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ABSTRACT

Multiple-pass search strategies are a necessary choice
to reduce the computational cost and memory re-
quirements of large vocabulary speech recognition
systems uisng different kinds or complex modelling
of speech and language. In the N-best approach
the most efficient knowledge sources (usually acoustic
models and a bi/trigram language model) are used
first to select a short list (N-best) of alternative hy-
potheses. Then, the remaining more complex knowl-
edge sources are used to rescore the sequences. In
this paper we propose a new algorithm to overcome
the problems associated with the simple ” Traceback-
Based” N-best algorithm while conserving its simplic-
ity and low computational cost.

1 INTRODUCTION

This paper presents a new N-best search algorithm
based on the combination of two well-known tech-
niques in continuous speech recognition: grammars
that impose a restriction in the length (number of
words) of the recognized sequence [3] and the stan-
dard traceback-based N-best algorithm [4, 5, 7]

Multiple-pass search strategies are a common
choice to reduce the computational cost and mem-
ory requirements of large-vocabulary speech recogni-
tion systems [7]. In the N-best approach the most
efficient knowledge sources (usually acoustic models
and a bi/trigram language model) are used first to
select a short list (N-best) of alternative hypothe-
ses. Then, the remaining more complex knowledge
sources (long-distance relations between words, lan-
guage understanding models, valid telephone or credit
card numbers, prosody, ...) are used to rescore and
reorder the N-best hypotheses with a reasonable com-
putational effort.

Even if we assume different hypotheses have signif-
icantly different scores, the exact N-best algorithm is
of little practical interest because of its computational
cost. Therefore, several approximate algorithms have
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been developed. The simplest and least expensive al-
gorithm for finding the N-best hypotheses is one that
simply uses the traceback information of the standard
one-pass algorithm [1, 2, 6]. The traceback-based N-
best algorithm requires almost no extra computation
respect to the standard one-pass algorithm. However,
in selecting the N-best hypotheses it usually misses or
underestimates high scored ones.

The traceback-based N-best algorithm only keeps
one path within a word and multiple hypotheses are
considered only in the transitions between words. Hy-
potheses of different length as ”"one two three” and
”one three” are never simultaneously consider by the
traceback-based N-best algorithm even if both have
almost the same probability and we consider a large
number of hypotheses. Several approaches of com-
promise between the exact N-best and the traceback-
based algorithm have been proposed in the literature
to solve that problem. However the proposed algo-
rithms usually represent a significant increase in the
computational cost or memory requirements respect
to the basic algorithm.

The approach proposed in this paper combines the
traceback-based N-best algorithm with the length re-
striction imposed by a simple grammar to force the
inclusion of sequences of different length in the se-
lected list of word sequences. These kind of gram-
mars are usual in tasks as connected digit recognition
in which the expected number of digits may be forced
by a finite-state grammar. Since multiple insertions
or deletions are not probable, the grammar is usually
simplified to consider sequences of length Kn +m for
any n, where K has a small fixed value and m ranges
from 0 to K — 1.

In the results presented here we have considered
values of K in the range from 1 to 5, in combination
with the traceback-based N-best algorithm with up
to 200 hypotheses per sentence.

The following section give more details about the
proposed algorithm. Then, we present the results ob-
tained in two different tasks: the recognition of con-
nected digits and the recognition of numbers.



2 EXTENDED TRACEBACK-BASED
N-BEST ALGORITHM

The simplest and least expensive algorithm for ob-
taining multiple hypotheses was first proposed in
[4, 5] as a modification of the one-pass algorithm. As
in the standard one-pass algorithm, in this N-best al-
gorithm we only keep one theory at each word state.
However, at each grammar node, the traceback infor-
mation is extended to store not only the index and
score of the best scoring word, but also the indexes
and scores of the n best-scoring words. At the end of
the sequence, the saved traceback information is used
to recursively generate the N best answers.

This modification supposes a negligible increase in
the computational cost above the standard one-pass
algorithm. However, this simplicity is also the cause
of one important drawback. Since this traceback-
based algorithm keeps only one theory a each state, it
systematically misses some high scoring hypotheses.

For example, let us consider a simple task as con-
nected digit recognition. If the best hypothesis is
”one three”, the standard traceback-based algorithm
will not be able to generate other hypotheses begin-
ning with the word ”"one” and ending with the word
”three”. That is, even if the sentence ”one two three”
has almost the same probability, it will never appear
in the list of the n best generated hypotheses. This
is because we keep only one copy of each word state.
There is only one best beginning time for the ending
word ”three”, and only one best ending time for the
first word ”one”.

In the proposed extension of the standard algo-
rithm, this problem is solved with the addition of a
grammar that forces the consideration of sequences of
different length in the N-best search. Figure 1 shows
the 3-state grammar that considers sequences of 3n-+1¢
words at each node ¢, for any arbritary n.

In general, the proposed N-Best algorithm adds a
grammar of K states to the traceback-based N-best
algorithm for connected word recognition. This sim-
ple grammar forces the consideration of different lists
of hypotheses at each of the K nodes. In the imple-
mentation of the proposed algorithm considered here,
the extended N-Best algorithm will keep a separate
list with the N-best word sequences of length nK +i at
each grammar node i . At the end of the sequence, we
will select the only N-Best global hypotheses among
the total K« N hypotheses stored in all the grammar
nodes.

