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ABSTRACT

In this paper we present a system to translate speech into
its semantic representation. The system consists of a
semantic model, a representation of each semantic unit
and phone HMM. All the models of the basic system are
infered automatically from samples. However, some
improvements are achieved if a keyword list is provided
to the inference algorithm of the semantic units. The
system decodes correctly 85.5% of the semantic units.
60.0% of the sentences are transcribed exactly as the
reference labels.

1. INTRODUCTION

Speech understanding is one of the final goals of the
speech recognition research in order to provide a friendly
man/machine interface. Last decade, some works have
appeared which try to solve this final problem for
semantically constrained applications.

Different schemes have been proposed. The most direct is
the sequential scheme. Speech is decoded in words by a
recognizer and the output feeds an understanding system
designed using natural language processing techniques.
The main problem is that recognizers are not perfect and
it is difficult to adapt the understanding system to deal
with the corrupted data produced. Hence, the system
usually sends the "not understood” message. One
solution proposed is to use generalized recognizers which
give not only the best sequence of words, but the n-best
sequences. The understanding system tries to understand
the list of sequences until an acceptable one is found.
The problem with the n-best paradigm is that different
hypotheses share usually the same meaning with high
redundancy between hypotheses. Another point is that
the recognizer performance could be improved if more
information was present in recognition. If a sentence has
not sense in an application it should not be considered
during recognition. This is the reason why systems have
appeared where the recognition and the understanding
parts are integrated. However, the integration of two
complex systems results in a much more complex one,
leading to a search which could not be afforded.
Furthermore, the understanding part should be able to
score the candidates so that the different kinds of
constrains could be properly combined. Consequently
only a few of such systems have been proposed.
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Recently in [1] and [2] a different approach has been
proposed. It consists on defining an intermediate
semantic language (/SL) which is sequential with the
input. The final interpretation should be done from a
transcription in this semantic language. Being sequential
with the input sentence, the constrains of this language
can be easily integrated with the recognition system.
Furthermore, if a n-best decoder had to be used, different
hypotheses would have different meaning and a small »
could be used.

Two years ago, the "Universidad Politécnica de Valencia"
and the "Universitat Politécnica de Catalunya” began a
research project called "Recognition of Speech in
semantically constrained domains”. The selected domain
consists in the understanding of queries to a database’
with information about Spanish geography. The
phonetic corpus of the Albayzin [3] database was to be
used as training data and the subset of the task corpus [3]
known as MINIGEO would be used to test the system.
The "Universidad Politécnica de Valencia" defined an
intermediate semantic language and labelled one thousand
sentences according to this language [1]. Furthermore, as
the language is sequential with the input, words or
phrases were assigned to each semantic unit. This paper
shows the system developed by our laboratory and the
results which have been obtained.

The paper is organized as follows. An overview of the
system is presented on next section. Afterwards, section
IIT describes the available training and the test data.
Section IV describes in detail the different knowledge
sources and present the results. The paper ends remarking
the most important conclusions.

2. SYSTEM OVERVIEW

As it has been mentioned in the introduction the purpose
of this work is to translate speech into a sequence of
units from the intermediate semantic language (/SL).
From a top-down point of view the first thing is to build
a model which represents as better as possible the ISL.

The only category of grammars which can be inferred
from positive samples are stochastic regular grammars.
Furthermore, as regular grammars can be represented as
stochastic finite state automata (SFSA) this
representation can be easily integrated with the other
parts in the search algorithm. These are the main reasons
why we have chosen this formalism. However, even for
a regular grammar, 1000 positive data are not enough to
infer the grammar. Thus, some a priori model has to be
chosen. We have used n-grams which have been
successfully used for different speech recognition
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problems. n-grams assume that the probability of a
symbol only depends on the last n-1 symbols so the
total number of parameters to be estimated is greatly
reduced.

Once an appropriated formalism to represent the ISLM
has been chosen, the next step is to model each one of
the semantic units. The first idea would be to learn them
directly from speech. However we don’t have training
data to estimate such models. Moreover, this
representation would be very inefficient because many
different phrases and words ¢an be used for each semantic
unit. Therefore, almost all the sounds would be modelled
by all the semantic units being topology the main
difference. Thus, intermediate units must be chosen.

