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Abstract. Traditional approaches to lower computational requirements in
automatic speech recognition systems include the use of progressive search
siratepies and beam-search techmiques. In this paper we propose a novel
strategy based on the use of neural metworks to cary out estimation lasks
related 1o the reduction of the scarch space in both isolated word (IWR) and
continuous speech recognition (CSR) systems. In the [WE case, a hypothesis
module gencrales a list of candidate words to be forwarded w the verification
stage. A neural network is in charge of deciding the size of the search space to
be faced by the wverification stage. The main achievement has been a
statistically significant relative decrease in inclusion ermor rate of 33.33%, while
wetting a relative decrease in average computational demands of up 1o 19.40%
In the CSE case, we propose the use of a neural network to sutomatically
estimate, in a frame-by-frame basis, the beam-search widih o be used. In this
case, the neural network based stratepy has proved to be comparable to the use
of an empirically estimated fixed beam width.

1 Imiroduction

Computational demands arc one of the main faclors 1o take nto account when
designing systems supposed to operate in real-time, cspecially when talking about
public information services using the telephone network. Telephone information
service providers are demanding systems and algorithms that allow them to increase
the number of active recognizers to run in dedicated hardware, to be able to
significantly decrease production costs.

According 1o this scenario, most of the rescarch work aimed at lowering
computational requirements has been centered in search space pruning lechniques,
usually based in beamn scarch techniques applied to the state level [1]. We can also
refer to alternative proposals for scarch-space reduction in HMM based systems, such
as the one described in [2], based 1 the detection of state change points, and oriented
Lo Torced alignment algorithms in speaker verification tasks.
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In addition to the beam-search strategy, state of the art systems are usually based in
some form of progressive search [3], whereby successively more detailed (and
computationally expensive) knowledge sources are brought to bear on the recognition
search as the hypothesis space is narrowed down. This approach is a generalization of
the hypothesis-verification paradigm, with several cascaded stages. In hypothesis-
verification systems, the main concern is reducing the hypothesized search space as
much as possible, and this is not an casy task, especially when low detailed acoustic
models are used i the preselection stage,

Qur proposal is focused in two directions: offering an altermative strategy  for
esimating beam-search widths in 2 spontaneous speech recognition task and reducing
the search space generated by a hypothesis module in an isolated word recognition
task. The common ground for both ideas is the use of the hypothesis-verification
paradigm in the speech recognition systems, and the use of neural nctworks (NNs) as
an estimation tool. The NN will be in charge of dynamically limitin 2 the search space
{on a per-utterance or a frame-by-frame basis) using any available system parameter.

2 Experimental setup

2.1 Speech Recognition Systems

Both the Isolated Word (IWR) and the Continuous Speech Recognition (CSR)
systems are based on the hypothesis-verification paradigm,

In the TWR system [4], the hypothesis module follows a bottorn-up approach in
which a phonetic string build up algorithm (using context independent semicontinuos
HMMs) is followed by a lexical access stage. The verification module is based on the
Viterbi algorithm, using context-dependent HMMs. The latter receives a list of
candidate words (sorted according to their likelihoods) gencrated by the hypothesis
module and generates the final recognition result.

In the CSR system [5], the hypothesis module uses an integrated search approach
combining context dependent continuous HMMS and bigram LM. It gencrates a word
graph to be further rescored by the verification module. A refined heam-search
slrategy based on the use of two beam widths is used, and further optimization is
achieved by means of an on-demand Gaussian values cvaluation. In the current
version, graph rescoring is based on additional information stored in a trigram
lanpuage model,

2.2 Databases and dictionaries

In the IWR experiments, we have used a subset of the VESTEL database [6],
composed of 9,790 utterances. VESTEL is a realistic speaker-independent speech
corpus collected over commercial telephone lines, Cross-validation is applicd hy
means of a leave-10%-out strategy, in order to increase the statistical significance of
the results. For each of the 10 sub-experiments, 80% of the database is devoted to
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raining, 10% to development, and 10% to evaluation. The task dictionary is
composed of 10,000 words.

