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Summary. This paper presents results from a research project on speech data
analysis and speaker independent adaptive speech recognition using novel neuro-
fuzzy techniques and a new system architecture. A speech recognition system of
English is presented in the chapter that utilises fuzzy neural networks and self-
organising spatial-temporal maps. Experimental results on speech recognition are
given.

Key words: hybrid intelligent information systems, speech recognition, cognitive
engineering, fuzzy neural networks.

Introduction

Speech recognition is an extremely difficult engineering task to be performed
by a computer system because the variability in the way people speak, which
is reflected in tremendously complex speech signals to be processed in the
automatic speech recognition systems (ASRS). There are several key areas
of future research which have been pointed out in [3] as significant for the
future development of the spoken language systems. These include robust
speech recognition; automatic training and adaptation; spontaneous speech;
dialogue models; natural language response generation; speech synthesis and
speech generation; multi-lingual systems; interactive multi-modal systems.

We take the view that these goals can be achieved if an integrated ap-
proach is used, where everything which is known about the speech and the
language recognition task should be brought together and used in one system
[10, 13, 14], for example: speech corpus data, phonemic knowledge, linguistic
knowledge, skills from pedagogy and teaching languages. Advanced knowl-
edge engineering techniques are used to facilitate this integrated approach.

The task of speech recognition becomes even more complicated when the
ASR system is used as part of an intelligent human computer interface that
allows for retrieving information from a database or for connecting to other
communication ports by using both speech and text.

This paper presents a novel approach to adaptive speech recognition
that utilises fuzzy neural networks and spatial-temporal self-organising maps.
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This approach is illustrated on a hybrid speech recognition system called
HySpeech. First, the issue of speech data analysis is discussed, then the neuro-
fuzzy methods for modelling and recognition of speech data are presented.
Finally some applications and experimental results are given.

1. Speech Data Variability and Analysis

1.1 Variability in spoken language

Although the acoustic signal contains a high degree of redundancy (mul-
tiple cueing of phoneme segments, temporal spreading of cues), numerous
factors conspire to render the signal potentially ambiguous. Even in slow
careful speech, the cues for any given phoneme are liable to vary according
to: (a) phonemic environment, (b) position vis-a-vis syllable, word, and utter-
ance boundaries, (¢) prosodic factors (for example, stress), and (d) speaker-
dependent aspects (for example, gender and accent). To resolve ambiguity it
is necessary to call upon higher-order linguistic knowledge (phonological, lex-
ical, syntactic, semantic), and the expectations that higher-order knowledge
generates.

This project deals with New Zealand English which is undergoing rapid
change (especially in its vowel system), and is becoming increasingly distinct
from other varieties of English. Changes currently underway affect (a) the
vowel inventory, (b) the location of the vowels in formant space, and (c) the
distribution of the vowels. The data used for training the recognition models
is organised in the Otago Speech Corpus as described below.

1.2 The Otago Speech Database of New Zealand English

The Otago Speech Corpus [27] contains 37 speakers uttering selected isolated
words chosen to represent allophonic realisations of the 43 NZ phonemes. The
data was recorded at a sample rate of 22050Hz and a resolution of 16 bits.
Manual segmentation was used to extract selected phonemes from either the
initial, medial or final position. When a speech file is transformed into the
Mel Scale Coefficients, it is saved as three time steps of 26 element MSC
vectors merged to make up the 78 MSC vectors required for input to the
recognition units, below.

The HySpeech system described in the next section is used for several
applications one of them being English-to-Maori word and phrases translation
and pronunciation. For this reason a Maori speech database is created based
on the same NZ English corpus construction, where new and existing Maori
speakers/words will have similar file formats and codes. There are currently
17 speakers of Maori in the corpus. The NZ English speech corpus is available
free on the WWW from: “http://kel.otago.ac.nz/hyspeech/corpus/”
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1.3 Statistical methods for speech data analysis. Linear
discriminant analysis

Multiple discriminant analysis (MDA) is a statistical technique that separates
observations into two or more groups based on orthogonal linear functions
of the independent variables. The technique assumes a reasonable degree of
multivariate normality, with logistic regression an alternative where this is
not the case. When working with speech data, two methods for recognis-
ing phonemes using MDA are available; firstly to develop a single model
with multiple discriminant functions, and secondly to follow the modular ap-
proach of using separate discriminant functions for each phoneme. For the
speech data being analysed here the two approaches were both used with the
results presented in Table 1.1. This table shows the performance of the two
sets of models using 14869 observations for model development, and 4955
observations for validation. The phoneme selected for the multiple models
case was based on a simple highest probability vote scheme. As can be seen
the use of a single model provides better results in this case, as would be
expected.

