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The art and science of speech recognition research have
advanced to the point where it is now possible to com-
municate reliably with a machine via telephone to carry
out simple tasks. However, the creation of robust algo-
rithms is only part of the overall process of making
speech recognition technology a commercial reality. In
this paper, we present a brief overview of speech recog-
nition technology and discuss the implementation of the
algorithms with digital signal processing chips. In addi-
tion, we will show how theory and practice come
together in real-world conditions by describing a tele-
phone network trial of automatic credit card verification
using speech recognition technology.

Introduction

The ability to recognize speech automatically has long been
sought by AT&T Bell Laboratories! -3 as well as other laboratories.4
The use of such technology—for example, for automating portions of
operator-assisted calls or verifying credit card transactions—will
greatly enhance current telephone network-based services. In addition,
automatic speech recognition can be used to create a wide variety of
new services, from telemarketing (voice response and audiotex ser-
vices) to office automation (a voice calendar system).

Although automatic recognition of fluently spoken, natural
speech remains elusive, a great deal of fundamental knowledge has
been obtained. Three significant advances in algorithm development
illustrate the rapid progress over the past five years:
= Speaker independence: recognizing any speaker or dialect without

specific training
= Continuous speech recognition: understanding fluent sentences
rather than distinctly spoken words
= Word spotting: focusing on the key words in casual speech.
These algorithms have performed exceptionally well under laboratory
conditions, and are the basis for AT&T’s leadership in speech recogni-
tion technology.



Panel j_._ Acronyms in This Pa;pe_r
ACTR automatic call type recognition
| CAMA centralized automatic message accounting

DSP digital signal processor

HMM hidden Markov model

1/0 input/output

ONI operator number intercept

OSPS operator services position system
SP speech processor

VIS voice information system

In addition to the progress in speech recognition
research, there have been many advances in digital sig-
nal processor (DSP) technology. AT&T is a leader in
DSPs, with powerful floating-point signal processors such
as the WE® DSP-32C and fast, cost-effective fixed-point
processors like the WE DsP-16.° These fast, flexible DSP
chips enable advanced research algorithms to be imple-
mented on real-time, cost-effective hardware for integra-
tion into commercial applications.
With these successes in the research laboratory
and in DSP design, AT&T has conducted several field tri-
als to show practical uses of speech recognition technol-
ogy in real-world applications. The most sophisticated of
these is a fully automatic credit card verification system
in which merchants wishing to validate a credit card
number call the credit card company. Instead of speak-
ing to a human attendant, merchants speak the credit
card number and the dollar amount of the transaction to
a speech recognizer and receive an authorization for the
transaction.
This paper focuses on three main areas:
= Advances in speech recognition research, particularly
recent research on speech algorithms at AT&T Bell
Laboratories.

= DSP technology as the basis for real-time speech
recognition systems, particularly the AT&T Conver-
sant® voice information system (VIS).

= Field trials of speech recognition applications, both

previous telephone network experiments and the
recent trial of a credit card verification system.
These topics are interrelated because real-time

hardware is needed to run field trials and because prob-
lems encountered in the field become the basis of
research into new algorithms. The paper closes with
some observations on future trends in speech recogni-
tion applications.

Overview of Research in Speech Recognition

The basic concept of speech recognition is
shown in Figure 1. In the pattern-matching approach to
speech recognition, features extracted from speech are
compared to previously stored patterns, or models. The
model may represent either a word or a smaller subword
unit such as a phoneme. The model with the closest
match to the features is chosen as the recognized result,
subject to any constraints (such as grammar or seman-
tics) of the postprocessing step.

The most popular and successful speech recog-
nition algorithms are based on the theory of hidden Mar-
kov modeling. Because of its rich statistical properties,
hidden Markov model (HMM) speech recognition is gen-
erally considered to be more powerful than the older
template-based recognition techniques. For a tutorial
review of HMMs, see Reference 3.