In our CSR expeniments, we have used a subset of the INVOCA database that was
designed to support rescarch and development in spontaneous speech recognition
systems in air traffic control tasks. INVOCA contains spontancous conversations
between air traffic controllers and aurplane pilots in the Madrid-Barajas (MAD)
amport [5]. Our results will be based on the evaluation of the clearances subser,
composed of 8.9 hours of recorded conversations (5,011 utterances), using 8 hours
(4,588 utterances) for trmining and 0.9 hours (503 utterances) for testing, with a task
dictionary composed of 994 words. Cross-validation 1s applied by means of a leave-
33%-out strategy (3 sub-cxperiments). The word graph is penerated by an n-hest
scarch strategy
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Fig. 1. Architecture for estimating PLL in the IWR sk

3. Search space reduction strategy

3.1 Search space reduction in the I'WR task

In the IWR system, our approach will be based on using a NN 1o estimate, on a per-
utterance basis, the size of the List of candidate words (let us call it ‘preselection list')
that the hypothesis module forward to the verification stage (Figure 1). The
traditional approach in these cases 1s using a fixed presclection list length ( from now
on, PLL for short), estimated according to the results obtuined during system
development so that a minimum error rate is achieved.

If we lower the average PLL, the computational demands of the overall system
would be lower. Thus, the evaluation will be based in calculating the reduction in
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average PLL (which we will refer to as average effort) and the relative impact in
inclusion error rate.

In previous experiments, we verified that the room for improvement in
compulational demands in the [WR task was high, as the use of a fixed PLL while
demanding a high inclusion rate lead to 2 very large PLL value. For example, for a
requirement of 2% inclusion error rate, the average wasted effort is close to 94% (i.e.,
on average, 94% of the words in the preselection lists should not be needed if we
knew the optimal PLL to be used).

In addition to that, if the neural network estimation is accurale enough, we could
even get improvements in the inclusion error rate, and this actually happens in the
experiments desceribed below.,
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Fig. 2. Architecture for estimating BSW in the CSR 1ask

Regarding the available input features for the NN, we designed an inventory of 56
features that can be classified in three broad classes;

U Direct parameters: Obtained from the characteristics of the acoustic
ulterance or the preselection process: number of frames, phonetic string
length, acoustic score, etc.

U Derived parameters: Calculated from the previous ones applying different
types of nonmalization schemes {(by number of frames, phonetic string
length, cic.)

O Lexical Access Statistical Parameters: Averages and standard deviations
calculated over the lexical access costs distribution, for different PLLs,

3.2 Search space reduction in the CSR task

In the CSR system, our approach will be based on using a NN to estimate, on a
frame-by-frame basis, the beam-scarch width (from now on, BSW for short) to be
used in the one-pass search pruning (Figure 2). The traditional approach m these
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cascs is using a fixed BSW (although histogram-based beam search pruning have also
been proposed in the literature, but based on histogram calculations [71), estimated
according to the results obtained during system development so that a mininum error
rate 15 achieved,

If we lower the percentage of the full search space visited during the OnC-pass
algorithm caleulations., the computational demands of the overall system would be,
again, lower. Thus, the key factor in this case s calculating the relative reduction in
visited search space and the relative impact in WER.

In previous experiments measuring the exact BSW 1o be used in order to ensure
minimum WER (by forced alignment and calculation, on a frame by frame basis, of
the difference between the score calculated by dynamic programming and the score of
the correct path), we found that the room for improvement was very low. In the third
column of table 1 we show the minimum WER achievable if we knew in advance the
exact minimum (optimal) BSW to use. and the percentage of the visiled search space
with this BSW. If we compare these values with the ones caleulated by empincally
estimating the empirical BSW (sccond column in tzhle 1), we can see that we are Very
close to the optimal results, so that our proposal may not be successful in this respect,

Table 1. Comparison between using cxact and empirically calculated BSW

[ Empirical BsW Exact BSW
F WER ' 12.8% 11.5%
| % Search space 16.7% 16.2%

. |

In the CSR task, the design of the input feature set was similar to the IWR case,
with differences due to the different characteristics of the algorithms used in the
hypothesis modules. The input feature set design considered three classes:

9 Direct parameters: Time index of the current frame and likelihood SCOTES (n-
best likelihood scores).

U Derived parameters: Caleulated from the Previous ones applying a
normalization by the time index of the current frame.