Table 1.1. Results for the MDA models

Multiple MDAs  Single MDA

Average correct positives on validation set  74.8% -
Average correct negatives on validation set 87.9% -
Overall correct on validation set 34.9% 38.3%

The advantages of using a technique such as MDA include that the mod-
els are well founded, with the outputs providing the probabilities of group
membership. This allows for the use of Bayesian statistics where probabil-
ities such as P(A—B) can be used. For example, the probability that the
phoneme is in fact number 26 (A) given that the discriminant function clas-
sifies it as 26 (B). Alternatively, the probability that the phoneme will be
classified as 26 (A) given that it is in fact phoneme 27 (B) can be calculated.
Such an approach also allows the analyst to combine other forms of linguistic
knowledge, classifications from the same utterance, and other features of the
speech signal in a meaningful manner using Bayesian rules of evidence. The
FuNN models could also be used in this way to arrive at the final, most likely,
classification.

The initial results for the models based on the fuzzy neural networks
(FulNN), as presented further in the paper, are very similar to those produced
by the MDA. In general, the confusion matrices for these two approaches are
almost identical, with the FuNNs providing slightly better average correct
positives and negatives but with slightly lower overall correct classifications
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after voting. This suggests that the level of accuracy achieved by FuNN mod-
els on the individual phonemes is in fact as high as can be expected, with the
remaining errors due to the inherent noisiness contained in the data. One of
the advantages of the FuNN-based phoneme modelling architecture is that a
separate FuNN-model is used for each of the 45 phonemes in English. This
allows for individual tuning of the models which ultimately leads to a signifi-
cant improvement in the classification rate. The FuNN model allows also for
adaptation to new speakers, for rule extraction capturing the main phonetic
characteristics of the speech data in the form of IF-THEN rules and for a
possible extension of the speech recognition system to multi-lingual one [14].

2. The Principles and the General Architecture of a
Hybrid Speech Recognition System HySpeech

The block diagram of the HySpeech framework is given in Figure 2.1. It
consists of the following modules: speech pre-processing; modular phoneme
recognition; word mapping; answer formation.
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signal module module
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synthesis
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formation

Graphics,
text

F 3

Fig. 2.1. A block-diagram of HySpeech

The speech pre-processing module does the transformation of the raw
speech signal into Mel-scale coefficients (MSC), where each time frame of
5.8ms of speech data is transformed into a 26-element vector, with an overlap-
ping of 50%. Three time-lags is thus used to represent approximately 11.6ms
of speech. The phoneme recognition module utilises one fuzzy neural network
(FuNN) [12, 16] for each of the abstract elementary sounds (phonemes) in
the language. FuNNs are useful tools for learning and adaptation from speech
data. A novel algorithm for FuNN training with forgetting allows the FuNN
to structurally capture the main characteristics of the speech signal. Brief
description of FuNNs, their learning and adaptation algorithms and applica-
tions for phoneme recognition are given in Section 3. Using genetic algorithms
for adaptation in the FuNN system is discussed further in the paper.
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The word mapping module uses a novel architecture called fuzzy spatial-
temporal maps (FuST). These are an extension of the well established SOMs
[22]. They are used here to store the words of the speech dictionary in a
‘sounds-like’ map for fast retrieval and quick updating to include new words
in the dictionary. The major principles of FuST and their application for
word mapping are presented further in the paper.

The HySpeech framework can be applied to any spoken language recog-
nition. Before applying it to a particular language, in our case English, the
available speech data and linguistic, phonetic knowledge must be analysed
in terms of language features, basic characteristics of the elementary sounds,
similarity and differences between the phonemes as discussed in the previous
section.

The HySpeech architecture is used in several application-oriented projects
one of them being English to Maori talking dictionary, an English word/phrase
is recognised and the Maori equivalent is returned to the speaker as both text
and speech.

3. Fuzzy Neural Networks - A General Architecture and
Applications for Phoneme Data Analysis and
Classification

3.1 The FuNN Architecture and its Functionality

Fuzzy neural networks are neural networks that realise a set of fuzzy rules
and a fuzzy inference machine in a connectionist way [29, 6, 8, 13].