Most of the speech recognition algorithms at
laboratories throughout the world follow the pattern-
matching approach of Figure 1, though the details of the
various components vary widely.* Bell Laboratories has
had considerable success with a word-based HMM speech
recognizer? that is the basis for several applications of
connected-speech recognition, speaker-independent
recognition, and word spotting. Now we present more
details of this particular algorithm, following Figure 1:
= Spectral analysis. The digitized speech signal is con-

verted to a set of cepstral vectors and cepstral-
derivative vectors. (The cepstrum is a measure that
models the frequency content of speech signals.) This
parameterization of the speech signal has been shown
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Figure 1. Basic con-
cept of speech recog-
nition. Features in
speech are automati-
cally extracted and
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to yield high recognition performance.?

= Reference models. Each reference pattern represents
a word as a linear sequence of Markov model states.
Reference patterns are statistically derived from previ-
ously recorded speech data, and consist of means and
variances of the speech features for each Markov
state. For speaker-independent recognition, speech
from many diverse dialects is used to generate one or
more models. For word spotting, background noise
and extraneous speech are also modeled.

= Pattern matching. The sequence of spectral vectors
of the unknown speech signal is matched against the
HMMs. A dynamic programming procedure known as
the Viterbi algorithm aligns, in time, the input utter-
ance with the set of reference models. The result of
this computation is a probability that each of the
models matches the incoming features.

= Postprocessor. The potential words from the pattern-
matching process are subjected to further validity
tests, such as comparison to duration rules, which
are used to eliminate unreasonable candidates. In
connected-word recognition, the postprocessor
chooses the most likely sentence among the remain-
ing candidates.

This algorithm has achieved speaker-independent
recognition accuracies as high as 99.6 percent per word
on phrases of fluently spoken digits.? The algorithm has
had excellent success on an English sentence task with
an 80-word vocabulary in the HuMaNet project.b It is
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also the basis of the more recent field trials described
later in this paper.

A basic assumption for most speech recognition
systems is that the speech to be recognized consists solely
of words from a predefined vocabulary. For speech recog-
nition applications in the telephone network, where any
person can pick up any telephone at any time from any-
where, it is naive to assume that users will adhere strictly
to this protocol. Studies on recognition of a limited set of
isolated command phrases for automating operator-
assisted calls” have confirmed that it is extremely difficult,
if not impossible, to get customers to speak only the
allowed words. For example, when customers are asked
to say only collect, calling-card, third-number, person, or
operator, they may instead say, “I want to make a collect
call please.” With these constraints, the burden of
correct speech falls on the users.

We should shift the burden from the users to the
speech recognition algorithms themselves. Recent
AT&T systems are able to recognize key words from a
vocabulary list spoken in an unconstrained fashion.” The
novelty of this approach is that statistical models are
created for both the vocabulary words and the extrane-
ous speech, including background noises. As discussed
under “Speech Recognition and Credit Card Verifi-
cation,” this word-spotting technique achieved good
results either for correct, isolated speech or when custo-
mers ignored the instructions and spoke a sentence.

The current frontier of speech recognition



research is recognizing speech from vocabularies of a
thousand words or more. Having achieved success in
the laboratory with systems that require isolated word
input or systems trained to individual speakers, most
researchers are aiming for recognition of fluent speech
(continuous-speech recognition) by any talker.* Additional
research topics include recognition of speech by neural
networks, investigation of language modeling as an aid to
speech recognition, studies of the changes in speech
with background noise and variations in speaking style,
and research on speaker verification and identification.

A key issue in developing large-vocabulary recog-
nizers is the choice of the basic speech recognition unit.
In speech recognition systems where the vocabulary size
is relatively small (less than 100 words), the basic unit
chosen is usually the whole word. But it seems intellectu-
ally appealing that we should model a more fundamental
unit of speech sound, for example the phoneme, in order
to recognize speech. Moreover, for large vocabularies, it
is impractical to record enough speech to cover many
people speaking each of 1000 or more words appearing
in each possible phonetic context. Such a training set
would be prohibitively large. Therefore, most large voca-
bulary recognition algorithms use subword models, such
as phonemes, diphones, or syllables, as their basic recog-
nition units. With this approach, 95 percent word recog-
nition accuracy and 71 percent sentence accuracy have
been reported in tests on a 1000-word task (speaker-
independent continuous speech).?

