994), Gabsdil (2003), Schlangen (2004), and Purver (2006) who focused on
various aspects of the clarification process of uncertainties and misunderstand-
ings in dialogue. A corpus study of clarification requests by Rieser and Moore
(2005) showed that both form and process of the clarification depends on the
type of dialogue, such as everyday conversation or task-oriented dialogue. Other
researchers, such as Walker et al. (2004), stressed the use of semantic and prag-
matic models in terms of strengths of the evidence and user preferences to tailor
responses to the conversational partner. Walker et al. showed that user tailored
generation of evaluative responses based on multi-attribute decision theory sig-
nificantly improved the system’s responses in a multimodal restaurant selection
task.

Just as the Gricean maxims and their extensions may form guidelines for the ac-
ceptability of conversational sequences in human–computer dialogue, Nielsen’s
(1993) heuristics offer a practical handle for a systematic evaluation of user inter-
faces. However, both types of rules are underspecified in case an interface designer
wants to realize the actual implementation. In other words, the rules have some ex-
planatory power but no predictive power; they do not provide the designer with
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sufficient detail about the type, content, and form of the feedback that has to be
generated in a particular situation.2 Suppose, for instance, that user U and com-
puter system S have two disparate conceptualisations and that U makes the follow-
ing request: “Restart the Internet, please.”3 The system’s FSM contains, among
other things, a representation for the words Internet and restart, and knows that
Internet is a subclass of networks. S also knows that restarting is only applicable to
processes and that networks are not processes. Assuming that our computer system
should react in a relevant and truthful way, then what should the response of S be?
Clearly, we have abundant possibilities for feedback (see Figure 1).

Which utterance is the most adequate one and which rules should be applied to
generate these feedback sequences depends, among other things, on the FPM (e.g.,
on what the user and system know about the application domain and, more specifi-
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2In fact, Grice (1975) never intended to use the maxims for the generation of cooperative sequences
in human dialogue, but identified them to show that violation of the maxims generates inferences that
go beyond the semantic content of the utterance. We believe that sophisticated dialogue systems in the
future may do the same, but only when these systems are “aware” of the basic principles of dialogues. In
our case, the dialogue rules will prevent the user from unwanted inferences.

3The example was taken from www.computerflaters.nl . A client was asking the helpdesk the follow-
ing: “Het Internet is erg langzaam. Kunnen jullie het niet opnieuw opstarten?” (“The Internet is very slow.
Can’t you restart it?”).

U: “Restart the Internet, please.”

S1: “Sorry, I don’t understand you.”

S2: “What do you mean by ‘restart’?”

S3: “‘Restart’ is only applicable to processes.”

S4: “The Internet cannot be restarted.”

S5: “The Internet is not a process.”

S6: “Networks are not processes.”

S7: “No, because I cannot restart the Internet.”

S8: “Do you believe that ‘restarting’ is applicable to the Internet?”

S9: …

FIGURE 1 The presuppositions of the user’s questions in conflict with the system’s
conceptualization. Note. Depending on its beliefs, the system has abundant possibilities to
respond. U = user; S = system.



cally, on the system’s knowledge about the user’s conceptualization). For instance,
in S6 (Figure 1) the response is inadequate if the system does not believe that the
user’s mental model does not contain the information that the Internet is a network.
Another parameter is the role played by the system in the interaction; usually, the
system acts as an expert who is unwilling to adjust its own FSM, in S8; however,
the system reacts as an equal who seems to be willing to reconsider its domain on-
tology. This seems to be in line with the findings by, for instance, Rieser and Moore
(2005) and Walker et al. (2004) that adequate feedback heavily depends on contex-
tual information such as the dialogue situation and the participants’ beliefs, goals,
and preferences.

Feedback about conceptual mismatches has been studied by several authors.
Joshi (1983), for instance, reviewed different types of cooperative responses in
question–answer systems and distinguished between responses with regards to
so-called extensional and intensional disparities between the views of the user (U)
and the system (S). Extensional disparities are related to the content of the data-
base (e.g., false assumptions by the user), whereas intensional disparities are re-
lated to the structure of the database (e.g., assumed non-existing relations by the
user). In the end of his article, Joshi generalized his findings into the following
modification of the Gricean quality maxim (in the following, MB is an abbrevia-
tion for the common beliefs of system and user):

… it should not be possible for U, from what S has said, say Q, to infer something
which S believes to be false. If there is such a possibility then after saying Q, S should
provide further information to “square away” the MB’s. (p. 238)

In other words, the system should avoid inferences by U that are inconsistent
with the system’s beliefs by choosing a more appropriate response or by adding
extra information. For instance, the system’s rejection S7 in Figure 1 may imply
that the Internet can be restarted in general, but that this particular system is un-
able to do so. Therefore, to avoid the unwanted inference, a more appropriate re-
sponse would be S4 (“The Internet cannot be restarted”). Although Joshi’s arti-
cle does not contain any details with respect to the generation process of specific
responses, the modification of the Gricean rule will play an important role in our
article.

