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Abstract 
We present a natural language understanding module for a 
spoken dialog system that tackles a restricted domain task (the 
query of timetables, prices and services provided by a Spanish 
railway information system). This understanding module is 
based on stochastic models that are very close to the n-gram 
models. We have used models of sequences of variable length 
that contain words and categories. After a rewriting of the user 
sentences, which substitutes the attribute values with labels of 
categories, the transduction is made in only one pass, generat-
ing the frames (semantic representation of the user sentences) 
without using any intermediate semantic language. We report 
an evaluation of this new understanding module. 
 

1. Introduction 
The development of spoken dialog systems arises a lot of 
difficulties and is currently a challenging field for researchers. 
Nowadays, these dialog systems can handle tasks in semanti-
cally restricted domains (such as querying specific database 
systems), using telephone access and allowing some degree of 
mixed initiative. Even assuming these limitations, the devel-
opment of the systems is still a very complex job and must be 
tackled in a modular way.  

The main processes of any dialog system are: speech rec-
ognition, language understanding, dialog management, answer 
generation and speech synthesis. Usually, each process is done 
for the corresponding module in the dialog system. Our work 
is focused on developing solutions for language understanding 
[1] and dialog management [2] using stochastic techniques. 
This research has been made in the framework of the 
BASURDE [3] and DIHANA [4] projects. In this paper, we 
present an understanding module developed in these projects. 

The understanding process consists of the translation of 
the user sentences to an artificial language, which is specifi-
cally designed for the task. This language is a conceptual or 
semantic language with a reduced vocabulary. Some descrip-
tions of other approaches to design and development of under-
standing modules can be found in [5], [6], [7], [8], [9], [10] 
and [11].  

In our dialog system, the understanding module (UM) 
takes the sentences from the recognition module as input and 
generates one or more frames (semantic representations) with 
the corresponding attributes as output. Then, in each turn of 
the dialog, the dialog manager module uses these frames in 
order to decide its reply. For a satisfactory interchange, it is 
essential that the UM makes a good translation, maintaining 
the meaning of the user turn as much as possible. 

We have already developed several UM using stochastic 
techniques [1]. In these works, the process of understanding is 
divided into two phases: a) transduction of the input sentence 
into a semantic sentence, which is defined in a sequential 
Intermediate Semantic Language (ISL); b) transduction of the 
semantic sentence into its corresponding frame. From now on, 
we refer to this UM that uses an ISL and transduces in two 
phases as the (ISL-2p)-UM. 

In this paper, we present a new approach for tackling the 
understanding process, using stochastic techniques also. In this 
approach, the definition of an intermediate semantic language 
is not necessary. This new UM directly transduces the user 
sentences into their corresponding frames. This transduction is 
determined by a set of n-word-sequence models, which are 
learnt from the user sentences of the BASURDE corpus. From 
now on, we refer to these models as n-WS models and to the 
UM that uses them and transduces in one phase as the (nWS-
1p)-UM. 

The paper is organized as follows. In Section 2, we ex-
plain the learning of the understanding models. In Section 3, 
the understanding process is described. Finally, we report the 
results of the evaluation, in Section 4, and present our conclu-
sions, in Section 5. 
 

2. Learning of understanding models 
The BASURDE corpus contains 227 dialogs. The user turns of 
these dialogs were labeled in terms of frames (names of con-
cepts and pairs {name, value} of attributes) for training sto-
chastic understanding models. Besides, all the turns of the 
dialogs were labeled in terms of dialog acts for training sto-
chastic dialog models [12]. Figure 1 shows an example of the 
understanding and dialog labeling. 
 
[SPANISH] Quería saber horarios de trenes de Zaragoza a 
Ciudad Real para el próximo sábado. 
[ENGLISH] I want to know the train timetables from Zaragoza 
to Ciudad Real on next Saturday. 
 

[UNDERSTANDING LABELING] 
(DEPARTURE-HOUR) 
   ORIGIN: Zaragoza 
   DESTINATION: Ciudad-Real 
   DEPARTURE-DATE: 09-06-2001 
 

[DIALOG LABELING] 
(U:QUESTION:DEPARTURE-HOUR:DESTINATION,DEPARTURE-
DATE,ORIGIN) 

Figure 1. An example of the understanding and dialog labeling  

SPECOM'2006, St. Petersburg, 25-29 June 2006

137



We observed that there is a close relation between the dia-
log act labeling and the corresponding frames for the majority 
of the user turns. Thus, it seems reasonable to learn the word 
sequences (n-grams) that occur most frequently in the sen-
tences assigned to each dialog act label. Then, these n-WS 
models, incorporated into the UM, would allow us to predict 
the more probable frames for each new user sentence. 

