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ABSTRACT

This paper compares the performance of various machine
learning approaches and their combination for dialog act
(DA) classification of meetings data. For this task, boosting
and three other text based approaches previously described
in the literature are used. To further improve the classifi-
cation performance, various combination schemes take into
account the results of the individual classifiers. All clas-
sification methods are evaluated on the ICSI Meeting Cor-
pus based on both reference transcripts and the output of a
speech-to-text (STT) system. The results indicate that both
the proposed boosting based approach and a method relying
on maximum entropy substantially outperform the use of
mini language models and a simple scheme relying on cue
phrases. The best performance was achieved by combining
methods with a multilayer perceptron.

1. INTRODUCTION

Dialog acts (DAs) represent the functional building blocks
of conversations [1] and the classification of dialog acts cor-
responds to assigning DA types to the individual utterances.
How these DA types are defined depends on the experimen-
tal setup. A variety of DA tagging schemes have been pro-
posed in the literature. While earlier schemes were designed
for specific applications in mind (e.g. MAPTASK [2], or
VERBMOBIL [3]) more recent approaches try to impose as
few constraints on the conversations as possible (e.g. DAMSL [4]
or [5]). The five DA types (derived from [5]) that are dis-
tinguished in this work are statements, questions, backchan-
nels, floorgrabbers, and disruptions. Backchannels are mostly
single word utterances such asuhhuhor yeahthat are used
to indicate that the speaker should go on talking. Floor-
grabbers subsume all utterances that are linked to the floor
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management in multiparty conversations. Frequently, floor-
grabbers such aswell or i think are used during an ongo-
ing conversation to indicate that a participant would like to
start talking. A speaker can also use floorgrabbers (e.g.so)
while talking to indicate that she/he is not finished talking
yet. Finally, disruptions categorize all utterances that can
not be completed as intended by the speaker including self-
interruptions.

The goal of this paper is to compare the performance
of boosting based DA classification to various text based
techniques described in the literature. For this, we use a
tightly controlled experimental setup that only allows the
methods to access isolated utterances (i.e. the classification
is based on words within a given utterance and does not
make use of other knowledge sources such as the sequence
of utterances or prosody).

Previous work mainly investigated single methods or
variations of a single method for the classification of dialog
acts. Most prominently, methods relying on wordn-gram
language models have been investigated in various experi-
mental setups [6, 3, 7, 8]. Semantic classification trees have
been proposed in [9], transformation based learning was in-
vestigated in [10], and artificial neural networks were used
in [11]. More recently, dynamic Bayesian networks have
been proposed as well [12]. To our knowledge boosting-
based classification of dialog acts has not been investigated
so far, and no direct comparison of the performance for the
methods investigated in this work is available.

The remainder of this paper is organized as follows.
First, the four different DA classification methods are de-
scribed in the following section. Experiments and results
are described in Section 3, while conclusions and possible
future work are provided in Section 4.

2. METHODOLOGY

All four DA classification methods described below attempt
to predict the most likely DA typed∗ for a given utter-
anceW = (w1, w2, . . . wn). In the next subsections the
most widely used technique, based on DA-specific language
models is covered first. Section 2.2 then summarizes a method



relying on cue phrases [13]. A maximum entropy based ap-
proach is described in Section 2.3, and the proposed boost-
ing based method is introduced in Section 2.4.

2.1. Mini Language Models

Dialog act-specific minin-gram language models (Mini LMs)
proposed by [6] have been widely used in previous work [3,
8]. For each DA typed, an individual wordn-gram LM is
trained on all utterances from an annotated corpus that are
tagged with the desired DA typed. This training procedure
allows the Mini LMs to capture the DA specific word usage
and produce DA specific likelihoodsp(W |d).

To classify an unknown utteranceW the estimates must
then be multiplied by the prior probabilityp(d) leading to
the decision rule given below.

d∗ = argmax
d

p(W |d) p(d) (1)

Although this method represents a principled approach
that relies on the well known domain ofn-gram language
modeling it has the drawback of not being trained in a dis-
criminative way.

2.2. Cue Phrases

The second technique investigated here relies on the con-
cept of cue phrases that correspond to wordn-grams up to a
specified order. The scheme has been proposed in [13] and
is particularly simple to implement. During training the list
of cue phrases is constructed in the following way. Initially
cue phrase candidates include all wordn-grams of a given
corpus forn = 1 up ton = 4. For each such cue phraseC
its predictivityp(d|C) is computed that measures to which
extend the presence of this cue phrase indicates the specific
DA type d. For each cue phrase candidate its maximal pre-
dictivity that corresponds to the most likely DA type for
the presence of this cue phrase is determined. Two thresh-
olds are then used to obtain the final cue phrases. The first
threshold requires a cue phrase candidate to be observed at
least a given amount of times in the training corpus, and
the second threshold only retains cue phrases that exceed a
fixed minimal predictivity.