More details of the generation process have been worked out by, for instance,
McCoy (1988, 1989), where two types of misconceptions were considered: mis-
classification of objects (e.g., U: “I thought whales were fish”) and misattributes
(e.g., U: “I thought whales had gills”). In both articles, a number of response strate-
gies were abstracted from a transcript study and associated with a structural con-
figuration of the user model. McCoy’s (1988, 1989) study of the transcripts
revealed that a response to a misconception can be viewed as consisting of three
parts: (a) a denial of the incorrect information, (b) a statement of the correct
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information, and (c) a justification for the denial and the correct response given. To
formulate the appropriate response, the proposed generation process heavily relied
on the notions of “perspective” (i.e., context sensitive information, such as the goal
of the discourse) and “object similarity” (i.e., a similarity metric based on the com-
mon and disjoint features of objects involved. Contextual information seems in-
deed indispensable to an adequate correction process, but the measurement of per-
spectives and object similarity is rather ad hoc and can hardly be verified in
different situations because of a lack of details. Another shortcoming is that Mc-
Coy’s (1988, 1989) approach does not include an explicit representation of the
user’s mental model in terms of various types of beliefs.

THE FORMAL SEMANTIC MODEL IN TYPE THEORY

In this article, the formal semantic model is expressed in Type Theory (TT). TT,
which is actually based on typed λ-calculus, is a powerful logical formalism in the
field of theorem proving and programming languages; there is a growing interest
in using TT as a framework for natural language semantics (e.g., see Ginzburg,
2005a, 2005b; Ranta, 1994). In Ahn (2001), for instance, it has been shown that
discourse representation structures (Kamp, 1981) and their classical semantics
can be seen as a limit case of a more general theory of types. In the field of agent
communication, TT was used in the DenK project as a knowledge representation
to model various types of beliefs (Ahn et al., 1995; Bunt, Ahn, Beun, Borghuis, &
van Overveld, 1998). In the project, an “intelligent” agent was modeled that sup-
ported a human user in its use of a particular domain. Although the system was ap-
plied to the domain of an electron microscope, it was intended to be generic in that
its architecture and various techniques for knowledge representation and construc-
tion were independent of the field of application. The agent’s belief states, such as
private and common beliefs, were modeled as type theoretical contexts. In the
DenK project, the formalism was used to model the ontological assumptions and
beliefs about the task domain (the electron microscope) and the cognitive dynam-
ics of the agent’s belief state; in particular, the change of beliefs as a result of do-
main observations and dialogue contributions by the user.

Apart from its intrinsic dynamic properties, TT has important advantages over
formalisms such as predicate logic or discourse representation theory. First, and at
the heart of TT, is the formal distinction between objects and types. Types often
represent a particular concept, whereas objects can be considered as instances of
these concepts. In TT it can be expressed, for instance, that we have the concept
“network” and that “the Internet” is an instance of the concept network. Second,
TT embodies the notion of contextuality (or sequentiality) that tells us that new as-
sumptions can only be added as long as the current belief state satisfies particular
constraints.
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To some extent, the notion of sequentiality corresponds to the notion of presup-
position used in linguistics (Strawson, 1950) where, for instance, the sentence,
“Type Theory will be the most prominent logical framework in the near future to
model the semantics of natural language utterances” presupposes “the existence of
logical frameworks,” “type theory as a particular instance of these logical frame-
works,” “the existence of natural language utterances and their semantics,” and so
on. Presuppositions can be considered as a kind of background assumptions that
should be fulfilled to understand the meaning of the message (see also Piwek &
Krahmer, 2000). An important characteristic of presuppositions is that they can be
inferred from both the sentence and its interrogative form. Because we assume a
close relation between the communicative actions of the users and their mental
model, presuppositions give us valuable information about the discrepancies be-
tween the FSM and the user’s model of the application. Hence, we assume that the
system is able to interpret a simple language fragment with words taken from the
common vocabulary and that it detects mismatches on the basis of presuppositions
derived from the message.

Semantic Information

We consider how the five types of semantic information can be expressed in a very
limited fragment of TT (e.g., for comprehensive introductions, see Ahn, 2001;
Luo, 1994). The building blocks in TT are expressions, called statements, of the
following form:

G: H

that indicate that object G is an inhabitant or instance of type H, or that G has type
H, for short.

How can we express the first type of semantic information: “the existence of a
particular type?” For this there is a special type named sort (which is denoted by
*s). To say that a particular type exists is to say that it is an inhabitant of this special
type sort. For instance, the statement:

animal: *s

expresses that animal is a type; in other words, that the type animal exists.
The type *s itself is an inhabitant of the top-level type “�.” This is expressed by

the following statement:

*s: �

To express the information about the existence of predicates that are applicable
to a particular type, another special type is introduced: the sort of propositions,
which is denoted by *p (which itself is an inhabitant of the top-level type �—de-
noted by *p: �). For instance,

HUMAN–COMPUTER DIALOGUE 223



warm_blooded (flipper): *p

expresses that warm_blooded (flipper) is a “proposition.” It does not yet state that
it is a true proposition. In TT, propositions are considered as types themselves, and
a proposition is true if there exists an object (i.e., the proof) with the proposition as
its type. For instance, the statement:

x: warm_blooded (flipper)

expresses that the proposition warm_blooded (flipper) is true, where x denotes the
particular proof object.

Predicates are modeled as functions that take inhabitants of a particular type as
their argument and that yield propositions as their result. For instance, the follow-
ing:

animal → *p: �

indicates the existence of predicates over the type of animals.
For the third type of semantic information, “information about subtypes,” a sub-

sumption operator, “<” is introduced, which indicates that inhabitants of a more
specific type can be applied in every case where inhabitants of the more general
type may be applied (types on the left are lower in the hierarchy):

mammal < animal: *s

dolphin < mammal:*s.