DSP-Based Speech Recognition Systems

Without question, the commercialization of
speech recognition has been made possible by the speed
and power of low-cost digital signal processing chips.
Speech recognition, like speech compression and synthe-
sis, is computation-intensive, requiring tens of millions
of computations per second even for modest speaker-
independent tasks. In 1980, the fastest available digital sig-
nal processor chip was the AT&T WE DSP-10 chip, which
executed 2.5 million instructions per second. Today the

AT&T WE DSP-16 executes 30 million instructions per
second. The result is more than an order-of-magnitude
reduction in the cost of speech recognition systems.

In 1986 AT&T announced a voice-activated dialer
for its mobile telephones. The DSP-based low-cost system
used HMM technology with filter bank feature analysis.1
This voice dialer would recognize up to 50 names in a
personal directory and was marketed by AT&T before it
withdrew from the cellular telephone business. The
directory was programmed by an individual user by
speaking each name two or three times and entering the
phone number. Special care was needed because of the
high noise levels in a moving automobile.

A floating-point digital signal processor made
possible a real-time realization of high-accuracy HMM
algorithms. The AT&T BT-100 parallel processor, which
is based on AT&T’s DSP-32 processor, can run speaker-
independent connected digit recognition!! as well as 1000
word speaker-trained recognition for complex tasks. 12

This year, AT&T announced its most sophisti-
cated speech recognition capability to date. The Conver-
sant VIS platform provides speaker-independent con-
nected word recognition with word-spotting capability.

The Conversant Voice Information System. The Con-
versant VIS platform is based on AT&T 6386 computers
running the UNIX operating system. (UNIX is a regis-
tered trademark of UNIX System Laboratories Inc.) The
basic system supports 48 simultaneous voice-response
applications. In the system’s more sophisticated form,
many of these computers may be networked together for
applications requiring more than 10,000 simultaneous
users. Most applications of this successful product have
used Touch-Tone input and recorded voice response, as
discussed in the paper by D. R. Fischell, S. S. Kanwal,
and D. S. Furman. 1

This platform has several processor boards,
including analog and digital network interface boards,
and a general-purpose speech processor (SP) board. The
SP board consists of a control processor, 256 digital
voice-data input-output (1/0) channels, and two DSP-32C
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Figure 2. Conversant

system signal pro- SRAM DSP-32C
cessing board for 8 x 32 Kbytes — 25 MHz
speech. The versatile (50 MHz)
board can run a wide
variety of speech : DSP-32C
algorlthms—s h MICr[ipTGCESSOF 25 MHz SRAM
peec 26mesiie (50 MHz) 4 x 16 Kbytes
recognition as well as
voice response and
speech synthesis. PC bus Connection to
interface EXpanSIon
board
ROM
DRAM DRAM Time-d_ivision
1 x 4 Mbytes 1 x 4 Mbytes multiplex
bus interface

SRAM: Static random-access memory

DRAM: Dynamic random-access memory

ROM: Read-only memory

processors (Figure 2). (See the paper by R. J. Perdue, J.
Leikness, and J. B. Sharp for a more detailed discussion
of the architecture.!*) This board, with its flexible archi-
tecture, is capable of running many different speech algo-
rithms including speech coding, text-to-speech synthesis,
speaker verification, and speech recognition. The speech-
recognition algorithms include both speaker-trained and
speaker-independent routines, codes for isolated-word
and continuous speech with grammars, and word spot-
ting. The board can run speech recognition simultane-
ously on two channels of input speech.

