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SPEECH APPLICATIONS
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ABSTRACT

Neural networks have sophisticated abilities for processing and
filtering signals. In particular. Elman and Zipser [lI demonstrated
that the back-propagation network deveiops significant feature
representations which may be useful for both segmcn'ting a.nd recog-
nizing speech. Such networks might find applications in speech
compression and/or speech normalization. The network’s apparent
potential for speech applications justifies further exploration, and
this paper describes our work in progress.

I. Background

Fundamental problems remain unsolved in speech processing.
Although recent developments have occurred in digital signal pro-
cessing techniques and their hardware implementations, many ques-
tions are unanswered concerning correct perceptual units of speech,
the use of prosodic information in the speech signal, and viable
voice compression algorithms,

Neural networks provide a poverful means for pursuing
answers to these questons. While performing complex mappings,
these networks extract fundamental information about the input sig-
nal. Relying on this ability, networks may be trained to aid in the
accomplishment of difficult speech processing tasks.

One particular nerwork paradigm, the back-propagation net-
work, has the demonstrated capability to represent significant
features of speech [1] (3. The back-propagation network is a three-
layer neural network that behaves as an interpolative-associative
memory. It has the ability to learn mappings by example; that is. it
will generalize input-output pair relationships. The mappings that
are learned are dependent on the input-ourput pairs that are used
during the network’s training period (2].

The network’s capability may be useful for isolating and modi-
fying a variety of speech features, and might find immediate appli-
cation in speech compression (to improve low data rate voice
ranstmission), speech normalization (to improve voice recognition),
and speech adaptation (for voice feature modification). In short, the
back-propagation network is a powerful tool for analyzing and
manipulating speech.

2. Purpose

The goal of our research is 1o explore how back-propagation
networks, trained to leam the significant representations of prepro-
cessed speech, affect novel speech data. Using networks of dif-
ferent sizes with different preprocessing methods, we hope to dis-
cover the features learned and how this information rnay aid the per-
formance of difficult speech processing tasks, such as:

1) Identifying phonemcs in the context of continuous speech
for both speaker dependent and independent recognition;

2) Capuuring speech characteristics of a particular speaker for
use in speaker recognition and verification:

3) Compressing and encoding the speech signal for low data
rate wansmission as well as secure communications;

4) Capruring critical vocal ract parameters and speaker pro-
sodic information such as pitch, stess, rate, etc., 1o be used for
disguising a person’s speech or changing the identity of the
speaker.

We also hope to gain insight into the amount of processing
power required for useful applications. Limited processing power
restricts the size of our networks and increases the amount of time
necessary to train each network.

3. Network Design

The size of the back-propagation network must be designed so
the network can learn to represent the fundamental aspects of the
preprocessed speech. Of the three layers in our network, the input
and outpu: layers are the same size (they have the same number of
processing elements), so that we can perform a one-10-one mapping
of speech data.

The hidden layer is less than one-half the size of the input or
output layer. This standard "hour glass" design forces the nerwork
to leam significant representations of speech. The network must
determine these significant features in order to compress the data in
the hidden layer and recreate it with reasonable accuracy.

Other researchers {1] have illustrated that a network, with a
hidden layer size of less than one-half the size of the input laver, is
capable of leaming significant representations of speech. Our
research will explore the use of networks with hidden layers of this
size and smaller.

4. Preprocessing Methods

A network may have difficulty drawing meaningful features
frorh the variable speech signal, since there are practical limitations
to the complexity of the mappings that a neural network can accom.
plish. Much research in speech recognition and perception has
involved the attempt 1o find a representation for the speech that
would simplify the problem of the great variability in the speech
signal [4]). Since each representation emphasizes a different aspect
of the speech signal, each will affect in a different manner a

network’s performance, including training time, error rate, and
feature development.
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Existing theories of speech recognition suggest at least three
useful representations of the speech signal [S). These representa-
dons are described below along with the preprocessing methods
which can panially capture features important to the representa-
tons:

A) Speech Perceptrion Theory -- Preprocessing: Raw Speech

Recognition can be achieved by extracting speech features,
such as voice onset times and formant transitions, that have been
experimentally established as being important 1o the human percep-
ton of speech. These time domain features are present in raw digi-
uzed speech.

The advantages of using raw speech for training the network
are 1) it is easy to acquire, 2) it imposes no preprocessing perturba-
von of the signal, and 3) raw speech must contain all vocal mact
parameters and frequency domain information in some form. No
information has been eliminated. One possible disadvantage is that,
since raw speech does no pre-encoding, it mav place excessive bur-
dens upon the network during training.