For an unknown utteranceW all known cue phrases are
then extracted and the DA type corresponding to the cue
phrase that is associated with the highest predictivity is used
to output the resultd∗ In our implementation we used the
system including position specific cues by explicit model-
ing of the start and the end of utterances; see [13] for further
details. A potential drawback of this method lies in its de-
cision rule that does not generalize well to produce a score
for each available DA type.

2.3. Maximum Entropy

One of the main drawbacks of the methods described above
lies in their training that does not explicitly optimize the dis-
crimination between correct and incorrect DA types for a
given utterance. To take advantage of discriminative train-
ing a DA classification technique based on maximum en-
tropy modeling was proposed in [14]. Furthermore, the
maximum entropy framework allows directly estimating pos-
terior probabilitiesp(d|F ) for a DA typed and a binary fea-
ture vectorF (see [15] for an excellent introduction into
maximum entropy modeling).

The DA typed∗ of an unknown utterance is determined
by the DA typed that maximizes the posterior probability
p(d|F ). In our case the feature vectorF is extracted from
the utteranceW according to [14]. As features the first two
words (after removing filler words), the last two words, the
initial and the final word bigram, as well as the length of the
utterance is used. In contrast to [14] we do not include the
first word of the following DA, as our experimental setup
only considers isolated utterances.

2.4. Boosting

The fourth method, boosting, is also discriminative and is
derived from a text categorization task. Boosting aims to
combine “weak” base classifiers to come up with a “strong”
classifier. The learning algorithm is iterative, and in 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 ex-
amples that are often misclassified by the preceding weak
classifiers. For this approach we use theBoosTexteralgo-
rithm described in [16], with wordn-gram features, as well
as features like segment length. To make it comparable with
the maximum entropy approach, we have also trained the
BoosTexter classifier with the same set of features.

3. EXPERIMENTS AND RESULTS

This section first describes the experimental setup. The op-
timization of the individual classification methods on the
development sets are described in Section 3.2 and the eval-
uation of the methods on the test sets is provided in Sec-
tion 3.3, which also investigates various combination schemes.

3.1. Experimental Setup

For all experiments reported here the experimental setup is
closely linked with the one described in [14]. Of the 75
available meetings in the ICSI MRDA corpus, two meet-
ings of a different nature are excluded (Btr001 and Btr002).
From the remaining meetings we use 51 for training, 11 for
development, and 11 for evaluation. The available DA types



Condition DAs Words Chance WER
Reference 113,191 740,837 45.0% -
STT Manual 103,443 683,434 42.0% 35.4%
STT Auto 85,501 653,879 35.5% 38.2%

Table 1. Description of the three experimental conditions.
The table lists the number of DAs, words, the chance clas-
sification error rate (Chance), and corresponding word error
rates (WER).

DA Type Ref STT Manual STT Auto
Statements 8,918 8,642 7,740
Questions 1,164 1,108 1,004
Backchannels 1,960 1,437 220
Floor-grabbers 1,924 1,768 1,306
Disruptions 2,237 1,937 1,734

Table 2. Test set frequencies of the DA types under ref-
erence conditions (Ref), STT conditions based on manual
segments (STT Manual), and STT conditions using auto-
matic segments (STT Auto).

are mapped to the following five mutually exclusive types:
backchannels (B), disruptions (D), floor grabbers (F), ques-
tions (Q), and statements (S). Our setup differs in a number
of aspects from [14]. In contrast to [14] we use the nor-
malized words coming from forced alignments under refer-
ence conditions instead of the unnormalized words from the
meeting transcriptions. For the speech-to-text (STT) condi-
tions we also make use of a better, more recently developed
recognizer [17]. Instead of a 39% word error rate (WER)
the new recognizer achieves a 35.4% WER based on the
close talking microphones. Furthermore, we define two sep-
arate STT conditions. The first one corresponds to the STT
conditions of [14] and relies on a manual segmentation of
the audio input stream (STT Manual). As a more realistic
setup we also include an experimental setup that relies on
automatic segmentation of the audio (STT Auto) leading to
a higher WER of 38.2%1. The ground truth for both STT
conditions is generated by aligning the words of the refer-
ence setup (that has been annotated for the DAs) to both
of the STT conditions, with the constraint that two aligned
words may not occur further apart than a fixed time (1 sec-
ond). Through these alignments the STT words then inherit
the DA boundaries and types from the reference conditions.
See Table 1 for some statistics of the experimental condi-
tions described in the text above.

