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Abstract
There are many speech and language processing problems which require cascaded classiﬁcation tasks. While model
adaptation has been shown to be useful in isolated speech and language processing tasks, it is not clear what constitutes
system adaptation for such complex systems. This paper studies the following questions: In cases where a sequence of classiﬁcation tasks is employed, how important is to adapt the earlier or latter systems? Is the performance improvement
obtained in the earlier stages via adaptation carried on to later stages in cases where the later stages perform adaptation
using similar data and/or methods? In this study, as part of a larger scale multiparty meeting understanding system, we
analyze various methods for adapting dialog act segmentation and tagging models trained on conversational telephone
speech (CTS) to meeting style conversations. We investigate the eﬀect of using adapted and unadapted models for dialog
act segmentation with those of tagging, showing the eﬀect of model adaptation for cascaded classiﬁcation tasks. Our results
indicate that we can achieve signiﬁcantly better dialog act segmentation and tagging by adapting the out-of-domain models, especially when the amount of in-domain data is limited. Experimental results show that it is more eﬀective to adapt the
models in the latter classiﬁcation tasks, in our case dialog act tagging, when dealing with a sequence of cascaded classiﬁcation tasks.
Ó 2009 Elsevier Ltd. All rights reserved.
Keywords: Model adaptation; Dialog act segmentation; Dialog act tagging; Meetings processing

1. Introduction
Recent advances in data-driven speech and language processing techniques combined with discriminative machine learning algorithms, such as support vector machines or Boosting, enable us to build
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high-performance, robust, portable, statistical models given enough in-domain annotated data. However, such
classiﬁers typically require large amounts of in-domain task data that is usually transcribed and then
labeled by humans, an expensive and laborious process. To this end, in the literature, model adaptation
techniques have been proposed. The aim of adaptation is to exploit the existing labeled data from previous
corpora (out-of-domain), to improve the performance of the model for a new domain (in-domain). The
amount of in-domain labeled data is typically much smaller than the amount of out-of-domain labeled data.
The idea is to build a new adapted model by using the existing out-of-domain model together with the small
amount of labeled in-domain data from the new application. However, the in-domain data and the
out-of-domain data do not usually share the same distribution, and the out-of-domain classiﬁcation model
must be adapted before it can be employed. There are two main advantages of using adapted models for
new in-domain data:
 Reduction of the amount of human-labeling eﬀort necessary to come up with decent statistical systems.
 Improvement of the classiﬁcation performance for a given amount of in-domain data.
The state of the art speech and language processing systems consist of a series of non-trivial processing
stages. For example, in a speech-to-speech translation system, the utterances are ﬁrst recognized, then
chopped into sentences, translated individually, and then converted to speech using a synthesizer. One can
arbitrarily build even more complex systems, for example, by incorporating a syntactic or semantic parser,
a named entity extractor, or a dialog act tagger in this chain of subtasks. Another example would be call classiﬁcation in which the input utterances are ﬁrst recognized and then named entities are extracted and intents
are determined (Gupta et al., 2006).
While model adaptation has been shown to be useful in isolated speech and language processing
tasks, such as acoustic modeling (AM) and language modeling (LM), and probabilistic context-free grammars
(Bellegarda, 2004), it is not clear what constitutes system adaptation for such complex systems. One
can, of course, adapt each of the models individually, and wish that the performance of the whole system
improves.
This paper then studies the following questions: In cases where a sequence of classiﬁcation tasks is
employed, how important is to adapt the earlier or latter systems? Is the performance improvement obtained
in the earlier stages via adaptation carried on to later stages in cases where the later stages perform adaptation
using similar data and/or methods?
Furthermore, it is known that the eﬀect of adaptation disappears as more in-domain annotated data is provided for training models. For cascaded speech and language processing tasks, it is not clear whether the eﬀect
of cascaded adaptation disappears with similar pace. This is because, even though working with manual annotations for previous steps (e.g. manual transcriptions of speech), the following step (e.g. machine translation) is
not error-free and the relative ratio of performance improvement in previous steps due to adaptation may not
hold for the ﬁnal system.
There are many speech and language processing problems which require such cascaded classiﬁcation tasks.
In our case, dialog act segmentation and tagging tasks provide a good framework to perform research on the
eﬀect of adaptation on cascaded tasks. Dialog acts (DAs) are basic building blocks for spoken language understanding in human/human conversations or multiparty meetings. DA segmentation aims to chop an input
utterance into separate dialog act and sentential units. Then DA tagging is used to classify each of these units
into a predeﬁned DA category, such as question, ﬂoor grabber, or backchannel. We ﬁrst analyze the eﬀect of
various model adaptation techniques for dialog act segmentation and tagging tasks. Then we perform controlled experiments to see the eﬀect of cascaded adaptation with various portions of annotated data for each
task.
This paper is organized as follows: The next section brieﬂy explains the dialog act segmentation and tagging
tasks and previous work on this area. Then we present the related model adaptation work in speech and language processing. Section 4 presents our modeling method and the adaptation approaches that we used in this
work. In Section 5, we give more details on the data sets and present the results. The conclusions, as well as the
outlook for future work, are discussed in Section 6.
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2. Dialog act segmentation and tagging
Dialog acts are basic building blocks for spoken language understanding in human/human conversations or
multiparty meetings. A dialog act is an approximate representation of the illocutionary force of an utterance,
such as questions or backchannels (Stolcke et al., 2000). Dialog acts are designed to be task independent, their
main goal being to provide a basis for further discourse analysis and understanding. For example, dialog acts
can be used to extract the question/answer pairs in a meeting. There are a number of predeﬁned dialog act sets
in the literature, such as dialog act markup in several layers (DAMSL; Core and Allen, 1997) and meeting
recorder dialog act (MRDA; Shriberg et al., 2004).
In this study we used the ICSI meeting corpus with high-level MRDA tags: question, statement, backchannel, disruptions, and ﬂoor grabbers/holders. Backchannels are short phrases such as yeah or uh huh to indicate that the listener is actually following the speaker. Floor grabbers indicate that the person wants to start
talking; similarly, ﬂoor holders indicate that the speaker has not yet ﬁnished. Disruptions stand for statements
uncompleted for some reason. Note that dialog acts can be organized in a hierarchical fashion. For instance,
statements can be further categorized as explanation or suggestion. Fig. 1 shows an example of a dialog along
with dialog acts.
Typically, dialog act tagging is performed on the automatic speech recognition (ASR) output. Since most
ASR outputs lack typographic cues such as sentence and paragraph boundaries, an intermediate segmentation
step is necessary. This task, known as sentence unit segmentation or dialog act segmentation, aims at deciding
whether a particular word boundary marks the end of a dialog act unit. Typically, the speech is ﬁrst automatically transcribed by the ASR and then segmented into dialog acts, and ﬁnally the categories or dialog act tags
are assigned to these segments during the dialog act tagging (DAT) phase.
Dialog act segmentation is a crucial ﬁrst step in processing conversational speech such as meetings (as in
CALO Tur et al., 2008) or broadcast conversations (as in GALE Zimmerman et al., 2006). Dialog act segmentation is generally framed as a word boundary classiﬁcation problem. For DA segmentation, Gotoh and
Renals (2000) and Shriberg et al. (2000) used a method that combines hidden Markov models (HMMs) with
N-gram language models (LMs) containing words and dialog act boundaries associated with them, i.e., tags
(Stolcke and Shriberg, 1996). This method was extended with confusion networks in Hillard et al. (2004).
Zimmerman et al. (2006) provides an overview of diﬀerent classiﬁcation algorithms (Boosting, hidden-event
language model, maximum entropy and decision trees) applied to the dialog act segmentation for multilingual
broadcast news. Besides the type of classiﬁer, the features have widely been studied; Shriberg et al. (2000), Liu
et al. (2005) showed how prosodic features can beneﬁt the dialog act segmentation task. Investigations on prosodic and lexical features in the context of phone conversation and broadcast news speech were presented in
Liu et al. (2005). More recently, Roark et al. (2006) studied syntactic features for this task.
Generally, lexical features, such as word N-grams as well as dialog contextual features (such as the previous
dialog act tag) or other types of features (such as prosodic) are employed. Recently, there has been interest in
training a joint classiﬁer that segments and tags the utterances simultaneously (Zimmermann et al., 2005).
Even though the dialog acts are designed to be task independent and we consider only ﬁve top-level dialog
acts, there are signiﬁcant diﬀerences between diﬀerent corpora because of diﬀerent dialog act distributions and