B) Speech Reception Theory -- Preprocessing: FFT

The human auditory process can also be modeled by extracting
parameters and classifying patterns as done in the ear, auditory
nerves, and sensory feature detectors. These parameters and pat-
terns are found principally in the frequency content of the signal.

Frequency-domain represemation of speech information is
doubly advantageous. First, acoustic analysis of the vocal mechan-
ism shows the production of critical formant frequenc es that permit
a concise description of speech sounds [6]. Second, a great deal of
evidence indicates that the ear makes a crude frequency analysis at
an early stage in its processing [6].

Furthermore, FFT data is relatively easy to exmact from the
time-domain signal, and there is a great deal of information in the
FFT signal. However, there also is a great deal of irrelevant infor-
mation in an FFT.

C) Speech Productior. Theory -- Preprocessing: LPC

Speech can be recognized by understanding the method of
speech production--the parameters describing the vocal tract.
Important parameters include vocal tract resonances, rate of vibra-
ton of the vocal cords, and manner and place of articulation.

Linear Predictive coding analysis is a powerful technique for
estimating the basic speech parameters, such as pitch, formants, and
vocal tract area functions. LPC is based on the idea that a speech
sample can be approximated with a linear combination of past
speech samples. By minimizing the differences between the actual
speech samples and the linearly predicted ones, a unique set of
predictor coefficients can be determined.

The advantage of using LPC is that it provides an extremely
accurate estimate of the speech parameters. The main disadvantage
1s that the data in each segment of speech has been enormously
reduced to a representation that contains only a few filter
coefficients.

5. Approach

For our expenments, we train the network to perform a one-
to-one mapping, using speech from one male speaker. Once the
network s wained to an acceptable error level, we process speech
from three other male speakers as well as from the training speaker.
(For purposes of limiting training time and obtaining preliminary
results, an acceptable level was set at 10% error. In general, an
acceptable error is the lowest eror possible, perhaps 1% or 2%,

with a reasonable amount of training time, probably less than 72
hours.)

——-

To determine the effect of the network, we use a speech pro
cessing system whose performance can be measured with or withoy
the presence of the neural network (see Figure 1). First, the systeq
error is measured without the network. Digitized speech is prepro.
cessed. Inverse preprocessing is performed and error measuremens
are made by comparing the input and output speech. Second, the
system error is measured wiih the network. A back-propagatiop
network is rained to perform a one-t0-one mapping of the prepro-
cessed speech. The network output is inverse preprocessed 1o
obtain an approximation of the input speech. Error measuremens
again ar¢ made by comparing the input and output speech
Together, these measurements allow us to determine the nerwork’s
conuibution to the system error.

With a one-10-one mapping, a mean-square €ITor measurement
can be used to compare input and output speech waveforms Sup-
pose the input waveform is x,, and the output waveform is ¥, . both
of length N samples. The error signal e, is defined as:

€p =¥n X,

The energy in the error signal E, . is defined as:
1 —
E‘ = F;(e — €, )2

where ¢ is the average error over the N samples. It is useful 1o
express the error energy as a percentage relative to the energy in the
nput signal §:

] —
E Fu(e_en)z
e

E=—"2= -

! - 2
NE(I x,)

where X' is the average input signal. While this error measure is not
as useful as a correlation function, it is easy to calculate and pro-
vides necessary insight into the network’s behavior.

This error measure can alsc be used 10 compare the output
speech to the tuining speech. If the network has decreased the
overall error between these two signals, it appears the network has
leamned some of the unique features of the training speech and it is
tmposing those features on the input signal.

For further study, we may listen to the effect of the network
on novel speech and, based on the results, train new networks to
emphasize such effects. We hope to design several demonstragons
of potential applications to illustrate the network’s capabilities.

6. Initial Studies

We began our studies by training a network to map raw
speech, using the short word, "zero”. We wanted some initial meas-
ure of training time and intelligibility. After training a S0-20-50
network (fifty processing elements in the input layer, 20 processing
clements in the hidden layer, and fifty processing elements in the
output layer), we found training time was a matter of hours and that
the processed speech was readily intelligible.

After this initial test, we experimented with network training
using batch processing--the network interconnection weights wert
adjusted only after all of the input patterns in the word “zero” wer
processed, rather than adjusting the weights after each panem

Batch processing provided a more reliable training error measure
ment, although training was slower.

Using batch processing, we trained networks of various siZes

on the word “zero”. Rough training error measurements are showt
in Table 1.
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Figure 1.