To handle large numbers of channels (simultane-
ous users) and/or large recognition tasks, more process-
ing power is needed. The companion board, consisting of
12 DSP-32Cs and a common pool of dynamic memory of
up to 16 megabytes (MB), was built to augment the
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capabilities of the SP board. A cluster of up to eight com-
panion boards, providing up to 2.4 gigaFLOPS (2.4x10°
floating-point operations per second) of processing
power, can be connected to an SP board. For the credit
card authorization application, a Conversant VIS with one
companion board handles six simultaneous transactions,
while, for the automated operator application, up to 30
simultaneous users can be accommodated.

Telephone Network Trials of Speech Recognition

Some speech recognition systems are notorious
for degrading in field conditions, especially when they
are designed and trained on speech recorded in the
laboratory. For demonstrations in the laboratory, users
may be given instructions on how to speak and on limita-
tions of the recognition system. But conditions in the



Table I. AT&T Speech Recognition Trials in the Telephone Network

Trial Date Technology Vocabulary Accuracy

CAMA/ONI 1982 Template-based, 11 words (0-9, oh) 93% per word

telephone number input isolated words
Amtrak call routing 1986 4 words (1-4) 95% per word 6
Stock price quotes 1985-86 11 words 93% per string !’
OSPS/ACTR 1985-87 5 words 94% per word (isolated inputs)’

automated operator services HMM with 5 words 98.3% per word (all inputs)?
Credit card verification 198990 word spotting 11 words 97% per 10- and 15-digit string

telephone network are far less favorable than these ideal
laboratory conditions. Background noise, extraneous
speech, different handset types, and variations in speech
level can cause a dramatic increase in speech recognition
errors. Table I lists speech recognition trials that have
been run in the AT&T telephone network. In this sec-
tion, we will briefly review several of these trials.

The first telephone network speech recognition
trial with AT&T telephone customers was in 1982. In the
trial, customers were asked to speak their telephone
numbers as sequences of isolated digits.!® The accuracy
achieved in this trial was about 93 percent per word.
Later, in 1986, customers of Amtrak were able access
train timetables and general information by speaking a
single digit.!® Depending on the user’s response, the call
would be routed to the appropriate operator. About 95
percent of the utterances were recognized correctly.
Both of these trials used isolated-word, template-based
speech recognition technology.

In 1985 a trial was performed with an investment
firm to automate a stock quote service. In this trial, each
stock was assigned a 9-digit code specially designed to
correct recognition errors (based on Reed-Solomon cod-
ing techniques). The recognition system used a hybrid
between isolated-word and connected word technology
and yielded a string accuracy of about 93 percent.”

Also in 1985, a series of trials was initiated to
evaluate speech recognition performance and user

protocols of a feature called automatic call type recogni-
tion (ACTR). This feature used speech recognition to give
telephone customers the option of verbally identifying
the type of call they wished to make. The task required
that users speak, in isolation, one of five defined vocabu-
lary words (collect, calling-card, third-number, person, or
operator). However, observations of customer responses
during the trials showed that about 20 percent of the
utterances had the desired vocabulary word along with
extraneous input that ranged from nonspeech sounds to
groups of nonvocabulary words (e.g., “I want to make a
collect call please”). This led to the development of the
word-spotting technique described above. In formal test-
ing using the ACTR trial database, word recognition accu-
racies were 99.3 percent on purely isolated speech (i.e.,
only vocabulary items and background noise were
present), and 95.1 percent when the vocabulary word
was embedded in unconstrained speech.?

In the next section, we will discuss in depth the
credit card authorization trial.

Speech Recognition and Credit Card Verification

The connected-word speech recognition algo-
rithm implemented on the Conversant VIS was tested in a
field trial of a credit authorization service for a major
credit card company.

This credit authorization service is currently pro-
vided by the credit card company to authorize retail sales
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Table Il. Customer Responses with Extraneous Speech

Percentage
Response
Type Human-Human Machine-Human
Merchant 37 10
Card 29 6
Dollar amount na. 7

n.a.: not available

transactions involving its credit card. A merchant calls
the credit authorization service to get an authorization
code for a transaction. A typical transaction between a
merchant and an attendant is:

= Attendant: Merchant number please.

