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A “brainlike” paradigm offers computing abilities not available to standard

algoritbmic techniques, and shows potential for building bigh-quality speech

Stephen A. Luse
Senior Engineer :

Naval Ocean Systems Center'
San Diego, CA

!
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Tmsnsmsuamumaowmm to the re-
emerging technology called neural
networks, and how these networks may
provide an important alternative to tradi-
tional forms of computing in speech appli-
cations. Neural networks, sometimes
called Artificial Neural Systems (ANS), have
shown promise for solving problems that
traditional algorithmic and Al (artificial in-
telligence) approaches have found diffi-
cult. The world’s greatest super-computer
calculates Pi to thousands of decimai
places in seconds using algorithmic tech-
nigues, but it may not ever be able to rec-
ognize a smiling human face when only a
non-smiling version of this face is available
for comparison!

One reason for this is that computers
process information serially, and an in-
credibly large number of serial steps are
required to perform such 2 task. There-
fore, even with the fastest computer, devel-
oping algorithms that can ignore unim-
portant differences in images and
match-stored patterns with acceprable
time deiays is not an easy feat. The brain,
on the other hand, processes information
in a parallel fashion, distributing informa-
tion and processing tasks throughout
many neurons and their interconnections.
ANS processors mimic this parallel struc-
ture and are able to outpesform serial proc-
essors for certain tasks. They can also

recognizers.

learn from their environment and are
highly tolerant of internal failures.

Text-to-Speech Conversion: A
Mapping Problem

Neural networks are paradigms, or
models, that “compute™ in a brainlike fash-
ion. While neural networks do not emulate
the brain's full compliexity, their structure
is "brain-inspired” in that they consist of
groups of interconnected ‘'neurons”
called processing elements. In practice,
these processing elements are intercon-
nected in different ways to form different
pracessing architectures with different
functionalities. For exampie, some net-
works can perform associative memory
functions that map arbitrary input and out-
put pairs while others can group inputs
into classes, or even self-organize and per-
form feature extraction on daw presented
to them. Other architectures reconstruct
full sets of data when given only parts or
corrupted versions of what is stored (con-
tent addressable memory functions). In
other words, they take an incomplete input
and supply the missing parts. Still other
networks have the ability to generalize and
combine knowledge in 2 way that allows
extraction of consensus and off-setting of
differing opinions among experts in a spe-
cific domain. More complex networks can
model the concepts of memory and motor
-ontrol in biological systems to show pos-
sible mechanisms by which organisms
learn to interact with an environment.

With ali of this functionality, neural net-
works seem to have at least some potential
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for building high-quality speech recogniz-
ers with superior capabilities for speaker
independence and continuous speech.
Current speech-recognition implementa-
tions suffer from large data storage require-
ments and refatively long processing times,
due to the algorithmic processes involved.
These requirements make real-time
speech-recognition systems difficult to
achieve. As ANS technology and applica-
tions become refined and true neural net-
work computers become available, we
may see neural networks solving problems
related to syntax and knowledge extrac-
tion of recognized speech without the lim-
itations imposed by algorithmic
approaches.

An experiment performed by Terrence
Sejnowski and Charles Rosenberg, at Johns
Hopkins University, shows the potential for
neural network applications in the speech
field. They used a neural network called
the back-propagation model (see sidebar:
The Back-Propagation Network) to ad-
dress the problem of synthesizing speech
from text. They call their network
NET1alk.

