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Abstract A novel approach for introducing adaptivity to user satisfaction into dialogue management is presented in this work. In general, rendering the dialogue
adaptive to user satisfaction enables the dialogue system to improve the course of
the dialogue or to handle problematic situations better. In this contribution, the theoretical aspects of rendering the dialogue cycle adaptive are outlined. Furthermore,
a detailed description of how an existing dialogue management component is extended to adapting to user satisfaction is described. The approach is validated by
presenting an actual implementation. For a proof-of-concept, the resulting dialogue
manager is applied in an experiment comparing different confirmation strategies.
Having a simple dialogue, the adaptive strategy performs successful and as good as
the best strategy.

1 Introduction
Most Spoken Dialogue Systems (SDS) are not capable of automatically adapting to
changing situations, e.g., a changing environment or changing user needs. However, users are often not satisfied with the course of the dialogue, especially in
task-oriented dialogues. For a conventional system, this usually results in bad performance and in an unsuccessful dialogue. However, a situation like that can be
handled by rendering an SDS adaptive to the user by automatically recognizing the
user satisfaction. This information may then be used to adapt the dialogue by influencing the action selection process of the dialogue management component. Hence,
the user is put into the center of dialogue adaption.
Therefore, we present novel work on a general scheme of introducing adaptivity
to user satisfaction into the dialogue management. We give details on extending an
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existing dialogue management component to be able to render the dialogue adaptive
to user satisfaction. We further describe its implementation in an actual dialogue
management system. Finally, a successful application is shown within a proof-ofconcept user experiment adapting the confirmation strategy to user satisfaction.
The remainder of the paper is organized as follows: Section 2 presents significant
related work and describes the differences. The Interaction Quality (IQ) paradigm,
a more abstract form of user satisfaction which will be used in this work, is presented in Section 3. Furthermore, the dialogue manager OwlSpeak is described in
Section 4 which our implementation is based on. Our contribution of rendering the
dialogue adaptive to IQ is presented in Section 5 along with giving details about an
actual implementation of the proposed adaption mechanism. The resulting dialogue
manager is applied to an experiment which is described along with its results in
Section 6 before Section 7 concludes by summarizing the outcome of this work.

2 Significant Related Work
The field of adaptive dialogue spans over many different types of adaption. While
some systems adapt to their environment (e.g., [4]), the focus of this work lies on
systems that adapt to the user and its characteristics. More specifically, an emphasis
is put on dynamic adaption to the user during the ongoing dialogue.
A very prominent work closely related to the topic of this contribution has been
presented by Litman and Shimei [7]. They identify problematic situations in dialogues by analyzing the performance of the speech recognizer (ASR) and use this
information to adapt the dialogue strategy. Each dialogue starts off with a user initiated strategy without confirmations. Depending on the ASR performance, a systemdirected strategy with explicit confirmations may eventually be employed. Applied
to TOOT, a system for getting information about train schedules, they achieved significant improvement in task success compared to a non-adaptive system. While
Litman and Shimei adapt to the ASR performance being a system property as indicator for problematic dialogues representing an objective adaption criterion, the
user is put into the focus of adaption in this work by using an abstract form of user
satisfaction hence applying a subjective criterion.
Further work on user-adaptive dialogue has been presented by Gnjatović and
Rösner [2]. For solving the Tower-of-Hanoi puzzle with an SDS, they identify the
emotional state of the user in order to recognize if the user is frustrated or discouraged. The dialogue is adapted by answering the questions “When to provide
support to the user?”, “What kind of support to provide?”, and “How to provide
support?” depending on the emotional state of the user. By that, the system is capable of providing well adapted support for the user which helps to solve the task.
While Gnjatović and Rösner adapt to an entity which is completely derivable from
the speech signal and even used only a simulated emotion recognition module, this
work derives information out of the dialogue modules thus increasing the complexity. Furthermore, a real estimation module deriving the user satisfaction is employed.
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Nothdurft et al. [8] created a dialogue which is adaptive to the user knowledge.
For the task of connecting a Blue-ray player with an amplifier using an HDMI cable,
the multimodal system provides explanations on how to solve the task presenting
text, spoken text, or pictures. The system makes assumption over the user knowledge by observing critical events within the dialogue (e.g., failed tries). Based on a
knowledge model, the system selects the appropriate explanation type and generates
explanations so that the user can be expected to be capable of solving the task. Here,
knowledge is modeled on a five-step scale. Furthermore, knowledge fades over time.
While Nothdurft et al. focus on improving the dialogue explicitly by adapting to the
user’s knowledge, this work focuses on a more implicit improvement by adapting to
the more general user satisfaction.

