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Abstract

In the ‘real world’, dialogue systems typ-
ically are made to work long days in call-
centres of airlines and banks, fielding cus-
tomer queries (and often inviting customer
rage). In academia, a strong line of re-
search is aimed at making such systems
better at such tasks (in the hope of reduc-
ing customer annoyance). Here, | want
to explore potential uses of spoken di-
alogue systems not as members of the
workforce but in the lab, as a tool for
the cognitive sciences. | argue that dia-
logue systems can be employed as situ-
ated, implemented computational models
of language-capable agents; models whose
predictions can be evaluated in real-time in
ecologically valid settings, by human con-
versant. | sketch a methodology for build-
ing such models, propose areas where they
can best be employed, and discuss the re-
lations between research in this direction
and more applied research.

Introduction

representing the first line of research. And on
closer inspection of the literature, there indeed
seems to be little work in the dialogue systems
community that would identify itself as belonging
solely to thetools-for-understandingamp (it's a
different matter in the embodied agents commu-
nity).2 In this paper, I'd like to explore the prob-
lems and potential of th&ol-for-understanding
direction and its relation to thgetting-things-done
camp.

The paper is structured as follows: First, |
briefly review what computational cognitive mod-
els are and discuss how dialogue systems can be
seen as a special class thereof. Then, | discuss a
methodology for employing SDSs to address cog-
nitive questions, and areas that seem particularly
amenable to this methodology, given the current
state of the technology. | then discuss a number
of possible objections against the proposed use of
dialogue systems. | close with some thoughts on
the relation between the different uses for dialogue
systems, and a general discussion.

2 Dialogue Systems as Cognitive Models

How can dialogue systems, with all their well-

(Pieraccini and Huerta, 2005) recently noted thaj,own technical problems and clumsy dialogue

“there are three different lines of research in the,anaviour possibly function as models of cogni-
field of spoken dialogue”, one focusing on “un- e apilities, and of which ones in any case? Be-
derstanding human communication, the second op,e | address these questions, let us backtrack a

designing the interface for usable machines, anglit and priefly review what cognitive models actu-
the third on building those usable machines”. CoI—a”y are.

lapsing the latter two classes into one, we may la-
bel these views thiool-for-understandingnd the
getting-things-donapproaches.

Interestingly, (Pieraccini and Huerta, 2005)
don't give any references for whom they see as

1This of course reflects a classic dichotomy within the
field of artificial intelligence which goes by many names: en-

2.1 Levels of Analysis in Cognitive Models

In the most abstract sense, a model in the cognitive
sciences can be seen as a function from an agent’s
inputs to its outputs—typically, but not necessar-

2Recent examples of systems that seem to fall more on

gineering vs. “empirical science concerned with the comput the tool-for-understandingside (but that do not make clear

tional modeling of human intelligence” (Jordan and Russell whether they see themselves as such) are (Allen et al., 1995;
1999); or, wrt. dialogue systems, “simulation” vs. “intcé”
(Larsson, 2005), or just simply applied vs. pure research.

Allen et al., 2000; DeVault and Stone, 2009; Skantze and
Schlangen, 2009).



ily, percepts and behaviours, respectively. In nonsequently also more modalities). | do not intend
trivial cases, this function will depend in some such an opposition here, and ulialogue system
way to the input (i.e., not be constant), and so camo cover all these kinds of systems; the defining
be seen as specifying amformation processor property here is that it is an (artificial) system that

As Marr (1982) pointed out in his seminal work can enter into and hold some, perhaps limited, but
on vision, such a function can be specified in dif-in any case sustained form of (in the prototypi-
ferent ways, which address different analytical in-cal case) language-based interaction in real-time
terests; his classification is shown here in Table 1with a human. | will argue that for our purposes
A computational model is one which focuses onthere are more commonalities between these dif-
the problem that is being solved by the processorferent kinds of systems than is usually assumed,
i.e. only on the function in a mathematical senseand that even the humblest kind of system (voice-
A representational model adds concerns about thenly, not embodied) has to answer challenges that,
exact way the processor computes the functionglepending on how and with which focus they are
an implementational model also worries about theanswered, can turn it into a cognitive model of an
physical details of the processor. interesting type.

