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Abstract
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An important aspect of adaptive systems is the
description of the user-system interaction, which
can be used to derive new information about the
user and to trigger adaptations, for instance by
means of adaptation rules. In this paper, we
present an approach that describes user actions
by means of probabilistic deterministic ﬁnitestate automatons (PDFA), which are generated
from an annotated corpus of user interactions.
Based on a training set, different acceptors are
created from recording data and can be employed
by an adaptation framework to trigger adaptation
rules. An evaluation of this approach with a prototype of an interactive TV system is presented.
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Figure 1: An example of a probabilistic deterministic ﬁnitestate automaton.
directly, but to trigger adaptation rules instead. Rather than
predicting user actions, this approach provides a method
for extracting meaningful interaction sequences from the
user-system interaction in multimodal systems.
In this work, an approach is presented that describes
user actions using probabilistic state acceptors, which are
trained from recording sessions where sequences of log
events have been annotated. These annotations are used
to train the acceptors, which are then used either with log
data or in a running system. Finally, the acceptors trigger
rules in an adaptation framework.
This work is carried out in the context of multimodal
systems, i.e., systems that have a graphical interface and
can be controlled by a haptic input device and speech input
at the same time. Recordings created for the evaluation of
a prototype of a speech-enabled system, developed in the
DICIT project [Matassoni et al., 2008], are employed to
assess this approach.
This paper is outlined as follows. First, the background
of this work is introduced. Next, the application of probabilistic automatons to user action classiﬁcation is introduced and an evaluation is presented. After explaining how
adaptation rules are triggered in an adaptation framework
using this approach, future work is discussed.

Introduction

When adapting a system to user behavior, the description of
the user-system interaction plays a crucial role. The system
observes the user behavior and updates the user model or
triggers adaptations of the system based on these observations. Therefore, an accurate and comprehensive means of
describing user actions is required for adaptive interfaces.
The user-system interaction can be seen as a sequence
of low-level events, such as button presses or speech utterances. A log component records these events and either stores them to a log ﬁle or processes them in realtime. For example, if the user presses a red button on a
remote control, a certain action is triggered, e.g. opening
a result screen in a digital TV system. From the low-level
log data, it is not directly comprehensible which action was
performed, i.e., a red button press can be seen, but not that
it opens the result screen. A speech utterance can open the
same menu, creating a completely different log entry for
the same action. Therefore, a more intuitive and tangible
high-level description for user actions is needed.
One approach of describing user behavior based on lowlevel system events are hand-crafted state automatons. Creating such automatons is a tedious and error-prone task
and has to be performed by a person who has detailed
knowledge about the system, such as the system developer. Statistical user modeling is one approach of describing the user. In [Winkelholz and Schlick, 2004], variable
length Markov chains are used for ﬁnding regularities in
user traces. [Levin et al., 2000] use a Markov decision process for modeling the user-system interaction as a basis for
learning and adapting the dialog strategy in a spoken language system. Our approach does not use the statistical
description of the user interaction for adapting the system
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Background

This section introduces probabilistic deterministic ﬁnitestate automatons and the data used for the evaluation of
this work.

2.1

Probabilistic Deterministic Finite-state
Acceptors

Probabilistic deterministic ﬁnite-state automatons (PDFA),
described in detail in [Vidal et al., 2005a], consist of states
and transitions between these states. A state change is triggered by a certain event, which occurs with a certain probability. An example is given in Fig. 1. In state ’A’, the
event ’x’ triggering a transition to state ’B’ occurs with a
probability of 35 %, whereas the event ’y’ going to state
’C’ occurs with a probability of 65 %. Every state can be a
ﬁnal state with a certain probability.
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Figure 2: Exemplary log line, showing a timestamp and a
button press event (class “button”) of the “PowerOn” button.

that describe the same interaction class. For instance, the
“ChannelChange” action, which changes the current channel, can be executed using different commands: pressing
the “channel up” and “channel down” or number buttons
on the remote control or using speech interaction by saying
the channel number or name. Each of these interactions
produces different sequences of log events for the same interaction class. In these recordings, 34 different interaction
classes were identiﬁed. The sequence length of these interaction classes is between 2 and 28, with the average length
being 4.4.
The annotated sequences are extracted from the log data
and PDFAs are created as described in Sect. 2.1, with every event corresponding to a transition. However, the context, i.e., the screen in which an action was performed,
is relevant for some interaction classes. For instance, the
action associated with some buttons is different in each
screen, and therefore, the information which screen was
active when the button was pressed has to be included in
the event. On the other hand, the context should not be included for patterns that are the same in different areas of
the system, such as scrolling. Hence, the context is omitted
for these patterns. The interaction class deﬁnition therefore
contains the information whether the context should be included by adding the currently active graphical screen to
the event parameters.

The Log Data

The presented approach was tested using a set of log ﬁles
from evaluation sessions of a prototype of the DICIT system [Matassoni et al., 2008], which is a speech-enabled interactive TV system including an electronic program guide
(EPG). During the user evaluation of the system, log data
of user sessions was collected by a logging component of
the test system.
Every log ﬁle is a sequence of system events, such as
remote control, speech input, or system state changes. An
event consists of a timestamp, a type, and a number of parameters that are different for each type. An exemplary log
line is given in Fig. 2.
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3.2

Matching

The purpose of matching is to determine the interaction classes of a log sequence by ﬁnding out which subsequences are accepted by the PDFAs trained before. For
recorded log data, sub-sequences are created for every log
position, whereas the latest event sub-sequence is taken
for live user sessions. A match factor is computed for all
PDFAs for these sub-sequences, and the pattern is accepted
if the factor is above a certain threshold. Since the probabilities of the branches of long and complex patterns can be
low and since longer patterns should be recognized preferably, the probability is multiplied with a length factor to obtain the match factor. The element with the highest match
factor is selected if more than match was found for a certain
sequence.