O Differences of acoustic scores: The differences of scores among the ones in
the n-hest list, and their normalized values (dividing by the time index of the
current frame)

In this initial version we did not include other possible features related to the LM
{back off behavior or LM score, such as in [8]), as we were maimly mterested 1o
evaluating the potential of our proposal with a simple experimental setup.

4. Using NNs for search space reduction

4.1 NNs topology and in put feature coding

In all our experiments we used a multi layer perceptron, with a single hidden layer
and sigmoidal activation functions, )

The input coding schemes we tested include both single and mulliple inputs per
mpul feature;
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O For the single-input per parameter case, we evaluated no coding (raw data
input), lincarly scaling, standard z-score normalization, optional data
clipping, ete.

< For the multiple-input per parameter case, we evaluated using a uniform and
non-uniform distributed linear mappings.

4.2 Feature selection

In order to select the most discriminative features for our task, we used an adapted
version of the greedy algorithm [9]. Initially, this procedure was designed as follows:

1. The feature set is initialized as empty.

2. Inevery iteration, feature ensembles are gencrated adding every pending
feature to the existing set.

3. Experiments with variable number of epochs are performed for every
feature ensemble,

4. The feature ensemble achieving the highest reduction in error rate for the
optimal number of epochs is sclected as the new feature set for the next
iteration.

3. Continue with step 2 1f the error rate improves.

Initial evaluation showed that the computational complexity of step 3 15 huge, so
that we simplified the process as follows:

L In steps 3 and 4 we select the 8 feature ensembles which lead to the best
results using a training procedure with the optimal number of epochs found
in the previous iteration.

U Before step 5 we carry out experiments to determine the optimal number of
cpochs for each of the 8 best ensembles and we finally select the ensemble
with the highest reduction in preselection error rate.

With this approach, a set of 4 features was selected as the optimum in the [WR
task (related to the standard deviation of the lexical access costs, the normalized
acoustic score from the phonetic string build up module and the phonetic siring
length) and 4 features also in the CSR task (time frame, normalized acoustic score
from the one-pass algorithm and differences between different scores in the n-hest list
per frame).

4.3 NN estimation in the IWR task: setup strategy

In the IWR case, our objective was directly estimating the PLL to be used.
Preliminary experiments showed that using multiple output neurons was the better
approach, as each output neuron could encode PLL values in a better way. Regarding
output coding, using a uniformly distributed lincar mapping function lead to very bad
results, as only the first few neurons are activated during training, as most utlerances
are recognized for the first few candidates in the preselection list. The NN training
setup stralegy followed these two ideas:
U Every output neuron k (k=1..N} is defined to represent a different PLL range
(PLLs from lowerSegmentLength(k) 1o upperSegmentLength(k)), leading to
the task formulated as a classification problem.
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O The PLL ranges that every output neuron represents are trained with a
criterion that aims to get, when possible, a uniform number of training
samples for all of them, in order w avoid data sparseness during training.

We also tested differemt altermatives regarding NN outpul post-processing and
finally verified that the best one was hased in equation (1):

®
PLL = Z upperSegmentLengthlh ) act(k)+ fThresh ()
]

Where act() 15 the activation value for the & outpul neuron and fxThresh is a fixed
threshold automatically estimated during the NN training phase. The rationale for this
approach is based on the fact that, given certain premises, NN outputs can be
interpreted as class posterior probabilities, so that all output neurons have something
to say regarding the estimated PLL.

4.4 NN estimation in the CSR task: setup strategy

In the USSR case, our objective was directly estimating the BSW to be used.

