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ABSTRACT

Recognizing the dialogue act(s) performed by means of an utterance
involves combining top-down expectations about the next likely
‘move’ in a dialogue with bottom-up information extracted from the
speech signal. We compare two ways of generating expectations:
one which makes the expectations depend only on the previous act,
and one which also takes into account the fact that individual di-
alogue acts play a role as part of larger conversational structures
(‘games’). Our results indicate that exploiting game structure does
lead to improved expectations.

1. INTRODUCTION

Recognizing the dialogue act(s) performed by means of an utterance
involves combining top-down expectations about the next likely
‘move’ in a dialogue with bottom-up information extracted from the
speech signal. The best current models of dialogue act recognition
achieve an accuracy of about 70% on transcribed words and of 65%
on recognized words (Stolcke et al., 1998; Reithinger and Klesen,
1997). We are trying to improve these results by finding better ways
of exploiting top-down expectations about dialogue structure.

Nagata and Morimoto (1994); Reithinger and Klesen (1997); Poe-
sio (1991) proposed to take advantage of expectations about what
comes next in a conversation in order to improve dialogue act recog-
nition. Statistical techniques to acquire this information were pro-
posed by Nagata and Morimoto (1994) and Reithinger and Klesen
(1997), among others. These researchers noted the resemblance of
this task to that of part-of-speech tagging, and applied therefore
techniques developed for this latter purpose, such as n-grams and
hidden Markov models (Bahl et al., 1983; Katz, 1987), making the
prediction of the next dialogue act depend on the previous n di-
alogue acts. Reithinger (1995) examined the predictive power of
these models in isolation from bottom-up information, and found
that they could achieve an accuracy of about 39%; he also noticed
that bigrams performed as well as higher-order models (this result
was confirmed in (Stolcke et al., 1998)). We likewise concentrated
on the predictive power of expectations in isolation.
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2. GAME-BASED EXPECTATIONS

It has been suggested in conversation analysis (Levinson, 1983)
that both ‘local’ and ‘global’ organizing principles are at play in
spoken conversations; these elements of organization include so-
called ADJACENCY PAIRS (such as, e.g., QUESTION-ANSWER or
INSTRUCT-ACCEPT) at the local level, as well as global organi-
zation principles such as, for example, the fact that phone conversa-
tions are normally opened by a signal from the person receiving the
call, followed by the called introducing herself and the reason for
the call, etc. It was also found that while these organization princi-
ples are not always respected, deviations from the norm tend to be
marked—e.g., by pauses before rejecting a request. These findings
led researchers to hypothesize that the participants in a conversa-
tion tend to act in accord with conventional routines called ‘scripts’
or GAMES (Carlson, 1983; Levin and Moore, 1978; Houghton and
Isard, 1987) that generate expectations about what is coming next.

Although n-gram models can be viewed as a stripped-down version
of game-based expectations, some information is lost when con-
versations are seen as simple sequences of moves - namely, the
difference between infra-game and infer-game predictions. In a
QUESTION-ANSWER game, for example, the initial QUESTION
may be followed by a CLARIFY subgame. When this ends, the
conversational participants return to the original question, and there
is therefore an expectation that an ANSWER will follow—i.e., it is
as if the subgame had not been there. (See Fig. 1.)

Also, whereas the (intra-game) prediction that a QUESTION will
be followed by an ANSWER or a REQUEST FOR CLARIFICA-
TION is fairly reliable, predicting what move will follow a move
that closes a game is much harder, and if at all, it depends on even
higher levels of structure. (E.g., the TRAINS conversations Gross
et al. (1993); Heeman and Allen (1995) follow a rather predictable
pattern whereby an initial phase in which the users ask various ques-
tions of the system, they then start making suggestions.)

One would expect a predictive technique that took these differences
in account to fare better than one in which games are not treated as
units. This hypothesis is indirectly supported by recent work on di-
alogue management, in which finite-state techniques for modeling
intra-game behavior are combined with strategies depending on the
task (e.g., which information is still needed) to infer inter-game be-
havior. Yet, we are not aware of previous work testing whether this
was indeed the case. This has been the aim of our experiments.
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Figure 1: The expected effect of game structure: embedded games.

3. METHODS

We tested the hypothesis using the version of the MapTask corpus
(Anderson et al., 1991) annotated for MOVES (corresponding to dia-
logue acts), games and TRANSACTIONS (Carletta et al., 1997). The
MapTask corpus consists of 128 dialogues, for a total of 26,621 ut-
terances. The classification scheme for moves includes 12 labels,
6 of which correspond to initiation acts that open a game (e.g.,
QUERY-W), whereas 6 correspond to response acts that respond
to a previous move (e.g., REPLY-W). In addition to moves, their
grouping into games, and the grouping of these into macro struc-
tures called transactions have also been annotated. We ran exper-
iments comparing the predictive power of two types of statistical
models trained on the MapTask corpus to perform dialogue act clas-
sification - models that take into account the notion of game, and
models that don’t.