3 Interaction Quality
For rendering an SDS adaptive to the user’s satisfaction level, a module is needed to
automatically derive the satisfaction from the ongoing interaction. For creating this
module, usually, dialogues have to be annotated with ratings describing the user’s
satisfaction level. Schmitt et al. [11] proposed a measure called “Interaction Quality” (IQ) which fulfills the requirements of a quality metric for adaptive dialogue
identified by Ultes et al. [13]. For the authors, the main aspect of user satisfaction
is that it is assigned by real users. However, this is impractical in many real world
scenarios. Therefore, the usage of expert raters is proposed. Further studies have
also shown that ratings applied by experts and users have a high correlation [14].
The IQ paradigm is based on automatically deriving interaction parameters from
the SDS and feed these parameters into a statistical classification module which
predicts the IQ level of the ongoing interaction a the current system-user-exchange.
The interaction parameters are rendered on three levels (see Figure 1): the exchange
level, the window level, and the dialogue level. The exchange level comprises parameters derived from SDS modules Automatic Speech Recognizer, Spoken Language Understanding, and Dialogue Management directly. Parameters on the window and the dialogue level are sums, means, frequencies or counts of exchange level
parameters. While dialogue level parameters are computed out of all exchanges of
the dialogue up to the current exchange, window level parameters are only computed
out of the last three exchanges.
These interaction parameters are used as input variables to a statistical classification module. The statistical model is trained based on annotated dialogues of the
Lets Go Bus Information System in Pittsburgh, USA [10]. Each of the 4,885 exchanges (200 calls) has been annotated by three different raters resulting in a rating
agreement of κ = 0.54. Furthermore, the raters had to follow labeling guidelines
to enable a consistent labeling process [12]. Schmitt et al. [11] applied a Support
Vector Machine [15] (SVM) for estimating the Interaction Quality achieving an unweighted average recall of 0.59.
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Stefan Ultes, Hüseyin Dikme, and Wolfgang Minker
e1

e2

e3

…

en-2

en-1

en

en+1

…

exchange level parameters
window level parameters: {#}, {Mean}, etc.
dialogue level parameters: #, Mean, etc.

Fig. 1 The interaction parameters consist of three levels: the exchange level containing information about the current exchange, the window level, containing information about the last three
exchanges, and the dialogue level containing information about the complete dialogue up to the
current exchange.

4 OwlSpeak

Fig. 2 The general architecture of OwlSpeak based on Heinroth et al. [4] following the modelview-presenter design pattern.

For this work, the ontology-based dialogue manager OwlSpeak is used. It has
been initially developed by Heinroth et al. [4] based on the Information State theory by Larsson et al. [6] incorporating the model-view-presenter design pattern. By
that, it allows for a strict separation of data management, dialogue logic, and dialogue interface. The general architecture is shown in Figure 2. The model contains
the dialogue description as well as the current dialogue state. The presenter contains the dialogue logic, i.e., the rules for updating the dialogue state as well as the
decision making component selecting the next system action. The system action is
then rendered as a VXML document [9] in the view layer. It therefore controls System Output Generation and User Input Processing (cf. Fig. 4) and is interpreted by
an external VXML-browser. This browser handles the communication with speech
synthesis as well as speech recognition and language understanding feeding an already interpreted user input back to the system.
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Fig. 3 A scheme of the Spoken Dialogue Ontology (SDO) from Heinroth et al. [3]. The static
dialogue description is shown on the left side of the picture within the Speech class while the
concepts belonging to the dynamic State of the system is shown on the right side.

In OwlSpeak, the model is described as Spoken Dialogue Ontologies (SDOs).
A schematic description is shown in Figure 3. The Speech part contains the static
concepts of the dialogue while the current State of the dialogue system is stored
in the dynamic part of the SDO. The important concepts of the Spoken Dialogue
Ontology are described in the following:
Utterance The Utterance concept encapsulates one system utterance, i.e., one or
more sentences the system may utter at one system turn.
Grammar OwlSpeak is based on grammars. The grammar belonging to one
Grammar concept describes what the user can say.
Semantic A Semantic represents one information snippet important for the dialogue, i.e., the meaning of what was said by the system or the user.
Move The Move concept being either a grammar or an utterance move represents
one atomic dialogue step. A grammar move represents the semantic representation of the user action. The semantic and contrarySemantic relations define
Semantics which are set, or unset respectively, when the move is executed.
Variable In contrast to Semantics, Variables are used for information which may
take one out of several values provided during the dialogue, e.g., time information
or destination. In addition, variables may also be used for system internal values.
Agenda A system action is represented by the concept Agenda. In each system
turn, an agenda is selected and executed. An agenda may contain zero or one
utterance moves and several grammar moves. Furthermore, preconditions which
have to be true are defined by the relations requires and mustNot. Additionally,
also Variables can be part of the preconditions.
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5 Quality-adapative Dialogue Management
Rendering a conventional SDS adaptive to Interaction Quality requires for alterations in the dialogue system process. In this section, we present the main contribution of this work on extending the dialogue cycle to be adaptive to the user’s
satisfaction in general. Hence, we give a conceptual description of integrating IQ
adaptivity into the dialogue cycle and further present a concrete application of this
concept within the OwlSpeak dialogue manager.