Sejnowski and Rosenberg realized that
text-to-speech conversion is a mapping
problem and assumed that some function
exists that can perform the necessary map-
ping. The abilities of the back-propagauon
network made it unnecessary to know the
form of this mapping function. The back-
propagation network has the ability o
compare a set of inputs with desired out-
puts and generalize the implied relation-
ship. developing its own internal represen-
tation of the function.
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26 Output Units

80 Hidden Units
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a0 O O - O

203 Input Units
(7 groups of 29

¢ -

The Architecture

NETuailk's architecture consists of 203
input units, 80 hidden units and 26 output
units (see Fig. 1). The input laver is a cluster
of seven groups. Each processing eclement
in each group encodes one letter of inpuc
text (A through Z, two punctuation charac-
ters and a space character used to separate

Fig.
/ k /
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NETtalk Architecture

stresses that made the word sound natural
when played through DECtalk. The net-
work learned the relationship between the
input words and output phonemes by step-
ping each word through the seven-
character window, shifting one character
atatime. After 10 passes through the train-
ing set, the synthesized text was under-

a0 -0 X000 OO0 -0 OO0 -0 OO -

o} t

Potential and Applications of the
Concept

Sejnowski's experimental svnthesizer is
far from becoming a commercial product
because the neural network is simulated
on a digital computer and cannot run in
real time, but he has shown through this

standable, and after 50 passes. the error  experiment that neural networks provide o
word boundaries). Sc_vcn groups allow the rate was less than 5%. P ho‘:i for solving complex problsms in ':::‘
network to vi'cwa wmdov;vofscvcn char- To determine if the network merely man-weeks or months rather than man- 't:'.
actcrsatonet_zmc. The desired output from memorized the training words or whether  years. as required by traditional al- ..1‘!*
u,'e mtwprk is the correct phoneme asso- it actually determined its own internal  gorithmic approaches. ,
ciated with the center, o fourth, letter of 105 for pronunciation, Sejnowski pre-  Other researchers have also shown the I
this window. The three letters on cither (009 the necwork with 439 different  potential power of the neural network Wy
side of the center l?“e'_pm'de partdlcon- o004 The performance on these words  concept. Dr. Jeff Elman, University of Cali- A
text for determination of the proper was 78%, which showed that the network  fornia at Suan Diego, is using neural net- y
phoneme. . did in fact make generalized rules with  works as a tool for studying speech per- e

The output unnuofdmemtwork €ncode onsiderable success. The network per- ception. Using the network’s ability to "
phonemic Infc?rmanon represented by formed quitc well on novel (untrained) internally organize information, he is gin-
twenty-onc articulatory fearures such as oy ang accurately transformed them 1o ing an understanding of how humans may N
point of articulation, v?fcmg, v‘owel appropriate phonemic representations. organize and classify speech informauton. N
height, and 50 on. Five additional unies cn- Enhancements to this experiment have Teuvo Kohonen, Helsinks University of ;~:
code stress and sylhble boundarics for 3 demonstrated interesting properties of the  Technology. is developing self-organizing .-:.
total of? 6 output units. These output fe: back-propagation nctwork. Plotting learn-  and content-addressable memory net- .:-P
fures dr}vea.DE (;ulk phoneme synthesizer ing curves of the network as error rates.  works. Using these networks, he has devel- -
bypz.ssmg its internal text-to-speech Sejnowski noticed that learning follows 3 oped a prototype speech recogmizer that by
algorithm. power law which is charactensuc of hu-  self-orgamizes phonemes into 1 two- |} :

man learning. The network also exhibits  dimensional map (This map is interesung Y ."

The Network Makes Rules resistance to damage. Rzndom pcngrbn- bccaysc the network groups phunemes ac- : |

tions of the network connection weights  cording to high-level and low-level fea-

As 2 training set, 1024 words of tran-  had little effect on the performance of a2  tures much as humans have done in Y
scribed natural speech from a six-vear-old  highly trained network, and retraining of  speech analysis.) He then processes spo- )
child were used. Each input word was as-  the damaged network occurred much  ken speech so that a2 map of a word s t.:‘
signed a set of output phonemes and  quicker than original training. drawn on this two-dimensional phoneme .‘::;
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The Processing Element

N

Inputs are denoted by x’s. while corresponding
Interconnect strengths are denoted by w's. The
output of the PE is definedby N

output = f Ew,xi )
i

where f( E WX, ) is the activation function.

map. A word spoken multiple times by the
same speaker will traverse the map in a
consistent manner due to the nerwork’s
power to generalize. Another network
uses the word map as input and is able o
match a particular map to the proper cor-
responding word.