A popular and fruitful recent line of research Now, what kind of analysis can dialogue sys-
puts a further constraint on models on the comyemg offer, and of what? Let's first look at the task
putational level. With the, often tacit, assump-enyironment in which a dialogue agent finds itself.
tion that natural behaviours have evolved to berpe information-processing task it needs to ad-
near-optimal, they assume that agentsaonal,  gress is the quite substantial one of understanding
i.e. that they solve their computational problemqanguage, and possibly a part of the world the con-
in an optimal way (minimizing their cost, max- yersation is about, well-enough to come up with a
imizing their gain), given the available informa- reaction, possibly in language as well, that is ap-
tion (Anderson (1991), see also Chater and Oakspropriate. (Note the restriction omell-enough |
ford (2008) for a recent overview). This direction il come back to this later.) This is the first step
has the advantage of offering a clear mathematiphere dialogue systems can be usefully employed
cal basis for computational modeling (probability j, cognitive modelling: building such a system
theory, and more specifically Bayesian belief uptorces one to precisely specify the task environ-
dating); we will discuss below to what extent it ment for (a particular setting of a) dialogue and
can support dialogue modeling. the phenomenon of interest.

Because it offers a convenient vocabulary to talk . . .
about inputs, outputs, and everything in between, leen a particular con\_/ersgtlona_l compete_nce
we introduce here some central notions. The tasQ]c interest (e.g., fast reaction times in turn-taking;

of the agent can in such a model be stated clearlyf.nore on possible modeling targets below in Sec-

itis to find that actionu,, given the observations of Flon 3.2), adialogue system can make, by embody-

the worldo,_1, that has the best chance ofbringinglﬂg a compiutatlo?altmb(l)dech;:‘_ them, tr:eorllces OI:
the world to a desired state. ;. is competence testable. This property of mak-

. . ... .. Ing the predictions of a theory testable is some-

I now try to situate dialogue systems within this , : . .
view of cognitive modelling. thing _that dialogue systems of course sh_are with

any kind of computational model (for that is what
dialogue systems are, to finally relate the discus-
sion here to the previous section) in the cogni-
tive sciences. However, they do this in an unusual
First, a few words on what | mean by “dialogue way, by exposing themselves on-line to the situa-
system”. Often, the term is used specifically fortion type they are meant to model. With respect
mono-modal, voice-only systems that do rather to the task of language processing, dialogue sys-

limited practical tasks, and is used somewhat irtems arewhole-agent modelsthey need to say
opposition toconversational agenfseen as more something about all levels of language process-
capable, but less oriented towards practical appliing (however many one assumes), from perceiving
cations), multi-modal systenfwith more modal- through understanding to generating it. This con-
ities available to it) orembodied conversational trasts with the way for example theories of reading
agents(with a simulated or real “body”, and con- time are evaluated, namely against pre-collected

2.2 Dialogue Systems: Situated
Computational Whole-Agent Models



Computational Theory Representation and algorithm Hardware implementation
What is the goal of the computation, How can this computational theory beHow can the representation and algo-
why is it appropriate, and what is theimplemented? In particular, what is rithm be realized physically?
logic of the strategy by which it can be the representation for the input and the
carried out? output, and what is the algorithm for
the transformation?

Figure 1: The three levels of analysis of information preass tasks of (Marr, 1982)

