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Abstract

I'te dialogue act labelling task is the process of splitting and an-
notating z dialogue into dialogue meaningful units; the labelling
task can be performed semi-automatically by uvsing statistical
models trained from previously annotated dialogues. The ap-
propriate sclection of training diatogues can make the process
faster, and Active Learning is one suitable strategy for this se-
lection. In this work, Active Learning based on two differ
ent criteria (Weighted Number of Hypothesis and Entropy) has
been tested for the task of dialogue act labelling by using the N-
gram Transducers models, The framework was tested against
two heterogeneons corpora, HANA and SwitchBoard. The
results confinm the goodness of this kind of selection strategy.
Index Terms: dialogue act labelling, active learning, data un-
cerlainty

1. Introduction

A spoken dialogue system is a conversational agent able to have
a talk with a human, with the pergpective to achieve a predeter-
mined goal. While performing the setup process of a dialogue
system an indispensable condition for the success of a data-
based sirategy (Young, 2000) is the availability of a big amount
of annetated dialogues. Annotating a dialogue corpus in ferms
of Dialogue Acts (DA) (Bunl, 1994) is one of the most expen-
sive, time-consuming and annoying tasks while developing a
dialogue systern. The common scenarjo is 2 situation where an
abundant amount of unlabeled data is available, and labelling
this data is an expensive task in terms of human effort and time.
An aliernative to this manval annotation is provided by the use
of semi-automatic annotation tools which provide a draft anno-
tation that must only be revised by the human annotators, These
annolation tools (most of them based on statistical models such
as those described in {Stolcke et al., 2000)) can speed-up the an-
notation process and consequently the construction of a whole
dialogue system. To develop an automatic DA Labelling sys-
tem, we need taining data, Le., dialogues segmented in terms
of DAs, permitting (o perform the learning process. Usually, the
more training data we have, the better performance the system
can reach.

In such scenario, it could be desirable to have a criterion
that permil us to select just the most informative samples to be
manually labeled, reducing the amount of data we need to label
m order to reach a good performance for our annotating sys-
tern. The main idea is to manually label the set of dialogucs that
will provide a better statistical annotation model, but having a
compromise between the amount of human-tagged data and the
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overall accaracy of an automatic tagging system. Therefore,
a criterion must be formulated to obtain the most informative
dialogues with respect to a given statistical annotation model,
"This criterion can be iteratively applied (o the remaining unla-
beled samples, to select the samples that according to the cur-
rent model can produce larger improvements in the system per-
formance gencrating a new model, until a target performance
has not been reached.

In general, this problem can be formulated as: having a set
of samples we want to use to train a classifier, and consequently
need to be manually tagged, how to reduce the cost of the tag-
ging process. Time and human resources needed for the tagging
process, as costs. are proportionals to the mimber of samples
we want to tag. Research on a selection criterion for sample
sclection is still an open problem, especially in dialogue, and
probably task-dependent.

Therefore, we are looking for an effective criterion that per-
mits to sclect just the most informative and significant samples
for the task we are approaching, DA Tabelling. In such a sce-
nario the application of the Active Learning technigue (Hwa,
2000} could be useful in order 1o reduce the labelling task costs.

In this work we are going to present the results of applying
Active Learning for the task of DA labelling by using the N-
gram Transducers models. Two different uncertainty based cri-
teria, Weighted Number of Hypothesis and Entropy, are tested
and comparcd against a random baseline to check their appro-
priateness in the Active Learning sample selection. Results are
obtained on the transcriptions of two different spoken dialogue
corpora, DIHANA (Benedi et al., 2006) (human-computer, se-
mantically restricted) and SwitchBoard (Godfrey et al., 1992)
(human-human, semantically not restricted).

2. Dialogue Act Labelling with the N-Gram
Transducers Model

DA Labelling is the task of segmenting a dialogue into dialogue
meaningful units (segments) and associating to each segmenta
label {DA) depending on the dialogue-relaied meaning of that
segment. :

The DA Labelling problem can be presented as, SteD
a word sequence ¥V that represents a dialogue, obtaiﬂ_i_'"=
sequence of DA I4 that maximises the posterior probgblll[y
Pr(i{|W). This probability can be modelled by a Hidden
Markov Model approach by using the Bayes rule {Stolcke
et al., 2000) or by directly modeling the posteriofr probabil
ity Pr(24|W), for example by using the N-Gram Transdueets
(NGT) model (Marttinez-Hinarejos et al., 2009).




