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ABSTRACT only. Conceiving general grammars is still an open issue,

especially for spontaneous speech.

This paper deals with automatic dialogue act recognition.
bap g g We proposed in [2, 3, 4] to include a simplified infor-

Dialogue acts (DAs) are utterance-level labels that reqmes ) . "
different states of a dialogue, such as questions, statsmen mation related to the utterance structure, i.e. the positio

hesitations, etc. Information about actual DA can be seenorf thz words W']Eh'n tP(]je gtterar;ce.bl T_h'fs method plres%nts
as the first level of dialogue understanding. The main goal !"€ @dvantage ofintroducing valuable information relage

of this paper is to compare our dialogue act recognition ap_the global utterance structure, without increasing the-com

proaches that model the utterance structure, and areypartic plexity _O_f the overall s_ystem. We have shown that the DA
larly useful when the DA corpus is small, with n-gram based recognition accuracy increases when utterance structure i
approaches. Our best approach is also combined succeségrmat'On is used. )

fully with prosodic models. We further show that sentence We now extend our work by proposing new utterance

structure-based approaches significantly outperformamgr ~ Structure modgls, and by comparing the performan-ce of our
based methods. approaches with several n-gram based methods. Finally, our

best method is further combined with prosodic model. All
methods are evaluated on a small Czech DA corpus.

This paper is organized as follows. Section 2 presents
. . . . . some related works about automatic dialogue act recogni-
Modeling and automatically identifying the spontaneous di tion. Section 3 describes the different models we propose.

alogue structure is very important in order to better inter . . :
9 yimp P Section 4 gives experimental results for our methods. In the

and understand speech. What should actually be modeled iz . :
. : o L ast section, we discuss the research results and we propose
still an open issue, but several specific characteristich-of .
some future research directions.

alogue have already been clearly identified. Dialogue Acts
(DAs) are one of these characteristics.

Austin defines in [1] the dialogue act as the meaning 2. RELATED WORK
of an utterance at the level of illocutionary force. In other

Words_, the diglogue act is the function of a sentence (or itSTo the best of our knowledge, few studies on dialogue act
part) in the dialogue. For example, the function of a ques- yodeling and automatic recognition have been published
tion is to request some information, while an answer shall for the Czech language. Conversely, there are several work
provide this information. _ for other languages, especially for English and German.

The DA recognition module shall be used to improve Different sets of dialogue acts are defined in these works,
the performance of an automatic dialogue system by allow- yehending on the target application and the available cor-
ing it to better interpret the user input. It can also be inte- 415 |n [5], 42 dialogue acts classes are defined for English
grated into an automatic speech recognizer to improve lan-yqeq on the Discourse Annotation and Markup System of
guage modeling, e.g. by choosing a DA dependent Ianguagq_abe"ng (DAMSL) tag-set [6]. Switchboard-DAMSL tag-
model. _ - , ~ set[7] (SWBD-DAMSL) is an adaptation of DAMSL in the

In automatic DA recognition, lexical and syntactic in- gomain of telephone conversation. The Meeting Recorder
formation is often modeled by probabilistic n-gram models. pa (MRDA) tag-set [8] is another very popular tag-set
However, these n-grams usually represent local structure§yhich is based on the SWBD-DAMSL taxonomy. MRDA,

“This work has been partly supported by the Ministry of Ediacat ~ CONtains 11 general DA labels and 39 specific labels. Je-
Youth and Sports of Czech Republic grant (NPV 11-2C06009). kat [9] defines for German and Japanese 42 DAs, with 18

1. INTRODUCTION




DAs at the illocutionary level, in the context of the VERB- o afalling intonation for statements

MOBIL corpus. The Map-Task [10] is another English tag- e a rising FO contour for some questions (particularly

set. It contains 19 DA tags that are structured into three for declaratives and yes/no questions)

levels. e a continuation-rising FO contour characterizes a (pro-
These complete DA tag-sets are usually reduced for re- sodic) clause boundaries, which is different from the

cognition into a few broad classes, because some classes end of utterance
occur rarely, or because other DAs are not useful for the e accepts have usually a higher energy, a greater FO

target application. One typical regrouping may be [11]: movement than backchannels
e statements The following prosodic features and classifiers are fur-
e uestions ther used. In [11], the duration, pause, fundamental fre-
e backchannels quency (F0), energy and speaking rate prosodic features are
e incomplete utterance modeled by a CART-style decision trees classifier. In [18],
e agreements prosody is used to segment utterance. The duration, pause,
e appreciations FO-contour and energy features are used in [19, 20]. In
e other both [19] and [20], several features are computed based on

these basic prosodic attributes, for example the max, min,
Automatic recognition of dialogue acts is usually achie- mean and standard deviation of FO, the mean and standard
ved using one of, or a combination of the following types of deviation of the energy, the number of frames in utterance

information: and the number of voiced frames. The features are com-
puted on the whole sentence and also on the last 200 ms of
1. lexical (and syntactic) information each sentence. The authors conclude that the end of sen-