Words are not a good option as intermediate units
because we have few written text to infer which words
appear on each semantic unit and how they are related.
On the other hand, some relevant words share the same
roots being the root more important thant the word. For
instance the semantic unit of the Aragén province can be
referenced as " de Aragén”, "aragonesa”, "aragonés”, etc,
depending on the situation. For these reasons, as in [1],
phone like units have been used. In section 4.2, different
alternatives are proposed to represent each semantic unit
as a function of phones.

Finally, phones are represented by hidden Markov models
(HMM).

The architecture of the system can be view as a network
which integrates the three information sources described:
language model, semantic unit models and phone
models. This approach assumes that there is not
interrclation between the different levels of information:
the semantic units are assumed to be said in the same
way independently of the semantic context and no
coarticulation between phones is modelled.

In this work, different procedures are used to evaluate
cach part of the system in order to optimice the overall
system. The grammar which models the ISL is evaluated
using the perplexity on the test-set. Although this
measure does not take into account similarities between
units, it gives a first idea of the quality of the model and
allows a fast optimization of some parameters. As
concern to the modelling of the semantic units, test set
perplexity cannot be used because the training data is
very sparse. Different aproaches for this level have been
evaluated by means of a recognition system which is fed
by the correct phonetic transcription of the test
sentences. The system outputs the semantic decoded
sentence which is compared with the correct semantic
transcription. Finally, the whole system is evaluated in a
similar way but with speech as input.

3. DATABASES

This section describes the available databases. Some
parameters of the models which will be evaluated in next
section partly depend ‘'on the quantity of training data.
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3.1. Speech Data

As it has been said in the introduction this work was
defined taking as bases the phonetic and the application
corpora of Albayzin [3]. Unfortunately, at the time this
paper is written the speech data of this corpus have not
been released. However, last year our group recorded the
EUROM.1 database in Spanish [4] and recently, the
necessary test sentences which are the test sentences of
the subtask corpus of Albayzin (MINIGEO).

HMM parameters are estimated from the training set of
the AEUROM.1 databasc as defined in [5] from
EUROM.1. This set consist on 842 phonetically
balanced sentences from 43 speakers. The test sentences
consist on 200 different sentences uttered by 12 speaker
with a total number of 600 utterances.

3.2. Text data

The text data consist of 1000 sentences labelled in the
ISL, some sequences of words associated to each
semantic unit, which have been extracted from these
1000 sentences and it also contains the 200 Albayzin
sentences along with their semantic transcription.

4. EXPERIMENTS AND RESULTS

In this section different approaches to model each
information source are presented and evaluated: first the
model of the ISL, afterwards the model of each semantic
unit and finally the integration of the whole system.

4.1. Semantic model

The ISL is represented by means of a n-gram. In order to
have a more reliable estimation, the n-gram is smoothed
using the back-off method. It can be thought that 900
sentences are not enough to train even a bigram.
However it should be noted that the number of semantic
units is small, around 100, being most of them instances
of entities such as river or number, Therefore values of #
larger than 2 can be tried.

In order to choose the best span £ of the n-gram we have
caiculated the test set perplexity in the following way:
900 sentences have randomly been taken for training and
the perplexity of the other 100 sentences has been
calculated; this has been repeated 10 times. Table I
shows the average of these 10 times as a function of .
For each value, it shows the perplexity calculated on the
TRaining data (900 sentences) in the TEst data (100
sentences) and also for the 200 different sentences of
ALBAyzin. As can been seen, the semantic used in the
Albayzin sentences is a little different of that of the 1000
sentences.

n 1 2 3 4
# nodes 92 92 525 1404
Perp. TR 19.80 5.96 3.63 3.33
Perp. TE 21.52 6.64 4.52 4.48
Perp. ALBA  22.13 7.74 5.36 5.25

Table I. Perplexity and number of nodes of n-grams as a
function of a.
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One problem which we have found is that sometimes
instances of semantic units are let out of the training data
giving an infinity perplexity on the test set. For solving
that we force to all the instances of provinces, scas,
rivers and different kind of measures (length, volume,
etc) to have at least a minimum probability.

