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Abstract
In this thesis we tackle the problem of identifying the best prac-
tices when designing and evaluating a spoken dialogue system.
With the purpose of demonstrating that a more natural, flexi-
ble and robust dialogue is possible, and introducing a spoken
dialogue system for controlling a Hi-Fi audio system as the se-
lected prototype, we propose a Bayesian Networks (BNs) based
solution for dialogue modelling combined with carefully de-
signed contextual information handling strategies. Dynamic ca-
pabilities are also provided to keep the dialogue context perma-
nently updated according to the evolution of the dialogue. All
the thesis contributions have been evaluated finding an experi-
mental support enough to demonstrate their relevance.
Index Terms: spoken dialogue systems, mixed initiative,
Bayesian Networks, contextual information, usability, real users
evaluation, electronic devices control

1. Introduction
Speech is the most widely used natural means of communica-
tion between people. Speech also is of increasing importance as
a user-machine interface. As a result of the knowledge and the
experience accumulated during almost half a century of speech
technology research, now the time has come to design auto-
mated dialogue systems that make use of the communicative
aspects of speech. In particular, it is essential to incorporate
to the design of such systems some ideas related to the con-
cept of “ambient intelligence” (AmI), for providing intelligent
interfaces that are able to conduct a natural dialogue, including
negotiations in order to achieve the goals required by users.

A dialogue system can be seen as a computer application
that enables interaction and communication between users and
machines as naturally as possible. Besides the typical recog-
nition and text-to-speech conversion modules and other com-
ponents, dialogue systems usually contain a module called Di-
alogue Manager (DM). This module is responsible for a dual
task: to interpret the intention of the user and to decide how to
continue the dialogue.

To successfully provide users with answers resembling a
human-human interaction as much as possible, we believe that
the design of a dialogue system should be approached from both
a theoretical and practical point of view [1]. Thus, we must pay
attention not only to dialogue management and modelling, but
also to the enhancement of such models with knowledge about
the specific tasks of the dialogue and the application domain
(i.e. task and domain models). That way, it is feasible to de-
velop procedures that support the user-machine interaction by
useful elements of communication for realizing a collaborative
and cooperative dialogue.

2. Dialogue management based on BNs
2.1. On the spoken dialogue system

Our conversational interface allows users to drive a Hi-Fi sys-
tem from natural language sentences, differentially from other
typical control systems based on simple commands. A detailed
description of this system, its architecture and the implemented
dialogue strategies can be found in [3][5][7].

2.2. On the dialogue management solution

As an alternative to classical dialogue systems (finite state au-
tomata or FSMs, script based systems or dialogue plans, etc.),
we are presenting a dialogue solution based on BNs, that allows
a greater flexibility and naturalness by appropriately defining
dialogue as the interaction with an inference system [2].

The first task of the Dialogue Manager (DM) module is to
identify the intention of the user (i.e. dialogue goals) consider-
ing the relevant information extracted by a semantic parser from
the last utterance (i.e. available concepts) [6][13], together with
the dialogue context. Then, according to the inferred goals the
DM has to make a decision regarding how the dialogue should
continue. Both tasks can be accomplished using BNs.

2.2.1. “Forward Inference”

As can be observed in Figure 1, BNs can be adopted to model
the existing causal relation between the goals and the concepts
[2][3][7]. Typically, both of them are assumed to be binary (i.e.
a concept is true or “present” only when it is observed in the
sentence). Thus, from the whole set of available evidences, e.g.
E = {C1 = 0, C2 = 1, ..., CN = 1} for N defined concepts,
a posterior probability P (Gi = 1|E) can be obtained for each
goal using the “Forward Inference” (FI) technique [2].

Subsequently, a decision is made for each goal on the com-
parison of the posterior with a defined threshold, θ. As a result
of that comparison, one goal is “active” or “present” if the cor-
responding posterior is over the threshold (“absent” if not).

Figure 1: Example of a BN model for Dialogue Management.



Table 1: Concept analysis used to drive the dialogue.

