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Abstract. We study the role of sizes of neural networks (NNs) in TRAP (Tempo-
RAl Patterns) and HATS (Hidden Activation TRAPS architecture) probabilistic
features extraction. The question of sufficient size of band NN is linked with the
question whether the Merger is able to compensate for lower accuracy of band
NNs. For both architectures, the performance increases with increasing size of
Merger NN. For TRAP architecture, it was observed, that increasing band NN
size over some value has not further positive effect on final performance. The sit-
uation is different when HATS architecture is employed — increasing size of band
NNs has mostly negative effect on final performance. This is caused by merger
not being able to efficiently exploit the information hidden in its input with in-
creased size. The solution is proposed in form of bottle-neck NN which allows
for arbitrary size output.

1 Introduction

The neural network (NN) based features are gaining more and more importance in
today’s ASR systems. Their era started more than a decade ago by introducing the
TANDEM approach [[1]], where outputs of one classifier were treated as features for the
second classifier. The first classifier is a Neural Network (NN) (or a structure of several
NNys) trained to classify phonetically motivated classes and its outputs are estimates of
class probabilities. The second classifier is a standard GMM-HMM system. As proba-
bilities do not have the desired Gaussian distribution, they were usually processed by
logarithm and decorrelated by Principal Component Analysis. The resulting features
are called probabilistic features.

The TRAP (TempoRAI Pattern) feature extraction was one of the first employed
in TANDEM scheme [2l3]. TRAP features are derived from long temporal context
(up to 1s) of primary features, mostly outputs of Mel-filter bank critical band ener-
gies (CRBE). The temporal evolution of energy in one critical band forms TRAP vec-
tor. This TRAP vector is converged into phoneme probability estimates by its own NN
(band NN). This is done for all coefficients/bands. Outputs from all band NNs are con-
catenated into one vector and, after logarithm nonlinearity, form input to Merger NN.
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Merger NN combines all band-conditioned estimates into one final set of probability
estimates.

The performance of probabilistic features in the ASR system is closely tied (although
the direct relation does not exists) to the classification accuracy reached by NN during
the training. Thus the improvements of probabilistic features were focused on reaching
higher classification accuracy of the NN. In the context of TRAP, several proposals
addressing different stages of the processing were made. Different ways of TRAP vector
extraction were for example addressed in [415]]. Processing of several TRAP vectors by
one band-NN was evaluated in [6/7]. Different structures of band NNs and Merger were
studied in [8]. Finally, one can always play with increasing the NN size [9].

As there is always the question “What happens, if you make the NN bigger?” we
would like to address the last point in our analysis. There are two kinds of NNs in
TRAP processing - band NNs and Merger and so the analysis can be split into two
parts:

— Changing the size of band NN and keeping Merger size constant can tell what
classification accuracy can be reached by band NN and how it influences the final
accuracy of the Merger. The minimum sufficient size of band NNs can be found in
this way.

— Altering Mergers size while keeping the band NNs constant can show how the
classification accuracy change having the same input, e.g. what is the maximum
accuracy one can reach with given band-NNs accuracy.

Finally, it would be possible to tell to what extent is the merger able to compensate
the lower classification accuracy of band NNs and to find optimal sizes of NNs in the
architecture.

The effect of altering NNs sizes is not observed only on classification accuracies but
also on Word Error Rate (WER) of Large Vocabulary Continuous Speech Recognition
(LVCSR) systems on meeting speech recognition as defined by NIST RT’07 speech-to-
text evaluations.

2 Probabilistic Features

Ideally, we would like such features, that have maximum mutual information between
the feature vector x and the class @); they belong to. It has been shown, that maximizing
the aposteriori probability of class maximizes also the mutual information I(x, Q;),
under the condition that all classes @;,7 = 1... K are equally likely [10].

An ideal feature extraction should be able to reduce the error to its theoretical limit
given by Bayes’ error [11]. For K class problem, the Bayes classifier compares apos-
teriori probabilities of vector x : p(x|@;) for all classes and classifies x to the class
with maximum aposteriori probability. Since aposteriori probabilities are not linearly

independent, as
K

> p(xIQi) =1, (1)
i=1
only K — 1 probabilistic features would be the ideal set of features which would give
the Bayes’ error.
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To estimate class aposteriori probabilities, the discriminative connectionist model —
artificial neural network (NN) — is used. This model learns the transform of the input
vector X to aposteriori probability directly from the data.

The discriminative training of the model focuses on the boundary between the classes
where the differences are magnified, whereas the details in the “middle” of the class are
rather minimized. This transformation makes the resulting probabilistic features more
separable. This issue was discussed in [[1]].