On the other hand, some instances of the main entities
appear few times. Therefore, a more reliable estimation
can be obtained if these instances are grouped in semantic
classes. The probability of one instance is the
probability of the class in a given context times the
probability of the instance given the class. The
perplexity obtained is showed in table II.

n 1 2 3 4

# nodes 95 95 799 2482
Perp. TR 19.88 6.26 3.87 3.69
Perp. TE 21.59 6.70 4.39 4.25
Perp. Alba 22.22 7.36 4.78 4.67

Table II. Perplexity and number of nodes of n-grams using
semantic classes.

The n-gram is represented as an stochastic finite state
automaton (SFSA). If all the n-grams were present on
the training the number of states of the SFSA would be
around Ln‘l, being L the number of semantic units.
However, this number can be much smaller when some
sequences of symbols do not appear in the training. For
instance, if the back-off method is used to smooth the
probabilities and the sequence of words wi_n41, --..Wj-1,
wi-1, does not appear on the training data, then the
probability p(wi/ Win+1, --..Wi-2, Wi.1) is backed off to
p(Wi/ Win+2, ..-Wi-2, Wi-1). Therefore, there is not need
of a state labelled wj.p41, ... Wj-2, Wi.1. First rows of
table I and IT show the number of nodes as a function of
n, which is far from being exponential.

Furthermore if a beam-search algorithm is used the
relation between the total number of nodes and the
number of explored nodes is not obvious. If a complex
model is used, the recognition performance usually
improves. Therefore, the number of pruned nodes is
usually higher than the number of pruned nodes with a
simpler model. Last but not least, if the maximum
number of nodes explored is fixed, the recognition time
does not depends of the model complexity. The
recognition result is a trade off between the errors related
with the model and the errores due to the prune.

A trigram with semantic classes would be used in the
rest of the work. These model gives a perplexity of 4,78
over the Albayzin sentences.

4.2. Semantic Units

In this section several approaches to model the semantic
units will be proposed and evaluated. To evaluate the
different proposals the correct phonetic transcription will
be semantically decoded using the model of the language
and the models of the units. Afterwards, the results will
be compared with the correct semantic transcription.
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4.2.1. Phone n-grams

Ags it has been discussed on section 2, the first approach
consist on expressing each semantic unit as a function of
phones. The number of available examples for each
semantic unit is very small’ ranging from 3 to 50
examples per unit. With so little samples a tree
representation would lack of generalization. Therefore,
the first idea is to train a n-gram of phones for each

" semantic unit. The smoothing of the n-gram should

provide the needad generalization.

Under this poor training conditions, unigrams could
seem the best option, but some words appear frequently
in some semantic units, for instance "rio" (river) in the
semantic unit "ENT_River" or "Valencia” and
"valenciana” in the unit "COM.Valencia". So, n-grams
with different spans have been tried in order to capture
these regularities. However experiments have shown that
not much improvement is gained for » larger than three.
Surely, the training is too small to obtain reliable
estimations. The results obtained for n =2 and n = 3 are
shown in first and seconds rows of table III. There,
%correct, %insertions, %deletions and %substitutions
stand for the relation between the different events (at the
semantic level) and the summation of corrects,
insertions, deletions and substitutions.

4.2.2. Phone graph.

The semantic units which have less training data are the
instances of entities: names of provinces, rivers,
numbers, etc. Furthermore, the way these units are said
seems very regular. Therefore, the second approach
consists on modelling these units by a phone graph.
Then, in this units no generalization is allowed in order
to avoid some substitution errors. The units which not
correspond to instances of entities are modelled using
phone trigrams as in the first approach. As it can be seen
in the third row of table III the error has not decreased.
Although some substitution errors have disappeared,
some units are deleted. Therefore, even for the concrete
case which we are dealing with, an automatic method
which allows generalization is preferred.