P (Cj = 1|E∗) < θ P (Cj = 1|E∗)≥θ
Cj absent Cj unnecessary Cj missing
(Cj = 0) (No action) (Prompt to request Cj )

Cj present Cj wrong Cj required

(Cj = 1)
(Prompt to clarify (Cj is stored

or notify about Cj ) in the dialogue memory)

2.2.2. “Backward Inference”

After the FI process, and assuming the inferred results (i.e.
those goals which were decided to be “present”, Gi = 1) as
new evidences, Bayesian inference can be applied again but this
time aimed at the estimation of P (Cj = 1|E∗), the probabil-
ity that each concept should be present where E∗ refers to the
updated set of evidences (i.e. E also including goal evidences
obtained through the FI process but removing the evidence cor-
responding to the target concept, Cj). This process is known as
the “Backward Inference” (BI) technique [2]. Making a similar
binary decision on the value of P (Cj = 1|E∗), it is possible to
check whether that concept should be present or not.

2.2.3. Concept analysis

The BI result can be compared with the actual occurrence of the
concept enabling the classification presented in Table 1. As a re-
sult of that analysis [2] every concept can be properly classified
allowing the DM to perform a suitable action. A possible dia-
logue proceeding strategy has been suggested for each possible
result. For example, the system can drive the dialog prompting
for the “missing” concepts.

3. Main thesis contributions
In this thesis, we have completed a thorough and comprehen-
sive study of the BNs. In particular, we have focused on their
possible application as new dialogue management solutions.

In the following subsections we will sucessively highlight
the main contributions with regard to each explored solution.

3.1. Regarding the BN approach

The main advantages that we can highlight in this regard are:

• The BNs based inference system enables, through the FI
process, a better identification of the dialogue goals
according to the intention of the user (i.e. actions that
the user may request the system to perform) from the
available concepts consistently with the context of the
ongoing dialogue. FI evaluation results at [9] showed a
F-measure of 92, 29% regarding goal identification.

• BN models are defined at a semantic level. This allows
their design with independence of the language used.

• BNs can be automatically learnt from training data.
This favors portability and scalability across domains.

• BNs allow a simple way of incorporating human
knowledge, e.g. refining the topology by hand.

• BNs allow to conduct an analysis of congruence be-
tween the goals assumed by the system to have been
requested by the user, and all data collected during the
interaction. Based on this analysis, the system can de-
termine the flow of interaction and react according to
the semantics of the application domain. In particular,

through the BI process, it is possible to automatically
detect which concepts are needed (available or not), er-
roneous or optional with regard to the inferred goals.
Thus, the dialogue could go toward the generation of
messages requesting the missing items, clarifying the er-
roneous ones and ignoring the optional ones. The per-
formance of the BI process and its derived concept clas-
sification showed an 81, 00% F-measure at [9].

• The BNs enable a true mixed initiative dialogue mod-
elling. Flexibility is probably the main asset of the pro-
posed solution, and the most significant difference with
regard to conventional approaches. In particular, the
user is not constrained to any predetermined goal or
data sequence. This flexibility is twofold, since it not
only allows the user to decide the goals at the beginning
of interaction, but also lets him/her jump to other goals
without having completed the previous ones. Moreover,
the user can respond with more data than those requested
in a query, or even respond to a fact not asked by the sys-
tem with regard to the inferred dialogue goals.

• Thanks to the negotiation process enabled between the
users and the system, based on the FI and BI proce-
dures, the system is capable of responding to complex
issues (e.g. when the users provide inaccurate or insuf-
ficient information to meet the required dialogue goals)
and to assist or guide the users toward the achievement
of their dialogue goals driving the dialogue in an effi-
cient manner, minimizing the number of questions and
making maximum use of the context of dialogue.

3.2. Regarding the dynamic response of the system

We have laid the basis for enabling a dynamic response [10]:

• We have introduced the notion of “relevance” as the re-
maining evidence of a concept in the dialogue history.

• Attenuation mechanisms have been introduced that
lower the relevance or the latency of information stored
in past phases of the evolution of dialogue. Hence, the
relevance of those elements can evolve to a level be-
low a predefined threshold, so that they finally disap-
pear definitively from the dialogue history. Due to this
mechanism, it is possible to maintain the dialogue his-
tory permanently updated by assigning higher weight
to more recent information, and lower to the older.

3.3. Regarding the use of a new BN based inference engine

In relation to the inference engine used by the DM [9]:

• We have presented a new alternative to traditional so-
lutions based on multiple BN models (i.e. individually
developed for each specific goal). In particular, we have
proposed to rethink the inference problem from a single
global BN model including all the defined concepts and
goals. A “fusion” algorithm has been defined to obtain
that BN model from the baseline multiple BN models.