3 System Description

The recognition task is meeting speech recognition as defined by the NIST RT’07 STT
evaluations. The independent head set microphone (IHM) condition with reference seg-
mentation was used in our experiments.

The Critical Band Energies (CRBE) are computed from 25ms of speech every
10ms. The speech signal is sampled at 16 KHz and there are 23 filters in the filter-bank
analysis. CRBE are subject to mean and variance normalization on speaker basis.

Post-processing of Mergers output consists of logarithm and Heteroscedastic Lin-
ear Discriminant Analysis (HLDA) decorrelation and dimensionality reduction to 30
dimensions. The HLDA treats every state of corresponding HMM model as class.

The Recognition system is based on AMI-LVCSR used in NIST RT’07 evalua-
tion [[12] which is quite complex system running in many passes. For these experiments,
the process stopped after the first decoding pass and estimation of VTLN warping fac-
tor. The system was simplified by omitting the constrained MLLR adaptation and lattice
generation followed by four-gram Language Model (LM) expansion. Full decoding us-
ing bi-gram LM was done instead. The LM scale factor and the word insertion penalty
estimated on RT’05 were used here.

The training set consists of the complete NIST, ISL, AMI and ICSI meeting data
— about 180 hours. The NN were trained on subset of 173 hours. The transcription for
NN training were obtained by forced alignment of training data using enhanced PLP
features [12]].

The features used in recognition system are the post-processed outputs from Merger
only. Although delta parameters or concatenation with cepstral features improve the
performance, for the purpose of our analysis, it is better to use only outputs from the
system under evaluation.

3.1 TRAP/HATS Neural Network Architectures

The concept of TRAP architecture was given in Sec. [T} a more detailed description
follows. The length of TRAP vector is 51 frames which covers 0.5 second of speech
signal. There are 23 band-NNs which are trained towards 45 phoneme classes including
silence. All used NNs have three layers. The scheme is shown in Fig.[1l

The Hidden Activation TRAPS architecture (HATS) further improved the perfor-
mance of resulting probabilistic features [[13]]. As the name suggests, the outputs of band
NN hidden neurons (after sigmoid nonlinearity) are taken to create inputs for Merger.
The logarithm between the first stage outputs and second stage inputs is omitted.
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Fig. 1. Scheme of basic TRAP architecture

Table 1. Frame cross-validation accuracy of 6" band NN [%)]

Total band NNs weights 100K 200K 500K 1M 2M
neurons in hidden layer 45 90 226 452 904
cross-validation acc 27.7 29.0 30.1  30.7 323

The numbers of weights assigned to band NNs (sum of weights in all band NNi)
were 100K 200K 500K 1M and 2M. The numbers of weights in merger were 1M 1.5M
2M and 3M.

4 Experimental Results and Discussion

First, the frame accuracy on cross-validation datd] of 6t" band NN is shown together
with number of NN hidden units in Tab. [[l The classification accuracy increases with
increasing number of weights in NN.

Next, Mergers with different numbers of weights are trained on each set of band
NNs. The respective cross-validation accuracies are given in left part of Tab.[2l Then,
the LVCSR system is trained on probabilistic features from each Merger and WERs are
obtained. See right part of Tab.

The following observations are made from these results:

— the system performance increases with increasing size of the Merger

— increasing band NNs size over 200 K weights does not further increase the perfor-
mance

— the best system is not the biggest one

These observations suggest that higher classification accuracies of band NNs either
cannot be utilized by the Merger, or are not necessary because the Merger is able to
obtain the information by combining all band NNs outputs. In both cases, it would be
interesting to find out where the band NNs improvements come from. We focused on
this issue in the following section.

The HATS architecture was also evaluated. Note that the number of inputs to HATS
Merger is changing with changing size of band NNs and thus the number of Mergers

!'10% of training data on which the NN is not trained which serves for measuring of improve-
ments and early stopping of NN training.
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Table 2. The Merger Cross-Validation frame accuracies and LVCSR WERs [%]

Cross-Validation frame accuracies [%] LVCSR WER [%]
band Merger weights /hidden units band Merger weights /hidden units
NNs IM I5M 2M 3M NNs IM 15M 2M 3M
weights 925 1388 1851 2777 weights 925 1388 1851 2777
100K 633 641 645 655 100K 397 390 38.8 382
200K 642 651 656 663 200K 39.0 385 383 377
500K 640 656 655 66.5 500K 392 38.6 389 379
IM 646 655 660 663 IM 396 385 384 382
2M 645 652 657 662 2M 397 389 384 382