Neural networks are showing promise in
other fields as well. A demonstration was
provided at the International Conference
on Neural Networks that took place re-
cently in San Diego. Using a personal com-
puter, a TV camera, and a neural network
plug-in coprocessor board, the operator
could store images of many faces in the
network. A person could then disguise
himself with wigs, glasses, mustaches, etc.
A new image is taken and input to the net-
work. The network recalls the original im-
age of the person with enough accuracy to
demonstrate the use of neural networks as
a recognition technique.

Another demonstration showed a char-
acter recognizer that was reasonable at de-

A Brief Ristory of Neural Networks

B The theory of neural networks has evotved from bio-physiological and
neuroscience theories of how neurons process information in the brain.
Earty studies by McCulloch and Puts dunng the forties led to the devel-
opment of the first neural network model in 1943. This model showed
that a neural network could compute and process information in a
manner different for current standard computing devices. However, the
model was extremely limited.

In 1919, Hebb introduced the concapt of learning to neural networks.
From observations of how biclogical neurons learn, he developed the
famous Hebbian Learning Rule which says that the we:ght of a synaptic
connection is modified in proportion to the difference between the target
and actual output of a neuron. This modification always tends to move
the neuron (processing element) output In a direction closer 10 the
desired output values.

Lashiey's studies of the mind (1950) led to a formalization that the
mind has a distributed knowledge representaton. That s, an idea or
concept is not stored-locally, but is stored in a distnbuted fashion
throughout many cells. This added reinforcement to the onginal 1deas
established by McCulloch and Pitts.

The fieid of neural systems inaly became popular in 1957 when
Rosenbiatt developed a neural model which he called the Perceptron.
The Perceptron proved many useful concepts and was the first mode!
developed that had the ability to learn patterns and make
generalizations.

Interest in the field subsided when Minsky and Papert published therr
book Perceptrons. An Introduction to Computational Geometry, In this
book they demonstrated Perceptron compuiational limitations by show-
;fx\o O:!) couidn't perform basic funchons as simple as an exclusive-or

Even though neural network research was siowed as a result of
Minsky and Papert's book. it stilf continued in several areas through the
1960s. Wilshaw exiended the mathematcal analysis of distnbuted
memory models and found properties associated with various modet-
ing schemes. Stephen Grossberg used neural modeis to explain his

concepts of memory and motor control. Mis theories are prowviding
powertul insights into the workings of the mind and laying a foundation
for an overail mathematical theory for neural network operation and
design.

Inthe early ‘70s Aman made contnbutions in Boolean network theory
while Anderson developed the concept of completely distributed linear
associative memones. Kohonen successfully explained the concept of
self-organmizing associative memory, which organizes and stores infor-
mation similar to mechanisms expected to be operating in the brain.

In 1977, the field of Cognitive Psychology began using the concept of
neural netwarks as cognitive and learming models for speech under-
standing. This movement was initiated by Rumethan. atthe University of
Califorma at San Diego. and by McClelland. at Carnegie-Mellon Univer-
sity, whose work was inspired by the HEARSAY Speech Understanding
System at Stanford University. They are responsibie for the term “parai-
lel distributed processing,” or PDP models, as cognitive neural net-
works are often called today.

Apout this same time commercial apphcatons research was con-
ducted by Robert Hecht-Nielsen at TRW While working at TRW he
developed the commercially available Mark Il and Mark IV neurocom-
puters that model neural networks and run simulations quickly.

The recent resurgence af interest in ANS technology s mostly annb-
uted to biophysicist John Hopheid, Calforria Institute of Technology In
1982 he published a paper which presented the subject in the broader
context of classical mecharnics and statisticat chysics as well as elecincal
engineenng and information processing This highiighted neural nel-
work potential to researchers in many fields.