corpus data (see e.g. (Lewis and Vasishth, 2005)jng ideas from another recent approach within the
these are what could be callsdb-module models cognitive sciences:situated or embodied cogni-
For us, this property of being whole-agent tion: “the theory of situated cognition [...] claims
modelis the ‘unique selling proposition’ of di- that every human thought and action is adapted
alogue systems amols-for-understanding As to the environment, that situated because what
complete models (w.r.t. a certain ability, and othempeopleperceive how theyconceive of their activ-
constraints that will be discussed presently) of thaty, and what theyphysically dodevelop together.”
agent-type they are meant to model, they have t¢Clancey, 1997, p.1). On-line interactions with di-
produce a much wider range of behaviours tharalogue systems inevitably happen in contexts, in
sub-module models, and have to be explicit abousituations, embedded at the very least in time, if
how these behaviours arise from that of the subnot in space, and the systems need to address such
modules (assuming that they do have discerniblsituational features.
sub-modules). This is a challenge that can hardly Let's wrap up the discussion of which of Marr’s
be addressed otherwise, as (Marr, 1982) notedevels dialogue systems cover. As elaborated
“Almost never can a complex system of any kindabove, dialogue systems clearly represent a com-
be understood as a simple extrapolation from thgutational analysis: they contain a specification of
properties of its elementary components”. what it is that is being computed, what the compo-
It's not only the range of modelled behaviour nents of that computation are, and what the goals
where dialogue systems can have an advantag&re. They are also by definitioimplemented-
over off-line models, though. The kind of phe- although most dialogue systems do not make any
nomena that seem to be promising goals for tackelaims about the cognitive plausibility of the rep-
ling in a dialogue system understood as cognitiveesentations and algorithms they use. Lastly, most
model (see next section) also seem hard to moddikely dialogue systems will not any time soon be
and evaluate otherwise. Decisions of an agent in able to tell us anything about the physical real-
dialogue (thex; from Section 2.1) typically have isation of conversational skills, and hence aren't
delayed rewards (how good was the conversationinodels on the physical level.
and complete models of the world (that is, models This then concludes this section: in the view
of how the actions of the agent change the statgroposed here, Dialogue Systems are situated,
of the world, P(s¢|s;-1, a:), and of how the world  implementedwhole-agent modelsf human lan-
is perceived,P’(o¢|s;)) are generally not available guage processing capabilities, and are as such
and, given the size of the state space, hard to leagbmputational cognitive models, perhaps with par-

from data—all of which suggests interactive eval-tial claims to representational and algorithmic re-
uation as a strategy that is more promising than foglism as well.

example trying to reproduce a gold-standard from

a corpus’ 3 Methodology and Domains
The on-line nature of this interaction finally
makes dialogue systems an ideal tool for explor3.1 Of Robotic Bees and Conversational

— _ ) Agents
Interestingly, in the line of research that uses Bayesian

methods like Reinforcement Learning to solve Partially-In (Michelsen et al., 1992), an experiment is de-

Observable Markov Decision Processes (see Lemon ang . . s
Pietquin (2007) for a recent overview), a middle position gcrlbed that represents the culmination of years

is taken: the systems learn by interacting with user model®f research on communication among honeybees:
which generate the observations, and which in turn aretearntg test their understanding of the communica-
from data. In effect, this is what could be called a “semi- ,.

interactive” setting, where two implemented models coswer tion methods used by honeybees, the researchers
which each other. built a mechanical model of a forager bee, put



it in a typical communication situation (inside stricted, intelligent conversationlt is unrealistic
a beehive), and let it perform various forms ofto expect dialogue systems to be able to model
dances, implementing variants of the models ofintelligent conversation"per se that is, to ex-
bee-communication which the researchers hagect them to be able to give “intelligent” replies
previously built from observation. The effective- to all kinds of utterances. Luckily, there are two
ness of the dances (and hence the adequacy of tkeot mutually exclusive) ways around this prob-
theories) was then evaluated by the number of bedem. One is to restrict the setting in such a way
that as a result flew to the predicted (communi-as to require “intelligent” (or, better, appropriate)
cated) locations. replies only in a narrow domain thean be mod-
We envision a quite similar place for dialogue elled. The other is to shift the focus to other fea-
systems in the study of human communicationtures of dialogue: Dialogue is not just about say-
and a similar methodology: artificial agents em-ing and meaning the right things. It's also about
body a theory of communication, whose adequacyaying the right things at the right moment, and
is evaluated through the reactions it provokes irabout giving the right kinds of other, not directly
a naturalistic setting. However, compared to thdask-related signals.
honeybee, human communicative situations are |; seems then that, at least in the short term,

somewhat more varied, and there are interesine most promising areas for modeling in dialogue
ing interactions between technical limitations ONgystems are not those of the dynamics of meaning
what can be computationally modelled and choicgy, gialogue, but that of the dynamics of interaction
of situation. The appropriate methodology thenyynere it is an interesting open question as to how
looks more like the following: &) start from the- ,,ch these can be disassociated). To give a laun-
ory that says something about phenomenon yoyyy jist of possible areas in control of interactivity
want to study; b) devise communicative settingihat come to mind: turn-taking, timely feedback,
that keeps this phenomenon as unrestricted as POgmotional feedback, alignment between conver-
S|ble_whlle restricting other _asp(—_:‘cts as much agants. Also promising seems the study of emer-
possible; c) record humans in this setting; d) degent pehaviours, created by interactions (planned /
rive from this a more fine-grained model, which is ontrolled or not) of parallel processes.