2. prosodic information tences carry the most important prosodic information for

3. context of each dialogue act DAs recognition. Furthermore, three different classifiers

hidden Markov models, classification and regression trees

Lexical information (i.e. word sequence in the utteranse) i 5nq neural networks, are compared and give similar DAs
useful for automatic DA recognition, because different DAs recognition accuracy.

are usually composed from different word sequences. Some Shriberg et al. show in [11] that it is better to use pro-
cue words and phrases can thus serve as explicit indicatorgody for DA recognition in three separate tasks, namely
of dialogue structure. For example, 88.4 % of the trigrams 4 estion detection, incomplete utterance detection arebag
" <start> do you” occur in English iyes/no questior{4.2]. ments detection, rather than for detecting all DAs in one
Several models are used to represent lexical informa-;5q)
tion. Bayesian approaches such as n-gram language mod- The dialogue act context is used to predict the most
els [5], [13] can be used. Non-Bayesian approaches are alsgy-qhable next dialogue acts. This context is often called
popular such as semantic classification trees [13], memory-~gjalogue history” and can be modeled by Hidden Markov
based learning [14], or transformation-based learniny [15  \10dels (HMMs) [5], Bayesian Networks [21], Discrimina-
Syntactic information is related to tloederof the words tive Dynamic Bayesian Networks (DBNs) [22], or n-gram
in the utterance. For instance, in French and Czech, thelanguage models [23].
relative order of thesubjectandverb occurrences might be Lexical and prosodic models are most often combined
used to discriminate between declarations and questions. i, the following way [5]:
Words n-grams are often used to model some local syn-
tactic information. Kral et al. propose in [4] to represent

word position in the utterance in order to take into account P(W,F|C) = P(W|C).P(F|W,0) (1)
global syntactic information. Another type of syntactie in
formation recently used for DA recognition are “cue phrases ~ P(W|C).P(F|C)

These can be modeled with a subset of specific n-grams,
where n may vary from 1 to 4, which are selected based onwhereC' represents a dialogue act afid and F' respec-
their capacity to predict a specific DA and on their occur- tively represent lexical and prosodic information (assdme
rence frequency [16]. independent).

Prosodic information [11], particularly the melody of
the utterance, is often used to provide additional clues t03 DAL OGUE ACT RECOGNITION APPROACHES
classify sentences in terms of DAs. For instance, some di-
alogue acts can be generally characterized by prosody ashe approaches described next are based on Bayesian mod-
follows [17]: els. The main objective is to compute the probability that an



utterance belongs to a given DA class, given the lexical and  In the left model of Figure 1P(w|C, p) is assumed in-

syntactic information, i.e. the word sequence. dependent of the positio? (w|C, p) ~ P(w|C). This sys-
tem only considers lexical information, and the probapilit

3.1. N-gram Language Models over the whole utterance is given by equation 3.

N-gram DA models are quite common in the domain[11, 5] T

and will thus constitute our baseline model. P(wy,-- ,wr|C) = [[ P(wi|C) 3)
Let W be the word sequence in the pronounced utter- i=1

ance, letC be the DA class, then the recognized class is This model corresponds to unigrams.

given by: On the right part of Figure 1, information about the posi-

tion of each word is included. However, this model may not
be used directly, because the new variabfgeatly reduces
¢ = ag max P(CIW) the ratio between the size of the corpus and the number of

_ free parameters to train.

- e mc@XP(C)'P(WW) @) We have proposed in [2, 4] three methods to solve this
The simplest model, unigram, assumes independence beE)roblem. These methods are described next. _Then,two new
Ween SUCCesSve w'ords Mo're complex ones, such as 2:’;1pproaches are_pr_oposed: _mterpolated multiscale positio

s T e and frequency bin interpolation.
grams, 3-grams, etc., consider syntactic information aibou
the dependencies between adjacent words. These n-grams ) -
usually model local utterance structures only. 3.2.1. Multiscale Position

In the following experiments, we have tested different Thjs method exploits a description of the utterance in sev-
kinds of n-gram models: eral levels to smooth the probabilities across these levels
Random variable can take a different number of values
depending on the scale. All these scales are represented in
a dyadic tree. During training, n-gram models are trained,
e Interpolated n-grams between 2-gram and 1-gram;  starting at the broadest scale and going down the tree to the

leaves: when there is not enough occurrences to reliably

e Interpolated n-grams between 3-gram, 2-gram and 1-compute the parameters, the model from the upper level is

gram; copied down. Classification is then realized at the finest
tscale based on the following equation:

e Simple 1-gram, 2-grams and 3-grams (with standard
backoff);