Therefore, any predicate that takes as an argument inhabitants of the type ani-
mal can take inhabitants of the type mammal as well. Similarly, any predicate that
takes as an argument inhabitants of mammal can take inhabitants of dolphin as
well.

Information about rules that state that an object of a particular type has a neces-
sary feature is modeled by means of the product operator “π.” In general, πx:A.P(x)
is the type of rules that yield that all instances of the type A necessarily have the
feature P.4 Therefore, for instance,

πx:mammal.warm_blooded(x) : �

expresses the type of rules that yield that all mammals are warm-blooded.
Finally, we consider the fifth type of semantic information: information about

instances of these various types of information. The information that flipper is a
dolphin is modeled as flipper being an object of the type dolphin:
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flipper: dolphin.

The information that warm-bloodedness is a predicate that is applicable to the
type of animals is expressed by the following:

warm_blooded: animal → *p.

The information that all mammals are warm-blooded is expressed by the state-
ment:

zoological_rule73: πx:mammal.warm_blooded(x)

indicating that zoological_rule73 is a function that for each instance x of the type
mammal yields a proof object for the proposition warm_blooded(x).

The Type System

The various types of beliefs of an agent can be represented in TT as so-called con-
texts; contexts consist of sequences of expressions and list everything that has been
assumed so far by the system with respect to the application domain and every-
thing that has explicitly been inferred from these assumptions. The notion of se-
quentiality plays a role in the order in which statements can be added to contexts.
For instance, a statement like flipper: dolphin cannot be added unless the context
already contains the statement dolphin: *s.

Contexts are thus open to new information and can be extended as long as new
introductions are adhered to the rules of the type system; these contexts are called
legal contexts. Therefore, given a particular context, the rules of the type system
constrain the way in which statements can be combined into new legal statements.
This can be expressed by so-called judgments:

� � G: H

that expresses that object G has type H, given the assumptions in context �. The
context � is called the assumption of the judgment, and the statement G: H is
called the conclusion.

A context � is defined to be legal if

� � *s: �.

Because the statement *s: � is an axiom of the type system, this judgement
boils down to the requirement that the context has been constructed according to
the rules of the type system. In addition, we call a statement X a legal extension of a
context � if the extended context is legal; that is,

�, X � *s: �.
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Judgments are derived from the rules of the types system. In general, a deriva-
tion rule is of the following form:

J1 &...& Jn ⇒ J

expressing that the judgment J (called the consequent) is derivable if each of the
judgments J1 ... Jn (called the antecedents) is derivable. The formal derivation rules
of the simple type system that we use in this article can be found in the Appendix.

We illustrate the rules of the type system and the notion of legality by means of
an example. Table 1 depicts the construction of a legal context � that contains the
proof of the proposition that flipper is warm-blooded; that is, the last statement
(12) indicates that the application of zoological rule number 73 to the object flipper
constitutes the particular proof object. To be able to derive this statement, accord-
ing to rule (apply2) of the type system, this zoological rule has to be of the appro-
priate product type. The zoological rule takes instances of the type mammal (11),
and this is okay because flipper is of type dolphin (7), which is a subtype of mam-
mal (9). According to rule (start1), it is required that this product type exists (10).
For this it is required according to rule (prod) in combination with rules (apply1)
and (start1) that the predicate warm_blooded is applicable to the type animal (4)
and that mammal is a subtype of animal (8). For the subtype relations (8) and (9), it
is required according to rule (start2) that the types animal (2), mammal (5), and
dolphin (6) themselves exist. Likewise, for the predicate warm_blooded, it is re-
quired according to rule (start1) that the type of predicates over animals exists (3),
for which in turn according to rule (pred) the type animal should exist (2). Finally,
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TABLE 1
Derivation of the Legal Context Γ Containing zr73 (flipper):

warm_blooded(flipper)

No. Context Derivation

1.
2.
3.
4.
5.
6.
7.
8.
9.

10.
11.
12.

[*s: �,
animal:*s,
animal → *p: �,
warm_blooded: animal → *p,
mammal:*s,
dolphin: *s,
flipper: dolphin,
mammal < animal:*s,
dolphin < mammal: *s,
πx:mammal.warm_blooded(x) : �,
zr73: πx:mammal.warm_blooded(x),
zr73 (flipper):
warm_blooded(flipper)]

(axiom)
(1.), (start1)
(2.), (pred)
(3.), (start1)
(1.), (start1)
(1.), (start1)
(6.), (start1)
(2.), (5.), (start2)
(2.), (6.), (start2)
(4.), (start1), (8.) (apply1), (prod)
(10.), (start1)
(11.), (7.), (9.), (apply2)



(2), (5), and (6) are using rule (start1) derivable from the axiom (1). As the con-
struction of this sequence of statements (1) through (12) adheres to the rules of the
type system, it constitutes a legal context.

CONCEPTUAL MISMATCHES

In the literature, various typologies of conceptual mismatches have been identified
(for instance, see Agarwal, Huang, & Dimitrova, 2005; Hameed, Sleeman, &
Preece, 2002; Visser, Jones, Bench-Capon, & Shave, 1998). In this article, we dis-
tinguish two basic categories of mismatches: direct and indirect mismatches.

Direct mismatches result from an incorrect match between the private belief of
the system’s FSM and the presuppositions derived from the user’s message. For
example, note the imperative:

User: “Restart the Internet, please!”