Fig. 1. Sample excerpt of a dialog along with dialog acts.
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labeling inconsistencies. The diﬀerences between the corpora are particularly emphasized in speech since
speech has a high variability depending on the environment in which it is uttered (e.g. number of speakers,
formal/informal context), which we designate as speech style (Shriberg, 2005). Adaptation is thus particularly
needed for speech data.
Previously, Venkataraman et al. tried employing active learning and lightly supervised learning for reducing
the amount of labeled data needed for dialog act tagging with HMMs. They concluded that while active learning does not help signiﬁcantly for this task, exploiting unlabeled data by using minimal supervision is eﬀective
when the DA tag sequence is also modeled (Venkataraman et al., 2002; Venkataraman et al., 2005). Note that
in this study, we consider only supervised model adaptation and analyze the eﬀect of adaptation in a controlled setting where the in-domain data is from the ICSI meeting corpus (referred to as MRDA), and outof-domain data is the Switchboard (SWBD) corpus with the SWBD–DAMSL tag set (Jurafsky et al.,
1997). Besides the diﬀerence in speech style, another challenge is that in the SWBD corpus, ﬂoor grabbers/
holders are not considered as a separate class; hence, there are only four top-level dialog acts instead of the
ﬁve MRDA tags.
Although there is some recent work on joint modeling of dialog act segmentation and tagging, the beneﬁt of
using a joint modeling approach instead of a cascaded approach has not been clear. The cascaded approach is
currently the established method since it provides a modular architecture and the output of sentence segmentation can be optimized for other tasks such as parsing or machine translation independently. However, as we
mention in the last section, it would be a further study to compare our results with adaptation performed on
joint modeling.
3. Related work on model adaptation
In speech processing literature, two very popular adaptation approaches are maximum likelihood linear
regression (MLLR; Gales, 1998) and maximum a posteriori (MAP) adaptation (Gauvain and Lee, 1994).
For LM adaptation, MAP adaptation leads to a solution of the form Bellegarda (2004):
P ^h ðwi jhi Þ ¼