€) implemented in computational model; f) evalu- When the phenomenon of interest is selected

ate the model not only for how well it reproduces q lanat theori ited
the phenomenon but also for the reactions it proEin explanaltory heories are consuited or con-

vokes? (In practice, of course several iterations ofstrgcted, the next step is o devise a setting in
¢) to f) may be necessary.) which the model can be evaluated. The challenge

We go through the most important steps in thel see here is tq choose a situation that reduces as
following. much as p053|b!e th_e de_mands on the techr_ncal
components, while still being as much as possible
3.2 Choice of Setting ecologically valid. The goal here is to externalise
tgnd expose the limits that the system has (inso-

The processing of human language poses qui ,
formidable technical challenges, and the extan{ar as they aren't part of what one wants to study)

realisations even only of the sub-modules typi-and to turn them into constraints posed by the

cally seen to be involved in it (e.g., parsing, “un- situation (task, setting). E.g., a dialogue system

derstanding”, generation) are miles away fromWiII have understanding problems (ASR, NLU),

achieving human-like performance. This seems 150 it's a good idea to restrict the situation in such

pose a problem: if the components are that bad W&y that the space of expected interactions gets

how can we expect the result of their connectionsma”er’ and the restrictions are intuitively clear to
to be anywhere near a usable model of human béhe human interactant.
haviour (as in, one that helps answer interesting To give an example for such a strategy (although
questions)? the authors do not explicitly phrase it like this): in
The answer is, we shouldn't. Or at least we(Skantze and Schlangen, 2009), a system is pre-
shouldn’t be expecting to be able to modeire- sented that investigates how human-like levels of
— interactivity / turn-taking speeds can be reached.
Steps c) to f) follow the methodology proposed by (Cas-T . . his. th th trict the situati
sell, 2007) for the construction of Embodied Conversationa_ Y mve_stlgatet IS, e_au ors r_es rl.c e Situation
Agents. into which the system is put to dictation of number



sequences. This is a task that is intuitively under- It should be noted here that for the level of
standable to human conversation partners, whileomputational modeling, none of these differences
making technical tasks that are not the direct goaiatter. What matters here is a clear understand-
of the investigation easier. (ASR can be expectedhg of the problem; rational or probabilistic mod-
to perform better on such a limited vocabulary.) els perhaps have an advantage here because they
A lot of the ingenuity of using dialogue sys- enforce a clearer statement. If one puts weight
tems to answer questions about human languagen differences in processing mode, one starts to
use will lie in the choice of restricted, but under- enter the algorithmic / representational level; for
standable settings. this to matter with respect to the modeling task,
one would then need to claim realism for one way
3.3 Operationalisation, Model Construction of processing or the other. Here again dialogue

Once the setting has been determined and the geflyStems promise to be a useful tool, by making
eral predictions of the theory have been mappedestable claims of advantages of different imple-
to it, the next step is to operationalise the theoryMentation methods.

so that it can be modelled computationally. Us- The goal of studying human communication by
ing the vocabulary introduced above, the task igneans of computational modeling also gives the
to determine the range of actions that the systerystem designer the freedom to not fully imple-
is meant to be able to take, the observations thanent those processing modules that aren’t meant
are to be expected, and the state of the world thd® be part of the model. For example, if the
is to be tracked. (An additional detail is whetheraim of the model is the study of discourse struc-
uncertainty about any of these elements should biire, and logical forms are required as input of
modelled as well.) the sub-module which is being tested, one could