5.1 The Adaptive Dialogue Cycle

User Input
Processing

IQ value

System
Output
Generation

System
Action
Selection

IQ
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System
Start

Interaction
Parameter
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Update

Fig. 4 The IQ-adaptive dialogue processing cycle. For additional IQ-adaption, the red modules
Interaction Parameter Extraction and IQ Estimation are integrated producing the estimation of the
IQ value.

The processing sequence of a Spoken Dialogue System may be regarded as cyclic
process—involving the human as one part. For the extension of the dialogue cycle
to allow for IQ-adaption, new modules have to be introduced (see Figure 4). The
system starts with selecting a first system action. This can be seen as valid not only
for system initiative dialogues if the set of system actions also includes the action of
only waiting for user input without producing any output. For the first execution of
the dialogue cycle, no IQ value has been calculated yet. Hence, a default initial value
may be used. Based on the selected system action, output is created and presented to
the user. After the user turn, the created output of the user is processed as user input
to the system. Usually, this involves automatic speech recognition and a semantic
analysis. As described in Section 3, the IQ paradigm relies on a set of interaction parameters which have to be extracted form the dialogue system components. Hence,
an Interaction Parameter Extraction module is placed right after processing the User
Input. This position has been chosen as all information necessary for extracting the
parameters are available right at this point. After collecting and computing the inter-

Dialogue Management for User-centered Adaptive Dialogue

action parameters, an IQ estimation module is added. It utilizes a statistical model
for IQ estimation which has to be trained beforehand. In parallel, the semantics provided by the User Input module are used to update the internal state of the system.
Based on this state as well as on the resulting estimated IQ value, which is fed into
the System Action Selection module to influence the system’s decision, the next
system action is selected and the cycle starts anew.

5.2 Integration into OwlSpeak
For employing IQ-adaptivity to dialogue management, the ontology-based dialogue
manager OwlSpeak is used (see Section 4). In the following, the important aspects
of extending OwlSpeak are described.
To enable OwlSpeak to being able to adapt the dialogue to IQ dynamically, i.e.,
during the ongoing interaction, a component deriving the interaction parameters has
to be created. It is designed to store all information which is necessary to derive
all interaction parameters on all levels. In order to compute window and dialogue
level parameters, a data structure is used internally to store the information for all
exchanges up to the current one of the ongoing dialogue. They are computed just in
time when the parameters are needed as input to the IQ recognition module.
Comparing the extended dialogue cycle with the architecture of OwlSpeak leads
to the conclusion that the interaction parameter extraction module must be placed
between the User Input Processing and State Update. Hence, it is either located at
the end of the view layer or at the beginning of the presenter layer. Out of implementation reasons, the interaction parameter module is placed at the beginning of
the presenter layer. There, the interpreted input from the voice browser can immediately be used for updating and calculating the interaction parameters.
However, the information provided by the voice browser is not sufficient for extracting all interaction parameters as some are not necessary for regular dialogue
management (e.g., user turn length or ASR confidence). Hence, the view layer is
modified by altering the VXML-creation. New variable tags are added and filled
with the respective information. Furthermore, the submit tags are altered to provide
this information to the dialogue manager once the VXML document is processed
completely. This also describes the principle concept of how the VXML document
functions as interface between the voice browser and OwlSpeak.
Once the interaction parameters are extracted and calculated, the IQ estimation
takes place. The parameter vector is fed into a Support Vector Machine which has
been chosen as statistical model in accordance to Schmitt et al. [11]. As not all
parameters described in [11] are available, only a reduced parameter set is used1 .
The SVM model has to be created beforehand which is an advantage as this creation
1

Feature list: UTD, RePrompt?, DD, MeanASRConfidence, #ASRSuccess, %ASRSuccess, #ASRRejections, %ASRRejections, #TimeOutPrompts, %TimeOutPrompts, {Mean}ASRConfidence,
{#}ASRSuccess, {#}ASRRejections, {#}RePrompts, {#}SystemQuestions
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process is time consuming. Hence, only evaluating the input vector consisting of the
interaction parameters happens during dialogue run-time.
For creating dialogues which are adaptive to IQ, it must be possible to access
the IQ value during creation time. For this, the ontology concept Variable is used.
The variable “InteractionQuality“ is created which may be used within conditions
for defining requirements of agendas. These requirements are processed and evaluated during the action selection process and only agendas may be executed whose
requirements are fulfilled. Hence, IQ-adaptivity is achieved by adding new preconditions to the system actions. During run-time, the result of IQ estimation is stored
within the variable before it is processed in the action selection module.
An example for a conditioned agenda can be seen in Figure 5. Having a dialogue
in the train booking domain, the agenda combines the concept of implicitly confirming the day of travel and asking for the desired time of departure. It is only executed
if the interaction quality variable holds a value greater than one. This condition is
shown in the “variablesOperator” field using a REQUIRES function. Furthermore,
other preconditions are visible (in the “mustnot” field) along with a list of moves
belonging to this agenda (in the “has” field).

