Eurospeech.1995-401

4

) |

10.214:

ISCA Archive

http://www.isca-speech.org/archive

4™ Eyropean Conference on
Speech Communication and Technology
EUROSPEECH 95
Madrid, Spain, September 18-21, 1995

LARGE VOCABULARY SPEAKER-INDEPENDENT CONTINUOUS SPEECH RECOGNITION
WITH A NEW HYBRID SYSTEM BASED ON MMI-NEURAL NETWORKS

G.Rigoll, Ch.Neukirchen, J.Rottland

e-mail: {rigoll,chn,rottland}@ fb9-ti.uni-duisburg.de
Gerhard-Mercator-University Duisburg
Faculty of Electrical Engineering
Department of Computer Science
D-47057 Duisburg, GERMANY

ABSTRACT

This paper presents a new hybrid system for speaker
independent continuous speech recognition in a large
vocabulary task. The hybrid system is a combination of
context dependent discrete Hidden Markov Models and
artificial neural networks that are trained by an information
theory based algorithm. This algorithm maximizes the
Mutual Information (MMI) between the network output and
the phone descriptions by applying a self-organizing
learning approach instead of forcing constrained network
outputs. Recognition results have shown that the new
hybrid system outperforms a classical k-means-VQ-based
HMM-system. For the speaker independent DARPA
Resource Management (RM) task (perplexity 60) we report
a decrease in word recognition error rate up to 35% (close to
the best continuous pdf systems).

1. INTRODUCTION

Research during recent years has shown that Hidden Markov
Models (HMMs) are the most successful approach for the
recognition of speaker-independent continuous speech
(e.g. see [1]). By using context dependent HMMs, very
high recognition accuracies have been achieved also in
large vocabulary tasks. The main goal in training such kind
of system is to model the statistical distribution of the
acoustic features either by discrete or by continuous
parameter pdfs.

In parallel to these State-of-the-Art systems there are some
speech recognizers purely based on artificial neural
networks (NN) for more limited recognition tasks. They
take benefit of the well studied training methods and
discrimination capabilities of connectionist systems for
static frame recognition problems. But these neural
systems often fail in problems with high dynamic patterns;
e.g. in large vocabulary speaker independent continuous
speech recognition tasks most HMM-based systems usually
achieve higher recognition accuracies than purely NN-based
speech recognizers.

In the past few years there has been a lot of effort in
research to build hybrid speech recognizers by combining
HMM and NN techniques. These approaches attempt to get a
superior system by extracting the advantages of both
philosophies, HMM and NN. To interpret a hybrid speech
recognizer there are two points of view: i) the NN
recognizer is extended by an HMM to improve the
dynamical capabilities of the NN, ii) an NN that is able to
discriminate the features is added to an HMM based system
as an additional acoustic processor.
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There are at least two possible ways to combine HMMs and
NNs to form a hybrid speech recognition system: The most
popular way is to use the NN as a probability estimator for
an HMM. RBFs, MLPs and recurrent networks (see [2] and
[3]) have been already applied successfully to large
vocabulary speech recognition tasks by estimating the
acoustic feature pdfs without any constraints to parametric
models (e.g. gaussian mixtures). Another approach to build
a hybrid system is to use NNs as vector quantizers (VQ) to
map the acoustic feature vectors on discrete output labels
(e.g. see [4]). The statistic distributions of these VQ labels
are modelled by using HMMs with discrete output pdfs.

In the next sections we give an overview and recognition
results of our hybrid speech recognition system that
follows the second way of the different hybrid approaches
mentioned above. The system combines context dependent
discrete pdf HMMs and a novel NN paradigm to be able to
recognize speaker-independent continuous speech in the
large vocabulary Resource Management (RM) task. We use
NNs as VQ that are trained by an information theory based
algorithm that tries to maximize the mutual information
(MMI) between the NN output labels and the phone labels.
It can be demonstrated (see [5]) that such a training results
in a VQ that is very well suited for the combination with
HMMs.