Forcing explicitness at this step already is somelry a setting where a human “wizard” (Wooffitt et

thing that dialogue systems can contribute to thél., 1997) is in the loop—as long as this doesn't
study of human language use. A functioning com<change the interactional dynamics one is inter-
putational model of an ability (say, turn-taking) ested in. Alternatively, an “oracle” could be em-
shows at least that the information given to it (sayployed: in a setting where what the human user

word sequences and prosodic information) conWill talk about is known in advance, for example
tains enough information to solve the Computa.because the user is asked to perform certain tasks,

tional problem. this information can be given to some modules

In most current dialogue systems, the functionof the system (unbeknown to the user) like refer-
from observations to actions is specified proce&nce resolver, speech recognition etc. Or, a system
durally, as the outcome of the combination (in athat is meant to model interaction features can use
pipeline, or partially parallel) of various process- ELIZA-like techniques for content-management.
ing modules. This reflects on the one hand whafCf. the discussion of “micro-domains” in (Edlund
is seen as the structure of the problem—Iinguistict al-, 2008); more on this below.)
has traditionally separated the task of language un- )
derstanding into the “modules” of syntax / pars-3-4 Evaluation

ing, semantics / interpretation and pragmaticsthe final step is to evaluate the system for how
/ understanding—and on the other hand simplyyell it does its job of modeling the phenomenon
good software engineering practice. It also a||OWS(and, more generally, of being ‘human-like’).
a more tentative approach, where less needs to lgajuating dialogue systems is a difficult business,
explicitly stated about the structure of the prob-as has often been discussed (Walker et al., 1998;
lem than what would be needed in a purely ratio-Edjund et al., 2008). The behaviour of a dialogue
nal approach. (This of course can also be viewedystem is the result of the combination of many
as a downside of this approach.) Finally, as brieflymodules, and it is often difficult to ascertain which
mentioned above, it often is hard to get data frommodule’s performance contributed what—asking

which free parameters of a rational model could behe human users directly will often not give mean-
learned, and so analytical models with symbolicingful results.

rules provide more control over the algoritfm.

- Schuler et al., 2009 in press) for some attempts at (pa#iiall
SBut see (Miller et al., 1996; Lemon and Pietquin, 2007; non-modular, probabilistic systems.



For using dialogue systems awols-for- i.e. the problem of providing abstract symbols
understandingwe see three basic ways for evalua-with external, real-world meaning. In a quite
tion (which can be used together): First, if one hasweeping manner, (Larsson, 2005) sets the bar for
an objective measure of the modelled phenomenoantry into the club of grounded beings high, and
available, one can treat the resulting interactiongounts among the experiences that are required
of human subjects and dialogue system as a cofer understanding human language “being born
pus, and can compare the relevant measures in thiy parents, going through childhood and adoles-
corpus with measures of corpora of human—-humagence and growing up and learning personal re-
interaction. Second, one can use subjective meaponsibility, social interaction”. | do not see how
sures (user questionnaires) to evaluate the impres-convincing in-principle argument can be formed
sion the system made. If one want to avoid askinglong these lines. Ultimately, this seems to me an
directly for the feature one wants to evaluate, arempirical question, anghace(Wittgenstein, 1984
indirect approach can be chosen where the evalut953), I'd wait until | encounter a talking lion be-
ation question is held constant (“did you find thefore | conclude whether | understand it or not.
interaction similar to one with a human partner?”), Which brings me to the first part of the ob-
but the system is varied along the interesting dijection. Does the question whether building a
mension (i.e., is intentionally ‘disabled’ wrt. the (human-level) Al is possible even matter? Clearly,
modelled phenomenon). Third, one can play offree conversation requires intelligence. Turing
show the finished interactions to other experimen{1950) famously proposed a conversational decep-
participants and let them evaluate the naturalneson test (am | talking to man or machine?) as a test
(a so-called “overhearer evaluation”, (Whittakerfor intelligence. But, as discussed above, human

and Walker, 2006)5. language use is not restricted to holding free con-
_ o versation (and convincing the conversational part-
4 Possible Objections ner one is human)—language is also used in other

settings, and there are other competences that can

“Creating a human-like dialogue system means ) i ] )
be dissociated from this, and can be studied and

creating an Atrtificial Intelligence, and creating : S
an Artificial Intelligence is impossible!”” modelled independentfy.
There are two parts to this objection. We'll deal Evaluation of these competences then amounts

with the last one first. Is creating an Al possible? [0 running what could be calle@articularised
The criticism in (Larsson, 2005), if | under- Turing Tests Can the system convince the user

stand it correctly, seems to turn on the assumpth@t it is (like) a human operating under some,

tion (following Dreyfus (1992)) that “the back- possibly relatively strict, constraints? An example
could be a setting where the conversational partner

ground [necessary for understanding human lan -
is only allowed to ask questions. Do the utterances

guage] is not formalizable”. The claim is that this > ) N i
applies both to attempts at explicitly formalising still come with a good timing? (The evaluation of

such background (e.g., using databases of facgourse_does not have to be Turipg test-style, ie. as
and logical calculi to reason over them) as well agi€ception; see above for evaluation methodology.)