Since that tme many nteresting developments and contributions
have occurred. One of these came from Bart Kosko of Verac Corpora-
tion. He integrated the concepts of fuzzy logic and tuzzy data with neural
networks through tuzzy cogmitive maps and mapping networks that he
developed. These techniques and networks allowed the individual :n-
puts of many experts in 3 specific heid to be combined and apphed
without constraining the experts 1o torm a consensus of opinion This
work shows prormuse 1n apphcations that are now being done by £ xoert
Systems.
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termining which digit, zero through nine,
any user writes on a digitizing pad. The
character recognizer works with a degree
of accuracy high enough 1o demonstrate
poternxial, but what makes this simple dem-
onstration interesting is that it was devel-
oped with less than three man-weeks of
work.
Attendees at the IEEE first annual Inter-
national Conference on Neural Networks
{ICNN) demonstrated a high degree of in-
terest in the field as evidenced by the larger
than expected attendance. Talks and tuto-
rials at the conference showed that neural
networks provide powerful concepts for
solutions to problems of pattern recogni-
tion, classification, image processing,
speech processing and knowledge proc-
essing. Although demonstrations ac the
conference showed potential for neural
network applications in the near future,
they were only simulations on standard
computers limiting their overall
usefulness.

Current real-time applications will ini-

TECHNCLOGY

Processing Elements and
Neural Networks

W Neural Networks consist of discrete indepen-
dent units called Processing Elements (PE)
which are anaiogous to neurons in the brain.

In its simpiest form, the PE has multipie inputs
and one output (see Fig. 2). Associated with
each input is a weight which determines how
muchinfluence theinputhasonthe PE. Inputsto
a PE can be from the real world or from other PEs
in the network.

The forms of the inputs are application depen-
dent. If the inputs are from the real world. they
can be real numbers or in binary form (0,1); 1n
some cases it is useful to use bipolar form (-
1.+ 1). It the inputs are from other processing
elements, they are real numbers with magnitude
less than or equal to one.

A PE performs a simple operation. The output
from the PE is the weighted sum of the inputs
passed through a non-linear activation function.
Actvation functions are incorporatedinto neural-

network modeis to emulate thresholding effects
present in biological processes. and are neces-
sary for effectively training the network.

A neural network is a set of interconnected
PEs. There are many ways that PEs can be inter-
connected. A number of different interconnec-
tion architectures hawving different performance
characteristics are popular in the literature,
These have names like Counter-Propagation.
Back-Propagation, Adaptive Resonance. Hop-
field Networks, Kohonen Memones, and many
more. Each architecture has properties that
make it useful for different applications. Com-
mon to afl architectures is the simple processing
element with vaniable weight interconnections.

In each architecture, PE outputs are deter-
mined by a class of smple, monotonicaily in-
creasing activation functions acting on the
weighted sums of thesr inputs. These output
functions range from “digital” threshold tunc-
tions 1o totally linear functions with the mostinter-
estng networks having non-linear functions
somewhere between these extremes { Fig. 3)

tially be limited to small networks for sig-
nal and image processing. Experts agree
that for neural networks to conquer the

difficult problems such as independent
recognition of large vocabularies, knowl-
edge representation, and cognition. they

Fig. 3

‘digital”
threshold

general
non-linear

——
—]

- linear

PE Activation Functions

Fig. 4
Qutput Patterns

input Patterns
The Baci-Propagation Network
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will require tremendous amounts of paral-
lel processing that cannot be achieved on
today's hardware. Optical processing
holds promise for the future in this area.
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The Back-Propagation
Network

B The back-propagation network is popular be-
causeitis powerful, fairly easy toimpilement, and
wefl understood. It has the ability to learn map-
pings by example, that is. it will generalize input-
output pair relatonships.

Most back-propagation modeis consist of
three layers of processing elements (PEs) (see
Fig. 4). The input layer coliects inputs from the
real world and distributes these to the hidden
layer. Each output from the first iayer forms an
input to every PE in the hidden layer. Outputs
from PEsin the hidden layer are distributed in the
same fashion 10 the output layer. The outputs
from thug layer form real-world outputs

Inputs 10 the network can be real numbers or
binary in form (1's and 0's) depending on the
application. Outputs can also be real or
thresholded to binary form.