FuNN is a fuzzy neural network introduced first in [13] and then developed
in its FuNN/2 version [16]. It is a connectionist feed-forward architecture
with five layers of neurons and four layers of connections. The first layer
of neurons receives the input information. The second layer calculates the
fuzzy membership degrees to which the input values belong to predefined
fuzzy membership functions; For example, small, medium, large. The third
layer of neurons represents associations between the input and the output
variables, fuzzy rules. The forth layer calculates the degrees to which output
membership functions are matched by the input data and the fifth layer does
defuzzification and calculates values for the output variables. A FuNN has
both the features of a neural network and a fuzzy inference machine. A simple
FuNN structure is shown in Figure 3.1. The number of neurons in each of
the layers can change during operation through growing or shrinking. The
number of connections is also modifiable through learning with forgetting,
zeroing, pruning and other operations [12, 13, 17, 18].

The membership functions, used in FuNN to represent fuzzy values, are
of triangular type, the centres of the triangles being attached as weights to
the corresponding connections. The membership functions can be modified
through learning.
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Fig. 3.1. A FuNN structure for two initial fuzzy rules: R1: IF x1 is Al (DI1,1)
and x2 is B1 (DI2,1) THEN y is C1 (CF1); R2: IF x1 is A2 (DI1,2) and x2 is B2
(DI2,2) THEN y is C2 (CF2), where DIs are degrees of importance attached to the
condition elements and CF's are confidence factors attached to the consequent parts
of the rules (adopted from [14]). The triplets (s,a,0) represent specific for the layer
summation, activation, and output functions
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Several training algorithms have been developed for FulNN:

(a) A modified back-propagation (BP) algorithm that does not change the
input and the output connections representing the membership functions.

(b) A modified BP algorithm that utilises structural learning with forgetting.
That is, a small forgetting ingredient, for example 10-5, is used when the
connection weights are updated (see [7, 24, 17]).

(c) A modified BP algorithm that updates both the inner connection lay-
ers and the membership layers. This is possible when the derivatives
are calculated separately for the two parts of the triangular functions
which are also the activation functions of neurons in the condition ele-
ment layer. The triangular membership functions can be considered as
non-monotonic activation functions.

(d) A genetic algorithm for training [18].

(e) A combination of any of the methods above used in different time intervals
as part of a single training procedure.

Several algorithms for rule extraction from FuNN have been developed
and applied [12]. One of them represents each rule node of a trained FuNN
as an IF-THEN fuzzy rule as shown in Figure 3.1.

FuNNs have several advantages when compared with the traditional con-
nectionist systems or with the fuzzy systems:

(a) They are both a statistical and a knowledge engineering means.

(b) They are robust to catastrophic forgetting. That is, when further trained
only on new data, they keep a reasonable memory of the old data.

(c) They interpolate and extrapolate well in regions where data is sparse.

(d) They can be used as replicators, where same input data is used as output
data during training; in this case the rule nodes perform an optimal
encoding of the input space.

(e) They are appropriate tools to build multi-modular IIS as explained next.

3.2 Using FulNNs for phoneme recognition

Fuzzy neural networks have been used so far for tasks from speech recognition.
Some of the experiments use a large, single, neural network for classifying
phonemes on their formant input values [25, 26] and to extract fuzzy rules.
Other experiments use hybrid neuro-fuzzy systems in a modular approach
[11, 12, 13, 15, 19, 20].

Here FuNNs are used to learn and classify single phonemes. Three 26-
element Mel-scale coefficients (MSC) vectors, representing the speech signal
at three consecutive time frames of approximately 12ms each, are used as
initial inputs. Through training with forgetting, each FuNN unit is tailored to
the specific phoneme. After the training procedure and a consecutive pruning
of the very small connections, only the important inputs that correspond to
significant for the phoneme time-lags, and the important MSC, are kept in
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the FuNN structure. This is illustrated on Figure 3.2. A FuNN structure is
initialised as 78-234-10-2-1 and then trained with forgetting on both male
and female data of the phoneme /e/, as positive data and the rest of the
phoneme data as negative data. The training and testing data is taken from
139 words pronounced three times each by 3 male and three female speakers.
The FuNN structure has been significantly simplified through training with
forgetting and a consequent pruning. As it can be seen from the third figure
of Figure 3.3, only several rule nodes remain. The condition element nodes
and the left connections from them to the rule nodes, correspond to the main
frequency of the phoneme /e/ realisation as shown on the top of Figure 3.2.
The bright areas there show high energy of the signal for a particular MSC.
It can also be seen that more connections from the first time-lag input vector
are left which suggests a higher importance of this time-lag. The trained
/e/ FuNN, when tested on new data, showed correct true positive and true
negative activation (the bottom figure on Figure 3.2).

