CONVERSATIONAL SPEECH RECOGNITION USING ACOUSTIC AND ARTICULATORY

INPUT
Katrin Kirchhoff Gernot A. Fink, Gerhard Sagerer
Department of Electrical Engineering AG Angewandte Informatik
University of Washington Technische Fakuat"

215E EE/CS Building, Box 352500 Universitit Bielefeld, Germany

Seattle, Washington 98195-2500 Postfach 100 131, 33501 Bielefeld, Germany

katrin@isdl.ee.washington.edu {gernot,sageré@techfak.uni-bielefeld.de

ABSTRACT Classifers

The combination of multiple speech recognizers based on differ-

ent signal representations is increasingly attracting interest in the
speech community. In previous work we presented a hybrid speech /:I\
recognition system based on the combination of acoustic and ar-

. . . . . . g Featt . Combini
ticulatory information which achieved significant word error rate ‘*’*’ L —> :

reductions under highly noisy conditions on a small-vocabulary :
numbers recognition task. In this study we extend this approach :
to large-vocabulary conversational speech recognition using the

Gaussian mixture acoustic modeling paradigm. We demonstrate

that the articulatory input representation we propose contains in-

formation which is complementary to that provided by standard Figure 1: Structure of acoustic modeling component in the articu-
MFCC features, and that their combination can significantly re- |atory recognition system.

duce the word error rate on conversational speech. Various combi-

nation strategies (feature-level, state-level and word-level combi-

nation) are compared and evaluated. and 10db SNR), however, it showed significant improvements over
the acoustic baseline. The combination of the acoustic and the ar-
1. INTRODUCTION ticulatory system further reduced the word error rate in all cases.

In addition to targeting a limited recognition task, these experi-

The idea of combining multiple speech recognizers as a method ofMeNts were carried out exclusively within the hybrid HMM/ANN
achieving greater robustness in speech recognition is increasingly€cognition paradigm, i.e. both the first-level and the second-level
gaining popularity. An ensemble of recognizers with different classifiers in Flgyre_l were MuItl-_Layer-Pe_rceptron§ (MLPs). Fur-
characteristics (such as the use of different input representationsthermore, combination of acoustic and articulatory input was done
subword models or statistical modeling techniques) offers the po-Only at the HMM state level. Our goal was to extend our approach
tential of extracting complementary information from the speech (© @ different acoustic modeling paradigm, viz. the predominant
signal, thus enabling recognizers to compensate for each otherd>aussian mixture modeling paradigm, and to a more challenging
errors. In the past we have been investigated both articulatory"€cognition task, viz. conv_ersat_lonal speech recognition. In this
and acoustic speech features in order to identify potential com-Study we apply the acoustic-articulatory approach to the German
plementary representations. The articulatory features we propose/erbmobil database of spontaneous dialogues, using a semicon-
take the form of scores for pre-defined articulatory classes and ardinUous Gaussian mixture HMM system as the basic recognition
generated by a statistical classifiers trained to map sequences dfamework. In addition to investigating state-level combination
acoustic feature vectors to articulatory feature scores. In a second€chniques, we analyze word-level and feature-level combination
step these scores are passed to a higher-level combining classifieicheémes.

which produces likelihoods for subword units (phones) given the

vector of articulatory feature scores (Figure 1). Thus, the initial 2. CORPUSAND BASELINE RECOGNITION SYSTEMS
acoustic feature space is transformed into an articulatory feature

space, which is then used for the estimation of subword acous-The German Verbmobil corpus [8] is a collection of spontaneous
tic likelihoods. In previous work [6] this approach was applied dialogues within the domain of appointment scheduling. For the
to small-vocabulary continuous numbers recognition in a variety experiment reported here, approximately 30 hours of speech (13590
of acoustic environments (clean speech, reverberation, and pinkutterances) were used for training. The test set corresponds to that
noise). It was found that, when used in isolation, the performance of the official 1996 Verbmobil evaluations and comprises 41 min-
of the articulatory system was comparable to that of the acousticutes (343 utterances). The recognition lexicon contains 5333 en-
baseline system — under highly noisy conditions (pink noise at Odbtries; the bigram perplexity is 64.2.



[ Features | Values |
voicing +voice, -voice, silence
manner stop, vowel, lateral, nasal, fricative, silence
labial, coronal, palatal, velar
place glottal, high, mid, low, silence
front-back front, back, nil, silence
rounding +round, -round, nil, silence

Table 1: Articulatory features for German.