Yes . uh, Iden’t work , though , but | nsed to work and , when [ had two children .

% sd

Yes , uh ,@% Ldon’t work , though ,@sd but I used to work and , when [ had two chi Idren .@sd

Figare 1: An alignment between a dialogue tum and its corresponding DA tabels (from the SWBID-DAMSL scheme, %:

r |
sd [

unipier-

pretable. sd: statement-non-opiniony, and the result of the re-labelling process, where @ is the atlaching metasymbo!,

The NGT model estimates Pr{i4|3W) by means of an p-
gram model which acts as a transducer. The definition of this
model is based on a Stochastic Finite-State Transducer (SEST)
inference technigue known as GIATI (Casacuberta et al., 2005).
GLATT starts from a corpus of aligned pairs of input-output se-
guences. These alighments are used in a re-labelling process
that produces a corpus of extended words which combine the
words in the input and output sentences. The corpus of extended
words 1s used Lo mfer a grammatical model (usually a smoothed
n-gram ).

When dealing with dialogues, the input and output language
are formed by lhe words and the DA labels of the dialogue,
tespectively. Each DA label is aligned to the last word of its
corresponding segment. Thus, for each turn wyws . . . w,; and
its associated DA sequence wius ... 14y, the re-labelling step
attaches the DA label to the last word of the segment using a
metasymbol (@). The result of the process is the extended word
sequence eies . .. e, where: £, = w; when w; is nol aligned
to any DA, e; = iy, when w, is aligned to the DA wg.
Figure 1 presenls an example of alignment [or a dialogue Lurn
and the comresponding extended word seguence.

After the re-labelling process, a grammatical model is in-
ferred (usually. a smoothed n-gram) and converted into a SFST,
In the case of dialogncs, since alignments between words and
DA labels are monotonic (no cross-inverled alignments are pos-
sible}, no conversion to SFST is necessary to efficiently apply a
search algorithm on the n-gram (since for each input word we
can decide whether or not to emit a DA fabel without referring
to postenior words). Therefore, this n-gram acts as a ransducer
and gives the name to the technique.

A Viterhi search decoding s employed on the NGT mode!
to obtain the dialogue annotation. This decoding process builds
A search tree, in whose i-th level is represented the 7-th input
Wward in the sequence. Each input word is expanded for all the
Possible outputs it has associated in the alignments in the train-
ing corpus, giving as many branches as possibic outputs. The
Probability of each branch is updated according to the corre-
Sponding parent node, the n-gram probability of the correspond-
g extended werd sequence and the n-gram probability of the
toresponding DA sequence (in case a new DA is produced).

At the end of the search process, 4 full search tree is pro-
Bd. In this search tree each leaf node represents a possible
Solution (zn annotation hypothesis) to the annotation problem
9r the input dialogue. Each leaf node has associated a proba-
hh}Y- and the leaf node with highest probahility is taken as the
9Btimal solution for the annotation problem. The solution is ob-
ined by going up from the leat node till the rool node of the
» BVing an annotation and a segmentation on the dialogue.

due

3. Active Learning

Usi : . 2

i ¥R machine learning algorithms we are able to develop sys-
1 ; dt At can increase their performance by adding mere train-
' Aa. According 1o this, we can use our system in an ac-
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tive way, choosing the most appropriate actions to improve the
model performance in the fastest and cheapest possible way. In
case of active learning (Riccardi and Tiir, 2003), we iteratively
improve system performance by adding new training dala the
system can learn from. The system results on unlabelled data
can be used to select the samples that would provide a more of-
fective parameter estimation for the model, ie., suggest which
samples must be annotated and added (o the training set.