Fig. 3.2. A FuNN used to classify the phoneme /e/ from 8 male and 8 female
speech data: (a) A FuNN trained to classify phoneme /e/ data without forgetting;
(b) The same FuNN trained with forgetting; (c) Test accuracy of recognition

3.3 FuNN-based Intelligent Multi-modular Systems.

HySpeech is based on a more general architecture for FuNN-based IIS. It con-
sists of a FuNN-based module which includes single FuNN-units for each class
(elementary event, patter, etc.), a module for rule extraction and explana-
tion, and a module for adaptation. Here, adaptation is the process of on-line
training when a single FuNN improves its performance based on observation
and analysis how its performance compares to the reality.

Adaptation in a multi-modular FuNN structure is based on individual
tuning of single FuNN-units if the analysis of the performance of the whole
system shows that those are reasons for unsatisfactory performance or points
of improvement. One scheme for adaptation, for example, is where a copy of
a FulNN is trained on-line to improve its performance while the main FuNN-
unit is in operation. After a certain time interval the copy substitutes the
main FuNN unit.
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3.4 Multi-modular FuNN-based Systems for All-Phoneme
Classification

The overall test accuracy of individual FuNNs, trained with 6 male and 6
female speakers data from the Otago Speech Corpus, is shown in Table 3.1.
The testing set consisted of 3 Male and 3 female speakers that the system
had not previously encountered.

Table 3.1. Test accuracy of the phoneme recognition in the FuNN units across all
the phonemes in New Zealand English.

Phoneme | Correct | Correct Phoneme | Correct | Correct

Number | Positive | Negative Number | Positive | Negative
1 82.5% 97.7% 25 69.4% 91.5%
2 66.7% 96.8% 26 87.9% 96.1%
3 97.0% 85.5% 27 67.4% 95.2%
4 69.2% 95.2% 28 80.0% 88.9%
5 94.2% 88.9% 29 76.7% 94.2%
6 92.3% 88.4% 30 54.2% 92.0%
7 98.0% 92.6% 31 61.6% 87.4%
8 94.3% 83.9% 32 85.5% 92.4%
9 98.4% 90.8% 33 76.1% 92.3%
10 86.8% 88.3% 34 68.8% 92.4%
11 92.7% 98.1% 35 70.3% 92.6%
12 86.3% 94.0% 36 69.8% 83.5%
13 92.4% 97.4% 37 77.9% 76.0%
14 79.5% 92.6% 38 70.3% 82.0%
15 94.7% 85.5% 39 44.3% 88.8%
16 92.6% 95.7% 40 61.6% 85.6%
17 88.9% 93.5% 41 68.3% 82.7%
18 90.0% 92.4% 42 58.7% 90.7%
19 100.0% 85.6% 43 48.0% 91.7%
20 93.5% 85.4%
21 81.8% 88.9%
22 69.8% 97.7%
23 66.7% 92.8%
24 54.7% 84.3%

Average | 86.0% 91.3% Average | 68.3% 89.3%

The overlapping between the phoneme classification can be shown in a
form of a confusion matrix as shown in Figure 3.3. (See Appendix for phoneme
codes). This matrix suggests way to measure similarity in sounding between
different phonemes. For example, a high degree of confusion can be seen
between the nasals, but only a small amount of confusion between nasals and
other phoneme classes.
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Fig. 3.3. A confusion matrix of the test classification of NZ English phonemes in

the FuNN-based multi-modular all-phoneme classifier. Darker areas show higher

recognition rates.
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4. Fuzzy Spatial Temporal (FuST) Maps for phoneme
and word data mapping

4.1 A General Introduction

FuST maps are connectionist structures which have time sequence of vectors
as inputs and a topologically, spatially organised map as an output. Kohonen
self-organised maps (SOM) [22] with time sequence of vectors as inputs, are
examples of FuST maps. FuST maps can be trained either a supervised or
unsupervised way.