All experiments were carried out using a tied-mixture HMM-
based recognition system [2]. Acoustic modeling is based on a
globally shared vector quantization (VQ) codebook whose classes
aremodelled by Gaussian probability density functions (pdfs). Dif-
ferent HMM states are distinguished by different sets of mixture
weights for the codebook pdfs. The subword models are triphones
with a variable number of states, determined by the average du-
ration of their basephones. An automatic clustering procedure is
applied to reduce the initial set of triphones to asmaller set of tied
models. Decoding is done using an incremental, one-best stack
decoder which is based on a time-synchronous beam search. The
language model is a back-off bigram.

The acoustic baseline system uses 12 MFCC coefficients, en-
ergy, deltas and delta-deltas, resulting in a 39-dimensional feature
space. A simple channel adaptation is performed by cepstral mean
subtraction; no further speaker or noise adaptation is applied. The
VQ codebook contains 256 classes, each of which is modelled by
amean vector and afull covariance matrix. The number of distinct
triphone models resulting from the automatic clustering process is
2883. The recognition lexicon does not contain any pronuncia-
tion variants in addition to the phonetic baseforms. It should be
emphasized that a deliberately simple baseline system was cho-
sen in order to speed up the development of the articulatory and
the combined systems. The error rates obtained by this system are
naturally higher than the state-of-the-art results reported on this
task. Better results (below 20% word error rate) can be achieved
by increasing the codebook size and including further adaptation
modules; however, this requires extensive training and decoding
time.

The articulatory system uses the same basic preprocessing as
the acoustic baseline system. The MFCC feature vectors are then
passed to a set of five parallel MLPs, each of which represents an
articulatory subdimension. The output units of each MLP corre-
spond to the major categorical distinctions within each of these
dimensions. The specific articulatory categories (or articulatory
features) are shown in Table 1. The training labels for these MLPs
are derived from automatic phone labels which were converted to
articulatory feature labels based on a canonical, rule-based map-
ping table. The MLPs are three-layer networks and are trained
using backpropagation of the mean-squared error between the net-
work outputs and the target phone probabilities. The input layer
operates on awindow of nine frames and thus has 351 parameters
(9times 39). Based on our previous experiments [6] the number of
units in the hidden layer was set to 100; the output layer contains
between three (voicing) and nine (place) units; the overall dimen-
sionality of the articulatory feature space is 28. During training,
the softmax function is used as the activation function of the final
layer; however, when generating theinput datafor the second-level
classifier, a simple linear activation function is used. The reason

[System [ WER |
MFCC 29.03%
AF 30.47%

INS [ DEL | SUB |

1.83% | 8.32% | 19.16%
2.13% | 9.03% | 19.31%

Table 2: Word error rates (WER) obtained by the acoustic (MFCC)
and articulatory (AF) baseline systems.

for thisisthat the softmax function constrains the network output
valuesto liein theinterval [0,1] and to sum to 1; this createsadis-
tribution resembling that of abinary variable, which does not well
match the Gaussian modeling assumption embodied in the higher-
level classifier. The omission of the final softmax function does
not affect the ranking of the output classes; it merely changes the
numerical range of the output values. The number of classes in
the VQ codebook is 324; full covariance matrices are used. The
number of distinct triphone models is 3359. The baseline recogni-
tion results obtained by the two systems are shown in Table 2. The
word error rate of the MFCC system is lower than that of the AF
system by atotal of 1.44%, which is statistically significant.

Although the overall performance of the two systems was in
the same range, we noticed that approximately 60% of the errors
a the word level were different. Combination of both systems
therefore seemed promising.

3. STATE-LEVEL COMBINATION

An initial experiment was carried out using the same combina
tion technique as the one reported in our earlier work on hybrid
HMM/ANN recognizers, i.e. thelinear combination of phone acous-
tic likelihoods at the HMM state level. In the case of hybrid recog-
nition systems, this involved combining the posterior phone prob-
abilities output by the phone MLPs in the two different systems.
Combination was performed by means of the following rules:

e product rule

_ I, Plwxlxn)
Zf:l Hivzl P(wk |xn)

P(wk|X1,X2, ...,XN)
e sumrule
P(we|x1,x2, ..