to learning approaches, and that from this observa(-Edlur_1d ft al., 2008) call such §ettings ‘micro-
tion it follows that “computers will never achieve d0mains”, and specify as evaluation goal whether
human-level language understanding”. While thdN€ System can be taken “for a humarsoyne per-

position I've been advocating here does not reSON undersome set of circumstances

quire any claim about the possibility of human-“Cogpnitive Science is about making predic-
level language understanding (more on this in ajons, not engineering systems. Building dia-
minute), I'd still like to note that | do not find the logue systems is an engineering task.”

conclusion compelling. While the spoken dialogue systems technology

The basis of the criticism seems to be the symis far away from providing standard environments
bol grounding problem (see e.g. (Harnard, 1990))

- 8To Larsson’s (2005) credit, this is acknowledged in his
8(Cassell, 2007) provides interesting anecdotal evidenceriticism.

of the use of this technique. 9Cf. the Practical Dialogue Hypothesis in (Allen et al.,
A version of this objection has recently been raised in2000): “The conversational competence required for practi

this forum (Larsson, 2005), and so we discuss is a bit moreal dialogues, while still complex, is significantly simpte

extensively here. achieve than general conversational competence.”



like SOAR (Laird et al., 1987), components for situation in which the model is evaluated carefully.
example for ASR (e.g., Sphinx4, (Walker et al., ] -

2004)) and dialogue managers (TRINDIkit, (Lars-2 Dialogue Systems as Cognitive Models
son and Traum, 2000)) are freely available. 1t —andas Computer Interfaces

is however true that considerable effort has to besgih Pieraccini and Huerta (2005) and Larsson
spent on forming out of such components running(2005) point out that what we've called theol-

systems into which one can build the models thafor-understandingand thegetting things donap-

are the primary interest. This can only get better ifproaches are complementary. In what sense,
research groups start to share resources on a Iar%mgh? First, the differences. The directions an-
scale. Efforts to achieve this are currently underyey to different constraints, to differences in what
way (e.g., resources registry organised by S|Gtne free variables are. For cognitive models, the
dial). goal has to be human-like performance (wrt. the

“You end up with bad cognitive science (too Phenomenon being modelled), for practical sys-
many compromises to get it to work at all) and  tem, theprimary goal has to be efficiency and ef-
bad engineering (too simple / useless domain)” fectiveness wrt. to the task—human-likeness may
This is a serious objection. Attempting to use® May not be a useful secondary goal. Conse-
dialogue systems technology, which is still quiteduently, the modeler in thieol-for-understanding
immature, can lead to making many compromised/€W is free to_ choose a domgln that lends itself
to just getting some form of reliable behaviour atPest 10 an as-isolated-as-possible study of a phe-
all out the system. There is a danger of landing if"oMenon (see Section 3), while a researcher or
a no-mans land, building a system that is neithe!oractmoner bU|Id|r_19 an applied system is free to
particularly helpful in understanding the problems/MPlement behaviours that do not appear at all
faced by human language processors or advancésiman-iike. _ _
the state of technology. It is my opinion how- So much for the differences. A common inter-

ever that this can be avoided, and the methodolog§St Of course is to build components that help with
sketched above can help towards doing so. anguage processing. Good speech recognition for
example is as much a precondition for convincing

“You need at the very least eyes, arms and legs computational models of language use as it is one
to be cognitively plausible.” for good practical systems. The overlap goes fur-

