Eurospeech.1995-319

4

) |

10.214:

4™ Eyropean Conference on
Speech Communication and Technology
EUROSPEECH 95
Madrid, Spain, September 18-21, 1995

ISCA Archive

http://www.isca-speech.org/archive

SENTENCE HYPOTHESISATION USING
NG-GRAM MODELS*

J. Gros & F. Miheli¢ & N. Pavesi¢
e-mail: nejka@fer.uni-lj.si
Faculty of Electrical Engineering & Computer Science
University of Ljubljana
TrZaska cesta 25
61000 Ljubljana
SLOVENIA

ABSTRACT

Sentence hypothesisation in a speech recognition and un-
derstanding dialogue system for the Slovenian language
is presented. A statistical approach using the 3g-gram
model based on Jelinek’s trigram model was applied to the
task of linking word hypotheses together into grammati-
cally well-formed sentences. The equivalence classes are
given by 72 different parts of speech, extended by various
morpho-syntactic features. A simple smoothing method is
presented and compared to a standard one.

1. INTRODUCTION

The input to syntactical processing of speech is not a string
of uniquely determined words, but a lattice of words, de-
scribed by their corresponding beginning, end and prob-
ability estimates. In this paper we discuss, how to apply
syntactic knowledge to sentence hypothesisation in order
to select grammatically well-formed sequences of words
from the many sequences of words which are possible
from the word lattice. The procedure results in a reduction
of the number of sentence hypotheses a language model
has to éxamine.

2. RECOGNITION SYSTEM

A large-vocabulary dialogue system for continuous speech
recognition and understanding of the Slovenian language
is presented. The system is to recognise a goal-directed
dialogue where the recognition task is given as passing air-
line timetable information to a client.

The different phases of the recognition and understanding
task are performed by separate modules, operating sequen-
tially, building a hierarchical bottom-up system, shown in
Figure 1 [1]. The recognizer is based on hidden Markov
modelling of basic speech units and a a DCG-based se-
mantic analyser is being implemented [2], [3]. Since it
is clearly appropriate for the language model to process
only grammatically correct sentences, a module for sen-
tence hypothesisation is included in order to pre-process
the sequences of consecutive word hypotheses.

3. SENTENCE HYPOTHESISATION

The task of the sentence hypothesisation module is to dis-
ambiguate the input word-hypotheses lattice, as obtained

*This work was partly funded by the Comission of the European Com-
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Figure 1: Hierarchical modular structure of the speech
recognition and understanding system. The shaded mod-
ules were realised.

from lower recognition modules. It checks the large input
lattice of word hypotheses for syntactically well-formed
sequences of consecutive words, called sentence hypothe-
ses, as shown in Figure 2.

3.1. The 3g-gram language model

To generate sentence hypotheses we applied the 3g-gram
(tri-POS) model [4], [5], based on Jelinek’s n-gram mod-
els [6]. There are two major reasons why we have chosen
a statistical approach to perform sentence hypothesisation.
First, the Slovenian language is well known for its rather
free word order. The second reason lies in the nature of our
database. People, requesting air flight information very
often use ungrammatical sentences. Both of these charac-
teristics generally lead to failure in deterministic parsers.

We have chosen a set of 72 word categories comprising de-
tailed morpho-syntactic information on lexical words with
respect to our specific recognition task. The estimates of
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Figure 2: Sentence hypothesisation.

the 3g-gram probabilities were computed by the maximum
likelihood method.

3.2. Training of the model

To find many relevant 3g-gram sequences (i.e., ones which
would have a significant non-zero probability), requires
a vast amount of training. To overcome the lack of a
large training corpus - preferably with tagged word cat-
egories, we applied the following method to acquire the
training database: When setting up the speech database,
representative sentences were drawn from a large corpus
(15 hours of speech) of recordings of clients inquiries on
airline timetables. By compiling these representative sen-
tences in the form of rewrite rules, we obtained a gener-
ative sentence pattern grammar, which produced 22,500
different training sentences, comprising 240,864 words.

