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ABSTRACT

Based on a speaker—independent continuous
speech recognizer working with a conventional bi-
gram language model our approach integrates a fi-
nite state grammar into the recognition process. For
syntactically structured tasks this grammar is repre-
sented as bigram language model. Thus the imple-
mentation of the recognition process remains un-
changed.

We report the results of an evaiuation on a German
database consisting of 1500 strongly structured
commands. Test set perplexity is nearly halved and a
significant higher recognition rate is reached without
a notable delay in the recognition process.

1. INTRODUCTION

it is undoubtable for continuous speech recognition
that the integration of a finite state grammar into the
recognition process improves the recognition accu-
racy significantly. For all tasks where the definition of
such a grammar is possible, their integration into the
recognition process should be taken into account.

Our approach is based on a speaker—independent
continuous speech recognizer (for details see [1]
and [2] )) working with a conventional bigram lan-
guage model. For syntactically structured tasks the
finite state grammar is defined in the form of phrase
structures. These are declared using semantic word
categories such as weekdays or city names as non-
terminals. The phrase structures describe all al-
lowed sentences of the task.

Based on the phrase structures a word transition
graphis constructed. All of the information contained
in the word transition graph will be stored in a con-
ventional bigram language model. For this the occur-
ence of each word in the graph is made definite by
counting the occurences of each word and giving the
word that index (indexed words). This graphis stored
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in a bigram language model. The lexicon consists of
indexed words, thereby the lexicon size increases.

The implementation of the recognition process re-
mains unchanged. Since the finite state grammar is
integrated into a bigram language model, the gram-
mar is applied during the recognition process.

The technique with syntactical bigram language
model is called SYNBI.

2. PRINCIPLE OF THE SYNBI TECH-
NIQUE

The demand for integrating syntactical information
into the speech recognition process came from a
task with strongly structured commands. Our goal
was reduction of perplexity and a higher recognition
performance without any change in the recognition
implementation. Our approach uses a bigram lan-
guage model covering a fixed set of commands of
the actual task. The aliowed commands are first spe-
cified. The form how these commands have to be
specified is designed to minimize the expertise in
grammars and linguistics required by the user. Non-
terminals are semantic word categories, such as
weekdays or city names. Each phrase structure spe-
cified by the user represents a set of one or more ter-
minal phrases.

Example:

Nonterminals N1 =w3]w4
N2 =w3 [wd

phrase structures w1 [N1] wé
w2 N2 wi

(w1.. w6 referto words, [] refers to an optional part of
the phrase, [ to alternative words).

The phrase structures define the following
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terminal phrases : w1 w6; w1 w3 w6: wi w4 wé;

w2 w3 wi; w2 wb wi;

Based on the phrase structures a graph of the word
transitions is constructed, see Figure 1.

Figure 1: Word transitions based on the
phrase structures

@ refers to the start and the end of a sentence.
The phrase structures of Figure 1 lead to the follow-
ing word bigrams:

word successor words
@ wil w2

wi w3 w4 wé @
w2 w3 wh

w3 wil wé

w4 w6

wb wi

w6 @

The aim of our approach is to store the phrase struc-

ture in a bigram language model. Due to the fact that -

a conventional bigram only covers word pairs, most
of the information contained in the phrase structures
is lost. In order to keep all this information in SYNBI,
the occurences of each word in the graph have to be
made definite. For this the occurence of each word in
the graph is counted and the corresponding state is
given that index, see Figure 2.

Figure 2; Finite state automaton
representing the phrase structures
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All of the information contained in the finite state au-
tomaton of Figure 2 is also contained in the word
transition graph of Figure 3. E.g. the node w31 con-
tains implicitly the information that the transition
leading to that node must be labelled w3 (the node
name without the index).

@&@
(way)
(@) D ©
®® D

The bigram representation of Figure 3 is called
SYNBI, the words w1, w1, ... are called indexed
words.

word successor words
@ wiy w2,

wiy w31 wdq Wby

wis @

w24 w35 W54 w31 w64
w34 w64

w3> wis

w44 w64

w5 wis

w64 @

By the indexed words SYNBI covers exactly the lan-
guage produced by the phrase structures, no other
sentences are accepted. E.g. the phrase

w1 w3 wil w4 wé
is accepted by the bigram language model, since the
transitions @ —> wi

wil — w3

w3 — wi

wl—> w4

w4 — w6

w6 —> @
are allowed. The further information contained in
SYNBI results in a rejection of the phrase:

successor allowed

transition

candidates transition
@ —wl  wly wip @ — wiy
wly —>w3 w3, w3, wly —> w34

w3y —>wl  wiy wip no transitions allowed
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As soon as there are no more transitions allowed, the
phrase is rejected.