2.1. Preprocessing of the corpus 

The learning of the n-WS models directly from the corpus, 
given its reduced extension (the total number of words is 
14,902) in comparison with the rather large vocabulary size 
(637 distinct words), would lead us to have thousands of 
distinct n-word-sequences with very low probabilities. Such 
models would not be very useful. Some kind of preprocessing 
of the corpus would be necessary before learning the models. 

To explain the preprocessing of the corpus that we have 
made, let us consider the user sentence of the corpus that is 
reproduced in Figure 2. 
 
[SPANISH] Buenas tardes. Quería ir a Valencia el miércoles 
quince por la noche. 
[ENGLISH] Good evening. I want to go to Valencia on 
Wednesday the fifteenth at night. 

Figure 2. An original sentence from the corpus 

This sentence is a typical query about train timetables to a 
certain destination (Valencia) on a certain departure date 
(miércoles quince = Wednesday the fifteenth) and hour inter-
val (noche = night). Just changing the values of these three 
attributes, it is easy to find other sentences in the corpus that 
are equal or very similar to the sentence in Figure 2.  

Then, we decided to process the corpus before learning the 
models in the next way:  

- a) Including into the vocabulary a set of labels (such as 
<ORIGIN>, <DESTINATION>, <DEPARTURE-DATE>...) that 
identify the attributes generically, without specifying 
any value or instance;  

- b) Replacing any word or sequence of words that were a 
value of an attribute with its corresponding attribute ge-
neric label. 

Any sentence is transformed or rewritten in a kind of tem-
plate, which is valid for multiple cases of a certain dialog act. 
This preprocessing of the corpus causes an important reduc-
tion in the cardinality of the vocabulary (369 words with a 
frequency greater than 1). For instance, the sentence in Figure 
2 is transformed into the one reproduced in Figure 3. 
 
[SPANISH] Buenas tardes. Quería ir a <DESTINO> el <DIA-
SALIDA> por la <INTERVALO-HORA-SALIDA>.  
[ENGLISH] Good evening. I want to go to <DESTINATION> on 
<DEPARTURE-DATE> at <DEPARTURE-HOUR-INTERVAL>. 

Figure 3. A modified sentence from the corpus 

We have learnt the n-WS models from a corpus of sen-
tences similar to the one in Figure 3. This modified corpus 
provides a lower number of distinct n-word-sequences with 
higher probabilities. From it, we have extracted all the n-WS 
with a length up to 6 (n ∈ [1, 6]) and with a frequency greater 
than 1 (f >= 2).  

 

2.2. Clustering of the corpus 

The sentences of the modified corpus have been classified in 
the following way:  

- a) The sentences labeled with the same dialog act were 
put in the same subset automatically; 

- b) These subsets were grouped manually into a reduced 
number of “super-subsets” according to their seman-
tic similarity.  

We have considered 11 super-subsets that correspond to 
the main user dialog acts and, also, to the most frequent user 
frames. We can identify the 11 classes with the labels of these 
frames, as Table 1 shows. 
 
frame label closest dialog act label 
(DEPARTURE-HOUR) (U:QUESTION:DEPARTURE-HOUR) 
(RETURN-DEPARTURE-
HOUR) 

(U:QUESTION:RETURN-DEPARTURE-
HOUR) 

(ARRIVAL-HOUR) (U:QUESTION:ARRIVAL-HOUR) 
(PRICE) (U:QUESTION:PRICE) 
(SERVICES) (U:QUESTION:SERVICES) 
(TRAIN-TYPE) (U:QUESTION:TRAIN-TYPE) 
(NOT-UNDERSTOOD) (U:NOT-UNDERSTOOD:NIL) 
(AFFIRMATION) (U:AFFIRMATION:ATTRIBUTE-LIST) 
(REJECTION) (U:REJECTION:ATTRIBUTE-LIST) 
( ) (U:ANSWER:ATTRIBUTE-LIST) 
(CLOSING) (U:CLOSING:NIL) 

Table 1. Correspondences between frames and dialog acts 

This partition of the corpus is rather simple and is surely 
far from the ideal. However, by using the models built from 
this partition, we would observe which type of user turns are 
usually classified incorrectly. This will give us the information 
needed to refine the classification by dividing an existing class 
or by adding new classes. 