The lexical database contains almost every conceivable
fact, describing lexical entries, including among other in-
formation a detailed description of the entry’s syntactic
properties, the word class and subcategorisation informa-
tion (for example, to which cases a proposition refers),
given in Table 1. Since the grammatical information is
very precisely contained in lexical entries for particular
lexical items, the task of describing lexical entries can be
very time-consuming. Therefore we developed a special
user interface in order to facilitate this operation [7].

3500 ¢ —@—3g-gram
3000 —@—2g-gram
2500
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1000
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Figure 3: Training convergence for the 2g-gram and the
3g-gram model. The number of active ng-grams increases
along with the size of the training text (given in thousands
of words). The final lincar part of the function is used for
the prediction of the number of the still unseen ng-grams.
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3.3. Smoothing

Since many legitimate 3g-gram sequences are likely to be
missing from the sparse training text, smoothing is essen-
tial so as to avoid probabilities of zero [8], [9], [10].

A simple smoothing technique was used, which we de-
scribe in detail. We call it the equivalent redistribution
smoothing and it is an extension of the simple Jeffrey
smoothing [9], where all numbers of n-gram occurrences
arc incremented by 1. The same applies to ng-grams.

We argue, that Katz’s back-off method rather tends to over-
rate the probabilities of ng-grams when the corresponding
(n—1)g-grams were often in the training text. We illustrate
this with an example.

Let us suppose, we observed the following frequencies of
triplets of lexical categorics from the training text:

occurrences |
bratingieorp )

20)( 1

where w; denotes a lexical category. Their corresponding
conditional probabilities p{w;/w;—2, wi~ }, computed by
the maximum likelihood approach, are:

N{w w,,wy) 2

: 1. -
Pws/ww, f=———=2 320 =2 = () 37
L ey N(w,w,) 3

<

|

wh

1){w,. / W, wz} = i#3,4,5

Pl fogrs} =2 =04

vl @

p{ w,/ w5w7} =0 j#8,9

We want to assign equal frequencies to all the 3g-grams,
which have not occurred in the training text, and are Jook-
ing for a criterion, determining which value to assign them.
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| noun: | adj- | pron ['verb | prep ‘{:adv:i| conj- | num’ | part |'interj

“number i v v v

ccase 4 v v | v

Clags. v

i v

“Caseref

“person

“pers/imp

:tense:

AN NN

mood:

Table 1: Subcategorisation information, describing lexical words.

The main idea of the proposed solution to the problem is to
redistribute the still expected probability mass among ng-
grams which never occured in the training text. For this
purpose we trace the training convergence of 2g-gram and
3g-gram models. We estimate the length of training text
needed for each possible 3g-gram to appear at least once.
Figure 2 gives the training convergence for a 2g-gram and
3g-gram model. We observe that during the interval of
the last 1000 training words the number of active 3g-gram
combinations increased by one at each o words. We con-
clude that if the training text were « times larger (and con-
sequently all ng-gram occurrences incremented by «), all
possible triplets would have appeared at least once. Fi-
nally, the redistribution of the expected probability mass
is achieved by increasing maximum likelihood estimates
for ng-grams by the value of «.

For the 3g-gram case, o = 380. We obtain the following
3g-gram frequencies:

;- (training
W3 7600 x
W4 3800

&
A

and consequently the new conditional probabilities are:

7600
S, =100 56
Phws vt = s T
1
o} m e =0.00007  #3,4,5
Ponwons} = 55 v
760
w10 37
P/t =555 =03

1 .
P{W//Wswv} = 33504125 =0.0005 8.9
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In contrary to Katz’s back-off smoothing [8], we find
the value of p{w;/w;, w,} to be minor to the value of
p{w;/we,ws}, even if the original frequency of pairs
wy, wo was larger than the the one of the pairs wg, w7. And
so it should be, since it is more probable for the sequence
w;, wy to be followed by w; or w4 than by w;, 7 # 3,4, 5.