In the description of Active Learning algorithm (Hwa,
2000) below, U is a sel of unlabeled candidates, L is a small set
of tabeled training samples. M is the current model, Mip. s
a model that achieve an objective performance in the labeting
task, 7 represents the selection criteria chosen, # the number of
unlabeled sampies sclected at this iteration, N the new selected
sel we are going to label;

Tnitialize

M+ Train(L)
Repeat

N+ Select(n, U, M, )

U+« UN

L« LU Label(N)

M + Train(l)
Until (M=A{, -, } or (U=2) or (Human Stops)

4. Sample Selection Criteria

The key point in the active learning algorithm is the selection
criteria. In this section two selection criteria are briefly de-
scribed: (1) Weighted Number of Hypothesis, and (2) Entropy.
The two criteria try to estimate the uncertainty of the sample,
i.e., how difficull is for ihe current model to recognise the sam-
ple. In any case, the samples with highest uncertainty will be
those to be selected.

4.1. Weighted Number of Hypotheses

This eriterion utilizes the set of different hypothescs retricved
by the NGT decoding to compute a score for each dialogee re-
maining in the unlabeled set. For each dialogue, each hypothe-
sis (leaf node of the search tree) is normalised by the maxirmum
probability among all the hypotheses for dialogue (the most
likely hypothesis). This causcs that less probable hypotheses
have alower impact on the final computed score (since hypothe-
ses with small probability do not affect much o uncertainty).
The uncertainty is computed using the following expression for
each dialogue in the ralabeled set:

« Pr,(x)
T

et (1}
Lo\

In this equation, Pr; represents the probability of 4-th hy-
pothesis (a possible decodification of the current dialogue in DA
using the current model}, and Pr .. () is the probability of the
most likely hypothesis for this sample @, After calculating this
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uncertainty for each remaining unlabeled sample, the subsel of
r dialogues with the lighest uncertainty is selecied for the next
labelling step.

4.2. Entropy

Entropy gives a measure of how difficult finds the system to
recognise a specific sample. It is used in several natural lan-
guage processing lasks to evaluate langnage models. A lower
value of entropy reflects the facility for the sysiem to decode
the sample. In our case, the expression that was used to com-
pute the entropy values is the following (Robinson, 2008):

Ha(t) = Prole) (Z Pria(t) log i"rm(t)) Flog Prm(s)
T ™ 3 [t = T

(2)

with Pt () the n-gram probability according to the model

M, Prom(t) the NGT decoding probability and T the whole set
of hypothesis retrieved by the NGT model, Since this value
depends on the length of the dialogue, it is normalised by the
tength of the current sample. After computing the entropy value
for each unlabeled dialogue, those dialogues with highest en-
tropy (uncertainty) values are chosen for the next 1abelling step.

5. Experiments

Fxperiments are developed using two heterogeneous corpora,
DIHANA (Benedf et al., 2006) and SwitchBoard (Godlrey
et al., 1992), that permits us to confirm the goodness of the se-
Jection strategy; Active Learning is performed for both criteria,
and results (Section 5.4) are compared against a Random Base-
line obtained by calculating average and vanance of six random
experiments with different sceds; the metric choscn to evaluate
system performance is SEGDAER, described in Section 3.3.

5.1. Corpora

DIHANA Corpus. The DIHANA corpus (Bened{ et al,, 2006)
is a set of spoken diglogues in Spanish language, hetween a hu-
iman and a simulated machine, acquired with the Wizard of Oz
(WoZ) technique. 1t is restricted at the semantic level (dialogues
arc related to the task of obtaining information about train tick-
ets), but natural language is allowed (there are 0o Texical or syn-
\actical Testrictions). The DIHANA corpus is composed of 900
dialogues about a tetephone train informatior systeri. It was ac-
quired from 225 different speakers (153 male and 72 females),
with small dialectal variants. There are 6,280 nser turns and
9,133 sysiem turns. The vocabulary size is 823 words. The
total amount of speech signal is about five and a half hours.
The annotation scheme used in the corpus is based on the Inter-
change Format (IF) defined in the C-STAR project (Lavie et al.,
1997), which was adapted to dialogue annotation. Details oo
the annotation process are available in {Alcdcer et al., 2003).