Table 2 reports the number of DAs for each DA type
for the different test sets used in our experiments. From

1 The difference in WER of the STT Auto conditions compared to the
STT Manual conditions is mostly generated by a higher number of dele-
tions.

these DA type statistics the chance error rates as reported in
Table 1 is computed by the relative frequency of the state-
ments. It is interesting to observe that, under STT Auto
conditions, a large amount of single word DAs that occur in
isolation are missed by the automatic segmenter. This effect
is particularly dramatic for backchannels for which almost
90% of the DAs are missing compared to the reference con-
ditions. As a result, the 5-way classification problem is al-
most reduced to a 4-way classification problem resulting in
a significantly lower chance error rate.

3.2. System Optimization

For the Mini LM approach described in [6] the DA-specific
LMs were trained using interpolated Kneser-Ney smooth-
ing [18]. The order of then-gram models was optimized
up to n = 4 on the development set. Significantly dif-
ferent results (using a sign test) were obtained for the step
from unigram LMs (error rate 36.7%) to bigram LMs (error
rate 27.5%). Trigram and fourgram Mini LMs performed
slightly worse but not significantly different from the bi-
gram LMs. The choice of trigrams in [8] can be explained
by the fact that the Switchboard corpus contains almost twice
as many utterances as the ICSI MRDA corpus. We also
compared the effect on training under STT conditions ver-
sus training under reference conditions. As training of the
LMs under STT conditions slightly decreased the perfor-
mance of this approach the DA-specific LMs were trained
under reference conditions for all experimental setups.

For the Cue Phrase method described in [13] we mea-
sured the error rates for different maximum lengths of the
cue phrases. In correspondence with [13] the best results
were achieved when cue phrases up to4-grams were used
(error rate: 27.3%). In contrast to the Mini LM approach
the higher ordern-grams significantly helped to improve
the performance over the use of bigrams only, for which
an error rate of 30.4% was measured. As in the case of the
Mini LM, training of the cue phrase based method worked
best under reference conditions even when the models are
applied under STT conditions.

In the case of the maximum entropy based method de-
scribed in [14], the effect of the number of words to in-
clude at the beginning and at the end of each dialog act
was investigated as well as the influence of the removal of
initial filler words. As proposed in [14], best results are
obtained when initial filler words are removed, although
the difference in performance is not statistically significant.
The number of the initial words and final words to include
as features is not very critical for the performance of this
method. When only the first and the last word is kept, an
error rate of 22.9% is achieved under reference conditions
compared to 22.6% for keeping the first two words (plus
the initial word bigram) and the final two words (and the
final word bigram). Adding the first three words and last



System Ref STT Manual STT Auto
Mini LM [6] 26.7% 29.8% 27.3%
Cue Phrases [13] 26.6% 29.6% 28.5%
MaxEnt [14] 22.5% 26.5% 23.8%
BoosTexter 21.7% 26.9% 24.2%
Simple Voting 23.8% 27.3% 24.4%
Linear Combination 21.7% 26.3% 23.6%
MLP 21.3% 26.2% 23.3%

Table 3. Comparison of the classification error rates of
the different systems under reference conditions (Ref) , STT
conditions based on manual segments (STT Manual), and
STT conditions using automatic segments (STT Auto). The
results for the combination schemes are at the bottom.

three words even leads to a small degradation of the perfor-
mance (22.7%). In contrast to the previous methods, a sig-
nificant gain was found when the maximum entropy based
models were trained under STT conditions for use under
STT conditions. The model trained under reference condi-
tions achieved a 27.8% error rate under STT Manual con-
ditions and a 27.3% error rate under STT Auto conditions.
For training under STT Manual conditions the error rates are
reduced to 27.0% (STT Manual) and 24.7% (STT Auto).

With Boosting, we have not performed any optimiza-
tion and ran the classifier for 1,000 iterations for each ex-
perimental condition. Using all unigrams, bigrams, and tri-
grams of an utterance as features results in a classification
error rate of 22.1%. When the length of the utterance is
included as a feature, the classification error is reduced to
21.7%. A similar error rate, 21.9% is achieved when the
BoosTexter is trained on the same features as the maximum
entropy based method. These results indicate that the words
at the beginning and the end of an utterance carry most of
the information that can be exploited by the classification
scheme. As in the case of the maximum entropy based
method, training of the models under STT conditions is ben-
eficial.