FuST maps can be used to map similar sequences of elementary events
over time intervals (not necessarily equal in duration) into topologically close
area on the map. When used in the general framework from Figure 2.1,
to realise the block of sequence of events recognition, the FuST map may
recall, after new data is input, both meaningful and meaningless sequences,
which is defined by the conscious decision making block through a feed-back
connection.

4.2 FuST Map for Mapping Phoneme- and Word- Data

One of the first applications of the Kohonen SOM was for phoneme and
word recognition. In this section Kohonen SOMs are used to map temporal
sequences of linguistic features into phonemes, where the activation of all the
output nodes is presented and not only the winning output neuron. Map-
ping phonetic representation of words into a ‘sounds-like’ FuST map is also
demonstrated.

Choosing the appropriate features to represent and deal with speech
sounds is extremely important in order to successfully map the sounds into
a spatially organised map. The distance between the sound projections will
help the conscious module to correctly recognise the elementary sounds and
make them meaningful in terms of the ultimate task of spoken language (lan-
guages) recognition.

Based on the similarity between the sounding of the phonemes, inferred
from the results produced by the FuNN-based classifier and the FuST map,
and also based on linguistic knowledge, a 45-element phoneme activation
vector (PAV) for each of the phonemes has been created. For shared features
between the phonemes (for example ‘alveolar’), see the Appendix. A PAV
contains a value of activation of 1 for that phoneme, lesser activation values
for similar phonemes and values of 0 for different phonemes [17, 18]. Mapping
the PAVs into a SOM is shown in Figure 4.1. The SOM was trained with 45
PAYV for 100,000 epochs. The phonemes are clearly distinguished on the map.
Further training and adaptation of the SOM on more data is possible.

The FuST map from Figure 4.1 shows fuzzy, but distinguishable patterns
of each of the phoneme as data over time is mapped into a topologically
organised map. This is in contrast to the ambiguous mapping in the first two
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Fig. 4.1. The activation of all the output neurons of a SOM for input vectors
representing the 45 phonemes in New Zealand English.

formant feature space. The phoneme data activate fuzzy areas, ‘patches’ on
the FuST map.

Two further 45-element PAV data sets representing two separate classes
of FuST maps were created, each containing 24 consonants and 13 vowels
(the diphthongs were removed). The consonant labelled PAV data set was
weighted with 1s with its vowels weighted to 0.25 respectively, and the vowel
PAV data set was weighted with 1s and the consonants weighted at 0.25.
Trained each of the two SOMs (7x7) with their respective PAV data sets for
100,000 epochs, holding the learning rate (LR) at 0.05 for the first 50,000
then releasing the LR, the neighbourhood (NB) was set to 1.

The resulting plotted maps show very good signs of distribution and clus-
tering, as the distribution between the opposing phoneme classes is high, and
the clustering of similar phoneme classes is excellent (see Figures 4.2 and 4.3)

The FuNN-based phoneme classifiers and the FuST maps described in this
and the previous sections are used for a partial implementation of HySpeech/2
as explained in the next section

5. Aggregation of Phoneme Activation Vectors and
Word Recognition

Phonemes segments are recognised over time. That is, one phoneme segment
is produced approximately every 5.8ms. These must be consolidated into the
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abstract units (phonemes) used by the higher order processes. Several options
are available for phoneme aggregation, and are currently under investigation.

The application of linguistic knowledge is the principle method for ag-
gregation. Consecutive segments that are recognised as the same phoneme
are combined into a single, more certain, unit. Furthermore, some classes of
phonemes cannot occur together on some contexts. For example, within a
single syllable, two nasals cannot occur together, and two consecutive nasals
are rare, in such words as “government”. Even here, the /n/ phoneme is often
absent, as the sound is not articulated. Thus, the probability of two consec-
utive nasals are rare, and if recognised as consecutive, it is likely that one is
simply a misrecognition. This is especially true with the phoneme segments
which, as can be seen from Figure 3.3, may be highly confused.

Consonant clusters are further restricted by phonotactic restraints. These
are particularly important at word onset, as many clusters are not permissi-
ble. For example, the most complex onset clusters are three phonemes long,
and must begin with /s/. By disallowing consecutive phonemes that violate
these restraints, the certainty of the legal phonemes can be increased.

Further, acoustic knowledge can be included in the system. The stop
phonemes, for example, are always preceded by a period of silence. This
silence is a reliable indication of the following stop, particularly in isolated
words where it lasts considerably longer than in continuous speech.