aC ðoÞ ðhi wi Þ þ bC ðiÞ ðhi wi Þ
;
aC ðoÞ ðhi Þ þ bC ðiÞ ðhi Þ

ð1Þ

where (i) stands for in-domain, (o) stands for out-of-domain, and C D ðSÞ is the frequency count of the string S
in D. a and b are the weights controlling the inﬂuence of the data sets on the ﬁnal model and is usually optimized on a development set or via an expectation maximization (EM) algorithm.
Bacchiani and Roark (2003), Bacchiani et al. (2006) have shown that MAP adaptation for LM is equivalent
to model interpolation or count mixing with a diﬀerent parameterization of the prior distribution:
P ^h ðwi jhi Þ ¼ cP hðoÞ ðwi jhi Þ þ ð1  cÞP hðiÞ ðwi jhi Þ

ð2Þ

where P h ðwi jhi Þ is the probability of the current word wi given the history hi of n  1 words, in an N-gram LM
h. c½0; 1 is a weight controlling the inﬂuence of the out-of-domain data on the ﬁnal model.
In the above-mentioned work, Bacchiani et al. (2004) reported positive results using unsupervised LM
adaptation in a voicemail recognition system. They noted that there is no signiﬁcant diﬀerence in performance
between count merging and interpolation. Later, they also employed discriminative methods for language
model adaptation using the perceptron algorithm. Kneser et al. (1997) have proposed using dynamic marginals for model adaptation. The idea is to adjust the N-gram weights so that the unigram marginals of the
adapted N-grams match the unigram distribution of the adaptation data. Gretter and Riccardi (2001) have
exploited word conﬁdences obtained from word confusion networks during unsupervised LM adaptation.
Hakkani-Tür et al. (2004) have employed unsupervised LM adaptation for new call center spoken dialog
applications. One diﬀerence in their approach is that they eﬀectively set c ¼ 0 in order to restrict the vocabulary size and hence make the new model small enough for a sub-real-time ASR system. Previous work on
conversational telephone speech recognition showed small gains with unsupervised LM adaptation to Switchboard recognition output even at fairly high error rates (Stolcke, 2001).
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A research area related to unsupervised LM adaptation deals with strategies for selecting adaptation data.
Some notable studies addressing this issue include (Chen et al., 2003; Nanjo and Kawahara, 2003). LM adaptation using linear interpolation and training data ﬁltering was presented in Fang et al. (2003). An extensive
survey of LM adaptation research can be found in Bellegarda (2004).
Language model adaptation for generative models focuses on the estimation of P ðwjhÞ. The main diﬀerence
between MAP and model interpolation is then performing the adaptation at the model level or count level.
While the exact same formulation applies to generative classiﬁcation models such as Naive Bayes or HMMs,
model adaptation is a relatively less studied area for discriminative classiﬁers. In the machine learning literature, model adaptation techniques have been studied under the area of transfer learning. A more detailed
explanation of inductive and transductive transfer learning algorithms can be found in Arnold et al. (2007).
For discriminative classiﬁers, researchers have also suggested methods for learning new models starting from
existing ones. For maximum entropy models, Chelba and Acero (2006) have proposed a variant of MAP
adaptation, where the goal is maximizing the regularized log-likelihood of the adaptation data during training.
For Boosting, Tur (2005) explored model adaptation via changing the loss function during training. This is
explained in more detail below.
While this work considered one distribution for the in-domain data and one for the out-of-domain data, a
recent study introduced the idea of learning one general distribution, and then using this in conjunction with
the in-domain and out-of-domain data (Daumé and Marcu, 2006).
4. Approach
In this work, both dialog act segmentation and dialog act tagging are framed as classiﬁcation problems following the earlier work (Zimmerman et al., 2006, 2000; Zimmermann et al., 2006 among others) and AdaBoost.MH algorithm2 is used to this end. Boosting has already been shown to be among the best classiﬁers
for the sentence segmentation task (Zimmerman et al., 2006).
For dialog act segmentation, a sample (that is, a word boundary bi , between words wi and wiþ1 ) is represented by features containing lexical information (combination of word unigrams, bigrams, and trigrams) and
the pause duration between two words:
wi1 ; wi ; wiþ1 ; wi1 wi ; wi wiþ1 ; wi1 wi wiþ1 ; wi pi ; wi pi wiþ1
where pi represents the binned pause duration between words wi and wiþ1 .
Once the dialog act boundaries are hypothesized, the dialog act tags are assigned. The goal of DA tagging is
classifying the given sentence into one of the ﬁve top-level dialog acts (question, statement, backchannel, disruptions, and ﬂoor grabbers/holders). In order to see the impact of DA segmentation adaptation for DA tagging better, we deliberately kept the DA tagger simpler and did not use any prosodic or dialog contextual
features and just relied on the word n-grams as extracted from the current sentence.
Next, we brieﬂy describe the Boosting algorithm, then we present the model adaptation methods employed
in this study, and then present the cascaded adaptation scheme.
4.1. Boosting
In this study, we employed a discriminative classiﬁer, namely, Boosting. Boosting is an iterative
learning algorithm that aims to combine weak base classiﬁers to come up with a strong classiﬁer. At each iteration, a weak classiﬁer is learned so as to minimize the training error, and a diﬀerent distribution or weighting
over the training examples is used to give more emphasis to examples that are often misclassiﬁed by preceding
weak classiﬁers. In Boosting, weighted sampling is used instead of random sampling to focus learning on
most diﬃcult examples. Furthermore, weak classiﬁers are combined using weighted voting instead of equal
voting.