SwitchBoard Corpus. The SwitchBoard corpus {Godfrey
ot al., 19927 is a set of spoken dialogues in English Language,
human-human conversations by telephone not related to a spe-
cific task; it includes 1,155 different conversations, performed
by 500 different speakers. The numnber of twmns in the dia-
logues is around 115,000; in average, each turn has 1.8 seg-
ments. The vocabulary size is approximately 42,000 words. Il
was annotased using a shallow version of the DAMSL (Core and
Allen, 1997) annotation scheme, 42 different labels present in
fthe SWBD-DAMSL (Jurafsky et al., 1997). These tabels repre-

sent categories such as statement, backchannel, questions, an-
SWers. eic.

5.2, Strategy

For bath corpora, DIHANA (Benedt et al,, 2006) and Switch.
Board (Godfrey et al., 1992), we have performed Active Leamn-
ing; for DIHANA we have used 180 dialogues as test and 720
dialogues as training, for SwitchBoard 105 dialogues as test and
1050 for training, The strategy implemented that perform Ac-
tive Learning (Section 3), follows these steps (U is the input set
of unlabeled samples, I is the labelled samples sct, and M the
draft model):

1. Train an ipitial mode! M from a smatl set of tagged sam-
ples (set L), picked out by a general criteria (in fact we
picked out the two dialogues with more tams).

2. Compute SEGDAER (sce subsection 5.3) for the NGT
model predictions of the system, according to the curcent
model.

3, Apply a function f over the unlabeled set of samples
that, according to M and o the selection criteria chosen
(Weighted Number of Hypothesis (1} or Entiopy (2)),
computes a score for each dialoguc remaining in the un-
labeled set U

4. Selecl a subset N of these dialogues with the highest
scores.

5. Tuke out the set N from the unlabeled set .

6. Manually label the set N (in this case this step Is sim-
ulated, no human resources were employed, the entire
tabeled set was available).

7. Add the labeled set N to the labeled set L.
8. Reestimate the model M with the new set L.

9. If sufficient performance is not reached and there are still
uplabeled samples and human resonrces, testart from the
first step of loop. In this case, we stop the algorithm
when no more samples are available.

We have chosen to use an exponential function o determine
size of new samples set to scleet, in fact 2! where 4 is the i0-
dex of current iteration. This incremental size of selection 18
desirahle becanse of the asymptotic behavior of the error rale;
thus. with this incremental size approach we cal se6 the jnt-
provements with small amounts of training data, checking how
fast we can converge (o the asymptote, while adding mors dats
t0 a large training set does not strongly affect the error rate.
Sample Selection Algorithm described in Section 3 is used 0
manage incremental selection of iraining samples.

5.3, Evaluation Metrics

To evaluate the system performance we use the SEGDAER met
rie: it iy the average edit distance between the referenc
sequences of the turns and the DA sequences assigriﬂd '?Y of
labelling model; in this case, soquences are a combinatioh =
the DA label and its position, which means that it takes mm’;__
count also the dialogue segmentation, becanse 1§ Mo #ﬁ
DA labefling task not only to predict the correct labels: but #155
to put them in the correct position in the dialogue-
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5.4, Results Analysis
5.4.1. SEGDAER

This section presents the resulis obtaincd, using Active Learn-
ing for DA Labelling task, against the two corpora congid-
ered, DIHANA (Benedi et al., 2006} and SwitchBoard (Godfrey
el al., 1992), reporting in each graphic the SEGDAER behavior
obtained with the two criteria described in Section 4, compared
against the Random Baseline; the lowest horizontal line in the
graphics shows the error rate obtained training the system with
the entire (raining sel available. Random baseline allows to
compare the effect of making an appropriate selection instead
of not wsing any criteria for the selection of samples (an up-
per bound); bottom line allows to compare the effect of select-
ing against using {(and annotating) ali the training data (lower
bound).

In Fig. 2 is represented the error rate, computed in terms
of SEGDAER (Subsection 5.3), obtained in each iteration, so
the higher the score, the worse the performance. As we can
clearly see in the results in Fig. 2, the error behavior is asymp-
totic, [act confirmed by the small variance of random experi-
ments after 5 iterations. This means that we can reach a good
performance in the eatlier steps of Active Learning process, and
the system performance remain almost unaffected when adding
more training data after a smail number of jierations of the Ac-
tive Learning algorithm (Section 3). The results shows that Fn-
tropy (2) selection criterion works very well in this task, per-
forming better than Random Baseline in both corpora tested,
while the Weighied Number of Hypothesis (1) criterion had a
variable behavior, retrieving performance similar to Entropy us-
ing SwitchBoard corpus. and worse than random behavior tesi-
ing with DIHANA corpus.