Describing User Behavior using PDFAs

User actions are represented by certain log data sequences,
e.g. pressing the “up” and “down” buttons for scrolling.
Therefore, describing user behavior using PDFAs comprises the following steps. First, recordings need to be performed in order to create log data. This log data can then
be annotated by assigning so-called interaction classes to
certain sections of the recording. A PDFA can be created
from these annotations for every interaction class. Optionally, the PDFAs can now be assessed with additional log
data to evaluate them by annotating the additional log ﬁles
using the PDFAs and comparing them to manual annotations. Finally, the PDFAs can be employed by an interactive system to determine what the user is currently doing,
which requires a component in the interactive system that
can apply the PDFAs to live log data.

3.1

percentage
82 %
17 %
1%

Table 1: Evaluation results of 5 log ﬁles with a total number
of 634 user actions from 34 different interaction classes.

A state acceptor is a special case of the state automaton that is used to check if an automaton matches a given
sequence. Starting at the initial state, the respective transition for every element of the sequence is taken. If none is
found, the automaton does not accept the sequence. Otherwise, this step is repeated until a ﬁnal state is found. The
probability of the accepted sequence for this automaton can
be computed by multiplying the transition probabilities of
all used transitions. Therefore, the acceptance probability
of the automaton in Fig. 1 for the sequence (x, w) is 17.5 %.
A PDFA can be generated from a set of sequences as follows (cf. [Vidal et al., 2005b]). Starting at an initial state,
a transition and a new state are added to the automaton for
each element of the sequence. If the transition already exists, its weight is increased instead. After the automaton
is constructed, the probabilities of every transition can be
computed from the transition weights.

2.2

number
519
106
9

3.3

Evaluation

A preliminary evaluation of this approach was performed
by annotating 10 log ﬁles, with 5 being used to train the
PDFA models and 5 being automatically processed. The
results of the comparison of the automatic and the manual
annotations are shown in Table. 1. Even with this limited
data set, a match rate of 82 % could be achieved. Differences can occur for different reasons. First, an action can
be present in the manual annotation, but not in the automatic one, or vice versa (different - not recognized), meaning that an action did not occur in the training data or is
misrecognized. Using more training data can therefore reduce these kinds of errors. Second, a wrong class can be
found (different - value), which occurs only 9 times in the

Annotating the Log Data and Creating the
PDFAs

In order to create the PDFAs for different interaction
classes, annotations have to be created ﬁrst. The annotation was performed with a custom graphical evaluation
and annotation tool [Wesseling et al., 2008], which displays log events from a recorded session in timeline views.
Sequences of events are selected in these timelines and
an interaction class is assigned to every meaningful sequence. However, there are many different sequences
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are then analyzed by the PDFA matchers and interaction
classes are extracted. All adaptation rules that have the respective interaction classes as their triggers are evaluated
and perform adaptations of the interactive system.

User
User-system interaction
PDFAs
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Adaptation system:
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described by
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Figure 3: Overview of the system architecture.
checked recordings. These error can for instance occur if
there are ambiguities in the annotations.

3.4

Limitations

The approach presented in this paper has limitations. First,
as all statistical approaches, it highly depends on the annotations, i.e., only patterns occurring in the annotations can
be recognized. For instance, if a certain action is triggered
either by pressing the red button or saying “Record”, but
the red button is never pressed, then the red button is not
included in the “Record” interaction class. In addition, the
consistency of the annotations is very important. The more
errors are in the annotations used for training the PDFAs,
the lower the recognition rate will be.
Moreover, a list selection might consist of scrolling and
pressing the OK button. In this case, the number and order
of “up” and “down” key presses is relevant, which is not
reﬂected well by the probabilistic nature of this approach.
Therefore, the selection of every list item would need to
create a separate event to make it applicable for this approach.
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Conclusions and Future Work

An approach for describing the user-system interaction of
interactive systems was presented, using interaction sequences as triggers for adaptation rules. First, log sessions
are annotated to create a corpus of user interaction classes,
from which PDFAs are generated. These matchers are then
used in the interactive system to extract the known interaction patterns from the user-system interaction. An evaluation showed that even with a small data set of 5 training
sessions and 5 test sessions, a match rate of 82 % could be
achieved.
As future work, this approach could be extended to describe user behavior, which is more complex than describing user actions. However, behavior sometimes is characterized by the absence of events, e.g. if the user is idle because help is required. Therefore, the applicability of this
approach to a more general kind of user behavior will be
examined. Moreover, we will investigate how to use unsupervised learning instead of annotated log data.
A task model (cf. [Paternò et al., 1997]) describes the
possible user interaction on an abstract level. By combining it with the interaction patterns, it is possible to describe
both what the user can do (task model) and what the user
is actually doing (interaction model). For example, this enables the system to provide help if the user cannot ﬁnish
a certain task or information about previously unused features.
In addition to adaptations, the PDFAs can be employed
for the evaluation of interactive systems. More conclusions can be drawn from high-level information about the
user-system interaction than from low-level events. For instance, task completion rates can be computed more easily
if the task does not have to be described by low-level log
data alone. Using an automatic annotation can reduce the
evaluation effort.

Using the PDFAs for Adaptations
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