 

2.3. Building the n-WS models 

We have obtained the frequencies of all the n-WS for each 
class in the partition of the corpus. Then, each n-WS model is 
defined by a matrix of frequencies.  

Let mfi be the matrix for the i-WS model, which is a ma-
trix of R rows and C columns, where R is the number of dis-
tinct i-WS and C is the number of classes. We refer to the 
integer stored in a certain position, [j, k], of the matrix as: mfi 
[j, k], where j ∈ [1, R] and k ∈ [1, C]. The value mfi [j, k] 
represents the frequency of the i-WS number j in the class 
number k. 

Given the number of distinct n-WS (and with a frequency 
greater than 1) extracted from the corpus, the dimensions of 
the matrices are shown in Table 2. 
 

type matrix R C 
1-WS mf1 369 11 
2-WS mf2 1174 11 
3-WS mf3 1360 11 
4-WS mf4 1087 11 
5-WS mf5 758 11 
6-WS mf6 476 11 

Table 2. Size of the n-WS models 
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3. The understanding process 
In this section, we describe the operation of the proposed UM, 
the (nWS-1p)-UM. First, the basic method for generating 
frames by dialog act classification based on n-WS models is 
presented in section 3.1. Then, we discuss some improvements 
of the method in section 3.2. Finally, in section 3.3, we intro-
duce other sources of complementary knowledge: a set of 
keywords and several sets of rules. 

3.1. The basis of dialog act classification 

The UM transduces the user sentences identifying, first, the 
values of the attributes and, then, the dialog acts. The identifi-
cation of the attributes consists of:  

- a) Searching for any occurrence of values of the attrib-
utes in the sentence;  

- b) Assigning them to the corresponding generic labels;  
- c) Rewriting the user sentence, replacing the occurrences 

of all found values with their corresponding attribute 
generic labels. 

Thus, the UM automatically processes any input sentence 
in the same way followed in the preprocessing of the corpus.  

For instance, if the input sentence is the one previously 
shown in Figure 2, the UM finds the values of the attributes 
(Valencia, miércoles quince and noche) by searching and 
comparing with dictionary lists and, in the case of dates and 
hours, with simple models that describe the valid sequence of 
words. In this example, the assignations of the found values to 
the attribute slots or variables are: <DESTINATION> = Valen-
cia; <DEPARTURE-DATE> = 15-03-2006; <DEPARTURE-HOUR-
INTERVAL> = 21.00-05.00. The rewriting process of the sen-
tence generates the sentence already shown in Figure 3. 

The identification of the dialog acts consists of: 
- a) Building a list of all the [1..6]-WS in the rewritten 

sentence;  
- b) Computing a matrix we call the frequency accumula-

tion matrix, maf;  
- c) Classifying the sentence into dialog act(s) from maf;  
- d) Generating frame(s) with certain probabilities. 
The frequency accumulation matrix is computed from the 

n-WS matrices (i.e. the models) and from the list of n-WS in 
the sentence. It is a matrix of 6 rows (number of models) and 
11 columns (number of classes). The integer stored in a certain 
position, [i, k], of the matrix maf represents the sum of fre-
quencies, stored in the class number k of the i-WS model, for 
those i-WS that appear in the user sentence. That is: 
 

maf [i, k]   =   ∑ ( j = 1..|mfi| ) ∧ ( j IN s )   mfi [j, k] (1) 

 
where: 

(j = 1..|mfi|) means that ∑ is from the first until the last i-
WS of the model, but, 
(j IN s) means that ∑ only includes the i-WS that appear in 
the sentence, s.  

 
The classification of the sentence as an instance of one or 

several dialog acts is made by computing the next expressions 
for each class, k: 
 

v[k]   =   ∑ ( i = 1..N )   ( N + 1 - i ) * maf [i, k] (2) 

 
p[k]   =   v[k]   /   ∑ ( c = 1..C )   v[c]  (3) 

 
In v[k], the N constant is 6 (the maximum n-WS length 

considered). The length of the n-WS, i, is subtracted from that 
factor which multiplies the frequency accumulator, maf [i, k], 
in order to give more weight to the shorter n-WS.  