This is a (slightly caricaturising) summary of ther, though. The already briefly mentioned work
the central tenet of embodied cognition (Ander-on POMDPs (Lemon and Pietquin, 2007) for ex-
son, 2003). As mentioned above, | see dialoguample is, although being pursued more from an
systems as in any casguated as they function in applied perspective, highly interesting also from
the same temporal environment as their conversaa cognitive modeling perspective, as it uses tech-
tion partner. When it comes to dealing with con-niques that can guarantee optimal computatins.
tent, | am sympathetic with the view that ground- To conclude this section, I'd like to propose,
ing of symbols in percepts is a useful approachwith (Larsson, 2005), that “it would be good prac-
however, as detailed above, not all of cognitiontice to explicitly state what the goals of a certain
having to do with language use is about content. piece of research are”, namely whether one wants
to investigate human language use, using dialogue
systems as a tool, or whether one wants to improve
human—computer interaction.

“People interact differently with machines and
with humans, so machines have different com-
putational problem to solve.”

While there is evidence for the first part of theg Conclusions

objection (Fischer, 2006), this also seem to depend

on the metaphor with which human users entefn this paper, I have discussed the potential and
into the interaction (Edlund et al., 2008). More- POSsible problems of using spoken dialogue sys-

over, in any case it is unlikely that human Ianguagetems (ecumenically understood as all kinds of ar-
users are even flexible enough to produderala- Ointerestingly, there is some reservation against such
mentally different kind of behaviour towards ar- methods from a commercial perspective (Paek and Pierac-
e . . . cini, 2008), where the additional constraint of provapilitf
tificial conversational agents. The objection doe

i = Slialogue strategies seems to be important for customers who
however point out that it is important to frame the employ such systems.



tificial systems that can interact via spoken natu-staffan Larsson and David R. Traum. 2000. Information sat dialogue

ral language) as models of (certain aspects of) hu- feerememrnge . o oue move engine toolkiatural Lan-

man cognition. | have sketched a methodology for

. . . . Staffan Larsson. 2005. Dialogue systems: Simulationsterfaces. InPro-
doing so, proposing that the main use of dialogue ceedings obiaLor, the 9th Workshop on the Semantics and Pragmatics

systems for now lies in how they can help being ° Pialogue Nancy, France.
more exp|icit about one structures the tasks. Oliver Lemon and Olivier Pietquin. 2007. Machine learniing $poken dia-

. logue systems. IRroceedings of Interspeech 2Q@%¥htwerp, Belgium.
The models that can be built at the moment are

Ho. H i~R.L. Lewis and S. Vasishth. 2005. An activation-based modelentence
rather crude and |Im|t8d, and necessanly contain= processing as skilled memory retriev@lognitive Science29(3):375-419.

ing many simplifications. The hope is that com-
. . David Marr. 1982. Vision: A Computational Investigation into the Human
bined efforts on practical systems and on SyStems representation and Processing of Visual InformatigtH. Freeman, San

built astools-for-understandingan improve both ~ Francisco, USA.

kinds of SyStemS, and help advance our underaxel Michelsen, B. B. Anderson, J. Storm, W. H. Kirchner, avidLindauer.
. 1992. How honeybees perceive communication dances, dtbglimeans
Standmg of human Ianguage use. of a mechanical modeBehav. Ecol. Sociobiql30:143-150.

i Scott Miller, David Stallard, Robert Brobow, and Richarch@®artz. 1996. A
Acknowledgments: The author gratefully acknowledges fully statistical approach to natural language interfadasProceedings of
support by DFG (Emmy Noether Programme). the 34th Annual Meeting of the Association for Computatitiraguistics

Santa Cruz, California, USA.

Tim Paek and Roberto Pieraccini. 2008. Automating spokafogiie man-
References agement design using machine learning: An industry petisgeSpeech

Communication50:716—729.
James F. Allen, Lenhart K. Shubert, George Ferguson, Peg&amidn,

Chung Hee Hwang, Tsuneaki Kato, Marc Light, Nathaniel G. tMar
Bradford W. Miller, Massimo Poesio, and David R. Traum. 199he

TRAINS project: A case study in building a conversationalpling agent.
Journal of Experimental and Theoretical Al:7-48.

Roberto Pieraccini and Juan Huerta. 2005. Where do we go lfiener? re-
search and commercial spoken dialog system$rateedings of the 6th
SIGdial workshop on Discourse and Dialogugsbon, Portugal, Septem-
ber.