N
1
xn) = 1 D Pl
n=1

e max rule

mazy, P(wk|xn)
Ele max, P(wg|xn)

P(wi|x1,X2,...,xN5) =

e minrule
ming, P(w|X»)

Ele ming, P(wk|Xn)

where x1, ..., x stand for the different input representations and
w1, ...,wk aretheclasses, inthis case HMM states. In the present
case of Gaussian mixture classifiers we use the same combination
rules but apply them to the acoustic likelihoods p(x|w) instead of
posterior probabilities p(w|x). Since the acoustic likelihoods have
different dynamic rangesin the different recognition systems, they

P(wi|x1,X2,...,xN5) =



Sysem [ WER | INS | DEL | SUB |

AF 30.47% | 2.13% | 9.03% | 19.31%
MFCC 29.03% | 1.83% | 8.32% | 19.16%
product || 27.65% | 2.75% | 6.53% | 18.38%
max 30.63% | 4.84% | 5.36% | 20.43%
min 28.73% | 2.59% | 6.94% | 19.20%
sum 31.98% | 4.24% | 5.09% | 21.65%

Table 3: Word error rates obtained by different linear probability
combination rules. Statistically significant WER reductions are
shown in boldface.

Figure 2: ROVER construction of word transition network

need to be normalized by p(x), which can be expressed as the the
sum of the acoustic likelihoods over al classes wy, ..., wk:

K
=3 pteken)
k=1

The word recognition results obtained by the various combination
rules are shown in Table 3. The lowest word error rate, 27.65%,
is produced by the product rule and represents a statistically sig-
nificant improvement compared to the better of the two baseline
systems.

4. WORD-LEVEL COMBINATION

Generally, recognizer hypotheses are more robust at higher lev-
els of the system because a wider temporal context is taken into
account. Thus, combination at the word level might be more ef-
fective than state-level combination. In order to combine word
recognition hypotheses we use a modified version of the ROVER
algorithm [3]. ROVER merges the best word sequences output by
different recognizers into a new word transition network by dy-
namic programming alignment. One word sequence is arbitrarily
chosen as the reference sequence and all other word sequences are
subsequently aligned with it. Words that have been aligned form
parallel paths in a word transition network (Figure 2). The re-
sulting network is then evaluated by a voting module, which, at
each node in the network, selects the best path based on simple
majority voting (i.e. choosing the most frequent word hypothesis)
or by taking into account the confidence scores associated with
the word hypotheses. When applying this scheme to our current
task, we found that certain problems were created by the dynamic
programming procedure. In particular, incorrect alignments were
produced in cases where a compound word in one system’s recog-
nition output corresponded to a sequence of component words in
the other system’s output. Since German exhibits a high degree of

compounding it was crucial to address this problem. Our modified
algorithm constructs the word transition network by aligning word
hypotheses according to their actual time stamps in order to en-
sure that parallel paths in the transition network represent genuine
aternatives covering the same temporal portion of the signal. For
rescoring the resulting word graph we use the normalized acous-
tic scores of the word hypotheses in combination with the bigram
scores associated with word pairs in the word transition network.
The best word error rate obtained by the modified ROV ER combi-
nation method was 27.97%, which was marginally worse than the
best result obtained by state-level combination.

5. FEATURE-LEVEL COMBINATION

Both state-level and word-level combination are computationally
expensive; it would therefore be more desirable to combine the
acoustic and articulatory representations at the feature level and to
build a single recognition system based on the combined feature
space. In order to obtain the best combination of features from
both the acoustic and the articulatory sets, we applied a feature
selection algorithm to identify the most discriminative subset of
acoustic and articulatory features. Wefirst trained a bootstrap sys-
tem based on the 65-dimensional feature space obtained by con-
catenating the acoustic and articulatory feature vectors. In order to
limit the developmental effort we used a simple system based on
a 256-class diagonal-covariance codebook. The acoustic models
of this system were then used for aligning a representative sub-
set of the training data (about 30%) at the HMM state level. We
then applied a feature selection algorithm which uses a backward
elimination procedure: at each iteration, all feature subsets created
by omitting one feature from the current set are evaluated with
respect to adiscriminative selection criterion; the subset that max-
imizesthat criterion is retained as the new feature set. The precise
algorithm is as follows:

1: initialize the a gorithm with the entire feature set F'

2. while the dimension d of F is larger than the desired dimen-

siondo
3. for dl subsets S;,i =1,2,...,d — 1 of sized — 1 do
4 evaluate selection criterion D( X, A;)
5 end for

6. set FF = S;, where S; isthe subset that maximizes D
7. end while

The selection criterion D(X, A;) isdefined as
D(X7 Al) =

To1 D loa(p(xalXin))