Interpolation weights have been trained on a developmen

corpus. c = argmcaxp(ﬂwu e wp,PL, e PT)
L. T
3.2. Approaches exploiting utterance structure
o PO = argmax P(C) [] PwilC.p1) (4)
In the following, we assume that each word is independent i=1
on the other words, but is dependent on its position in the . _
utterance, which is modeled by a random variable 3.2.2. Non-linear Merging

We can model our approach by a very simple Bayesian
network with three variables, as shown in Figure 1. In this
figure,C encodes the dialogue act class of the test utterance
w represents a word andits position in the utterance.

This method encodes dependency betwHérandp by a
non-linear function that includes A muti-layer Perceptron
(MLP) is used for this purpose. The recognized class is

given by:
c p c é = argmgXP(C|w1,--~ y WT,P1y " apT) (5)
\ / 3.2.3. Best Position Approach
w w The random variable now represents the best position a-
mongst every possible position, i.e. the position that min-
@) (b) imizes the DA recognition error rate. It is then possible to

recognize DAs by the following equation [4]:
Fig. 1. Graphical model of our approaches: grayed nodes

are hidden ¢ = argmgxP(C)ZP(wpw)P(pw) (6)
p



whereuw, is the word of the actual utterance at the best posi- weights can take into account whether the unigram model
tion p. The lexical likelihood[ ], P(w;|C') used previously  at the given level and position is sufficiently trained.

is now replaced by the weighted sum of each word likeli-

hood, where weights represent the importance of each posiz 3. combination with Prosody

tion.

Compared to the two previous|y proposed approaches’.only the two most important prOSOdiC features as Suggested
this alternative presents the advantage of decouplingghe p in [25] are used: FO and energy. Let us dalthe set of pro-
sition model from the lexical model. The lexical models sodic features for one utterance. We use a Gaussian Mixture
P(w;|C) are thus still trained on the whole corpus, which Model (GMM) classifier that computeB(F|C). The best
is not divided into position-relative clusters as in the iaul DA class is then:

scale approach. N
C:argmgxP(C|F) :argmgxP(F|C)P(C) (8)

3.2.4. Interpolated Multiscale Position Our prosodic approach is described in details in [26].

The original multiscale position method uses a simple back- ~ The outputs of the lexical, position and prosodic model
off scheme to choose among different levels: If the count of &re then normalized in order to obta{C'|W'), P(C|W, P)
the currently processed word for the given position, in the @1d P(C|F). These probabilities are then combined with
given level is below a chosen threshold (i.e. the model is @ Multi-Layer Perceptron (MLP), as described in [26].
poorly trained) the model is replaced by one from the up-

per level. For example if the current level has 8 positions 4. EVALUATION

(and thus 8 unigram models) and the count for the current

word is below the threshold, the model from the level above 4.1. Dialogue Act Corpus

the current one (which in our case has 4 positions) is used._l_h Czech Rail hich tains h h
This is done recursively until either a model with sufficient € Lzech Rallways corpus, which contains human-numan

countis found, or the upper most level (a single unigram) is dialogs, is used to validate the evalugted approac;hes. This
reached. corpus has been labelled manually with t-he following DAs:
We have tried an alternative method for smoothing prob- statements (s), orders (0), yes/no questions (qy) and other

abilities across levels, which is based on linear interjaa questions (q). The number of DAs of this corpus is shown

(see e.g. [24]). When computing the probability of a given in the seconfj column of Ta.ble L. . I
word w; the result is given as a linear interpolation of uni- All experiments are realized using a cross-validation pro-
gram pzrobabilities at different levels cedure, where 10% of the corpus is reserved for the test, and

another 10% for the development set. The resulting global

N accuracy has a confidence intersall %.
P(w;|C) = > NP (wi]C,pi(i) (1)
; ( ) DA | # [ Example | English translation|
" . htél h jet| | Id lik
where positiong; (i) are computed independently at each S 566 dCo tF?isI?a/C Jet towlgil;edk ke to go
level. The weights\; are trained by the Expectation Maxi- e :
L . o] 125 | NajdidalSivlak| Look for the next
mization (EM) algorithm on a development corpus. " ) -
do Plzné! train to Plzen!
qy 282 | Rekl byste nam Can you tell me the
3.2.5. Frequency Bin Interpolation dalsi spojeni? | next connection?
The “frequency bin interpolation” is an extension of the q 1200) Jak se dostany How can I get to
. . o . do Sumperka? | Sumperk?
interpolated multiscale position where several weighés ar
Tot. 2173
computed per level.