2

In this paper, we abusively use the term ‘‘Boosting” to designate the AdaBoost.MH algorithm.
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Fig. 2. The algorithm AdaBoost.MH.

The algorithm generalized for multi-class and multi-label classiﬁcation is shown in Fig. 2. Let X denote the
domain of possible training examples and let Y be a ﬁnite set of classes of size jYj ¼ k. For Y # Y, let Y ½l for
l 2 Y be

þ1; if l 2 Y
Y ½l ¼
1; otherwise
Boosting assumes that the data set D consists of the training instances or examples xi . Each example xi in D
is represented by a set of features (e.g. lexical features). Each example has also the classes (labels) li 2 Y , which
are assigned by human labelers. For example, the sentence segmentation task can be considered as a binary
classiﬁcation problem, in which every word boundary must be labeled as a sentence boundary or as a nonsentence boundary. In this manner, the set of possible classes Y ¼ fþ1; 1g is also referred to true or reference
classes, where +1 and 1 represent the sentence and the nonsentence boundaries, respectively.
In Boosting, every example of the training data set is assigned a weight. These weights are initialized uniformly and updated on each iteration so that the algorithm focuses on the examples that were wrongly classiﬁed on the previous iteration. At the end of the learning process, the weak learners used on each iteration t
are linearly combined to form the classiﬁcation function:
f ðx; lÞ ¼

T
X

at ht ðx; lÞ

ð3Þ

t¼1

with at the weight of the weak learner ht and T the number of iterations of the algorithm. This algorithm can
be seen as a procedure for ﬁnding a linear combination of base classiﬁers that attempts to minimize a loss
function (Schapire and Singer, 1999), such as the logistic loss:
XX 

ln 1 þ eY i ½lf ðxi ;lÞ
ð4Þ
i

l

In that case, the conﬁdence score of a class, l, for an example xi can be computed as
P ðY i ½l ¼ þ1jxi Þ ¼

1
1 þ ef ðxi ;lÞ

ð5Þ

More details on Boosting can be found in Schapire (2001). In this study, we used decision stumps (single node
decision trees) as the weak learners. Since our features are word or word/pause n-grams for DA tagging and
segmentation, each weak learner checks the existence of a speciﬁc n-gram.
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4.2. Adaptation methods
The goal of this work is to use the existing labeled data or models to improve the classiﬁcation performance
in a new domain. The combination of the in-domain and the out-of-domain data sets can be implemented at
diﬀerent levels, such as the data level (e.g. concatenation), the feature or classiﬁer level (e.g. Boosting adaptation) and the classiﬁer output level (e.g. linear or logistic interpolation). It should be noted that, these diﬀerent
model adaptation approaches are equivalent under certain conditions. For example while one can interpolate
the outputs obtained by two models, the same eﬀect can be represented in a single interpolated model, as typically done in language models (Stolcke, 2002). Similarly, data concatenation can be seen as an unweighted
linear interpolation in certain cases.
In a typical classiﬁcation problem, given a set of training data D ¼ fðxn ; ln Þ 2 X  L : 1 6 n 6 N g, the goal
is to ﬁnd a function f : X ! L, where X is the feature space, L is the ﬁnite set of possible labels, N is the
number of training examples xn and their associated label ln . The underlying assumption is that a distribution
pðxi ; li Þ exists for each ðxi ; li Þ 2 X  L, but is unknown. In the adaptation problem, we assume two data sets,
the in-domain (or task speciﬁc domain) DðiÞ and the out-of-domain DðoÞ data sets, with jDðiÞ j  jDðoÞ j. The goal
is to ﬁnd a function f ðxÞ that can predict the classiﬁcation label l for each example in DðiÞ by using the rest of
DðiÞ and DðoÞ . This makes clear that we assume the distributions P ðiÞ ðxi ; li Þ and P ðoÞ ðxi ; li Þ of the in-domain data
and the out-of-domain data, respectively, not to be dependent, in which case DðoÞ would be suboptimal for
classifying DðiÞ .
Adaptation methods that we used for dialog act segmentation and tagging are brieﬂy explained below.
These methods are independent of the classiﬁer, except for adaptation with Boosting.
4.2.1. Data concatenation
The simplest way of combination is to train the classiﬁer on the concatenation of out-of-domain and indomain data. Due to the relative size of the out-of-domain data overwhelms the in-domain data, it is not fair
to expect the best performance from this kind of elementary approach. But, basically, it can be considered as a
baseline for the other adaptation approach that we used. This is equivalent to unweighted count mixing for
LM adaptation. One can also upsample the labeled data with diﬀerent ratios to approximate the eﬀect of interpolation. The schematic representation of this method is shown in Fig. 3.
More formally,
with this method, Boosting chooses a weak learner (i.e., an n-gram, hi wi ) based on its freS ðoÞ
ðiÞ
D :
quency in D
C ðoÞ ðhi wi Þ þ C ðiÞ ðhi wi Þ
C ðoÞ ðhi Þ þ C ðiÞ ðhi Þ

