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ABSTRACT seen events and then redistributes this mass on

Statistical language models provide a powerfulunseen n-grams according to their (n-1) order
tool to model natural spoken language. NevertheProbability estimates.

less it is required a large set of training sentenceshe problem we are addressing is related with
to I‘e|iab|y estimate the mOdel pal‘ameters. In th'sthe d|fﬁcu|ty Of get“ng |arge enough textual cor-
paper we present a method to estimate n-gramyys for a new semantic domain, this difficulty
probabilities from sparse data. The proposed lanincreases if we want to model a LM for person-
guage modeling strategy allows to adapt amachine dialogues. In this case, it is usual to
generic language model (LM) to a new semantiChayve no more than some hundreds of sentences
domain with just few hundreds of sentences. Thisgnd the creation of a large enough text database
reduced set of sentences is automatically taggeghkes a long time. For this reason, we are devel-
with eighty different pseudo-morphological gping a new strategy for LM building, which
labels, and then a word-bigram LM is derived tries to overcome this problem. The key idea is to
from them. Finally, this target domain word- pyijld a generic LM using as many sentences as
bigram LM is interpolated with a generic back- possible, and then adapting it to the target
off word-bigram LM, which was estimated using gomain by using a small set of target domain sen-
a large text database. This strategy reduces a 27%nces. The target domain sentences can be easily
the word error rate of the SPATIS (SPaniSh ATIS)generated by imp|ementing a “wizard of Oz”

task. application.

We propose a method that combines a back-off
1. INTRODUCTION word-bigram LM with a back-off class-bigram

It is well known the importance of the language -M- It can be easily generalized to the trigram
model (LM) in the performance of continuous €2S€; thou_gh all the_experlments have been car-
speech recognizers, hence, a well estimated LM!€d out with word-bigrams. The back-off word

is always convenient. This is achieved by using &19ram LM is obtained with a large generic text
large set of training sentences belonging to thefatabase while the back-off class-bigram LM is

task semantic domain and smoothing technique9Ptained from some hundreds of tagged sen-
to model poorly estimated n-grams. tences belonging to the new semantic domain.

The back-off method [1] smooths n-gram proba- I "€ word to class mapping is carried out by a
bilities using (n-1)-gram probabilities. It basi- @gger [2] developed at Telefor_uca Investigacion
cally, given an initial maximum likelihood Y Desarrollo (TID) for the S_panlsh text to spe_ech
estimation of a n-gram, smooths the model byConverter. The tagger assigns one out of eighty
discounting a certain probability mass from the PSeudo-morphological classes to each word of



the sentence, and can be used in any semanttbe back-off class-bigram LM. The used formula
domain. As there are many words that can perto produce the word-bigram LM is given by the
form several syntactical functions, the tagger isfollowing expression:

very useful to assign the proper tag to each word

and to solve the ambiguity. Hence, the tag assig-p(wzlwl) = ; ; p(w,|§) Cp(jli) (i) (1)
nation depends on the function the word is per- i 0,0,

forming in the sentence. The tag set used in the

text to speech is designed to reflect the syntacti¢vhere:

role of the words in the sentence. But for the lan- @, is the set of possible classes égr

guage modeling task it was very useful to include  (jjiy is the class back-off probability for
number and gender information, in order to  classes “i” and “j".

exploit the agreement among components of

i), p(i represent the probability of a
nominal sintagms. p(w,|i). p(ijedy) rep p y

word given a class and viceversa, and are
This paper is organized as follows: In section 2 obtained from the mapping frequency table.
we describe the proposed method. Section 3 pre-

sents the application of this method for LM adap-This formula applies the chain rule to provide the
tation and shows a simplification of this word-bigram probabilities based on the a posteri-

procedure. Finally, section 4 presents the experiO @nd class-bigram probabilities.

ments, results and conclusions. Finally, the LM interpolation module plays an
important role since it combines the left and right
branch language models. The goal of the final