4.2.3. Keywords.

The confusion matrix of the experiments of the first
approaches show that some frequent errors appear. For
instance, some times "SEA.Mediterrdneo”. is recognized
instead of "ENT_River". The reason is that phones that
appear in the word "rio” (/r1/ /if fo/ in SAMPA notation)
also appear in the word "Mediterrdneo” (/fm/ /e/ /D/ /i/ /t/
/el It/ fa/ /n/ fef Jof) and small span values of n miss the
structure. To reduce this kind of errors we have defined
the alphabet of the SFSA’s including keywords as well
as phones. Keywords are chosen to be frequent words or
stems which appear in some semantic units (rio, bafia).
For each semantic unit a trigram is estimated from
sequences of phones and keywords. The improvement
obtained with this method is shown in last row of table
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III. These models achieve the best results and are used in
_the next section with the whole system.

name Jcor. % sus. %ins. %del.
2-gram 93.8 2.5 2.0 1.7
3-gram 94.8 2.0 2.0 1.3
phone graph 94.8 1.5 2.0 1.6
keywords 95.4 1.1 1.9 1.6

Table III. Semantic decoding results for different models of
the semantic units. The input is the phonetic transcription.

4.3. Integrated System

In this section we present the results which have been
obtained when the system is used to decode speech into
its scmantic representation. From the results obtained in
the above sections a trigram with classes of semantic
units are used to model the semantic language and
trigrams of phones and keywords are used to represent

each semantic unit. The phones are modelled by speaker’

independent discrete /MM based on the mel-cepstrum
coefficients, its first differences and the energy difference.
If the test sentences are phonetically decoded with these
models an accuracy of 57.6% is achieved. This accuracy
ranges from 50.7 to 62.8 depending on the speaker.

The search of the best sequence of semantic units given
the speech utterance is performed using the Viterbi
algorithm. This algorithm finds the minimum cost
sequence of nodes in a graph where each node represent 1)
a state of the language automaton, 2) a phone of the
semantic unit representation and 3) a state of a HMM
phone. In general the transition cost function between
nodes ny and ny is the following:

C (ny, np ) =fo (ny, n2) + f3 (n3, m) + f (ny, mp)
where

fo: transition cost between HMM states

f1: transition cost between phones in a semantic unit

fy: transition cost between states of the semantic

language.

f1/fp can be 0 if ny and ny belong to the same phone/
semantic unit.
As first approximation fj could be the logarithm of the
transition probability. However, in order to equalize the
dynamic ranges of the f; functions, these values have to
be appropriately weighted. On the other hand, if no
weighting is used, the recognition results give a very
small value of insertions. The weighting reduces even
more the insertion rate but the deletion and the
substitution rate increases very much. Therefore the f;
functions have been redefined as follows:

£ (n1, n2) = mj log( p(n, ng) ) + 5

Tke m; and s; values have been adjusted in some
preliminary experiments with a few sentences. A good
choice of these values are the following: mo =mq = 10;
s2=81=-4 (mg=1;s9=0).

In order to limit the search time a beam-search algorithm
has been used. The beam has been defined by the
conjunction of a threshold over the optimum path and a
maximum number of nodes (4096). Furthermore, in
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order to reduce the memory requirements the different
information sources are kept separately without using a
compilated network.

The results obtained are shown in table IV. The correct
percentadge range from 77% to 91% depending on the
speaker. However the acoustic decoding results are not
very related with the semantic decoding results. For
instance, the speaker which gives the second worst
acoustic decoding results gives the best semantic
decoding results. We think that the 50 sentences per
speaker are not enough to have realiable results.

Jocor. % sus. %ins. %del. %sentences
86.3 6.3 3.0 4.4 60.0

Table IV. Semantic decoding of speech.

This experiment has been carried out with different
weighting of the f; functions giving a similar global
performance but with important differences for each

speaker.

Last column of table IV shows the percentadge of
sentences which are semantically correct. This figure is
obtained matching the translated sentence and a reference.
As the same meaning can be expresed in several ways the
real semantic result would be somewhat better.

5. CONCLUSIONS

In this paper we have presented an approach to ranslate
speech into its semantic representation. It achieves
90.6% of correct semantic units. Semantic units are the
least trained part of the system. In fact, most of the
errors occur when the way that semantics units were
uttered are not present on the training data. Currently
experiments are being performed were the number of
examples is greatly increased. This procedure will be
used on the future for the complete task of the Albayzin
application database.
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