The user presupposes that the action restart is applicable to an object called
Internet, which is in conflict with the system’s FSM. Direct mismatches are a re-
sult of the a priori conceptualization of the domain of discourse by user and sys-
tem; the assumptions that cause the mismatch are, therefore, part of the semantic
content of the linguistic realization.

To provide feedback about direct conceptual mismatches we need a computa-
tional decision criterion that tells us whether information from the user is incom-
patible with the FSM of the system (Beun, van Eijk, & Prüst, 2004). To achieve this
we use the concept of legality introduced in the previous section to compare the se-
mantic representation of the incoming language fragment with the FSM of the sys-
tem, in particular its private beliefs.

Let Q denote the semantic representation of the user’s input question and let �B

denote the system’s private beliefs about the domain of discourse (which we as-
sume to be a legal context). We define Q to be free of direct conceptual mismatches
if the following judgment holds:

�B, x:Q � *s: �,

where x is fresh. In other words, Q is free of conceptual mismatches if it can be
instantiated by a fresh object x such that the resulting statement “x:Q” is a legal ex-
tension of the private beliefs �B.

The mechanism for the detection of conceptual mismatches is as follows. First,
we assume a function “CONSTRUCT-DERIVATION-TREE” that takes a judg-
ment as its input and computes whether this judgement can be derived from the
type system. This function builds a derivation tree by recursively applying the ap-
propriate derivation rules in opposite direction (i.e., from consequent to anteced-
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ents). If all these recursive applications can ultimately be resolved to the axiom of
the type system (i.e., all leaves are of the form � � *s: �), then the tree is said to be
complete. If, however, one or more judgments cannot be resolved to the axiom, the
tree is said to be incomplete.

We use this function to detect conceptual mismatches by constructing the proof
tree of the judgement �B, x:Q � *s: �. Indeed, if this yields a complete derivation
tree, this implies that Q is free of conceptual mismatches. However, if the deriva-
tion tree is incomplete, then each of the leaves of the tree that are is of the form � �

*s: � indicates a conceptual mismatch. Given an incomplete derivation tree, we
annotate each of its nodes with a mark “MISM” or “OK,” expressing whether the
corresponding judgment indicates a conceptual mismatch. Resolved leaves have
the annotation OK; leaves that cannot be resolved have the annotation MISM. In
addition, if a node has a node marked MISM as one of its children, then this node
has the mark MISM itself and OK otherwise. Finally, the conclusions of the judg-
ments of all nodes marked MISM together denote the conceptual mismatches be-
tween the user input and the system’s FSM (except for the root node because it has
*s: � as its conclusion).These conceptual mismatches become part of the pending
beliefs �p.

Therefore, in summary, the procedure for the detection of conceptual mis-
matches is as follows:

COMPUTE-MISMATCHES (Q).

1. CONSTRUCT-DERIVATION-TREE (�B, x:Q � *s: �).
2. IF the tree is complete.
3. THEN output:= no mismatches.
4. ELSE annotate all nodes with their corresponding mark .
5. AND output:= annotated tree.

To illustrate this detection mechanism, we consider the user command “restart
(the_internet).” Suppose the system’s private beliefs �B are as follows:

�B = [process: *s,
restart: process → *p
network: *s,
internet: *s,
internet < network : *s,
the_internet: internet].

For the detection of possible conceptual mismatches we start with the following:

�B, x: restart (the_internet) � *s: �.

According to rule (weakening1), we have to derive:
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�B � restart (the_internet): *p,

which among others according to rule (apply1) requires the derivation of the fol-
lowing:

�B � internet < process: *s,

and this requires, according to successive applications of rule (weakening1), the
derivation of the following:

� � internet < process : *s,

which, however, cannot be further resolved. Thus, the conclusion of this judgment,
internet < process : *s constitutes a conceptual mismatch (marked as MISM). Be-
cause it is the conclusion of a parent node, the statement, restart (the_internet): *p,
constitutesaconceptualmismatchaswell.Thefull result is summarized inTable2.

In other words, the user command to restart the Internet presupposes, according
to the system’s FSM, that restart(the_internet) is a well-formed proposition (i.e., is
of type *p), which, because this predicate is applicable to process and the_internet
is of type internet, in turn presupposes that internet is a subtype of process, which,
however, is not the case, yielding a conceptual mismatch between the user and the
system’s FSM.

Although direct mismatches can be automatically detected from the semantic
content of the user’s message, indirect mismatches result from the system’s an-
swer. They are caused by pragmatic inferences that can be deduced on the basis of
the rules of the dialogue game, such as Gricean implicatures. For instance, imagine
a situation where a user observes a number of bottles with the description “toxin.”
Suppose that, for whatever reason, the user asks the question:

User: “Is this toxin poisonous?”
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TABLE 2
Computation of Conceptual Mismatches for the User Input,

“restart(the_internet)”

No. Statements Presuppositions Annotation Formal Pragmatic Model

x: restart(the_internet) Goal
1.
2.