Table 3. The Merger Cross-Validation frame accuracies and LVCSR WERs [%]

Cross-Validation frame accuracies [%] LVCSR WER [%]
band NNs Merger weights band NNs Merger weights
weights 1M [15M 2M 3M weights IM 15M 2M 3M
100K 65.1 66.1 667 67.5 100K 376 374 368 36.7
200K 639 652 66.0 67.0 200K 38.7 375 37.1 36.6

hidden units is different for every experiment. The HATS Merger’s hidden layer sizes
are the same as for TRAP Merger’s for 100 K weights in band NN and roughly half for
200K weights in band NNs. The HATS Merger cross-validation accuracies and WERs
are given in Tab.

The performance of HATS systems is also increasing with increasing size of Merger
NN. On the other hand, increasing the size of band classifiers has negative effect on
the performance of the whole system - only the architecture accommodating the largest
Merger was able to provide comparable performance to a system with smaller band
NNsl] This shows that the HATS Merger was overloaded by increased number of in-
puts. Although these inputs carry more information which was able to improve TRAP
systems, it cannot be utilized by HATS Merger and, contrary, more inputs seems to
bring larger confusion and impair the overall performance.

4.1 Detailed Analysis

This section is focused on the band NN accuracies. Tab. [ gives the classification accu-
racies of the 6! band NN. The accuracies of band NN in all bands are shown in Fig.[2l
It can be seen, that the classification increases in all bands with increasing NN size, so
stagnation in Mergers accuracy cannot be assigned to the degradation of NNs in other
bands.

The following analysis was focused on classification accuracy of individual classes
by one band NN — 6" band was used. The cross-validation data were used for this
analysis. The percentage of correctly classified frames per individual class are shown

2 Further experiments with larger band NNs were not performed as stagnation was observed for
TRAP architecture and degradation for HATS.
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Fig. 4. Average value of corresponding NN output for given class [%] — 6" band

in Fig. 3l In the next step, the average value of output corresponding to given class was
computed over all input vectors labeled as given class, see Fig. [l

For both analysis can be seen that increased size of band classifier increased classi-
fication accuracies/average output value for almost all classes. The exception are band
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NN of size 2M weights which seems to perform significantly better for some classes
and have worse performance for others. Overall can be said that the patterns are about
the same.

5 Conclusions

In this study we have investigated the role of NN size in TRAP/HATS probabilistic fea-
ture extraction scheme. This investigation covers both parts of the processing — band
NNs and Merger. The band NNs creates some kind of filter which let only particular
information to Merger. If the information is lost here, Merger will not be able to achieve
high classification accuracy. Thus it is important to use band NNs of such size, which
will preserve all necessary information. The Mergers task is to combine particular prob-
ability estimates into final ones. It thus has to have enough power to perform this task.

The results obtained on TRAP architecture shows that the system performance in-
creases with both, band NN size and Merger size. But the enlargement of band NNs
over some size does not have further positive effect, the performance saturates. The
increased size of the merger can compensate for poor band NNs performance to some
extent. But the cost in terms of used weights is much higher compared to what is added
to band NNs. Over all, it can be said that having more parameters in band NNs does not
hurt and leads to good system performance.

Unfortunately, this cannot be said for HATS architecture. Although much better per-
formance was obtained by this architecture when band NNs with 100K weights were
used, increasing size of band NN did not improve the performance. Contrary, degrada-
tion was mostly seen and only the architecture with largest merger gained comparable
results. Why the improvement seen for TRAP systems is not observed when HATS ar-
chitecture is used instead? We know, that useful information is contained in activation
outputs of larger band NNs, but giving it directly to Merger is not the right way to
present it. The HATS system seems to benefit from compact information on Mergers
input. From this point of view, the tuning of HATS system in [[14] might be question-
able, but the authors did not provide the NN sizes to give us a clue where their operation
point is. It can be recommended to prefer smaller band NNs when designing the HATS
architecture and to validate the designed architecture experimentally.

It would be beneficial to present compact information to the Merger regardless the size
of band NNs. Such solution have been already proposed in the form of bottle-neck NN
structure [[15]). It effectively separates the output size from other parameters of the NN
such as number of classes (which is fixed in TRAP architecture) and size of the NN. The
possible problem with this approach lies in usage of five-layer NN. It might be difficult to
train more complex NN on evolution of just one parameter (a single critical band energy)
and also proper setting of sizes of all layers would be more complicated. Nevertheless,
this approach seems to be another step in TRAP/HATS feature extraction techniques.
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