• Unlike the baseline strategy, the proposed fusion method
provides a single BN that ensures that both the FI and
the BI processes are consistent with the dialogue con-
text. Moreover, the result of the analysis of congru-
ence is also unique for each concept and is obtained by
considering a whole goal evidence context, thus avoid-
ing potential mixed results for the same concept derived
from analyzing each goal separately.



• This new solution offers greatly improved perfor-
mance in terms of BI. By contrast, it offers a slightly
lower performance in terms of FI. However, the fusion
BN provides a better overall performance (i.e. com-
bined F-measure is approximately 13% better [9]).

• We have designed solutions to optimize the computa-
tional cost of the models resulting from the fusion pro-
cess (e.g. an information gain study from which we can
select the most indicative concepts of each goal).

3.4. Regarding the use of contextual information

The DM is also provided with a set of contextual information
handling strategies [3][11]. Regarding the benefits of applying
those strategies we emphasize:

• The robustness and the consistency of the system re-
sponses are improved as the system is able to deal with
dialogue phenomena such as “anaphora” (i.e. elements
that refer to other previous parts of the dialogue) and “el-
lipsis”(i.e. omission of certain essential elements of the
dialogue that may be derived from given context), the
main dialogue phenomena that can mean a loss of cru-
cial information. These strategies are based on:

– the available confidence measures (from speech
recognition and language understanding modules),

– the history of the ongoing dialogue (∼short term),
– the history of dialogue (∼long term, i.e. the dia-

logue concepts referred so far during the dialogue).
– the status of the system (i.e. current values of the

different parameters of the system, e.g. volume),
– the task model (e.g. a semantic frame containing

all the information needed to meet a specific goal),
– and the application domain model (e.g. informa-

tion on the number of tracks of a particular CD).

• To assess the relevance and appropriateness of the de-
signed strategies, [1][8][12] we measured the percent-
age of contextual turns as the fraction of dialogue turns
in which some of the strategies were successfully ap-
plied. In connection with that metric, we also measured
the percentage of system requests which should be lim-
ited by the contextual capabilities of the system. The
results for both metrics confirmed the valuable role of
the contextual information handling strategies (i.e. more
than half of the turns relied on this type of information)
improving both dialogue efficiency and fluency.

3.5. Regarding the use of concept confidence measures

Regarding the proper consideration of concept confidence mea-
sures in terms of dialogue [4]:

• We have proposed the use of the confidence measures to
weigh the evidence of the concepts. Thus, it is possible
to incorporate these measures directly to both FI and BI
processes, adopting the available confidences as the evi-
dences from which to conduct the inference. As a conse-
quence, both inference results are directly weighted by
the available concept confidences.

• We have also expanded the analysis aimed at the correct
classification of the concepts. This extension is based on
the incorporation of the confidence measures to the
referred analysis to exploit them by defining specific
dialogue proceeding strategies for each confidence level.

3.6. Regarding the evaluations with real users

Most important results derived from these evaluations are:

• The results obtained from the defined set of metrics,
collected automatically during the evaluation of differ-
ent scenarios [1][8][12] (i.e. “basic”, “advanced” and
“free” scenarios, designed according to different initia-
tive styles and task complexity levels), showed that a
suitable turn-taking algorithm is essential to ensure a
lively and effective dialogue.

• Those results also clearly showed the learning process
that the user experiences while interacting with the sys-
tem. Indeed, “experience” proved to be a key factor
regarding dialogue performance. As the learning stage
proceeds, the user is able to exploit the acquired experi-
ence leading to more fluent and efficient dialogues. The
user-system interaction improves as the user “learns”
how to address the system. This was supported by
the fact that “free” scenarios, though allowing the user
the highest degree of initiative and, therefore, favouring
much more open and complex expressions, were pre-
cisely those that, objectively, performed the best.

• Expert users are more efficient than novices (i.e. need
less dialogue turns to achieve the same thing). At the
same time, novices rely more on contextual information
resources. However, both types of users were able to
establish productive dialogues with the system since the
beginning. The negotiation that the system is able to es-
tablish with the users plays a key role in that regard. This
negotiation allows users not only to achieve their goals,
but also to accelerate the development of their dialogue
skills, thereby improving the performance and the qual-
ity of the interaction with the system.