ð6Þ

Fig. 3. Schematic representation of the data concatenation method.
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4.2.2. Out-of-domain as feature
For this method, the existing classiﬁer, C ðoÞ , is run ﬁrst; the probability that it outputs is then used as an
extra feature while training a model with the in-domain data. The ﬁnal decision is made by C ðiÞ trained on this
enriched set of features. The schematic representation of this method is shown in Fig. 4. In other words, the
feature set, F, is extended by one important feature, that is the posterior probability distribution for each of
the classes, P ðoÞ ðY i ½l ¼ þ1jxi Þ.
4.2.3. Model interpolation
More formally, in model interpolation, each sample of the held-out set is evaluated by the classiﬁer C ðiÞ
trained on the in-domain data and the classiﬁer C ðoÞ trained on the out-of-domain data. These evaluations
yield probabilities P ðiÞ ðY i ½l ¼ þ1jxi Þ and P ðoÞ ðY i ½l ¼ þ1jxi Þ that the event associated with the sample xi is
belongs to class l, according to the classiﬁer C ðiÞ and C ðoÞ , respectively. The ﬁnal decision is made from the
combination of these two probabilities using either a linear function:
P ðY i ½l ¼ þ1jxi Þ ¼ b1  b2 P ðiÞ ðY i ½l ¼ þ1jxi Þ  b3 P ðoÞ ðY i ½l ¼ þ1jxi Þ

ð7Þ

or a logistic function:
P ðY i ½l ¼ þ1jxi Þ ¼

1
b1 b2 P ðiÞ ðY i ½l¼þ1jxi Þb3 P ðoÞ ðY i ½l¼þ1jxi ÞÞ
ð
1þe

ð8Þ

where b1 ; b2 ; b3 are called as interpolation weights.
The schematic representation of this method is shown in Fig. 5. One important problem for model interpolation is the estimation of these interpolation weights. While two popular approaches in the literature are
employing an EM algorithm or using a held-out set and empirically optimizing it, in this study, we propose
using regression techniques with a held-out set.
For implementing model adaptation via interpolation, we have employed the classiﬁer output conﬁdences.
In Boosting, the classiﬁer score can be converted into a conﬁdence using the logistic function (Schapire and
Singer, 2000):
P ðc ¼ ljxÞ ¼

1
1 þ ef ðx;lÞ

ð9Þ

4.2.4. Boosting adaptation
Using the same approach as in Tur (2005) a model is ﬁrst built with the out-of domain data and then using
Boosting adapted to small amount of in-domain labeled data. This is the same as minimizing a weighted sum
of logistic loss function and the binary relative entropy of the prior probabilities of both models. The weights
are optimized using a held-out set.

Fig. 4. Schematic representation of the ‘‘out-of-domain as feature” adaptation method.
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Fig. 5. Schematic representation of the logistic interpolation method.

For Boosting adaptation, we begin with an existing out-of-domain model. Then we build a new model
using the small amount of labeled in-domain data based on the existing out-of-domain model. The schematic
representation of this method is shown in Fig. 6. This method is similar to incorporating prior knowledge or
exploiting unlabeled utterances for Boosting Schapire et al. (2005) and Tur and Hakkani-Tür (2003). In those
works, a model which ﬁts both the training data and the task knowledge or machine labeled data is trained. In
our case, the aim is to train a model that ﬁts both a small amount of application-speciﬁc labeled (in-domain)
data and the existing out-of-domain model from a similar application. More formally the Boosting algorithm
tries to ﬁt both the newly labeled data and the prior model using the following loss function:
X X 


ln 1 þ eY i ½lf ðxi ;lÞ þ gKLðP ðY i ½l ¼ 1jxi Þkqðf ðxi ; lÞÞÞ
ð10Þ
i

l

where

 


p
1p
þ ð1  pÞ ln
KLðpkqÞ ¼ p ln
q
1q

Fig. 6. Schematic representation of the Boosting adaptation method.