In general, the larger the network, the lower the error. It's
difficult to say whether the larger networks performed better
because they received more significantly-sized chunks of speech
data, or simply because they were larger and had more connecuons
in which to store more informarion.

Our iniual training swudies verified the conclusion reached by
other researchers that the back-propagation leaming rate follows a
power-law relation. The first graph in Figure 2 shows pass error v.
time for seven networks of different sizes, while the second graph
shows regression lines for the same data. The correlaton
coefficient for all regression lines is 0.96 or greater, indicating a
strong fit to the power-law.

As another initial experiment, we trained a network on one
person’s voice and then input a different person’s voice through-the
network. What would the ourput sound like--the trainer’s voice or
the input voice? The output sounded like the input voice, not the
trainer’s voice. This was interesting, since it suggested the network
was leaming general features of speech, not unique features of a
particular voice. Yet, our current results, described below, suggest
the network may be trying to leam unique features as the network's
hidden layer size decreases.

Table 1. Initial Studies

Training Error vs. Time

. Error | Error
Network Size 10 hrs. | 20 hes.
64 -20- 64 14% 10.5%*

128 - 20 - 128 14 11.5

40-30-40 17 9.7*

64 -40-64 13 8.0
128-40-128 8 35
128-60- 128 8 423
192.60- 192 7 2.3*
*Estimated

System Used for Error Measurement

As a result of initial studies, we decided that a network size of
64-20-64 would be an appropriate starting point for our experi-
ments. We also learned that the length of utterances had a severe
impact on the required training time. When longer waining inputs
were lested, we determined that non-batch processing was more
efficient for our purposes (training in hours as opposed to baich
raining in days). We therefore chose non-batch processing with the
urnerance “zero” as our test word and recorded the utterance from
four male speakers with an 8 kHz sample rate. The length of the
digitized waveforms varied from 4.864 samples to 5.888vsamples.
representing 0.61 seconds to 0.74 seconds in duraton.

For raw speech, the input was segmented into 64-pnint blocks,
each representing 16 ms of the original signal. Each block of 64-
point samples was presented to the input layer,

For FFT data, the input was segmented into 128-point blocks.
each representing 32 ms of the speech. After performing the FFT,
each resulting 64-point block, representing the magnitude of the
spectrum, was presented to the input layer. (Phase information pro-
vided by the FFT is currently unused; however, further experiments
using phase information are planned.)

7. Current Results

Using one speaker's unierance as a training set. we trained four
back-propagation networks to within 10% training error. Table 2
shows the resulting training errors for each network.

Table 2. Training Error

Training Errors for Four Networkm

Network Size || 64-20-64 | 64-10-64

Raw Speech 9.8% 9.4%

FFT Speech 9.9%

10.0% J

(.
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Figure 2.

After training the networks, we processed the training speaker
data and the data for the other three speakers. The resulting errors
are shown in Table 3 for all four networks along with the processing
error for comparison.

In order to determine if the network learned features relative to
the maining data, we made error measurements between the test
speaker’s output speech and the training speaker’s original speech.
The results are shown in Table 4.

8. Observations

Although it is too early 10 make firm conclusions. some
specific observations concerning the initial and current results are
provided below:

-- Training Rate: Networks learn the most in the first few hours of
rraining, and only learn gradually thereafter. (See Figure 2.)

-- FFT Error: FFT preprocessing (and inverse preprocessing)
alone instills a 15-25% error in the signal, in addition to any error
instilled by the network. (See Table 3, the column entitled “"Pro-
cessing Error™))

-~ Mapping input speech to input speech: The back-propagation
systém using raw speech mapped with a lower error (26-33%) than
did the systern using FFT data (37-50% ervor). If one subtracts pro-
cessing error from the system error, then the network trained on
FFT data conuibutes roughly the same amount of error as the raw
speech case. (See Table 3.)

-- Mapping input speech to training speech: We wanted to see if
the network decreases the error between a test speaker’s voice and
the training speaker’s voice (making, in some sense, the test
speaker’s voice more similar to the trained speaker’s voice). Table 4
shows this measurement for the networks. The system using FFT
data mapped with a lower error (123-130%) than did the back-
propagation systemn using raw speech (170-189% error).

2 L 1 1 !
1 2 S 10 20 50
TIME  (Hours)

Training Error vs. Time (for seven networks)

-- Varying hidden layer size & mapping inpur speech 1o inpw
speech. Using raw speech, the system mapping degraded (the error
increased by approximately 2.5%) as the hidden layer size dropped
from 20 to 10 processing elements. Using FFT data, the system
mapping improved (the error decreased by approximately 3%) as
the hidden layer size dropped from 20 to 10. (See Table 3.)