SYNBI allows the storage of N-grams with variable
N in a conventional bigram structure. SYNBI can be
used inthe HMM systemwithout any implementation
modification.

3. IMPLEMENTATION INTO THE HMM
SYSTEM

Due to the factthat we have indexed words, there are
more fexicon entries as for a conventional lexicon
(e.g. w31, w3z in the above example). Our lexicon is
represented in a tree structure. We don’t have one
chain of HMM’s for each word, i.e. words beginning
with the same subchain are represented only with
this single subchain of HMM’s, see Figure 4.

(For simplicity the words are represented as chain of
single phones.)

Figure 4: Lexicon tree containing indexed words
(W is the root of the tree)
Only the word indices are multiplied, so there is no
significant increase in the lexicon size with an in-
creasing number of indexed words and also no nota-
ble delay in the recognition process.

Using SYNBI technique, the recognizer’s output are
only correct sentences. Therefore a rejection crite-
rion is necessary for an acceptable system perfor-
mance. A threshold according to the length—normal-
ized probability of the recognized sentence is a reli-
able score for rejecting uncertain decisions.

4. EXPERIMENTS AND RESULTS

The application consists of commands describing
the controlof 3 different functions. 450 different Ger-
man words are used, 62 000 different sentences are
described by the phrase structures.

These sentences are used to train the most restric-
ted form of a bigram language model, a 0/1 model,
i.e. the transitions are either allowed or not allowed
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(LM_1).

The graph of the allowed word transitions is transfor-
med to a SYNBI word transition graph and is stored
in the SYNBI language model. The vocabulary con-
sists of 2200 indexed words (LM_2).

The test set consists of 1500 sentences. Test setper-
plexity is calculated as proposed by Salim Roucos
(see [3]). For the case of a deterministic finite state
grammar, where a word sequence wy ... W, is either
accepted or rejected as a legal sentence of the lan-
guage, an assumption about the value of the condi-
tional probablity

Q wilwih)

is made: all the legal words that can follow a partial
word string are equally likely. The average per word
log probability K is given by

= -1/n Zlogz [Q w|wih)]

The test set perplexity of a set of sentences is defi-
ned as
L=2K

Using SYNBI the test set perplexity is nearly halved,
it is reduced from 31 (LM_1) to 16 (LM_2).

Furthermore we carried out experiments with a
speaker—independent continuous speech recogni-
zer. In an experiment with the 1500 test set senten-
ces we obtained a sentence recognition rate (best
sentence on the top) of 50.1% without any language
model, 87.3% with LM_1 and 90.6% with LM_2, see
Figure 5. Rejecting approximately 10% of the sen-
tences (5% being correct and 5% being false) the re-
cognition rate with the bigram language model is
92.7%, with SYNBI 96.7%, see Figure 5.

recognition
rate in %

100
90
80
70
60
50

[ ]

no LM bigram SYNBI LM

g no rejection
rejection

Figure 5: Recognition rate with different LM’s
(with and without rejection)
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That means, with SYNBI and a rejection rate of about
10% of the sentences, only 3.3% of the sentences
are misclassified and not rejected.

5. CONCLUSIONS

There is increasing interest in the modeling of long—
distance dependencies between words in speech.
Several approaches use probability estimates com-
bined with a grammar (see [4], [5], [6]), leaving the
lexicon unchanged. Others model phrases or idioms
as additional lexicon entries, see [7], [8].

The approach presented here integrates a finite
state grammar into the recognition process without
any modifications of the implementation of the rec-
ognition process. The integration is done by trans-
forming the finite state grammar into a bigram lan-
guage model with indexed words. The lexicon size
increases due to the word indices. Since our lexicon
is stored as tree, the increase is not significant, the
phonetic description for all indexed words belonging
to one "original word” is the same. Therefore there is
no notable delay in the recognition process.

We performed experiments on an application con-
trolling 3 different functions. Test set perplexity is
nearly halved and a significant higher recognition
rate is achieved.

The experiments presented in this paper were based
on a full coverage grammar of the task. The prob-
lems arising with this very restricted form of recogni-
tion like unknown words or bad formed phrases are
well known. Since our approach is not only suited to
model whole sentences of a structured task, but also
to model sentence units like time or date, a full cover-
age grammaris not a precondition for SYNBI. SYNBI
allows the modelling of long~distance dependencies
betweenwords; this is reached storing N-grams with
variable N in a bigram language model. Further work
will concentrate on the combination of the SYNBI
language model with a conventional N-gram lan-
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guage model. Long distance dependencies between
words will be covered by SYNBI, the other parts of
the sentences either by statistically based N—grams
for the regular vocabulary (continuous speech rec-
ognition) or by statistically based N—grams for syl-
lables (phrase spotting, see [9]).
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