ð11Þ
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is the Kullback–Leibler divergence (or binary relative entropy) between two probability distributions p and q.
In our case, the distributions correspond to the distribution from the prior model KLðP ðY i ½l ¼ 1jxi ÞÞ and to
the distribution from the constructed model qðf ðxi ; lÞÞ, where qðxÞ is the logistic function 1=ð1 þ ex Þ. This
term is basically the distance from the existing out-of-domain model to the new model built with newly labeled
data. In the marginal case, if these distributions are always the same, then the KL term will be zero and the
loss function will be exactly the same as the ﬁrst term, which is nothing but the logistic loss. here g is used to
control the relative importance of these two terms. This weight may be determined empirically on a held-out
set.
4.3. Cascaded model adaptation
In our earlier work we have presented the results of these model adaptation methods for dialog act segmentation (Cuendet et al., 2006) and tagging (Tur et al., 2006) independently. In this paper, we investigate their
combination to check whether the improvements observed on the sentence segmentation task when using an
adapted model reﬂect on dialog act tagging.
In particular, we aim at analyzing the eﬀect of the adaptation methods for dialog act segmentation and tagging and testing whether the improvements observed on the dialog act segmentation task when using an
adapted model reﬂect on dialog act tagging.
^ seg , is ﬁrst built using one
Our approach is as follows: An adapted model for sentence unit segmentation, C
of the adaptation methods presented and the output of the model is used to get the hypothesized sentence
^ tag
boundaries on the test and held-out sets for dialog act tagging. An adapted dialog act tagging classiﬁer C
is then trained and adapted using the training set of the in-domain and out-of-domain data with the true sen^ tag is used to classify the estimated sentence boundaries of the held-out set
tence boundaries. The classiﬁer C
into the ﬁve dialog act classes. For the linear and logistic interpolation, the weights are optimized on the
held-out set using regression as explained above and then used to classify the samples of the test set.
The expectation is that the dialog act tagging on the sentence boundaries hypothesized by the adapted
model is more accurate than that performed on the sentence boundaries hypothesized by the in-domain model.
Furthermore, the improvement is not washed away with adapted dialog act tagging models.
5. Experiments and results
The results are presented in three parts. We ﬁrst show the results of sentence unit segmentation adaptation
on the MRDA corpus. The second set of experiments presents dialog act tagging adaptation on the MRDA
corpus. In the third part, we show dialog act tagging adaptation along with sentence unit segmentation, i.e.,
the dialog act tagging is done on the sentence boundaries hypothesized by the sentence unit segmentation classiﬁer. For each experimental setting, we present learning curves to show the eﬀect of the size of the in-domain
data on the adaptation methods employed. Each experiment is run three times with three diﬀerent orderings of
the training data, and the three results are averaged. We performed our tests using the BoostTexter classiﬁcation tool (Schapire and Singer, 2000) for Boosting. For all experiments, we used word n-grams and the duration of the pause between two words as features and iterated 1000 times.
5.1. Data sets
The meeting data is from the ICSI meeting corpus (MRDA) (Janin et al., 2004). This corpus contains 75
meetings grouped in three main types (according to the speakers, the conversation types, and so on). The data
is split according to the training, test (11 meetings) and held-out (11 meetings), sets as speciﬁed in (Ang et al.,
2005). The phone conversations are the subset of the Switchboard (SWBD) corpus provided by the linguistic
data consortium (LDC) (RT04). The main characteristics of both data sets are shown in Table 1. In both corpora, statements are the most frequent dialog act category. In the SWBD corpus, backchannels are more than
twice as frequent as in the meetings data, possibly because of the lack of eye contact in telephone
conversations.

Author's personal copy

U. Guz et al. / Computer Speech and Language 24 (2010) 289–306

299

Table 1
Characteristics of the data used in the experiments.

Training data size (utterances)
Test data size (utterances)
Development data size (utterances)
Average sentence length (words)
Vocabulary size
Questions
Disruptions
Floor grabbers/holders
Statements
Backchannels

MRDA

SWBD

80577
16211
16501
7.58
11,034
6%
12%
10%
58%
12%

64874
N/A
N/A
10.45
13,109
4%
6%
0%
58%
29%

All models were trained using reference transcriptions and tested on both the reference and the automatic
transcriptions obtained using the ASR output (STT; Stolcke et al., 2005). The ASR word error rate on this set
is 33.7% (18.1% substitutions, 13.7% deletions, and 1.9% insertions) and the classiﬁer performance is thus
expected to be worse on them than on the reference transcriptions.
5.2. Evaluation metrics
To measure the performance of dialog act segmentation, we used F-measure. F-measure is the harmonic
mean of the recall and precision measures of the sentence boundaries hypothesized by the classiﬁer to the ones
assigned by human labelers.
tp
tp
and recall ¼ tp þf
where fn , fp , and tp are false negative, false positive, and true positive,
precision ¼ tp þf
p
n
respectively.
2  precision  recall
F -measure ¼
ð12Þ
precision þ recall
In our experiments we consider the event associated with an example as a sentence boundary if the posterior
probability P ðs00j xÞ emitted by the classiﬁer for the sample x is bigger than 0.5 (as optimized on the held-out
set), and as a nonsentence boundary otherwise.
The performance of the dialog act tagging is evaluated by diﬀerent metrics depending on whether or not the
sentence boundaries are correct. If reference sentence boundaries are used, we simply compute the classiﬁcation error rate (CER), which is deﬁned as the ratio of the erroneous tags divided by the number of sentences.
In the case of sentence boundaries output by the sentence segmentation system, we employ the previously
deﬁned metrics (Ang et al., 2005; Zimmermann et al., 2005), namely, lenient, strict, dialog act error rate
(DER). DER is computed as the ratio of sentences with correct boundaries and correct tags divided by the
number of sentences. This is the same as CER when the sentence boundaries are correct. Lenient and strict
are word-based metrics. The lenient metric does not take into account the segmentation boundaries but only
compares the DA types assigned to corresponding words. For the strict metric, a word is considered to be
correctly classiﬁed if and only if it has been assigned the correct DA type and it lies in exactly the same
DA segment as the corresponding word of the reference. Fig. 7, as presented in Zimmermann et al. (2005),
demonstrates the computation of these metrics.
5.3. Sentence unit segmentation adaptation
The learning curves in Figs. 8 and 9 show the F-Measure for the SWBD adaptation on the MRDA corpus, in
reference and STT conditions, respectively. As expected, the naive approach of data concatenation performs
the worst. Logistic interpolation and ‘‘out-of-domain as feature” methods perform the best when very little
meeting data is available. The logistic interpolation method becomes less eﬀective as more in-domain data is
available. The ‘‘out-of-domain as feature” is the method that performs the best independently from the size
of the in-domain training data. There is a constant improvement of about 0.5% across the learning curve using
this method. This is a statistically signiﬁcant improvement according to a Z-test with 95% conﬁdence range.
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Fig. 7. Illustration of metrics used in this study for dialog act segmentation and tagging. In this ﬁgure, S, Q, D and B are used to denote
words in statements, questions, disruptions and back-channels, respectively. C and E are used to denote words of sentences that have
correctly and incorrectly assigned dialog act tags, respectively.
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Fig. 8. F-measure for all the methods presented in Section 3, in reference conditions.