*s: �

process:*s (2.)
ok
ok

Common vocabulary

3. process: → *p: • (3.) ok
4. restart: process → *p (4.) ok
5. internet: *s (1.) ok
6. the_internet: internet (5.) ok
7. internet < process: *s (2.), (5.) MISM Pending belief
8. restart(the_internet): *p (4.), (5.), (7.) MISM



A simple affirmation by the system (e.g., Yes) triggers an inference by the user
that may cause a serious conceptual mismatch; namely, that not all toxins are poi-
sonous. The inference can be concluded from the first part of the Gricean maxim of
quantity that states that dialogue participants should contribute as much as possi-
ble given the goal of the interaction. In fact, the inference is a so-called quantity
implicature (Levinson, 1983). If a speaker can contribute a stronger proposition—
in this case that toxins are always poisonous—and the stronger proposition also
satisfies the other Gricean maxims (i.e., quality, the second part of quantity, rele-
vance, and manner), then the speaker should add, in line with Joshi’s (1983) pro-
posal, extra information. Consequently, if the speaker withholds the stronger infor-
mation, the hearer may conclude that the information does not hold, especially in
cases where the speaker is supposed to be the expert of the discourse. Therefore, to
avoid the discrepancy, the system has to add extra information to the affirmation,
for example:

System: “Yes, because toxins are always poisonous.”

A CONVERSATIONAL STRATEGY

In this section, we design a conversational strategy to respond to the user’s input,
which detects direct mismatches and avoids indirect mismatches. We start with the
processing of the user input. Again let Q denote the semantic representation of the
user’s input and let �B denote the system’s private beliefs. We define the following
function:

PROCESS-INPUT(Q)

1. IF COMPUTE-MISMATCHES (Q) = no mismatches.
2. THEN find an x such that CONSTRUCT-DERIVATION-TREE (�B � x: Q)

is complete
IF such an x exists
THEN output:= tree
ELSE output:= cannot be proved.

3. ELSE output:= COMPUTE-MISMATCHES (Q).

The function PROCESS-INPUT first checks the presence of direct conceptual
mismatches between the user input and the system’s FSM. If a mismatch exists,
then it yields the annotated derivation tree. If no mismatches have been found, then
a proof object x for Q is computed (together with the corresponding derivation
tree). If such an x does not exist, then the function yields the result cannot be
proved; otherwise, it yields the corresponding derivation tree. Note the subtle but
essential difference between the judgments �B, x:Q � *s: � (with x fresh) and �B �

x:Q; the former indicates that the statement x:Q is a legal extension (and thus that
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Q is well-formed), and the latter expresses that the statement can be proved (and
thus that Q is true).

Assuming the system to be an expert on the domain, what should its response
be? This depends on various aspects, among others the system’s attitude. In this ar-
ticle, we discern two different attitudes, which are called lazy and eager. With re-
spect to direct mismatches, a lazy system will report the most prominent concep-
tual discrepancy (i.e., from the highest node marked MISM in the annotated
derivation tree), whereas an eager system will report all conceptual discrepancies
(i.e., all nodes marked MISM). When there are no conceptual discrepancies and a
complete derivation tree has been constructed, a lazy system will report the most
prominent reason (i.e., from the highest node in the derivation tree), whereas an ea-
ger system will report the entire proof.

An important question is: What are the requirements w.r.t. the extra information
(conceptual discrepancies and reasons) that is included in the response. The an-
swer to this question depends on whether this information satisfies the Gricean
maxims. For instance, for the user question, “Is this toxin poisonous?”, we have:

• Manner: The system believes that the user knows the words toxins and poi-
sonous.

• Quality: The system believes that toxins are always poisonous.
• Quantity 2: The system believes that the user does not believe that all toxins

are poisonous.
• Relevance: The system believes that the information “toxins are always poi-

sonous” is relevant.

The words toxin and poisonous were part of the user’s question, so the first maxim
holds.Becausewehaveexplicitlyassumedthat thesystembelieves that toxinsareal-
ways poisonous, the second maxim holds. The same counts for the third maxim: If
the user is cooperative, it may be concluded from his or her question that he or she be-
lieves that toxins can be poisonous or not poisonous. Therefore, he or she does not
believe that toxins are always poisonous (Quantity 2). The relevance maxim cannot
be proven; therefore, and we assume that, if one of the participants wants to know
whetheranobjectofaparticular typehasaparticular characteristic, thenbydefault it
is always relevant that the participant knows that all these type of objects have that
characteristic. It ishard to thinkofasituationwhere this isnot thecaseanditcertainly
holds for the toxin case. Therefore, to avoid the conceptual discrepancy, depending
on its attitude, the system should add the extra information.

Depending on both the content of the FSM and FPM, even more informative re-
sponses may be generated. Let us consider the simple domain of animals again.
Suppose that the user asks the following:

User: “Is this dolphin warm-blooded?”
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Then an adequate response could be:

System: “Yes, because all mammals are warm-blooded.”

Note that in the response the information that dolphins are a subclass of mammals
is included as background information and should be, to be cooperative, part of the
common belief of the FSM.

Summarizing, we opt for the following conversational strategy:

CONVERSATIONAL-STRATEGY

1. PROCESS-INPUT(Q).
2. IF conceptual mismatches exist.
3. THEN output:= No, because ARGUMENT.
4. ELSE IF Q can be proved.
4. THEN output:= Q because ARGUMENT.
6. ELSE output:= No.
7. WHERE ARGUMENT satisfies the following requirements:

a. Is according to the system’s attitude (i.e., the relevance maxim).
b. Is expressed in terms of the common vocabulary (i.e., the manner

maxim).
c. Is based on the (annotated) derivation tree (i.e., the quality maxim).
d. Is not part of the common belief (i.e., the second quantity maxim: do

not say too much).
e. All its presuppositions are part of the common belief (i.e., the first

maxim of quantity: say enough).

We illustrate this strategy with some examples. First, we consider the case of indi-
rect mismatches. Let us consider this user question:

User: “Is this dolphin warm-blooded?”