-- Varying hidden layer sizc & mapping inpur speech 1o training
speech: Using raw speech, the system mapping improved (the error
decreased by approximately 3%) as the hidden layer dropped from
20 1o 10 processing elements. Using FFT data, the system mapping
degraded (the error increased by approximately 6%) as the hidden
layer size dropped from 20 to 10. (See Table 4.)

-- Compression: As shown in Table 3, both systems (raw and
FFT) do an acceptable mapping of input speech to input speech,
with a data compression ratio as high as 6.4 to 1.0. The mapping is
considered acceptable when the error is below 70%, since our sub-
jectve listening suggests that the speech is intelligible with this
amount of error.

-- Mapping many voices to one: As shown in Table 4, the sys-
tem using FFT data, when compared with the system using raw
speech, did a better mapping of all voices to the training voice.
Although the error instilled by the system is immense (over 100%),
reduction in the error is expected in future tests as the nerworks are
allowed to train below 10% error.

s -- Learning the speaker’s voice: The FFT system appears 10
do the bettes job of learning significant representations of speech
which are unique to the training speaker’s voice. The system errof
in Table 4 suggests that the input voices were modified slightly ©
resemble the speaker’s voice. Our subjective listening suggests this
may be the case, although application of phase during reconstruc-
ton of the signal appears to have an equally significant effect ot
voice identification features. If the FFT system error can be
reduced, the FFT system may serve a useful role in voict
modification.
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-- "earning and the hidden laver size. Different sizes of
pidden layers appear to perform different functons for voice
‘{,pladon, depending on the preprocessing method. For raw

h, the additional compression of the data as the hidden
jayer size shrinks does slighrtly aid the attempt to model the

iner's voice. For FFT networks, the additional compression
scrually hinders the attempt, increasing the error range.
Appmndy. addidonal compression for raw speech aids the
Jeaming of significant features unique tc the raining spcaker, but
pinders this function with the FFT data.

9. Current Conclusions

From the above observations, we conclude the following:
(1) Whether a network is mained on FFT or raw speech data
makes no difference in the error contributed by the network. (2)
The back-propagation network can compress speech effectively.
In our case, 6.4-to-1. Further compression may be possible with
larger networks. (3) The network has difficulty learning
significant representations of speech which are unique to the
speaker’s voice. Our data suggests, however, that a network
wrained on FFT power-spectra does have potential in this regard.
Note that phase information, which contains information relevant
1o the identity of a speaker, was not used during training to keep
the size of the networks manageable and commensurate with the
processing power we have available.

Our results, although informative, would be more useful if
we could devise a speech processing systemn that allows the net-
work to learn features with a more acceptable training ervor (1 or
2%). Our experience shows this could be possibl* if: (1) more
processing power were available to decrease taimng tume, and
(2) larger networks could be used. Both of these issues can be
addressed by modifying the gradient descent algorithms used in
training the networks, as well as running our experiments on
faster machines. Both possibilities are being considered.

10. Future Study

The remainder of our research for this year will be to apply
LPC speech data to the network. The LPC data sets will be
much smaller and may provide the network with a feature set
that allows for better feature extraction. The results of this work
will be available by late summer of this year.
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Table 4. Comparing Output with Training Speech

Error Between Training and Qutput Speech

H Without Network E With Network

! 1
Network Size 64-20-64 64-10-64
| !

Raw

FFT

i
| |
Training Speaker 0.0% 1 98% | 9.5% .
Speaker 2 210. 189. 1 186
Speaker 3 190. * 174. o167,
| Speaker 4 ) 196. o173 . 170.
Training Speaker | 0.0% | 329% , 30.0%
Speaker 2 i 210. Po123. 0 130
{Speaker3 ! 190. 12419,
| Speaker 4 i 196. i 124 130.

Table 3. Comparing Output with Input Speech

Error Between /nput and Output Speech

p ing E System Error
rocessing trror (Processing + Network) .
N 1
Network Size 64-20-64 \ 64-10-64

Training Speaker 0.002% 9.8% 9.5% .
Raw Speaker 2 0.002 28.1 30.5 !
Speaker 3 0.003 31.0 33.6 4‘
Speaker 4 0.002 62 29.2 :
Training Speaker 19.9% 32.9% 30.0%
ppp | Speaker2 215 48.9 45.1 |
Speaker 3 15.5 40.7 37.9 ;

Speaker 4 247 497 45.4
203
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