Both ﬁgures show that the more meeting data, the smaller the diﬀerence between the classiﬁer trained on
meetings (in-domain) only and using the adapted models. However, it should be noticed that even with the full
meeting training data, all adaptation methods but the data concatenation perform better than the classiﬁer
built only on the meeting data.
The performance on the STT conditions shows the same pattern as on the reference conditions, although it
is per se lower by 10–15%. The addition of the ASR error to the classiﬁcation error can explain this diﬀerence.
However, in both STT and reference conditions, using model adaptation one would need to label around 30–
35% of the words of the meeting data to reach the same performance.
5.4. Dialog act tagging adaptation
The experiments presented in this section are done using manually transcribed and segmented data in order
not to deal with automatic speech recognition and sentence unit segmentation noise. We did not use any dialog

Author's personal copy

U. Guz et al. / Computer Speech and Language 24 (2010) 289–306

301
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Fig. 9. F-measure for all the methods presented in Section 3, in STT conditions. Since the concatenation and Boosting adaptation
underperformed in the reference condition experiments, we only plotted the other adaptation methods for STT conditions.

contextual information, such as the previous or the following dialog act tag, which may improve the performance further.
In this experiment, the goal is to adapt the dialog act tagging model for MRDA data using the SWBD corpus, so that the resulting adapted model can classify the dialog acts more accurately on the MRDA corpus.
Although the two corpora are very similar, when the training set does not match the test set, performance
drops drastically. Since we expect the proposed adaptation methods to work better with less application- speciﬁc training data, we report results using 5,000 in-domain examples from MRDA. With this small amount of
in-domain data, concatenation actually decreases the classiﬁcation accuracy even more, since now the out-ofdomain data becomes dominant.
Similar to dialog act segmentation experiments, we performed linear and logistic interpolation methods
along with the ‘‘out-of-domain as feature” method. Using logistic interpolation performed the best for this
experiment. Note that an improvement of around 0.6% is signiﬁcant according to the Z-test for a 95% conﬁdence interval (see Table 2).
We have also drawn the learning curves for CER as presented in Fig. 10. The top-most curve is obtained
using random selection of only MRDA training data. The lower curves are obtained using linear and logistic
interpolation. Using scores obtained from the out-of-domain model as features did not help for data sizes of
more than 5,000 in-domain utterances. When we employ adaptation with only 5,000 utterances from MRDA,
we have seen more than 1% absolute improvement. Nevertheless, the classiﬁcation with 10,000 meeting dialog
act units and the SWBD model reaches the same performance as the one topped by the meeting model trained
on 20,000 utterances; this is a factor of 2 reduction in the amount of labeled meeting data needed. We can
improve the performance signiﬁcantly by exploiting the SWBD data when the in-domain data size is less than
25,000. After about 50,000 in-domain utterances the gain disappears completely, as expected.
5.5. Dialog act tagging and sentence segmentation adaptation
After analyzing the eﬀect of adaptation methods on dialog act segmentation and tagging separately, we
investigate how they interact with each other. To do this, we repeat the experiments done in the previous section, however using the automatic sentence boundaries.
First we analyze the eﬀect of noise introduced by sentence segmentation when only 2,000 in-domain
(MRDA) utterances are available. Table 3 presents the error rates with diﬀerent metrics as explained above.
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Table 2
Baseline dialog act tagging error rates using in-domain (MRDA) and out-of-domain (SWBD) corpora, and adaptation results with various
methods. These results are obtained using reference segmentations.
Adaptation

Error rate (%)

MRDA
SWBD
Data concatenation
Out-of-domain as feature
Logistic interpolation
Linear interpolation

25.87
42.63
31.24
25.27
24.81
25.39

0.26
No Adaptation
Adaptation(LogR)
Adaptation(LinR)
0.255

0.25

Error Rate

0.245

0.24

0.235

0.23

0.225

0.22

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

5.5

6

6.5

Amount of In Domain Labeled Data (DA Units)

7

7.5
4

x 10

Fig. 10. CER results using dialog act classiﬁcation model adaptation. The top learning curve is obtained using just ICSI MRDA data as a
baseline. The lower learning curves are obtained using the adaptation with the Switchboard corpus where the weights are trained using
linear and logistic regression.

Table 3
Interaction of sentence segmentation (SS) and dialog act tagging (DAT) adapted (A) vs. unadapted (U) models with various metrics when
only 2000 in-domain sentences are available.