In Table 3 we have presented the sequence of statements of the FSM that consti-
tute the derivation tree of the proposition warm-blooded(this_dolphin). In the table
we have indicated for each of the statements its most important presuppositions
(excluding *s: �, for instance) and the part of the FPM it belongs to.

According to the previous strategy, and assuming an eager attitude, the answer
to the user’s question would be:

System: “(9.), because (8.). [“Yes, because all mammals are warm-blooded.”].
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Because (8.) and (9.) are part of the private beliefs and not of the common beliefs,
their presuppositions are part of the common beliefs and mammal and
warm-blooded are part of the common vocabulary.

Note that if the information (7.) dolphin < mammal: *s would have been part of
the private belief instead of the common belief, then the system’s response would
have been:

System: “(9.), because (8.) and (7.).” [“Yes, because all mammals are warm-blooded
and dolphins are mammals.”].

Let us now consider the case that the type “mammal” is not part of the common vo-
cabulary but of the private belief. In particular, let us assume that the distribution of
the semantic information over the FSM is as depicted in Table 4.

In this situation, the private belief “all mammals are warm-blooded” is not ex-
pressible in terms of the common vocabulary. The strongest information that is ex-
pressible in the common vocabulary is the information “all dolphins are warm-
blooded.” Hence, according to the conversational strategy, the system responds
with:

System: “(10.), because ((9.) plus (8.) minus (6.)).” [“Yes, because all dolphins are
warm-blooded.”].

Finally, we address the case of direct mismatches. Consider again the user input:

User: “Restart the Internet, please!”
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TABLE 3
Derivation Tree and Formal Pragmatic Model (FPM) for the Generation of

the Response to the Question, “Is this dolphin warm-blooded?”

No. Formal Semantic Model Presuppositions Formal Pragmatic Model

x: warm_blooded(this_dolphin) Goal
1.
2.

animal:*s
mammal:*s

Common vocabulary

3. dolphin: *s
4. warm_blooded: animal →*p (1.)
5. this_dolphin: dolphin (3.)
6.
7.

mammal < animal:*s
dolphin < mammal: *s

(1.), (2.)
(2.), (3.)

Common belief

8.
9.

f: πx:mammal.warm_blooded(x)
f(this_dolphin):
warm_blooded(this_dolphin)

(4.), (6.)
(5.), (7.), (8.)

Private belief



and the derivation tree and FSM as have been depicted in Table 2. Then, according
to the conversational strategy, the different attitudes give rise to the following two
responses5:

System(lazy): “No, because not(8.).” [“No, because it is impossible to restart the in-
ternet.”].

System(eager): “No, because not(7.) and thus not(8.).” [“No, because an internet is
not a process and thus it is impossible to restart the internet.”].

DISCUSSION

We have presented a computational model that generates formal conceptual struc-
tures that can be used in the generation of cooperative natural language responses
in human–computer dialogues. In this article, we have focused on language frag-
ments that should be generated in cases of mismatches between the mental model
of the user and the system’s conceptual model of a particular discourse domain.
For that we have formalized the system’s conceptual model in TT, and we have dis-
tinguished various types of information states to regulate the system’s communica-
tive behavior. In this article, we have taken a strong theoretical stance because we
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TABLE 4
Derivation Tree and Formal Pragmatic Model (FPM) for the Generation of
the Response to the Question, “Is this dolphin warm-blooded?,” Where the

Word Mammal is Not Part of the Common Vocabulary

No. Formal Semantic Model Presuppositions Formal Pragmatic Model

x: warm_blooded(this_dolphin) Goal
1.
2.
3.
4.

animal:*s
dolphin: *s
warm_blooded: animal →*p
this_dolphin: dolphin

(1.)
(2.)

Common vocabulary

5. dolphin < animal: *s (1.), (2.) Common belief
6.
7.
8.
9.

10.

mammal: *s
mammal < animal: *s
dolphin < mammal: *s
f: πx:dolphin.warm_blooded(x)
f(this_dolphin):
warm_blooded(this_dolphin)

(1.), (6.)
(2.), (6.)
(3.), (8.)
(4.), (8.), (9.)

Private belief

5Note that as a result of different type assignments (*p and *s, respectively), different terms can be
used in the linguistic realization of the responses “is impossible” and “is not,” respectively.



believe that a fundamental approach is necessary to model human–computer inter-
action, especially in the field of natural language processing.

We now discuss some of the strong and weak points of the presented model. Let
us, therefore, first consider some more examples that were taken from
www.computerflaters.nl.6 The first example shows that conceptual mismatches
are often embedded in various discourse contributions:

Helpdesk: “Helpdesk, how can I help you?”

Client: “I have a complaint.”

Helpdesk: “What is the problem?”

Client: “I asked you not to program pornography on my Internet. I want you to re-
move it immediately!”

The last turn by the client contains several conceptual mismatches, such as “the
people from the helpdesk program the Internet,” “it is the client’s Internet” (what-
ever that means), and “the helpdesk can remove pornography from the Internet.”
The example shows that, in practice, a sophisticated discourse preprocessor is re-
quired to build up the appropriate discourse model to resolve, for instance, the pro-
nominal reference (“it”) and the gap from the elliptical construction (“from the
Internet”) of the last sentence. The meaning of the client’s last sentence would then
roughly be:

Client: “I want you to remove pornography from the internet.”