In this way we estimate the frequencies of rare ng-grams
by a small value, which depends on the expected increase
of the number of new ng-grams. When data are very
sparse, such an estimate is justified, since there is not much
difference between seeing a ng-gram a few times or not
seeing it at all.

3g-oram; | 39
2.86 3.14

perplexity

Table 3: Test set perplexity reduction. Two different
smoothing models are compared: 3g-gram; is trained by
the deleted estimation method; 3g-gram; is trained by the
equivalent redistribution method.

The proposed training approach compares satisfactorily to
other known methods. Table 3 gives the perplexity com-
putation results for two models being compared. The first
one uses linear interpolation smoothing by deleted estima-
tion [11], while the second uses the equivalent redistribu-
tion smoothing method. The test set perplexity on the 72
lexical categories, computed for our model was slightly
higher than the test set perplexity for the first one, since
our model tends to overrate rare occurrences of ng-grams.
However, we see the advantage of the equivalent redistri-
bution method in its stmplicity.

4. EXPERIMENTAL RESULTS

The efficiency of the 3g-gram language model was com-
paced to those of the 2g-gram model, the category-pair
model and the category-triplets model by their perplexities
and average branching factors, as given in Table 4. In the
case of the category-pair model and the category-triplets
model the frequencies of valid category-pairs, respectively
category-triplets are estimated and the average branching
factor was computed. We see that the perplexity reduction
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of the 3g-gram and the 2g-gram models over the simple
no-grammar model, where every lexical category is capa-
ble of being followed by every other lexical category in
the language, having perplexity 72, is significant.

Table 4: Comparison of four different language models by
their perplexities and average branching factors.

The entire recognition and understanding system is due to
be tested on a new Slovenian speech database (15 hrs of
speech, 896 vocabulary words), which is being recorded.
Here we give some preliminary experimental results of
sentence recognition, presented in Table 5. The 3g-gram
model was tested using three sets of sentences: the first
set was extracted from the training database: the language
model rated them with high probabilities; the second set
comprised word sequences with a missing word and lexi-
cal category sequences that were not included in the train-
ing database: the language model rated them lower than
sentences of the first set, but still superior to those of the
last set; the rest of the sentences were grammatically in-
correct: they received minimal probabilities.

4 4.88 E-05  prosil bi za informacijo.

5 253 E-04  kaks$nc so povezave zuerich rim.
5 2.15 E-04  ali leti finnair v genevo.

5 1.66 E-04 v torck tega meseca popoldne.
1 6.45 E-02 da.

4 5.57 E-05  oprostite nisem dobro razumel.
2 5.77 E-04  kaj predlagate.

3 130 E-03  kak$no povezavo prediagate.

4 229 E-03  ali je to mozZno.

4 413 B-05  ali lahko rezerviram karto.

5 494 E-06 je za 3tudente kaj popusta.

2 2.14 E-03  hvala lepa.

1 4.65 E-04  nasvidenje.

4 1.84 E-07  kdaj adria airways iz istanbula.
4 8.96 E-06  ali finnair v genevo.

7 7.19 E-19  ali dva dni &ez iz na brnik.

6 2.04 E-17  teden ali lahko urnik na kaj.

Table 5: Sentence hypotheses sets along with the proba-
bilities of being generated by the language model.

5. CONCLUSIONS

We found the 3g-gram model to be an appropriate filter
for obtaining grammatically well-formed word sequences,
before passing them over to a more exhaustive linguistic
analysis. The overall perplexity reduction over a simple
no-grammar model is significant.
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As a further extension of the lexical categories, we may
introduce syntactic-semantic categories, well adapted to
the specific recognition task. The equivalent redistribu-
tion smoothing method provides a simple way of training
the model on sparse data and compares satisfactorily to the
linear interpolation method.
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