Inthe previous approach, the weights are trained to glob-
ally compensate for poorly trained models at a given level.
A single weight is applied to the whole level regardless of
whether the model at the current position is poorly trained
or not. 4

We now propose to cluster all the words at a given level
into several classes, called frequency bins, depending onThree language models, unigram, 2-gram and 3-gram, have
their number of occurrences. Different weights are then been implemented in two different versions. The first ver-
assigned to distinct frequency bins. With this method the sion correspondsto classical n-grams with the standatd bac

Table 1. Composition of the Czech Railways corpus

2. N-gram Language M odels Experiments



off technique. The second version is the “interpolated” n- 9 ; ; ; ;
gram model [24], as described in section 3.1. The corre-
sponding DA recognition accuracies are shown in Table 2.

accuracy in [%]

recognition accuracy in %

Approach/ Classi-|| s o] qy q Global
fier

N-gram models
Unigram 935 | 77.6| 96.5| 89.9| 910 o1 _
2-gram 83.8| 675 87.7| 80.0| 846 mg'n‘;gﬁg'; ,,,,,,,
3-gram 729 | 783 ] 652 | 64.3| 678 905 - '2 '3 11 :5 s
Interp. 2-gram 86.4| 70.8| 83.6| 854 | 838 maximum depth of the tree

Interp. 3-gram 83.8| 70.0| 832 | 81.8| 824

Fig. 2. Dialogue acts recognition accuracy of the multiscale
Table 2. Dialogue acts recognition accuracy for different POSition model. The x-axis represents the maximum depth
n-gram based approaches of the tree, while the Y-axis shows the DA recognition ac-

curacy

Two conclusions can be drawn from this experiment.
First, 3-grams perform worse than 2-grams, which are also
worse than 1-gram. This seems in contradiction with the
common knowledge that models are better when they in-
clude context. However, there is a simple explanation in
our case, as the training corpus is too small to reliablyitrai
contextual n-grams: the models fit the training data but are o
not able to generalize correctly. This observation is con- 4.4. Prosody and Combination
firmed by the second remark, Wh'Ch Is that interpolated n- The second section of Table 3 shows the recognition ac-
grams perform better than classical n-grams, thanks to the . ; g .
; : . L curacy of the prosodic GMM. This recognition accuracy is
linear weights that compensate for this overtraining. ivet, btained with :
terpolated n-grams do not reach the unigram performances0 tained with a 3-mixtures GMM.

’  The last line of Table 3 shows the results of the com-

b_ecause mterpolgted n-grams do not exploit back-off tech bined prosodic GMM and Best position model with an MLP.
nigue. Hence, this experiment shows that, for DA n-gram : .

. L .~ " The combined models gives better results than any model
models with a small training corpus, back-off smoothing Lo . , .
should be oreferred over interpolation taken individually, which confirms that different sourcds o

P P ' information bring different important clues to classify BA

globalinterpolation in our multiscale approach, even titou
we plan next to investigate still finer interpolation weight

When considering lexical and some syntactic informa-
tion only, the best performance is obtained with thest
positionapproach.

4.3. Utterance Structure Experiments accuracy in [%]
. . Approach/ Classi-|| s 0 qy q Global
Figure 2 shows the DA recognition accuracy of tel- fier
tiscale positionapproach when the maximum depth of the 1 Utterance Sructure
tree increases. In all cases, the value of the pruning thresh—yriscaie 9471 7041 9611 953 938
old in this tree is set to 50, which has been found experi- "Nondinear 903 | 832 91.1| 988 | 947
mentally in [2]. Best position 936 | 952 | 97.2| 943 | 958
The optimal depth of the tree is 3, which corresponds [ interp. Multiscale || 94.1 | 65.0 | 67.4 | 86.4 | 76.7
to 8 segments. Choosing a deeper tree is useless, as theFrequency Bin 939 | 70.0 | 914 | 932 | 911
recognition accuracy is almost constant. With a larger DA 2. Prosodic approach
corpus, deeper trees could be used, which shall result in a gpm [ 4771 432 40.8] 443 447
better recognition accuracy. 3. Combination
The experimental results of the utterance structure meth{ i p [ 940] 956 97.0] 952 9.9

ods described above are shown in the first section of Table 3.
The interpolated multiscale gives the lowest accuracy, Table 3. Dialogue acts recognition accuracy for utterance

which might be due to the fact that interpolation weights structure approaches/classifiers and combination of tsie be

are global. Indeed, when splitting a weight into several fre approach with prosody

guency bins, results clearly increase. This experiment sug

gests that the back-off technique gives better results than
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