In our article, we have focused on only one sentence that is disambiguated with re-
spect to anaphorical reference and elliptical constructions, but a future system
should include discourse information as well. Clearly, we do not want the follow-
ing type of system feedback if the missing argument in the verb remove can be
filled with information from the previous discourse or other sources:

User: I want you to remove iTunes.”

System: I cannot remove iTunes, because you always have to remove something
from something else.”

In principle, our framework can be extended to discourses of several utterances,
but only if the correct preprocessing is applied.
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Another point of attention is the behavior of presuppositions in imperative
and embedded sentences. From the client’s last sentence in the previous exam-
ple, the system should be able to infer that the client believes the conflicting in-
formation that the removal of pornography from the Internet is a possible action
by the helpdesk. Given that pornography would be part of the system’s vocabu-
lary, the statement, “pornography is removed by the helpdesk from the internet,”
would be added to the goal state of the system and compared with its private be-
lief. From the system’s private belief, it would follow that pornography can
never be removed from the Internet by the helpdesk, and a lazy response in natu-
ral language would be:

System: “Pornography cannot be removed from the internet (by the helpdesk),”

which seems adequate for the time being. Therefore, in this case the semantic con-
tent of the postcondition of the imperative, “Remove pornography from the in-
ternet,” is put in the goal state of the system. It remains for future research how well
this strategy works for different types of embedding and different sentence types.

Another example that we found and that included a response from the helpdesk
is the following:

Client: “I want to type capital letter 7.”

Helpdesk: “Ciphers do not have capital letters, sir.”

Here the system would detect that the client erroneously believes that “7” can be
typed as a capital letter. If the statement that 7 is of type cipher would be part of the
system’s common belief—and depending on other subtleties, such as the repre-
sented meaning of the verb capitalize—the system would react as follows:

System: “Ciphers cannot be capitalized,”

which largely agrees with the original response of the helpdesk.
Other example utterances from the client that we found were as follows:

“I want to download the internet.”
“I want to send an email to 04123–4567.”
“I cannot send email. Is the internet filled up?”
“Always when I move the mouse, the screensaver disappears.”
“Is the internet open on Sunday as well?”

Given a correct conceptual model of the system with respect to objects like
screensavers, telephone numbers, days of the week, and verbs like open, filled up,
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and so on, the system is, in principle, able to detect the previous mismatches and to
generate lazy or more elaborate responses.

It is interesting to note that the presented system would not only be able to de-
tect the user’s mismatch, but would also be capable of avoiding inconsistencies in
its own feedback messages, such as the following:7

System: “Error 101: No keyboard. Press F1 to continue.”

In this case, the system would believe, for instance, that pressed keyboard buttons
like F1 can only control a program if the keyboard is connected to the computer.

So far we have seen that, depending on the conceptualization of the discourse
domain, the system is able to detect a wide range of conceptual mismatches and
that the system is capable to generate conceptual structures that may form the input
for a natural language response generator. How cooperative are these responses?
To answer this question, we briefly return to the primary assumption underlying
the conversational model of the presented system. In line with many other re-
searchers (e.g., Clark, 1996; Joshi, 1983; Traum, 1994), we assumed that “com-
mon ground is a sine qua non for everything that we do with others” (Clark, 1996,
p. 92) and that we constantly add information to our common ground during the in-
teraction. Common ground is what conversational partners share, but because na-
ture has separated our minds and no one has direct access to the mental state of the
other, dialogue participants have to pretend that part of their individual beliefs is
common. They have to work hard to coordinate this common ground, every new
piece of common ground is built on an old piece, every new piece of information
should be consistent with previous information, and for that sometimes incorrect
pieces have to be removed. The feedback process that regulates the coordination of
the common ground is therefore an inevitable part from every natural language di-
alogue system. From this it would follow that the repair of mismatches as pre-
sented in this article is an essential part of the process that we call cooperative con-
versation.

Cooperativity is not a Boolean operator but manifests itself as a sliding scale,
however. Sometimes extra information is more cooperative, sometimes less; some-
times goal-directed responses are cooperative, sometimes they are not. All this
heavily depends contextual aspects, for instance, on the role the system plays in the
interaction such as an expert, a teacher, or a helpful friend. Depending on the role,
we would expect different conversational strategies: A teacher may be more fo-
cused on the creation of the common ground and may, therefore, give more general

HUMAN–COMPUTER DIALOGUE 237

7Imagine in future systems a central dialogue manager that receives and collects messages from ap-
plications in a multi-agent setting and that presents itself as a single agent to the user. Beforehand, it
would be impossible to guarantee that these different applications are always consistent with respect to
their feedback messages.



and elaborate feedback than the expert who focuses only on those parts of the com-
mon ground that are related to the task at hand. The presented model enables us to
experiment with different types of attitudes such as lazy and eager. A slightly dif-
ferent but related problem is the following. Remember the first example in this sec-
tion where the client speaks about “my internet.” In this context, the system would
be considered a bore if it would respond with, “Internet does not belong to you”;
but, in a context of properties and trade, it could be crucial to deny the presupposi-
tion.

Also, in contrast with a helpful friend role, we do not expect a system that plays
an expert role to change its conceptual model as a result from the interaction with
the user. In fact, an important feature of our system is that we implicitly presumed
so-called closed world assumption: If particular information cannot be derived
from the belief state of the system, it decides that it is not the case. In TT this can be
expressed as follows: If restart is not applicable to the Internet, it can never be a
proposition; if it can never be a proposition, there will never be a proof object; if
there will never be a proof object, it can never be true, therefore, it is false in all
possible worlds. This is probably not the behavior that we observe in most human
conversations, but for the moment it seems a satisfactory and cooperative strategy
in the case of human–computer interaction.