In a previous version, we had used i, instead of (N+1-i), as 
multiplier factor, because we thought that the longer n-WS 
had to be more relevant for classifying. However, as we show 
later, the results using the factor (N+1-i) indicate the benefits 
of adding n-WS models more clearly.  

Finally, we consider that p[k] represents the probability 
that the user sentences correspond to the dialog act number k. 
In consequence, the most probable dialog act determines the 
generated frame. And this frame is completed with the pairs 
{name, value} of the attributes found at the beginning of the 
understanding process. 

3.2. Improvements of the classification using n-WS 

The number of classes in our set of models is too small to 
adequately describe any possible user sentence, as it is easy to 
understand. It seems better to pass a set of frames, those 
whose p[k] were higher than a certain experimental threshold, 
to the dialog manager module. Frequently, the user asks for 
several concepts in the same turn, for example, about depar-
ture and arrival timetables. In such a case, and if their prob-
abilities are high enough, it will be better to generate two 
frames, (DEPARTURE-HOUR) and (ARRIVAL-HOUR), than to 
generate only the most probable of both. Obviously, the dialog 
manager module will have more information receiving these 
two frames and, besides, it could use the probabilities of the 
frames as confidence scores. 

The basic method we have presented in section 3.1, which 
takes into account the n-WS in the whole sentence, usually 
makes a good classification of the short sentences. But when 
the user turn is rather long and corresponds to several frames, 
it generates only one frame and, perhaps, not the most impor-
tant one from the dialog progress point of view. The problem 
is in the principle of looking for global maximums of the 
probabilities of the dialog acts.  

Frequently, the user extends his/her discourse because 
he/she needs to formulate several dialog acts, and does it by 
concatenating segments of discourse, one for each dialog act. 
For instance, the user may make three dialog acts in the same 
turn, but using a very long segment of discourse to formulate 
one act and short segments for the other two (because he/she 
wants to emphasize one act, or because he/she needs only a 
few words to clearly express the other acts, etc). In these 
situations, it is very probable that our method only generates 
one frame corresponding to the act expressed with the longer 
segment. That act would accumulate the counters of many 
more n-WS than the other acts and, in consequence, the largest 
portion of probability. 

To avoid these deficiencies in the classification, we have 
modified the method for searching the local maximums of the 
probabilities of the dialog acts. Instead of computing the fre-
quency accumulation matrix (and the probabilities of the 
classes) at the end of the sentence, we make it after seeing any 
new word of the sentence. In this way, when a dialog act 
maintains a local maximum of probability along several con-
secutive words, we consider that there is a segment of dis-
course associated to it. Then, that dialog act is a candidate for 
generating a frame, in spite of its possibly low global probabil-
ity after reading the whole sentence. 
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Thus, the equations have been slightly modified. We re-
produced them in Figure 4. 
 
maf [i, k]   =   ∑ ( j = 1..|mfi| ) ∧ ( j IN w1..wn )

   mfi [j, k] 

 
v[k]   =   ∑ ( i = 1..N )   ( N + 1 - i ) * maf [i, k] 

 
p[k]   =   v[k]   /   ∑ ( c  = 1..C )   v[c] 

Figure 4. Equations of the probability computation 

Now, the condition ( j IN w1..wn ) means that ∑ only in-
cludes the i-WS that appear in w1..wn, the prefix of the sen-
tence s of length n. 

This modification solves the previous limitation of gener-
ating only one frame per turn, but it raises new questions: 

- a) What is the threshold for considering that p[k] is rele-
vant enough to generate its corresponding frame k?  

- b) What are the criteria for assigning the found attributes 
to one frame or another? 

The most adequate threshold has been experimentally de-
termined and is equal to 0.17. Any frame k, whose p[k] is 
above that threshold and is a local maximum for at least two 
consecutive words, will be generated. 

Any found attribute is assigned to the frame that has the 
local maximum at the point of the sentence where the value of 
the attribute appears. 

 

3.3. Some complements: keywords and rules 

Finally, we have added some complementary sources of in-
formation to the UM in order to achieve a better performance. 
These sources are keywords and rules. 