Fig. 5 An example of an conditioned agenda. The variableOperator field contains the requirement
that the interaction quality must be greater than one for this agenda to be executed.

6 User Evaluation
The proposed system has been evaluated in a proof-of-concept experiment using a
simple train booking dialogue in a lab scenario. Depending on the current IQ value,
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the confirmation strategy was adapted. First, the design and setup of the study will
be presented before giving details about the results.

6.1 Design and Setup
For adapting the dialogue to the Interaction Quality, the confirmation strategy was
selected. It is an easily adaptable concept which occurs in almost every dialogue in
which the user has to provide information. A dialogue in the train booking domain
was created asking the user for information about the origin, the destination, the day
of the week and the time of travel. The user could choose out of 22 cities which were
used as origin and destination alike. Furthermore, the time of travel was restricted to
every full hour (1 pm, 2 pm, 3 pm, etc.). Three different dialogues were created: one
only applying explicit confirmation (all-explicit), one applying only implicit confirmation (all-implicit), and one adapting the confirmation type to the current IQ value
(adapted). Besides these differences, the dialogues were the same. The complete dialogue was system initiated and the course of the dialogue was predetermined, i.e.,
the order of information the user was asked to provide was given.
Creating the IQ recognition module was based on the LEGO corpus [12] training
a SVM using a linear kernel function. As there were only two options for adaption
in this scenario, the five IQ values were mapped to only two ({5, 4} → 2 (satisfied),
{3, 2, 1} → 1 (unsatisfied)). The created model achieved an accuracy of 0.8 on the
training data using 5-fold cross-validation.
Before the experiment, each participant was presented with a sheet of paper stating all options (cities, etc.) they could say during the dialogue. This also included a
list of all cities. Furthermore, each user participated in three runs of the dialogue—
one for each type of strategy. During the experiment, the order of these dialogues
has been alternated to get an equal distribution over all combinations so that learning
effects are taken account of. After each dialogue, the participants were asked to fill
out a questionnaire based on the SASSI questionnaire [5] to evaluate their overall
impression with the dialogue. Each item was rated on a seven-point scale.
In total, there were 24 participants (8 female, 16 male) creating 72 dialogues with
an average number of turns of 33.58. They were between 19 and 38 years old with
an average age of 26.42. The participants were students from multiple disciplines.

6.2 Results
Analyzing the questionnaires revealed interesting results. An emphasis was put on
the question which strategy people liked best. A bar graph showing the average
outcome of the user ratings grouped by the respective dialogue strategy is depicted
in Figure 6. It is a well known fact that, for easy tasks like this one, an all-implicit
strategy is usually preferred over an all-explicit strategy (cf. [1]). While the adapted
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Fig. 6 The overall satisfaction with the dialogue (blue, left y-axis) and the average dialogue length
in number of turns (red, right y-axis) according to questionnaire evaluation. Satisfaction for the allimplicit and adapted strategy do not differ significantly while all other differences are significant.

strategy resulted in 45.6 % explicit and 54.4 % implicit confirmations, it is very
interesting that it was not rated significantly different than the best performing allimplicit strategy. That is even, although the ASR component made almost no errors
(due to the limited number of options). Additionally, the dialogue length, which is
a main indicator for user satisfaction in simple dialogues like this, is significantly
higher for the adapted strategy compared to the all-implicit strategy.
In other words, although the task was quite simple, there was no difference between the all-implicit and adapted strategies spurring the hope that for more complex dialogues, quality-adaption will perform best.

7 Conclusion
In this paper, we presented novel work on user-centered adaptive dialogue by integrating information about the user’s satisfaction into the dialogue management to
influence its decision making process. After rendering the conceptual aspects within
the dialogue cycle, a concrete example of integrating Interaction Quality adaption
into OwlSpeak has been presented. It has been described in detail how the interaction parameters are extracted, the IQ value is estimated and provided as a variable
for further use within the system. This system was also used for conducting a proofof-concept user study. In the study, we investigated dialogues whose confirmation
strategy was adapted to the Interaction Quality. We could show that, even for simple
dialogues, the adaptive strategy performed best together with an all-implicit strategy which is known to work best for dialogues like the one applied. Therefore, we
believe that, for more complex dialogues, an adaptive strategy will perform best.
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