Although several training techniques have been applied to the task
of dialogue act recognition, no significant differences in perfor-
mance have emerged so far. We used the maximum entropy estima-
tion method of Berger et al. (1996) to build our language models,
which offers a flexible way to integrate different types of knowl-
edge sources and can be used to discover more complex features
out of those encoded by hand. In HCRC, we developed tools that
efficiently implement the technique (Mikheev, pear).

4. EXPERIMENTS

4.1. Baseline

The baseline with which to compare our results was determined
by assigning to each utterance the most frequent dialogue act la-
bel, ACKNOWLEDGE. This results in a 20% accuracy. Randomly
choosing an act results instead in 7% accuracy.

4.2. First Experiment - Bigrams

In our first experiment, we estimated the performance of bigram
models in this corpus by assigning to each utterance a single in-
put feature, the label of the previous act. (MOVE_LABEL) This
made our model comparable to bigram models. We ran a 10-fold
cross-training experiment. The results were: 38.6% first hypothe-
sis correct (10,277 correct out of 26,621), 52% one of the first two
hypotheses correct. These results are broadly comparable to those
obtained with bigrams by Reithinger (1995), which confirms that
maximum entropy estimation yields comparable results to n-grams
when no other features are used. We also note that these results
show that our corpus is interesting enough to get better results by
prediction than by chance.

4.3. Second Experiment - Information about
Games

In our second experiment, we still used the label of the pre-
vious move as an input feature, but in addition, we also as-
signed to each utterance two further input features: a first one,
GAME_POSITION, specifying the position of the move in the
game, with values INIT_GAME, IN.GAME and END_GAME, and
a second feature GAME_TYPE specifying the type of game (QUES-
TION/ANSWER, INSTRUCT, etc.) for each move in the game ex-
cept for the first (since in this case the move classification could
have been derived directly from the game type). The experimen-
tal methodology used was as in the first experiment. The results:
50.63% first hypothesis correct, 67.07% one of the first two hy-
potheses was correct.

These results show that even taking into account the very simple
notion of game structure encoded in the MapTask leads to an 12%
improvement in accuracy (15% when the two best hypotheses are
considered), contra Stolcke et al. (1998) (who, however, only took
into account non-hierarchical structure information).

4.4. Third Experiment:
Change

Tracking Speaker

This accuracy can be improved even further by including a bottom-
up input feature that is very easy to track, SPEAKER_ CHANGE.
Including this feature results in an accuracy of 54%.

We should notice that Chu-Carroll (1998) only gets a 4.4%
improvement by adding speaker change to trigram information,
which suggests that discourse structure information combines as
well, or better, with other features than simple information about
the previous dialogue act. In our own experiments, adding
SPEAKER_CHANGE to MOVE_LABEL results in an accuracy of
41.8 % first hypothesis correct , 57.71% one of the first two correct.

4.5. Fourth Experiment - A more complex no-
tion of game structure

In a fourth experiment, we compared the results obtained with the
“uniform’ theory of games used in the MapTask with those obtained
by separating task-oriented moves from dialogue control moves
(ACKNOWLEDGE and CLARIFY), as suggested e.g., in (Poesio



and Traum, 1997). The results obtained in this case are 57.2% first
hypothesis correct, 72.3% one of the first two hypotheses correct,
once the SPEAKFER_CHANGE feature is included.

5. RELATED WORK

(Stolcke et al., 1998) use a more complex set of labels (42 labels),
but also get 35% accuracy by chance (50% for certain tasks) as op-
posed to 7% for us.

6. CONCLUSIONS

The experiments just discussed indicate that taking into account the
hierarchical structure of a dialogue does result in significantly better
predictions than simply keeping track of the previous move, even
if only a simple notion of dialogue structure is considered. Two
obvious questions to ask are whether the improvement in predic-
tive power leads to improved performance overall, and whether we
would still get improved predictions in case game structure were
recognized out of the speech signal, instead of hand-coded.

The first question is easier to address, given that the MapTask has
been completely transcribed, POS-tagged and parsed. As for the
second question, we plan to start by trying to extract segmentation
information (i.e., where games begin and end); the crucial problem
to do this is how to extract prosodic information from the input,
given that this information notoriously plays a crucial role in seg-
mentation Nakatani et al. (1995).
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