We have cataloged a small set of words as keywords of 
dialog acts. The number of keywords is 25. Some examples 
are: llegada (= arrival) is a keyword of the (ARRIVAL-HOUR) 
frame; sí (= yes) is a keyword of the (AFFIRMATION) frame. 

When a keyword is encountered, a flag associated to its 
corresponding dialog act is activated. Later, when the UM 
decides which proposed frames will be generated and which 
not, it applies the rule in Figure 5. 

 
IF  ( p[k] > 1.5 * Threshold ) & ( NOT flag[k] )  
OR ( p[k] > 0.5 * Threshold ) & ( flag[k] ) 
THEN frame k is generated 
ELSE  frame k is not generated 

Figure 5. Rule for generation of frames 

In this way, the flag activated by the keyword allows us to 
reduce the necessary threshold for generating the frame by the 
n-WS models. 

Besides, we have defined several rules to solve some prob-
lems, using the trigger flags as clues of which frames need to 
be generated. The rules are the following: 

• Rule set 1. Rules for reassignment of timetable frames: 
 Rule 1a: If a (DEPARTURE-HOUR) frame has been 
proposed but the (ARRIVAL-HOUR) flag has been ac-
tivated, then a (ARRIVAL-HOUR) frame will be gen-
erated instead of the proposed frame.  

 Rule 1b: If a (DEPARTURE-HOUR) frame has been 
proposed but the (RETURN-DEPARTURE-HOUR) flag 
has been activated, then a (RETURN-DEPARTURE-

HOUR) frame will be generated instead of the pro-
posed frame. 

• Rule set 2. Rules for detection of false closing frames: 
 Rule 2a: If a (CLOSING) frame has been proposed but 
is followed by other frames, then a (REJECTION) 
frame will be generated instead of the proposed 
frame.  

 Rule 2b: If a (REJECTION) frame and a (CLOSING) 
frame have been proposed as first and second frame 
respectively, then only the (REJECTION) frame will 
be generated. 

• Rule set 3. Rules for correct assignment of date-interval 
attributes. In the BASURDE labeling, two values of date 
are concatenated into the DEPARTURE-DATE slot, instead 
of into the DEPARTURE-DATE-INTERVAL slot. This set of 
rules makes this change to satisfy the reference labeling. 

• Rule set 4. If there are no frames generated by n-WS 
models but there are active flags, then a frame for each 
active flag will be generated. If there are no active flags, 
then an empty frame, labeled as ( ), will be generated. 

• Rule set 5. If there are attributes pending to assign and 
there are active flags, then a frame for each active flag 
will be generated. If there are no active flags, then an 
empty frame will be generated. 

• Rule set 6. If only a (AFFIRMATION) frame or a (REJEC-
TION) frame has been proposed and there are active 
flags, then a frame for each active flag will be generated. 

 

4. Evaluation 
We have evaluated this new (nWS-1p)-UM and compared it 
with the results obtained by the previous module developed by 
our research group, the (ISL-2p)-UM. 

In [1], several measures of degree of coincidence between 
the reference labeling and the labeling given by the (ISL-2p)-
UM, using different models have been reported.  

Here, we consider the measure called correct frame unit 
rate (%cfu), which is the percentage of corrected names of 
frames and corrected pairs {name, value} of attributes, com-
puted by: 
 

%cfu = ( 1 – (nI + nS + nD) / (nS + nD + nC) ) * 100 
 
where:  

nI = number of insertions 
nS = number of substitutions 
nD = number of deletions 
nC = number of corrected units 

 
Table 3 summarizes the results obtained in [13] using dif-

ferent multigram models. 
 

Models % cfu
Bi-multigram – BI 85.7
Bi-multigram – TRI  86.1
Bi-multigram – PTA  86.0
Bi-multigram – MGGI  86.3
Bi-multigram – ECGI 87.2

Table 3. Some results of the (ISL-2p)-UM 

We have measured the correct frame unit rate (%cfu) us-
ing the (nWS-1p)-UM. We report the results giving separately 
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the correct names of frames rate (%cf) and the correct pairs 
{name, value} of attributes rate (%ca), due to their different 
way of obtaining in the proposed module.  

Besides, in order to compute the separate contributions of 
each n-WS model and the effects of including / excluding the 
keywords and the rules, we have run the same test several 
times, adding new components each time.  

Table 4 details the results obtained using the new UM. 
  