Cooperativity largely depends on the goals of the conversational partners and,
therefore, the system should be “aware” of the user’s goals that go beyond the ut-
terance; the absence of a sophisticated goal-handling subsystem is an important
drawback in our system. On the other hand, whatever the goals of the dialogue
players are, they always have the meta-goal of coordinating the common ground
(i.e., to carefully construct a common belief state based on pieces of previous
knowledge and to avoid mismatches whenever possible). In some cases it may
even be more cooperative not to respond to some assumed goal. For instance, al-
though in some contexts the following system response looks perfectly adequate:

User: “Restart the internet!”
System: “To speed up your system you have to close down the backup program,”

there may be many other reasons why the user wants to restart the Internet; in those
cases the response would be completely irrelevant. Therefore, the lazy response,
“It is impossible to restart the internet,” is always on the safe side; and, depending
on other parameters, the system may decide to give more information. Because the
type theoretical framework enables us to keep track of the proofs for every state-
ment, the extra information can be postponed to a next turn, for instance, if the user
asks a reason for the system’s response. Therefore, depending on the common
ground of the system, the dialogue may continue as follows:

User: “Restart the internet!”
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System: “It is impossible to restart the internet.”
User: “Why is that?”
System:  “Because the internet is a network and networks cannot be restarted.”

A more helpful response without explicit goal handling could be generated if
the system would be able to infer objects in the common field of attention that se-
mantically fit the restart action and offers them as an alternative to the user, for in-
stance:

User: “Restart the internet!”
System: “Do you want me to restart the internet browser or to restart the computer?”

However, suppose we have 20 of these objects or 1,000, then what would be a co-
operative response? One way is to narrow down the number of “fitting” objects by
the introduction of some sort of focus space that would contain the objects that
were discussed in the dialogue or objects that are part of a common field of percep-
tion. An argument against this strategy is that the user correctly uses the object
“Internet,” but incorrectly uses the verb restart. This would imply that we should
also offer the verbs that semantically fit the Internet in the response. In all cases we
need extra information, such as stress and focus spaces, to calculate these possibil-
ities. We believe that this is an interesting extension and that it can be added in a
second, less rudimentary version of the model, but it is beyond the scope of the cur-
rent article (cf. McCoy, 1989, or Walker et al., 2004).

CONCLUSION

From a point of view of human–computer interaction developers, one of the chal-
lenges is that systems are designed in such way that they support the user’s acquisi-
tion of an appropriate mental model to avoid errors while performing on them. In
this article, we have presented a model that enables a computer system to generate
speech act sequences on a conceptual level in case of mismatches between the sys-
tem’s semantic model of the application domain and the user’s mental model. For
that we have modeled the system’s model in TT, and we have distinguished various
types of information states to regulate the system’s communicative behavior.

We expected that including natural conversational skills in interfaces may con-
tribute to a more efficient and satisfactory human–computer interaction. Due to its
complexity, natural language interaction with computer systems is usually avoided
and, if included, highly underdeveloped. In this article, we have taken a strong the-
oretical stance; however, to determine what humans actually do in realistic conver-
sational circumstances and to validate the model presented in this article, the ac-
quisition of empirical data is a necessary step in the research process. We have,
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therefore, planned to collect empirical data from help desk conversations between
experts and naive users. We expect that the analysis of the transcripts will lead to a
further extension and refinement of the model, such as the inclusion of a discourse
model and richer semantic descriptions. To prevent irrelevant linguistic realiza-
tions in the generation process, we believe that including various types of informa-
tion sources, such as the topic of the conversation, the user’s goals and preferences,
should also be taken into consideration.

Our proposal should be considered as one of the many steps in the design of a
cooperative agent that supports users in their interaction with computers. Although
admittedly still incomplete, the presented framework provides a simple and ele-
gant solution to empower a computer system with a generate component that pro-
duces adequate feedback utterances at the conceptual level in human–computer in-
teraction. The type theoretical model presented in this article seems, due to its
build in property of sequentiality and its constructive nature, a valuable candidate
for the type of discourse representation that enables us to mimic the process of
common ground coordination. It remains for the future, however, in how far the in-
troduced model will be sufficiently rich to take care for an adequate feedback pro-
cess between humans and computer systems at the conceptual level.
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APPENDIX

The formal rules of the type system are depicted in Figure A1.
The first rule (axiom) of the type system defines the empty context (denoted by

∈) to be legal. The rules (start1) and (start2) allow us to extend a context with a
statement. The rules (weakening1) and (weakening2) guarantee that context exten-
sions are monotonic in the sense that statements remain derivable after an exten-
sion of the context. According to rules (subtype1) and (subtype2), the subsumption
operator is reflexive and transitive. The rule (pred) defines the formation of predi-
cates. The rule (apply1) states that an application of a predicate to an instance of (a
subtype) of the argument type is of type “proposition.” The rule (prod) defines the
formation of product types. Finally, the rule (apply2) states that an application of
an instance f of a product type πx:A.P(x) to an instance a (of a subtype) of its argu-
ment type is an instance (i.e., proof object) of the proposition P(a). For further in-
formation on these rules and type systems in general see, for instance, Ahn (2001)
and Kievit (1998).
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FIGURE A1 The formal derivation rules of the type system.