Another source for aggregation is the expected length of the uttered seg-
ments. Here, the expected length is taken from the segments segmented man-
ually. Currently under development is an automatic segmentation system,
where phoneme boundaries are detected, as part of the adaptation (see be-
low). This may be used for the improvement of probabilities based on duration
between boundaries.

6. Current Experimental Applications of HySpeech/2

The two current applications of the HySpeech framework are discussed be-
low. The first is designed to test possible adaptation techniques, the second,
developed in parallel, is an bilingual isolated word English-Maori translation
system.

6.1 The Rostam System

The Rostam system is a small experimental system, currently undergoing
testing for possible automatic adaptation methods. Rostam uses a subset of
the FuNN in the HySpeech system, and when a new speaker is introduced to
the system the FuNN adapt to this speaker.

In order for the system to automatically adapt, the current scheme is
as follows. A correct recognition needs no immediate adaptation, although



114 Nikola Kasabov et al

the speech may be saved for later examples of correct data. An incorrect
recognition must be identified by the user, and the utterance is saved as the
corrected word.

Once a word is identified as incorrect, it is marked for adaption. A reliable
method for automatic phoneme segmentation is currently under investigation.
The existing FuNN are trained further by the new data, and the FuNN are
used for future attempts at recognition.

6.2 English-Maori translation

The HySpeech system is now being used as an interface to an English-to-M-
aori isolated word translation system. The existing system has a vocabulary of
2000 English words, and their closest Maori translations. As an isolated word
translation system, there is no context information, and the most common
translation is taken, although other translations are also retrieved.

The architecture allows for replacement of various modules for the sub-
tasks. For example, if a FuNN is adapted to a new speaker, it may be restored
if the performance degrades on existing speakers. The modularity also allow
parallel implementation. Thus, the higher-level processes are currently being
developed independently from the existing system (see below).

7. Directions for Further Research

7.1 Agent-based Implementation

A next version of the described in this paper system based on multi-level
recurrent organisation [14] is under development and its agent-based imple-
mentation [5] is being experimented with. The new system will deal with
continuous speech recognition with unlimited vocabulary as the FuST map
used to store the vocabulary in ‘sounds-like’ clusters allows for a fast recall
operation to retrieve the best matched words at any time moment. At the
next level another FuST map is used to store words in concept clusters. This
architecture is illustrated in Figure 7.1.

A higher-level language model is used to select the most likely words
from the two FuST maps according to statistical domain knowledge. Such
knowledge also takes into account linguistic rules and language patterns of
the expected users. The knowledge represents the probability of a transition
from an ordered set of previous words to a subsequent word, for example
the conditional probability of word 3 (W3) following words 1 and 2 (W1 and
W2 respectively). As explained in Section 1.3 such probabilities are extremely
useful in speech recognition. Assuming that the two previous words have been
identified with attached certainty factors (CF1 and CF2 respectively) defined
as their activation values, the revised CF3 is calculated as in equation 7.1.
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The word with the highest modified certainty factor can then be selected,
subject to subsequent revision as new information becomes available.

CFlys = CF3 x P(W3|W1&W2) x CFy1 x CFyy (7.1)

For example, based on the following case W3 would be identified as
“FAST” in a robot control system giving the phrase “MOVE UP FAST”.

Table 7.1. Example recognised and revised word probabilities

W1 CFw: W2 CFwz CFly W3  CFws CF,
MOVE 0.75 UP 0.85 0.7 FIRST 085  0.16
FAST 0.85 0.38

OFF 055 004 FIRST 085  0.07

FAST 085  0.28

Table 7.2. Example word rules

Rules
P(UP|MOVE) =0.90
P(OFF|MOVE) =0.10

(

(FAST|MOVE UP) =0.70
(FIRST|MOVE UP) =0.30
(FIRST|MOVE OFF)=0.20
(FAST|MOVE OFF) =0.80

Such a system allows for immediate revision of the speech already recog-
nized as new speech information becomes available. This is in addition to the
higher accuracy obtained by using prior information.