Strict
Lenient
DER

SS:U
DAT:U (%)

SS:U
DAT:A (%)

SS:A
DAT:U (%)

SS:A
DAT:A (%)

73.91
26.22
61.79

72.69
25.56
60.72

73.24
24.16
61.36

71.95
23.51
60.25

The results show the performance for the cases when there is no adaptation (SS:U DAT:U), both systems are
adapted (SS:A DAT:A), only the sentence segmentation model is adapted (SS:A DAT:U), and only the dialog
act tagging model is adapted (SS:U DAT:A). Logistic interpolation is used as the adaptation method for both
segmentation and tagging, since it performed consistently good for both tasks. As seen, adaptation helps sig-
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niﬁcantly whether it is done for segmentation or tagging. According to the lenient metric, adaptation for segmentation gives a better result than adaptation in tagging. It is the other way around for strict and DER metrics. This is because segmentation performance is also reﬂected in both strict and DER metrics. However, with
all the metrics, adaptation performed for both segmentation and tagging gives the best results as expected. The
biggest improvement (more than 10% relative) is seen for the lenient error rate metric. This is probably
because this is less eﬀected by the segmentation noise hence the DA tagging improvement can show better.
This can also be seen comparing the performance of no adaptation (SS:U DAT:U), with only DA segmentation is adapted (SS:A DAT:U), where lenient error rate is reduced by 8% relative while the error rate by other
metrics are reduced by less than 1% relative. To further analyze this eﬀect, we checked the best possible DER
given the segmentation noise, and when no adaptation is employed for segmentation, the lowest tagging error
rate (DER) possible is found to be 45.7%. Note that this number is 0% by deﬁnition when all of the estimated
dialog act unit boundaries are correct. With adaptation of dialog act segmentation models, this reduces to only
44.0%, which is signiﬁcantly lower, but still far from perfect.
The next step of our analyses is checking the eﬀect of cascaded adaptation when variable amounts of indomain annotated data is available. Fig. 11 presents the learning curves according to the strict metric for
all the four cases described above. When there are fewer than 10,000 sentences, adaptation applied for both
segmentation and tagging helps as expected, since individual models have better performances as shown in the
previous ﬁgures. However after this point, adaptation for sentence segmentation becomes less important and
the curves are drawn according to whether the tagging model is adapted or not. This is in contradiction to
what we would have expected. This is probably due to the fact that about 1% better segmentation performances at those points become irrelevant for DA tagging with large amount of in-domain data and the strict
metric is heavily inﬂuenced by this metric. Fig. 12 depicts this inﬂuence. When there are only 2,000 in-domain
annotated samples, adapting the earlier task, that is segmentation, results in better performance. At around
5,000 in-domain annotated samples, the eﬀect of adaptation for segmentation and tagging result in similar performance. Only after then adapting the tagging results in better performance, consistent with Fig. 11.
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Fig. 11. DA tagging results using adaptation for both dialog act tagging and sentence segmentation with strict error metric.

Author's personal copy

304

U. Guz et al. / Computer Speech and Language 24 (2010) 289–306
27
SS:U DAT:U
SS:U DAT:A
SS:A DAT:U

26

SS:A DAT:A

25

Error Rate

24

23

22

21

20

0

2000

5000

10000

20000

Amount of In Domain Labeled Data

Fig. 12. DA tagging results using adaptation for both dialog act tagging and sentence segmentation with lenient error metric.

For both ﬁgures, the general picture is the same though: When the amount of in-domain data is limited,
there is a consistent gain in performance as a result of the adaptation for each and both of the tasks. But
it becomes less signiﬁcant in line with the ﬁndings described in the previous subsections. The eﬀect of adaptation vanishes after 20,000 in-domain annotated examples when each task is considered individually or jointly
consistent with Figs. 10 and 8. The important results is that the adaptation of the latter task, that is tagging in
our case, is more eﬀective in general.
6. Conclusions
We have presented supervised adaptation methods for dialog act segmentation and tagging. We have
shown that, for these tasks, it is possible to boost the performance of both systems when a small amount
of training data is available. Our results indicate that we can achieve signiﬁcantly better dialog act segmentation and tagging by adapting the out-of-domain models, especially when the in-domain data is limited. While
the ‘‘out-of-domain as feature” method performed the best for dialog act segmentation, we noticed that for
tagging, the ‘‘logistic regression” method outperformed it. Since logistic regression performed reasonably well
for the segmentation task, and the ﬁnal performance of the combined segmentation and tagging adaptation is
dominated by tagging as explained above, we believe that logistic regression results in a more eﬀective and
robust adaptation.
We also perform experiments adapting either one or both of segmentation and tagging models. We have
presented results on the eﬀect of cascaded adaptation on these two tasks. We show the that it is more eﬀective
to adapt the models in the latter classiﬁcation tasks, in our case tagging, when dealing with a sequence of cascaded classiﬁcation tasks. The adaptation of the earlier stages are washed away and learning curves are dominated by the performance of the latter stages.
Our future work includes unsupervised adaptation of dialog act segmentation and classiﬁcation models.
This will enable us to bootstrap new dialog act models without labeling any application-speciﬁc data. Another
venue is combining dialog act tagging with dialog act segmentation and performing a joint adaptation.
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