=1,
k#j

N
Z —log(p(xn|Xij)) +

2 |

where A; isthe set of acoustic models (in this case, mixtures of
Gaussians describing HMM state distributions) corresponding to
feature subset S;, X isthe set of acoustic feature vectors, IV isthe
number of frames in the data set and K is the number of models.
Furthermore, \; isassumed to be the correct model (as determined
by the automatic state labeling). Thus, the criterion computes the
average distance of the correct model to al incorrect models. The
models corresponding to feature subsets are constructed by sim-
ply deleting the feature dimension to be omitted from the mean
vector and covariance matrix. Feature selection was applied with



[System | WER | INS [ DEL | SUB |
MFCC 29.03% [ 1.83% | 8.32% | 19.16%
AF 30.47% | 2.13% | 9.03% | 19.31%
word-level || 27.97% | 2.30% | 7.25% | 18.43%
saelevdl || 27.65% | 2.75% | 6.53% | 18.38%
featurelevel | 28.90% | 2.11% | 8.09% | 18.70%

Table 4: Summary of word recognition results using various com-
bination techniques.

the goal of reducing the combined feature space to 39 dimensions.
Most of the articulatory features were discarded; only seven fea-
tures were retained, viz. labial, coronal, palatal, velar, fricative,
-round, back, and -voice. The MFCCs which were eliminated in
favor of these articulatory features are the first derivative of the
12th cepstral coefficient and the second derivatives of the 4th, 6th,
7th, 9th, 11th and 12th cepstral coefficients. The resulting 39-
dimensional feature set was used to train another recognition sys-
tem with a 256-class full-covariance codebook. The best word er-
ror rate obtained by this system was 28.90%. Table 4 summarizes
the results obtained by the various combination techniques.

6. SUMMARY AND DISCUSSION

In this paper we have presented various strategies for combining
speech recogni zers based on an acoustic and an articulatory repre-
sentation of the speech signal, respectively. We have demonstrated
that the different representations provide partially complementary
information about the signal and that this information can be use-
fully combined to reduce the word error rate.

Of the different combination schemes that were investigated
(feature-level, state-level and word-level combination), state-level
combination by linearly combining normalized acoustic likelihoods
yielded the best results. Furthermore, the product rule surpassed
the other linear combination rules (min, max, and sum rule) which
is consistent with results obtained elsewhere [9, 4, 5]. This may
appear surprising in view of the fact that the product rule assumes
the independence of the different input representations given the
class. A closer analysis of this phenomenon [7] showed that the
product rule enhances the discriminability between correct and in-
correct classes in the case of correct classifications while decreas-
ing discriminability in the case of incorrect classifications, which
positively affects the higher-level decoding process.

The reason why word-level combination did not outperform
state-level combination is that majority voting cannot be used for
the ROVER-type combination of only two systems. Therefore,
highly accurate word hypothesis scores are required in order to be
able to make the correct choice between competing paths in the
word transition network. In our case, these scores (normalized
acoustic word likelihoods) may not have been reliable enough. A
possible explanation why feature-level combination did not yield
better results may lie in the suboptimal feature selection method.
Sinceit isprohibitive to search all possible feature subsets exhaus-
tively, a heuristic search method was used which may eliminate
individual features or sets of features too early in the search pro-
cess, so that optimal combinations are never evaluated. For the
sole purpose of obtaining better recognition results, a more op-
timal 'selection’ technique such as Linear Discriminant Analysis
applied to the combined feature space could be used. However,

the primary goal of our analysis was to gain insight into the type
of information provided by the articulatory features in addition to
standard MFCC features. It is difficult to obtain this insight from
L DA featuressince the original interpretation of the individual fea-
ture space componentsislost in the LDA transform. The outcome
of the selection procedure is intuitively plausible: in the MFCC
feature set, the second-order derivatives seem to be the least rel-
evant features, which confirms earlier observations [1]. On the
other hand, the most relevant articul atory features seem to be those
which characterize the place of articulation of consonants, whichis
consistent with common phonetic knowledge. It seems likely that
the information relating to consonantal places of articulation is not
directly expressed by standard MFCCs and their derivatives but
needs to be represented by a more complex function of sequences
of MFCC feature vectors, which can be learned by a general func-
tion approximator such asan MLP.

In the future we intend to use rule extraction techniques to
express the functions encoded by trained articulatory MLPs in a
more explicit way in order to directly integrate them into standard
preprocessing algorithms.
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