2. MMI-NN BASED VECTOR
QUANTIZATION

2.1. Discrete output HMM systems

Most recent speech recognition work is focused on
continuous-density HMMs (e.g. Gaussian mixtures), which
have shown a clear performance advantage in recognition
accuracy over discrete HMM systems. But a lot of the
current realtime speech recognizers still use discrete HMMs
because of their CPU time effectiveness due to simple
probability calculations. In such kind of discrete
observation system the acoustic feature vectors extracted
from the speech signal are mapped on discrete labels via a
fixed number of codebook prototype vectors. For codebook
construction there are some different unsupervised
algorithms, e.g. k-means or LBG, to partition the feature
space. These algorithms uvsually try to optimize some
minimum distortion criteria on the training data vectors. A
VQ uses the resulting codebook clusters to generate discrete
labels by applying a simple nearest prototype (cluster
center) rule. In a speech recognition system the statistic
distribution of the VQ-labels are then processed by the
following HMMs. Figure 1 gives an overview on a discrete
output probability HMM speech recognition system.
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Fig. 1: Overview of a discrete HMM system with vector quantizer

2.2. An information theory based VQ criterion

The recognition performamce of a discrete pdf HMM speech
recognizer can be easily increased by construction of a
hybrid system replacing the VQ by an NN. One major
drawback of the discrete VQ based systems, as described
above, is the independence of codebook generation and
HMM training, i.e. the feature space is divided in clusters
without any knowledge about the phonetic transcriptions
of training vectors. Considering this drawback one cannot
expect that the VQ and the HMMs will be adjusted in an
optimized way and recognition performance of the
combined system will be suboptimal. An improvement of
the recognition accuracy by adjusting the VQ can be
achieved, when there is additional information (e.g. phone
transcriptions of feature vectors) in the codebook
generation process.

A suitable means to describe the quality of a VQ in a speech
recognition framework is to consider the value of the
mutual information I(W,Y) (see [5]). Here W denotes the
stream of phone labels (assigned to each feature vector),
and Y denotes the label stream produced by the VQ.

The value of the mutual information I(W.,Y) between the
stream of phones W (containing the phones w;) and the
stream of VQ-labels Y (containing the labels y,) is
calculated by:

I(W,Y)= H(W)— H(WIY)
==Y pw)-1dpw)+ D Y p(wp,y,) 1 p(w;ly, )
w w v

For a relatively simple speech recognition task (see [5]), it
has already been demonstrated, that the use of an MMI
neural network as VQ leads to considerable improvements
compared to a discrete system based on a standard k-means
VQ. The main goal of the research project presented in this
paper is to transfer these conclusions to a difficult
recognition task using the RM database.

2.3. An MMI-Neural Network as labeler

To replace the VQ by an NN that is trained in order to
produce a high I(W)Y) appears very promising
considering the facts given above. Applying such an NN
instead of a VQ improves the acoustic processing module of
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the speech recognition system by including additional
discriminative power.

A very suitable NN paradigm is the MMI (maximum mutual
information)-Neural Network based on an information
theory learning algorithm (see [5]). The MMI-NN is a one-
layer neural network similar to an LVQ topology. There is
full connectivity between all input nodes and all output
nodes of the network. Each connection is associated with a
weight w, . Network input is the current acoustic feature

vector x. The activation f; of the k-th output node is

given by the Euklidean distance between input activation
and the corresponding NN-weights:

S =2 0o
!

The output node with the lowest activation determines the
NN-output label y, (see Fig. 2).

This kind of NN topology has the advantage of being
flexible in output layer size C, i.e. number of different
output labels. So there is no limitation on very small
codebook sizes, as in other MLP based hybrid systems
when output layer size is limited by the number of used
phones, or states (see [4]).