James F. Allen, Donna Byron, M. Dzikovska, George FergukoGalescu, William Schuler, Stephen Wu, and Lane Schwartz. 2009 ingresframe-

and A. Stent. 2000. An architecture for a generic dialogwesl shatural work for fast incremental interpretation during speechodiing. Compu-
Language Engineering(3). tational Linguistics

John R. Anderson. 1991. The place of cognitive architeciura rational  Gabriel Skantze and David Schlangen. 2009. Incrementiiglia processing
analysis. In K. van Lehn, editoArchitectures for Intelligencechapter 1, in a micro-domain. IrProceedings of the 12th Conference of the European
pages 1-24. Lawrence Erlbaum Associates, Hillsdale, NSA. Chapter of the Association for Computational Linguisti€ACL 2009)

pages 745-753, Athens, Greece, March.
Michael L. Anderson. 2003. Embodied cognition: A field guidertificial
Intelligence 149:91-130. Alan Turing. 1950. Computing machinery and intelligendéind, 59:433—
460.

Justine Cassell. 2007. Body language: Lessons from thehugaan. In Jes- ) . . .
sica Riskin, editorGenesis Redux: Essays in the History and Philosophy Marilyn A. Walker, Diane J. Litman, Candace A. Kamm, and Alié\bella.
of Artificial Life. Chicago University Press, Chicago, USA. 1998. Evaluating spoken dialogue agents with PARADISE: Gage stud-
ies. Computer Speech and Languad@(3).

Nick Chater and Mike Oaksford, editors. 2008Che Probabilistic Mind:

. o : . : Willi Walker, Paul Lamere, Philip Kwok, Bhiksha Raj, Ritargh, Evan-
P ts f B It &xford U P Ox- " N
forr%s;be'zs or a Bayesian cognitive scien@ford University Press, Ox dro Gouvea, Peter Wolf, and Joe Woelfel. 2004. Sphinx-4: Rilfle

open source framework for speech recognition. TechnicabReSMLI

- . . TR2004-0811, Sun Microsystems Inc.
William J. Clancey. 1997.Situated Cognition: On Human Knowledge and

Computer Representatiof:ambridge University Press, Cambridge, UK. Steve Whittaker and Marilyn Walker. 2006. Evaluating diple strategies in

multimodal dialogue systems. In Wolfgang Minker, D. Birhiend Laila

David DeVault and Matthew Stone. 2009. Learning to interprgerances Dybkjaer, editorsSpoken Multimodal Human—Computer Dialogue in Mo-
using dialogue history. IProceedings of the 12th Conference of the Eu- bile EnvironmentsSpringer, Den Haag, The Netherlands.
ropean Chapter of the ACL (EACL 2009pges 184-192, Athens, Greece,
March. Association for Computational Linguistics. Ludwig Wittgenstein. 1984 [1953].Tractatus Logicus Philosophicus und
Philosophische Untersuchungevolume 1 ofWerkausgabe Suhrkamp,
Hubert Dreyfus. 1992.What computers still can’t doMIT Press, Boston, Frankfurt am Main.

Massachusetts, USA.
R. Wooffitt, N.M. Fraser, N. Gilber, and S. McGlashan. 19Btimans, Com-
Jens Edlund, Joakim Gustafson, Mattias Heldner, and Anrmédmidysson. puters and WizardsRoutledge, London and New York.
2008. Towards human-like spoken dialogue systegeech Communi-
cation 50:630-645.

Kerstin Fischer. 2006What Computer Talk Is and Is not: Human-Computer
Conversation as Intercultural CommunicatiorLinguistics — Computa-
tional Linguistics. AQ-Verlag, Saarbriicken, Germany.

Stevan Harnard. 1990. The symbol grounding probl&hysica D 42:335—
346.

Michael I. Jordan and Stuart Russell. 1999. Computatiantalligence. In
The MIT Encyclopedia of the Cognitive Scienceages Ixxvi-xc. MIT
Press, Cambridge, Massachusetts, USA.

John Laird, Allan Newell, and P. Rosenbloom. 1987. SOAR: Athiecture
for general intelligenceAtrtificial Intelligence 33(1):1-64.