• Users tend to need significantly less feedback as they be-
come more familiar with the system. Therefore, the be-
havior and the response of the system must be tailored
to different skill or experience levels.

• We have defined a new actuation algorithm that provides
the proper sequence of execution for those actions cor-
responding to the positively inferred goals, by combining
the prevalence relations between those goals (i.e. prior-
ity information), and the order that they appear in the
sentence (i.e. position information). This new solution
ensures optimal usability since:

– the system is acting as soon as it is possible result-
ing in a much more natural interaction,

– it is acting even in the case that there are incom-
pleted goals, thus resulting in a flexible interaction,

– system’s actuation is suitable and tidy since it re-
spects both priority and position information, thus
resulting in a more robust interaction as well.

• The new actuation algorithm allows optimal usability
solving the problem of potential “blockings”. Block-
ings are produced by the observation of active but in-
complete goals. This could prevent the execution of ev-
ery other action corresponding to any goal that, though
ready to be executed, either has a lower priority or ap-
pears later in the sentence with the same priority. As
blockings are avoided, dialogue performance (i.e. turn
efficiency) improves.



• To better understand how dialogue systems work, we
also made a correlation analysis between different di-
alogue metrics. Main results are summarized below:

– High values of contextual turns tend to be asso-
ciated with low values of system requests.

– High values of null-efficiency turns (i.e. out-of-
domain sentences or recognition rejections) tend
to be associated with a poor contextuality.

– High values of system requests tend to be associ-
ated with high values of null-efficiency turns.

– A high turn efficiency is usually associated with
high contextuality levels. Yet a high contextuality
helps, it does not guarantee a good turn efficiency.

– Low values of system requests mean good turn
efficiencies.

– Logically, the lower the null-efficiency turns, the
greater the turn efficiency.

• We almost reached the number of two goals satisfied per
turn. This is a good outcome, especially bearing in mind
that users were not given any specification regarding the
number of turns in which they had to try to overcome
the different scenarios. Therefore, the possibilities of the
system in this regard are yet to be fully exploited.

• A better efficiency has led to a more flexible and flu-
ent dialogue which, in turn, has improved the system’s
response. This improvement has been assessed very
positively by users. Particularly, “free” scenarios were
ranked as the highest-rated. This is a result of particu-
lar importance since free scenarios lacked of any restric-
tion (i.e. complexity was maximum) and, indeed, were
the nearest scenarios to the actual use of the interface.

3.7. Regarding the design methodology

Finally, this thesis delves into the analysis and implementation
of efficient mechanisms and techniques that minimize the effort
required to generate a new dialogue system (change of semantic
context). We proposed the use of strategies for characterizing
the application domain and that enable the automatic learning
of dialogue models. This methodology allows to obtain a full
dialogue model for any application based on the analysis of suit-
ably labeled real situations and a description of the data model
along with a semantic description of the application (ontology).

4. General conclusions
The intention of this doctoral thesis was to introduce new ideas
whose application to dialogue modelling could prove to be use-
ful. The scientific and technological results obtained enable the
design of better devices and intelligent interfaces that fully inte-
grate features that facilitate portability across domains and lan-
guages, and improve all aspects of interaction with the end user.

Generally, user satisfaction in relation to a particular system
crucially depends on its “usability” and “functionality”. To be
“useful”, a system must be “usable” first (i.e. providing services
for which it is designed efficiently) and also “functional” (i.e.
the services provided are of interest to users).

One of the keys for the usability of a system, and by ex-
tension for its usefulness, is its simplicity of use. The greater
or lesser ease of use that a system is able to offer (and also the
offered functionality), definitely conditions the final acceptance

by users. Easiness of use was the best appreciated feature by
users, so it can be considered one of the most important results.

In order to get a fluent and efficient dialogue, the user-sytem
interaction should be: natural, flexible and robust. It is diffi-
cult to attribute each of the above features to a single aspect of
the various dialogue solutions proposed. Rather, it is thanks to
the synergy of these solutions, to the joint operation of all of
them, how those characteristics become true.

In short, a more natural, flexible and robust dialogue is pos-
sible thanks to the solutions for dialogue modelling based on
BNs that have been suggested This is supported by a good user
satisfaction rate and by the results corresponding to the metrics
that were automatically collected [1][8][12], which have shown
the usefulness and benefits provided by the proposed solutions.
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