- rules + rules 
Models % cf % ca % cfu % cf % ca % cfu
only 1-WS 69.35 60.30 64.47 81.30 78.50 79.79
up to 2-WS 70.07 63.64 66.61 80.14 78.17 79.08
up to 3-WS 71.04 64.59 67.56 80.39 78.13 79.17
up to 4-WS 71.18 64.30 67.47 80.43 77.55 78.88
up to 5-WS 71.42 64.26 67.56 80.67 77.71 79.08
up to 6-WS 71.90 64.22 67.76 81.64 78.62 80.01
n-WS + keywords 72.29 62.32 66.92 84.53 79.41 81.77

Table 4. Results of the (nWS-1p)-UM 

The proposed module, using n-WS models, keywords and 
rules, achieves 81.77% of correct frame unit rate (%cfu).  

As can be observed from Tables 3 and 4, the (nWS-1p)-
UM achieves rates that, when compared to those obtained by 
the (ISL-2p)-UM, are slightly inferior to using multigrams. 
We have achieved an even slightly better result (%cfu = 
82.26%), using the old formula v[k] = ∑ ( i = 1..N )  i * maf [i, k]. 
Despite this, we prefer the proposed one because the old for-
mula gives a worse result for concept rate (%cf = 83.28%) and 
has an anomalous behavior (without rules, the best results are 
up to 4-WS, and the addition of 5-WS and 6-WS cause a 
degradation). It must also be noticed that the results with the 
old and the new formula are very similar. Thus, knowing the 
optimal values of the weights is not a critical question. 

Table 4 shows that the inclusion of keywords and rules 
provides a meaningful improvement (over 10% in %cf). We 
have studied the specific contributions of the different rules. 
Table 5 summarizes the effects of the rules on the results. 
 

n-WS + keywords % cf % ca % cfu 
no rules 72.29 62.32 66.92 
+ rules set 1 72.34 62.94 67.27 
+ rules set 2 72.24 62.32 66.90 
+ rules set 3 72.29 63.43 67.52 
+ rules set 4 76.96 67.89 72.08 
+ rules set 5 84.00 77.67 80.59 
+ rules set 6 74.51 62.32 67.94 
+ all rules 84.53 79.41 81.77 

Table 5. Effects of the rules on the results  

From Table 5, we can conclude that there is a wide over-
lapping among the different sets of rules. The rules for adding 
frames according to the active flags, when the n-WS do not 
generate any frame (rules set 4), or when there are attributes 
still unassigned (rules set 5), provide the main benefits. On the 
other hand, the inclusion of the rules for detecting false clos-
ing frames (rules set 2) causes a small degradation in %cf. 
However, we have maintained it due to its importance in 
avoiding the premature ending of the dialogs when the UM is 
integrated in the dialog system. 

 

5. Conclusions 
We have presented a new UM that transduces the user sen-
tences in a straightforward way. This UM is stochastic, based 
on a set of n-WS models. The considered n-WS are hybrid 
because they consist of original words of the sentences and 
category labels, which substitute those words that were identi-
fied as attribute values.  

In addition, a reduced set of keywords and several sets of 
rules have been defined to provide some improvements to the 
basic method of transduction. As has been shown, the majority 
of the rules, especially those with more influence on the re-
sults, are based on the presence of keywords. 

The reported evaluation shows that the proposed (nWS-
1p)-UM reaches values of correct frame unit rate (%cfu) that 
are similar to those achieved using the (ISL-2p)-UM, the 
previous module developed by our research group. The (nWS-
1p)-UM has also been satisfactorily integrated with our dialog 
manager module and translates the user sentences to frames at 
high speed due to its shorter procedure of identification of the 
frames (the (nWS-1p)-UM is three times faster than the (ISL-
2p)-UM). Recently, in order to run low cost training of the 
stochastic models of the dialog manager module, we have 
developed a set of user simulator modules [14] and the pro-
posed UM has also been integrated in the dialog system used 
in these experiments. 

As future work, we are considering to apply the same 
technique to the corpus of the DIHANA project. This new and 
larger corpus contains 900 dialogs and, thus, we expect to 
obtain better statistical models from it. The UM could also be 
used to make the initial automatic preprocessing of the corpus 
(the generation of the rewritten sentences) and the initial 
clustering of the preprocessed corpus. By having many more 
samples available, it would be possible to consider many more 
classes and having a reasonable number of samples for each 
one. 
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