34.2. Performance

With Active Learning we aim to speed up the labeliing process,
labelling just the most informative samples, but maintaining the
System performance: the focus is on save up maney and time in
the labelling process, but using just a subset of training sample
we do not expect improvements in the error rate, we just expect
to achieve a performance as close as possible to the perfortance
obtained traiming with (he entire training set availahle.

In these graphics we present the results obtained in the ex-
periments in another perspective, showing the percentage of
Iining set we need to achieve a given percentage of the fi-
hal performance obtained fraining the system with the entire sel
avatlable.

The “performance” of the systent is just the inverse of the
SEGDAER, e.g. 100 — SEGDAER, and then normalized to
4 percentage, taking the final SEGDAER obtained training with
Ihe entire training set available as the 100% of the performance.
% shown in (3),

(100 — SEGDAER) + 100
(100 = FINALSEGDAER)

(3)

6. Conclusions

In Conclusion we applicd Active Learning to DA Tabeliing task,
T WO very heterogeneous corpora, DIHANA and Swiich-

_°ﬁ‘_1'd, using uncertainty based criteria o perform samples se-
“100 at each iteration of the Active Learning algorithm. Re-
BUls obtained in the two different domains confinm the good-
U555 of the uncertainty based criteria,

Active Learning: SEGDAER DIHANA

4 Iy I I 'Random Baseline —— ]
a5 L Weighted Number of Hypothesis ---xe—
Entropy ---%--+ 7]
Ix-"
o 30 1*-‘.’
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Number of Training Samples
Active Leaming: SEGDAER SwilchBoard
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Random Baseline ———
85 - Weighted Number of Hypoihesis ---x--- -
80 b Entropy ---%--- |

% SEGDAER

Number of Training Samples

Figure 2: SEGDAER results while performing Active Learn-
ing for DIHANA and SwitchBoard Graphics include results
Jor the two eriteria tesied, Weighted Number of Hypothesis
and Entropy, compared against the Random Baseline, and a
lower bound that represents the error rate obtained by train-
ing the model with the entire set available. The results ob-
tained converge asymptotically to the lower bound, and about
64 and 256 prototypes the results present no significant dif-
Jerences against using all the training data in DIHANA and
SwitchBoard corpora, respectively. It is worth emphasizing the
significant improvement obtained for the corpus DIHANA using
Active Learning implemented with Entropy criterion in the first
iterations up to 60 training samples.

For both corpora usedt the experimental results shows that
we can achieve a good performance, 95% of the performance
obiained training with the entire set available, labelling just the
20% of the sampies in the unlabeled set. According o these
results we can save an important amount of time and money
in the labelling task by using Active Learning with uncertainty
bhased criteria to select the most informative samples,

This kind of approach is reusable in other statistical models
where we can compute the scores for the two criteria proposed
to implement the Active Learning algorithm, the only elemenis
needed to compute these scores are the set of hypotheses with
their probabilities, and also an n-gram model in the case of En-
tropy criterion.

Planned future work includes parallelization of Active
Learning algorithm, exploration of other selection criteria, ap-
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Fignre 3: The Performance of the system, computed at each it-
eration of the Active Learning algerithm, shows that we can
achieve 95% of the final performance by using just the 20%
of the entire training set available, for both corpora used, DI-
HANA and SwitchBoard. In the figures is represented the per-
formance chiained at each iteration of the Active Learning al-
gorithm implemenied with Entropy criterion and the perfor-
mance obtained with a Batch training process. In this graphic
are shown just the results ebiained implementing the Active
Learning algorithm with Entropy criterion because this is the
criterion that has obtained best performance in the experiments,
allowing us to better appreciate the improvements achieved with
Active Learning technique. Has to be noticed the significant
performance improvements oblained in the first iterations im-
plementing the Active Learning algorithm with the Entropy cri-
rerion in the DIHANA corpus.

plication in an interactive framework, and the analysis of single
DA label error rate.
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