2. DESCRIPTION interpolation step is to exploit the synergy of both

Figure 1 shows the block diagram of the traininglanguage models: The left branch estimates accu-

procedure. The large text database is a collectiomately the most frequent bigrams while the right

of sentences gathered from as many differenbranch does it for the less frequent and unseen

sources as possible. The training procedure folbigrams.

lows two different branches:

duces a back-off word-bigram LM using the Sta- ‘Catabase
tistical Language Model Toolkit (SLMT)
developed at Carnegie Mellon University (CMU)
[3][5]. This process is constrained by the dictio-
nary of the continuous speech recognizer, so that
words that do not belong to the dictionary are [Back-off LM word

(a) The left branch takes the database and pro

Mapping
Frequencie

Classes Back-off LM

considered as “unknown” Generator] Dictionary Dictionary Generator
(b) The right branch starts by tagging the large ¢
text database and producing the mapping fre- o=,

quencies of each word-class pair. The resulting/, Sackoft - vord-bigra " dtob_g s
tagged database is then processed by the SLMR_ tm LM Convertor | LM

in order to obtain a back-off class-bigram LM,
which is composed of the unigram and bigram

H H _ i Final
estimates of the eighty pseudo-morphological LM Interpolation word-bigram
classes. LM

Later, it is built a word-bigram LM based on
classes using both the mapping frequencies and Figure 1: Block diagram of the LM generation process.



3. LANGUAGE MODEL ADAPTATION 4. EXPERIMENTS AND RESULTS

A slight modification of the previously proposed The three experiments we present are devoted to
method allows to adapt a general LM to a partic-show the improvement achieved by the proposed
ular task. Figure 2 shows the block diagram oflanguage modeling strategy when the available
the modified method: The only difference training sentences are not close to the target
between both methods is the right branch of thesemantic domain.

process. The set of sentences used to build the,, (ext databases have been used to train the
backoff class-bigram belongs to the semantic tar]anguage models: (a) The Large Text Database
get domain, and can be gathered with little effort LTD) which is composed of 60000 sentences in
(just a few hundred sentences). This reduced s panish (2 M words). They were picked up from
of sentences reflects the semantic structure of thg, o opinion section of Spanish newspapers. (b)

domain we want to model. o The Task Dependent Database (TDD), which is
The overall procedure can be summarize in fourcomposed of 300 sentences (20 K words). They
steps: were picked up from the SPATIS task.

1.- A word-bigram backoff LM is built from a set
of sentences of Spanish newspapers (left branch).

2.- A class-bigram backoff LM is built using the
small set of sentences belonging to the target
semantic domain (right branch). This set is com-
posed of just a reduced set of sentences automati-
cally tagged by the tagger developed at TID [2]. Y

3.- A class-based word-bigram LM is built using | gencrator ™ Dictionary
the following expression for the bigram case
(right branch), which can be simplified by con-
sidering only the most likely class for each word:

Tagged

task-depende Tagger sentences

sentences

Mapping
Frequencie

Classes Back-off LM
Dictionary)-#® Generator

Back-off

. Class-bigra
word-bigra to
LM Word-bigran
Converter

word-bigra
LM

p(ex,|wy) = p(ey) TR(ilI)  (2)

where: .
Final

p(jli) is the class back-off probability for LM Interpolation Wormigfam
classes “i” and “J".

P(e,| i) is obtained from the mapping fre-
guency table, where “” is the most likely class
for word w, .

4.- Finally, an interpolated class-based LM is The speech recognizer has been tested using the

built. This is carried out by interpolating the LMs SPATIS database [4]. The evaluation set is com-
obtained in steps 1 and 3. posed of 2300 read sentences. Three different

The right branch estimates accurately the lesd2nguage models have been tested:

frequent and unseen bigrams and unigrams, (a) Baseline LM (BLM): It is a back-off word-
which are mostly domain dependent and hence bigram LM which has been trained using the
they help to adapt the general LM to the specific LTD training set. As it is explained in section
target semantic domain. The left branch just esti- 2, the training process of this LM is con-
mates a general LM that is constrained by the strained by the dictionary of the continuous
dictionary of the speech recognizer. speech recognizer. This constraint has demon-

Figure 2: Block diagram of the LM adaptation process.
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