Gettmg 1o a working NN estimation system was much more difficult in the CSR
task, mainly due to the [act that the achievable improvements were mucho more
limited than in the IWR case, as mentioned above, A lot of prelimmary
experimentation was carried out in order to validate a suitable approximation to the
design of the BSW estimation. From this experimentation, we verified that using a
single oputput neuron and estimating the BSW with equation (2) lead to the best
results:

BSW = fiThresh + act(k)* prThresh (2]

Where act(k) 1s the activation value for the & output neuron and feThresh and
prThresh are fixed thresholds empirically estimated dunng the system development
phase.

5. Experimental results

5.1 Evaluation in the VESTEL I'WR task

In the baseline experiment using fixed PLLs, we calculated the inclusion error rate
achieved for every possible length of the preselection list. The inclusion error rate is
obtained assuming a recognized word is within the first K candidates (K equals the
PLL) proposed by the hypothesis module. Our requirement regarding inclusion rate
was achieving a value under 2%. Taking into account previous experiments, we
established the baseline system as the one that used exactly 1000 candidates for the
fixed PLL (10% of dictionary size), which lead to an inclusion error rate of 1.72%. So
our target will be achieving at least similar performance (1.72% error rate) while,
reducing the average PLL (which equals to the average hypothesized search space
size, thus lowering the computational demands for the whole system), as we will use
variable PLLs estimated using a neural network (NN,

t]
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In Table | we show a comparison of the results obtained by the baseline system
(fixed PLL) and the one using a NN as a per-utterance PLL estimator {with 95%
confidence intervals),

A it can be clearly seen, the relative improvement in inclusion error rate has a
significant value of 33.7%, whule the average effort also decreases

Table 2. Evaluation resulis in the I'WR task

_ Fixed PLL NN based PLL
Inclusion error rate | 1.72% + 026% | 1.14% +  021%
| Average effort 1000 806 |
| relative A error (%) : -33. 7%
relative A effort (%) - - -19.4%

5.2 Evaluation in the INVOCA CSR task

The baseline results were caleulated using a fixed BSW, caleulated empirically during
system development. Minimum achicvable WER was 13,10%. with the scarch
process visiting 14.3% of the full search space

In Table 2 we show a comparison of the results obtained by the baseline system
and the one using a NN as a per-utterance PLL estimator (with 95% confidence
intervals),

As 1t can be seen, we get a relative (and not statistically significant) improvement
in WER of 0.4%, while increasing the visited search around 3.5%.

Unfortunately, our NN based approach has not been able to achieve results that
autperform the traditional strategy of using empirically estimated (fixed) BSWs.
Nevertheless, the methodology employed is general enough to be considered for any
speech recognition task, and this is the main advantage of the NN based approach.

Table 3. Evaluation results in the CSR task

Fixed BSW NN based BSW
i WER 13.00% = 082% | 13.05% =  081%
| % of Search Space  143% 14.8%
relative A error (%) - 1 0w
relative A search (%) i 3.5%

6. Conclusions and future work

In this paper we have proposed a novel strategy based on the use of neural networks
as eflicient wols in order to carry out estimation tasks related to the reduction of the
scarch space in both isolated word (IWR) and continuous speech recognition (CSR)
systems. Our proposal is to dynamically calculate parameters related to the
hypothesized search space, using neural networks as the estimation module and
designing the input feature set with a careful greedy-based sclection approach.
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In the IWR casc, a hypothesis module generates a list of candidate words 1o be
forwarded to the venification stage. A neural network 15 in charge of, on a per-
ptierance basis, deciding the siee of this hist, which roughly represents the search
space 1o be faced by the venfication stage. The main achievemen! has been a
statistically sigmificant relative decrease in error rate of 33.53%, while getung a
relative decrease in average computational demands of up to 19.40%

[n the CSR case, we have proposed the use a neural network o automatically
estimale, in a frame-by-frame basis, the beam-search width to be used in a one-pass
synchronous beam scarch algorithm. In this case, the NN based strategy has proved to
be comparable to the use of fixed wadth, but unable o outperform 1t

In both tasks, the computational impact of the NN calculations 15 negligible when
compared to the overall runtime of the preselection stage (under 0.01% of the total
runtime )

We are currently working in extending the mput feature set to be used in the CSR
task, and mtegrating this methodology in a confidence estimation framework for
speech understanding tasks.
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