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Research Interests

Event logs are useful resources to diagnose and
track the functioning of computational systems such as
spoken dialogue systems and reading tutors. How can
we use event logs to model dialogue behavior? One
option is to use conventional classifiers, like logistic
regression or decision trees. However, conventional
classifiers rely on a fixed-size feature vector as an input; hence, we have to decide a priori how many features we are going to include. But, how to map a
dialogue, that may vary in number of turns, into a
fixed-size feature vector?
In my research I have proposed methods that use
event logs as the input of machine learning algorithms
to various mining tasks such as forecasting user engagement and modeling how changes in the system
affect user behavior. Although successful at these
difficult data mining problems, each task required
some particular effort that did not leverage to others.
This effort is the manual process called “feature engineering”, which devises suitable features for predicting
dialogue behavior.
Designing good features can require considerable
knowledge of the domain, familiarity with the dialogue
system, and effort. For example, performing manual
feature engineering in a previous classification task
(González-Brenes and Mostow 2010) took approximately two months. Ideally, we would want to model
dialogue behavior directly from spoken dialogue system logs directly, without having to extract features. In
the rest of this section I will describe my work modeling Spoken Dialogue Systems from logs of event
streams using different representations.
1.1

Feature Vectors

Let’s illustrate the discussion with an example.
Suppose we are classifying computer-student dialogues using the single feature “turn duration”. One
approach is to extract features from a window, either
from the beginning or the end of the dialogue
(González-Brenes and Mostow 2011, to appear). Figure
1 shows the duration of each of the turns in a dialogue

(9s, 8s, 5s, 7s, and 6s respectively). This window
enables two alternative approaches:
(i)
Averaging the value of the features in the
window – in our example, it would be a
single feature with value 6.0, or
(ii)
Having a feature for every turn – in our
example, three features with values 5, 7
and 6. Once we transform dialogues into
feature vectors, we can train conventional
classifiers on them.
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Figure 1: Dialogue described by a single feature

Approach ii may generate very large feature sets,
even exceeding the number of data points. We demonstrated that a recent machine learning approach, called
L1-regularized logistic regression, is able to handle
such large feature sets without over-fitting. Moreover,
this rich feature set enables better classification accuracy.
1.2

Sequences

A key issue in using machine learning to classify
tutorial dialogues is how to represent time-varying
data. Standard classifiers input a feature vector and
output its predicted label. It is possible to formulate
tutorial dialogue classification problems in this way.
However, a feature vector representation requires
mapping a dialogue into a fixed number of features,
and does not innately exploit its sequential nature. In
contrast, we explored modeling dialogue as a sequence
of turns, using a recent technique called Hidden Conditional Random Fields (Quattoni, Wang et al. 2007).
Hence, in the example of the previous section, we
would input the whole sequence (9,8,5,7,6). This procedure (González-Brenes, Duan and Mostow, in submission), allows modeling the temporal characteristics
of dialogue.

1.3

Relational Learning

To bypass the labor-intensive process of feature engineering, we propose (González-Brenes, Tan and Mostow, in submission) to learn classifiers directly from a
relational database of events logged by a tutor. We
propose a system that searches through a space of classifiers represented as database queries, using a small
set of heuristic operators.
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Future of Spoken Dialog Research

Modeling dialogue behavior is a fundamental step
towards understanding how to build better Dialogue
Systems. Figure 2 describes the general process desired to model dialogue behavior: A human speaks
with a dialogue agent, which logs its state and the conversation in a relational database. The relational database is transformed into a representation that allows
reasoning about dialogue behavior.
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Figure 2 Predicting Behavior of Dialogue using a
Relational Database
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Suggestions for discussion

I am interested in discussing:




How to evaluate Spoken Dialogue Systems?
What behavior of human-computer dialogue
is most interesting to model?
What methods of Machine Learning and Human-Computer Interaction are most useful for
the Spoken Dialogue community?
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