Input: feature vectorX

Output: VQ-label y

Fig. 2: Topology of the one layer MMI-NN
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To train the MMI-NN we use an iterative learning approach.
The used training data has to be aligned on e.g. phone
bounderies by hand or using a Viterbi aligner. In a first step
the network weights are set to fixed initial values. Suitable
initial values may be obtained from k-means prototypes or
from the weights of a trained SOM (self organizing map).
Then the mutual information value of the initialized NN is
calculated using all phonetical labeled training data
vectors. Then, all NN weights are changed by a fixed offset
value A step by step and the new value of I(W,Y) is
determined after each step. If there is an increase of the
mutual information the weight change will be accepted,
otherwise the change will be discarded. In this learning
algorithm the order of changing the NN weights is given by
the frequency of firing output nodes, i.e. the weights of the
most frequently firing output neuron will be changed at
first, and so on. If there is no increase of I(W,Y) after a
few iterations then the learning scheme is repeated using a
smaller fixed offset value A. A more detailed description of
the MMI training algorithm can found in [5].

This information theory based learning algorithm is
different to other NN paradigms in some specific ways:
During iterative training of the MMI-NN there is no forced
network output when presenting the input vectors (unlike
backpropagation for e.g. MLPs). Instead of this, all output
labels and all phone labels of the training data are
considered simultaneously. In each MMI-training iteration
the network weights are changed to increase the amount of
mutual information by principles of self organization.
Because of the unconstrained network outputs the training
may be called unsupervised in comparism to other NN
paradigms, even though there is in fact some supervision in
the phone label stream W.

3. CONTEXT DEPENDENT HMM

In our hybrid system we use discrete output pdf triphone
HMMs to estimate the distribution of the VQ labels
generated by the MMI-NN. All used HMMs have a strict
left-to-right topology without skip transitions and three
emitting states. The output probability of each state is
calculated by the joint probality of different codebook
distributions that are assumed to be statistical independent
(multiple neural codebooks). HMM training is performed in
four steps (see [1] and Fig. 3):

1) For each of 47 english phones (plus two silence models)
one HMM is constructed. For training the phone models are
concatenated to form a sentence model. Each sentence
model is trained by applying 4 iterations of the forward-
backward-algorithm. This results in 49 context independent
phone models.

2) A serios problem is the recognition of some function
words as: are, of, in, the ... . To handie the function word
problem we construct function word dependent phone
models. 83 specific phone models are extracted from the
most frequent 33 function words. Again 4 forward-backward
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iterations are applied on the phone models and the function
word models.

3) To handle some effects of coarticulation there is a strong
demand on context dependent models. So we construct 2226
Triphone HMMs based on the 49 phone models,
considering the left and right context of the center phone.
This results in 2309 context and function word dependent
HMMs that are trained again in 4 iterations of the forward-
backward training algorithm.

4) The large count of models leads to 6925 HMM states and
a huge amount of parameters that have to be estimated
properly. But due to limited training data most of the
models are poorly estimated caused by sparse data
problems. This leads to an increase of recognition errors.
To reduce the number of parameters a state clustering
algorithm is applied. The state clustering process examines
the pdfs of all corresponding states of allophones
belonging to the same phone. All states which are similar
in their pdfs are clustered to one state. The Euclidean
distance between the discrete pdfs is used as distance metric.
Furthermore all remaining state clusters with very little
amount of training data are clustered to the next similar
state cluster. This leads to a decrease of HMM-states to 25%
that are trained again in 4 forward backward estimations. To
smooth the discrete pdfs whe apply a deleted interpolation
and a parzen smoothing technique to the estimated HMMs.
The multiple step HMM training results in context- and
function word-dependent phone models that are properly
ajusted to the amount of training data.

4. EXPERIMENTS AND RESULTS

To evaluate the performance of the hybrid system we used
the speaker independent part of the DARPA Resource
Management (RM) task for continuous large vocabulary
(997 words) speech recognition. All MMI-NNs and HMMs
were frained with 3990 sentences spoken by 109 different
speakers. Every 10ms we extracted 39 acoustic features: 12
mel-frequency cepstral coefficients, 12 A-cepstral
coefficients, 12 AA-cepstral coefficients, log energy, A-
log energy and AA-log energy. We built four MMI-NNs as
multiple codebook VQ for the hybrid system: One MMI-NN
with input layer size of 12 for each cepstrum, A-cepstrum,
AA-cepstrum and one MMI-NN with input layer size of 3 for
energy, A-energy and AA-energy. Output layer size of all
MMI-NNs is chosen to 300.