The proposed algorithm multiplies by K the search
space, since it keeps a different word state theory at
each grammar node. However, in practice, the pro-
posed algorithm does not usually represent a signif-
icant increase in the total computational cost if we
include a pruning technique as the beam search in
our search.

If the following section we show how the proposed

extended N-best algorithm may be useful in some
recognition tasks. We will also include results com-
paring the performance and computational cost of
the proposed algorithm with respect to the standard
(K = 1) N-best algorithm for connected word recog-
nition.

3 RESULTS

Several recognition experiments were conducted in or-
der to evaluate the performance of the proposed N-
best algorithm. In this paper we present the results
obtained in two simple tasks: connected digit and
number recognition..

The parameters that defines the common sections
of the recognizer are the following:

- Sampling Frequency: 8000 samples/s

- Window size: 30 ms.

- Window displacement: 10 ms.

- Parameterization: 14 MFCC coefficients with cep-
stral liftering and 20 bank filters. Real-time cepstral
mean substraction.

- Delta frames: 2

- Acceleration frames: 1

3.1 Task 1. Connected digit recognition

In this first experiment, we consider the recognition
of digit strings using whole word models for the ten
Spanish digits plus a model of the silence/noise. To
train the HMM models of the digits we use part of the
SpeechDat [9] Spanish Fixed Network Corpus, while
for testing we considered a different database with
1200 digit strings of different lengths.

Here, we studied the cumulative percent of correct
strings as a function of the number N of hypotheses
and the number K of grammar states. The results
are of direct interest for applications where the list of
valid digit strings is restricted to a finite set, or the
strings include some kind of error-detecting or error-
correcting codification.

Figure 2 shows the percent of correct strings that
were missing in the generated N-best sequences for
different number of grammar nodes, K =1, K = 2
and K = 5. The results for K = 2 and K = 5
shows a clear improvement with respect to the stan-
dard traceback-based N-best algorithm (K = 1) if we
consider a large number of hypotheses. In this exper-
iment, we have 11 words models (10 digits + noise)
in parallel in each node of the grammar. Since we
consider the model of the silence in parallel with the
models of the digits, there is no direct relation be-
tween the grammar node and the number of digits in
the hyphoteses, i.e., we can have sequence with zero,
one or more silence 'words’. In fact, most of the hy-
photeses only differ in the number and/or position of
the silence 'words’.

Figure 3 compares the number of seconds required
to process the test database, as a function of the num-
ber of grammar states and the number of hypotheses.



For K = 2, the total computational cost is similar to
the cost of the standard algorithm (K = 1).

3.2 Task 2. Recognition of numbers

In this experiment, we studied the recogniton of
large currency money amounts (greater than one mil-
lion). As baseline we considered a simple connected
word recognition system without any kind of gram-
mar (number generation grammar or n-gram mod-
els). The vocabulary consisted of 70 words (uno, dos,
tres, veintiuno, veintidos, treinta, treinta y, cien, do-
scientos, mil, un millén, pesetas, ...) created from
demiphone models [8]. The demiphone models were
trained using part of the phonetically-rich sentences
of the SpeechDat database. The 625 numbers of test
were selected from the same database.

For this task, we studied if the grammar-free recog-
nition system was able to provide the correct an-
swer, and if the correct answer was the first hypoth-
esis grammatically correct. This grammar-free sys-
tem was intentionally too simple to provide results
of practical interest in any case. The purpose of the
experiment was just to study the behaviour of the
different algorithms.

The results of the baseline system (N =1, K =1)
as well as the results obtained with the standard and
the extended traceback-based algorithm N-best are
presented in table 1. We considered that the recog-
nizer was providing a correct answer when the first
hyphotesis corresponding to a single grammatically-
correct number was correct. If this first number was
not correct we had an error. If the recognizer did
not provided any grammatically-correct number, we
considered the sentence as rejected.

N K correct errors rejected

1 1 260 74 291
10 1 340 124 161
10 2 332 109 184

100 1 360 187 78
100 2 368 166 91

Table 1. Comparison of the results obtained
by the baseline system (N = 1,K = 1),
the standard traceback-based N_Best algo-
rithm (N > 1, K = 1), and the proposed
algorithm (K = 2). A number is rejected
if the recognizer is does not generate a
grammatically-correct hypothesis.

The results indicates that the proposed N-Best al-
gorithm with K = 2 reduces the number of incorrect
recognized number from 124 (K = 1) to 109, when
we consider the first 10 hypotheses, (N = 10). We
can also observe that increasing the number of hy-
photeses from 10 to 100 produced much more wrong
hypotheses

4 CONCLUSIONS

This paper studied the combination of two well-
known techniques in speech recognition: grammars
that impose a restriction in the length (number of
words) of the recognized sequence and the traceback-
based N-best algorithm. The proposed algorithm al-
leviates the problems of the standard traceback-based
N-best algorithm, while keeping its simplicity.

The results in tasks as recognition of digit strings
and numbers from the Spanish SpeechDat Database
[9] indicates that the proposed algorithm is a good
choice for real-time applications. The algorithm
has been already selected for commercially available
speech recognition systems and applications.
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Figure 1: Grammar network generating connected word strings of different length
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Figure 2: Comparison of the percent of missed correct digit strings as a function of the number of grammar nodes
k and the number of computed hypotheses.
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Figure 3: Comparison of the computational cost of the proposed algorithm as a function of the number of
grammar nodes k and the number of computed hypotheses (Task 1).