Mappings

Since the back-propagation network has the
ability to learn mappings. 1 1s useful 10 discuss
whatis meant by a mapping. A mapping is some
function that converts an input data set 1o an
output data set. For example, the conversion of
text-to-speech is a8 mapping. The compiexity of
this mapping & evidenced by the algonthms
used in commercial speech synthesizers.

The interconnect werghts to each processing
element in the back-propagaton network deter-
mine what mapping the network pertorms. De-

terrmining a set of werghts that performs an opt-
mal mapping would seem tormidable. but we
can take advantage of learning algonthms to
automate this task. We can let the network deter-
mine the best weights by using an automated
procedure that aliows the network to improve
performance through practice.

The goal of the iearning procedure Is to mini-
mize the average squared error between the
computed values of the network's outputs with
the desired outputs. Each weight 1s modified in
proportion to the amount of error that it contrid-
utes to the overall error for all patterns presented.
Modification moves weight values in a cirection
that decreases the overall output efror (a gradi-
ent descent algonthm).

Tralning

1. Stan with a back-propagation network and a
randomized set of starting weights.

2. Collect a large set of input-output pairs that
are representative ot the mapping 1o be
performed.

3. Present one input o the network and deter-
mine the network's output.

4. Find the error between this output and the
desired output.

8. "Back-propagate’’ this outpul error to
werghts of elements in the output layer as well as
weights of the hidden layer. That i1s. modity the
weights so as to decrease the error for thig pat-
tern The amount of change necessary for each
wetght 1s governed by the learrung rules for the
back-propagation network which are based on

a gradient descent aigonthm

Repeat steps 3 through 5 of the secona input
inthe training set. Determine its associated error
and again modify the weights Obviously how
much the weights are modified will greatly attect
how well the network weights can be adjusied to
Improve performance for the second input while
not losing much performance for the first input.
The trick 1s to determine the error and weight
change that best accommodates both traimng
inputs. Such a “statistical” feature can be butlt
o the learring algonthm in several ways

The presentation of inputs and “staustical”
weight adjustment continues throughout the
tramng set. Aher the complete training set has
been presented. the overall performance error
of the network s lower than prior to traiming. The
overall error can be decreased toward an as-
ymptotic mintmum by repeating this tramng
process. Indeed. it may be necessary to present
the training set hundreds or even thousands of
times before the overall errof s low encugn for a
paricular apphication.

Once the network s trained. it can map any
nput trom the traiming set 1o 1S corresponding
element in the output set with a relativety hign
degree of accuracy The network has general-
1Zed and ‘‘earned’ the mapping mplied by the
nput-output pairs Note that it is not necessary 10
consider al! possible input-output pars just
enough to statistically represent the relatonshio
between them Novel input data can now be
appiied to the network and it will respond with an
appropriate outpul based on its nternai. sell-
generated representation of the .mplied
mapoing
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Q Other
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O Industrial Automation

O Robotics . O New Products

O Telecommunications C Venture Capital
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O Voice Store & Forward O value Added Resellers

O National/lnternational Papers
O Military/Space Markets
0 Cther

0 Interactive Voice Response
O Quality Assurance
O Interactive Audiotex
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0O I have enclosed a 100-word overview about the focus of the session listea above.

Please send us a 100-word abstract of the paper you are interested in presenting at
SPEECH TECH ‘88, and our review board will contact you as soon as possible as to
whether or not your paper has been accepted. Deadline date for abstracts: Dec. 5. 1988
Please mai your 100-word abstract or overview to:

MEDIA DIMENSIONS, INC.,
42 East 23rd Street, New York, NY 10010
Attn: Stanley Goldstein
(212) 533-7481 (212) 533-7483 (212) 533-3943
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