As starting point for MMI network training we use a k-
means VQ (codebook size 300) for initializing the network
weights. Each MMI-NN is trained by 12 iterations of the
information theory based algorithm. The phone label
stream  consists of the monophone labels of the RM
sentences obtained by Viterbi alignment with a standard
HMM system. We created four MMI-NNs that produce a
higher mutual information value compared to the
corresponding k-means VQs (see Tab. 1). Thus the MMI-
NNs have better capabilities to discriminate different
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Codebook HW) I(W,Y)
k-means - VQ MMI-NN
Cepstrum 5,15 bit 1,92 bit 2,11 bit
A-Cepstrum " 0,71 bit 0,82 bit
AA-Cepstrum " 0,76 bit 0,82 bit
Power, A-P., AA-P. " 1,19 bit 1,21 bit

Tab. 1: Entropy of the phone stream and mutual information of the VQ and the MMI-NN

phones than the VQs. Tab. 1 shows that ceptral features are
more important for phone recognition due to a high
I(W.,Y) value in comparison to the other acoustic features.
For instance AA-cepstral features have a small I(W,Y)
value, so AA-cepstral faetures only contain a poor
discriminative effectiveness.

To evaluate the recognition performance of the hybrid
system the standard DARPA test sentences February'89,
October'89, February'9l and September'92 were used.
Recognition of these test sentences was performed via
Viterbi decoding including a beam search technique and a
word pair language model (perplexity: 60).

The recognition results shown in Tab. 2 give evidence for
superiority of the hybrid system compared to the classical
VQ system. In all four test sets we observed a significant
increase in recognition accuracy; e.g. for the September'92
test set there is an increase of 3,1% (absolut). Furthermore
we observed even higher improvements for a simplified
system using monophone models (but on lower recognition
rate level of course). That means, that some of the power of
the hybrid system for monphones is lost during smoothing
for triphones, but there is still sufficient superiority left in
order to produce better results for smoothed triphone pdfs.
It can further be shown for the simplified system that with
larger codebook sizes the advantage of the MMI-NN still
increases. So we expect to carry out these improvements on
an optimized hybrid system by using adjusted codebook
sizes and improving the MMI-NN e.g. by processing
adjacent feature frames. This will hopefully lead to even
higher recognition rates that are comparable to the rates of
the best systems using continuous pdfs (e.g. see last
column of Tab. 2).

5. CONCLUSIONS

The results of our large vocabulary experiments have
clearly shown an improvement of word recogniton rate by
using an information theory based NN instead of a classical
VQ system. Furthermore, decoding using the presented

MMI-hybrid system is faster by about an order of magnitude
than using a comparable continuous pdf speech recognizer.
The mutual information value produced by a VQ (neural or
classical) is an important criterion to describe its quality in
a speech recognition context. In the future we will improve
the recognition performance of our hybrid system by
optimizing both the HMM part (e.g. smoothing
techniques, codebook size optimization) and the NN part
(e.g. using adjacent frames, MMI-training on HMM-states,
etc.). Thus we hopefully expect to build a fast speech
recognition system that will achieve recognition results
comparable to State-of-the-Art continuous pdf systems.
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Test- Word recognition rate:  Correctness (Accuracy) Improvement of continuous pdf
sentences Standard VQ-system Hybrid MMI-NN-system | word error rate (Acc.) | system (HTK, see [6])
Feb 89 943 % (93,5%) 949 % (943 %) 14,0 % 96,0 % (95,5%)
Oct."89 92,7% (91,6 %) 940% (93,1%) 21,7 % 95,4 % (94,9%)
Feb."91 940% (933%) 95,1% (942 %) 155 % " 96,6 % (96,0%)
Sep92 || 902% (882%) 92,7% (91,3%) 35,6 % | 936% 026

Tab. 2: Recogpition results for the speaker-independent DARPA RM task (perplexity 60)
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