The agent-based approach to implement the new architecture takes into
account the concepts of modularity, expandability, adaptability, gradual com-
mitment, and the use of expert knowledge, to provide the greatest accuracy
and flexibility possible. By using a series of agents (modules that commu-
nicate amongst themselves) for various phases of the recognition process,
the system uses the process of negotiation and information requests to ar-
rive at the final classification for the utterance. In the proposed architecture
there are six levels of agents: signal processing, phoneme recognition, word
formation, phrase construction, passage production, and pragmatic analysis.
Each level contains sub-agents, for example phoneme recognition consists of a
voting agent and 45 separate phoneme recognisers. The levels communicate
only with adjacent levels, passing on probabilities associated with various
outputs, requesting information on new outputs, and requesting changes to
processing. At any time, as new information becomes available, the agents
can collectively revise their outputs.
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7.2 Using GA for optimisation and adaptation in speech
recognition systems

Genetic algorithms (GAs) are a computational representation of the pro-
cesses of biological evolution [4]. By iteratively combining previous, partially
successful attempts at solving a problem, they are able to efficiently find
approximate solutions to combinatorial problems. Employing GAs in speech
recognition systems utilises this ability to optimise neural networks.

One of the most promising application areas of GAs in speech systems
is the automated design of FuNNs [21]. Issues such as the selection of input
features, and the number of membership function and rule nodes selected are
more eagsily solved by GA than other approaches.

GAs may also be used to tune already trained FuNNs. This may be done
by either using a GA to tune the membership functions of the FuNN [16], or,
alternatively, using a GA to select the backpropagation training parameters
for each layer of weights [21]. GAs could also be used to select which examples
within a new data set are the most relevant for adaptation.

Further development of this project have already started into the direction
of building a multi-lingual ‘conscious’ machine [14].

8. Conclusions

The paper describes a current research project on speech data analysis and
speaker independent isolated word recognition which explores new tech-
niques, such as fuzzy neural networks and spatial temporal maps organised
in a novel architecture.
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Table .1. Linguistic features for phoneme codes 01-15

Nikola Kasabov et al

Code
Phoneme

1
p

2
b

3
t

4
d

5
k

6
g

7
f

8
v

9
T

11

12

Glottal

Post-alveolar

Palatal

Lateral

Labiodental

Dental

Affricate

Nasal

Central

Bilabial

Centering

Velar

Palato-alveolar

Closing

Mid

Open

Strident

Front

Low

Unrounded

Close

Alveolar

Diphthong

Rounded

Unvoiced

Monophthong

High

Coronal

+|+

+[+

Back

Anterior

Tense

Consonant

+|+[+

+H+ [+

|+ |+

+|+

Sonorant

Continuant

[+

[ |+

A |+

Voiced

+HH |+ |+

HH |+ |+

HH |+ ]

++
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Table .2. Linguistic features for phoneme codes 16-30

Code 16 (17 (1819|2021 (2223 (24|25 (26|27 (282930
Phoneme tS|dZ|m |n | N| 1 |r|w|j|I|e|&|V]|A|TU

Glottal
Post-alveolar +
Palatal +
Lateral +
Labiodental
Dental
Affricate + | +
Nasal + |+ |+
Central +
Bilabial +
Centering
Velar + +
Palato-alveolar | + | +
Closing
Mid + +
Open
Strident
Front + | +
Low
Unrounded
Close
Alveolar + | + + +
Diphthong
Rounded + +
Unvoiced +
Monophthong
High + +
Coronal
Back
Anterior
Tense
Consonant
Sonorant
Continuant
Voiced

++H[+ |+
+

++

+|+

N
N
N
N

+H |+ |+

HHH | |+

++H+] |+
++HH |+

4

+ [+ |+

+ [+ ] [
+|+

[+ H] [+

+|+|+|+

+|+|+|+

+ |+ +

++[+

++[+

++[+

++[+

++[+
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Table .3. Linguistic features for phoneme codes 31-45

Code
Phoneme

31
i

32
a

33
O

34
3

35
u

36
el

37
ai

38
Oi

39
(0)9)

40
aU

41
i@

42

43

44

Glottal

Post-alveolar

Palatal

Lateral

Labiodental

Dental

Affricate

Nasal

Central

Bilabial

Centering

Velar

Palato-alveolar

Closing

Mid

Open

Strident

Front

Low

Unrounded

++

Close

++

Alveolar

Diphthong

[+ |+

Rounded

+HH [+ |+

++

++

Unvoiced

Monophthong

—+

High

+|+

+

Coronal

Back

Anterior

Tense

Consonant

Sonorant

Continuant

Voiced

[+ |+
++|+

HHH | |+
[+ |+

T T S S Sy

4+ |+

[+ |+ |+

[+ |+ |+

[+ | |+

[+ |+ |+

[+ |+

[+ |+ [+

[+ |+

4+ |+