3.3. Evaluation and System Combination

After the individual optimization of each DA classification
method, the best performing configuration was used for eval-
uation on the test sets under the three available conditions.
The resulting test set error rates are reported in Table 3.
In correspondence with [13] we find that the performance
of the approach based on cue phrases compares well with
the mini LM based approach, in spite of the difference in
both corpus and DA type definitions. Furthermore, it can be
observed that the two approaches based on mini LM, and
cue phrases perform significantly worse than the maximum
entropy based approach and the classification scheme us-

Condition Words Label Predicted
Ref. it’s the shadow S S
STT it’s it’s uh S D
Ref. where was heidelberg ... Q Q
STT worse heidelberg ... Q S

Fig. 1. Two typical classification errors under STT
conditions forced by misrecognized words. Under refer-
ence conditions (Ref.) these DAs are correctly classified.
S=Statement, D=Disruption, and Q=Question.

ing boosting under all investigated conditions. Under ref-
erence conditions boosting outperforms the maximum en-
tropy based approach. For the two STT conditions, boost-
ing performance is slightly inferior to the maximum entropy
method when all word n-grams are used as features. When
we train BoosTexter on the feature set of the maximum en-
tropy method (only keep DA initial and DA final words as
features) the performance becomes the same as in the case
of maximum entropy.

In a first experiment a simple voting scheme was imple-
mented that returns the DA type most frequently predicted
by the different classifiers, where in case of ties, the most
frequent class is chosen. According to the results in Ta-
ble 3, voting did worse than either the maximum entropy ap-
proach (MaxEnt) or the boosting based method (BoosTex-
ter). As a more sophisticated combination method, a linear
interpolation of the posterior probabilities of the DA clas-
sification methods was investigated using expectation max-
imization for the optimized of the interpolation weights2.
For this combination method the probabilities of both the
classifier using mini LMs and the boosting based method
needed to be normalized to make sure that the results would
sum up to 1 while the maximum entropy based approach
directly produces posterior probabilities for all possible DA
types3. The linear interpolation performed better than the
simple voting scheme and under the STT conditions lin-
ear interpolation outperformed the individual classifiers (at
a 90% level of significance). Only the multilayer Percep-
tron (MLP) based combination of the posterior probabili-
ties from the Mini LM, the MaxEnt and the BoosTexter was
able to significantly outperform (at the 99% level) the best
individual classifiers under all conditions. For this combi-
nation method a simple feed-forward network with a single
hidden layer including ten hidden neurons was trained on
the development sets.

In an error analysis we combined the output of the four
classifiers for each DA in the test sets to determine the or-

2 For each experimental condition the interpolation weights were opti-
mized on the corresponding development set.

3 The cue phrase based approach was not considered for this experiment
as this algorithm does return a probability for only the most likely DA type.



acle error rates (error rate that none of the four methods
predicted the correct DA type). For the four classifiers the
oracle error rate under reference conditions is 14.8%, un-
der STT Manual conditions 18.3%, and 17.4% under STT
Auto conditions. From these relatively low error rates a sig-
nificant amount (35% under reference conditions and 27%
under STT conditions) of these errors is forced by the ex-
perimental setup that does not include the context of DAs
and does not consider prosody. As many frequent single-
word DAs (yeah, right, ok, uhhuh, andhuhcan occur with
different DA types. A further major source of errors un-
der STT conditions is caused by misrecognized words that
lead to readable utterances (see Fig. 1). For such cases the
predicted DA types seem to be correct even for the human
reader and the only chance to correctly classify such utter-
ances is by a better speech recognition engine.

4. CONCLUSION AND OUTLOOK

We have investigated the performance of three text based
techniques described in the literature for the classification of
dialog acts in multiparty meetings. In addition, we proposed
the use of a boosting-based method. From the results of the
experiments we found that the boosting based method per-
forms favorably compared to the other approaches studied
in this paper. Specifically, our results indicate that both the
boosting based approach and the method relying on maxi-
mum entropy significantly outperform the use of mini lan-
guage models and the scheme relying on cue phrases. The
best performance was achieved by a combination method
that involved a multilayer perceptron.

In future work we will investigate support vector ma-
chines for classification similar to [19, 20] and the integra-
tion of syntactic information such as automatically derived
POS tags and prosodic features. Alternatively, the combi-
nation of dialog act classification methods described in this
paper should be put into a more realistic setup that considers
joint segmentation and classification as described in [21].
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