= Merchant: 1234567899.

= Attendant: Card number?

= Merchant: 344121213456789.

= Attendant: Amount?

= Merchant: Two hundred and forty five dollars.

The attendant types the merchant number, card
number, and the dollar amount into the computer. The
computer processes this information and completes the
call by “speaking” the authorization code to the merchant.
Thus, the attendant’s only function is to listen to the mer-
chant and type the data into the computer. A previous
attempt by the credit card company to automate this ser-
vice with a Touch-Tone input voice response system was
unsuccessful, in part because merchants were accus-
tomed to the current system, in which they can speak.

The Conversant VIS with speech recognition
automates the function of the attendant in this trans-
action. Though most of the spoken transaction consists
of connected digits, the dollar amount involves natural
numbers (ten, eleven, hundred, etc.). The recognition
system must be able to recognize these words for the
dollar amount portion of the transaction.

Transaction Design. Speech recognition technol-
ogy performs better if the input speech contains no
extraneous speech. In order to take full advantage of
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speech recognition technology, the users of the system
should be instructed to speak only the speech recogni-
tion vocabulary words during the recording interval. In
this trial, it was not possible to train the merchants or to
send them written instructions on the use of the system.
Therefore, the speech responses contained background
noise and/or extraneous speech (e.g., “My card number
is 1234”). Consequently, an early phase of the trial was
dedicated to designing a protocol, consisting of a set of
speech prompts, which minimizes the extraneous words
spoken by the merchants. 18

The quality of the speech responses was defined
as the percentage of responses with extraneous speech.
First the extraneous speech was measured as a human
attendant handled the calls. Then a protocol using
recorded prompts was designed and implemented on the
trial system. The quality of the responses was measured
again for this human-machine protocol. The results are
given in Table II. The number of responses with extrane-
ous speech was reduced from 37 percent to 10 percent
for the merchant number responses and from 29 percent
to 6 percent for the card number responses. The
improved transaction design helps reduce the extrane-
ous speech but does not eliminate it. Therefore, the
word-spotting technique was incorporated into the Con-
versant VIS platform and used during the trial.

Speech Recognition Results. The trial system
prompted the user for the transaction information, col-
lected the raw speech data, performed speech recogni-
tion, and recorded the digit strings typed by the atten-
dant. An attendant monitored the transaction, tran-
scribed the speech responses, typed the data into the
computer, and sent a copy of the data to the Conversant
VIS. An estimate of the recognition accuracy was made by
comparing the result of the speech recognition system
with the attendant’s result. We present the results of our
analysis of 657 transactions handled by the system dur-
ing the last week of February 1990.

Recognition of Merchant and Card Numbers. The mer-
chant and card numbers have encoded in them a security



Table Ill. Measured Speech Accuracy—Trial System

First prompt With reprompt
Success Fail Reject Success
Number (%) (%) (%) (%)
10-digit merchant number 81.6 4.1 143 90.7
15-digit card number 82.7 5.1 12.2 89.4
Dollar amount with natural numbers 70.9 29.1 0.0 85.4

check digit. This was used by the recognizer to deter-
mine the validity of the digit sequence. The system
reprompted the merchant if the recognized digit string
did not satisfy the security check digit test (called a
checksum test).

If (after reprompting) the recognizer’s output did
not satisfy the checksum, the recognition outcome was
counted as a reject. If the output string satisfied the
checksum, it was compared with the digit string keyed in
by the attendant. The recognition outcome was counted
as a success if these two strings matched and as a failure
if there was a mismatch between these strings.

The recognition rates for the merchant and card
numbers are presented in Table III. On the first attempt,
the system had a success rate of 81.6 percent and a fail-
ure rate of 4.1 percent on the merchant numbers. The
remaining portion, 14.3 percent, was rejected by the sys-
tem. Of these rejections, 64.0 percent were corrected by
reprompting the merchant and performing the speech
recognition on the new response. The overall accuracy
of the system with a reprompt was 90.7 percent for the
merchant numbers. For the card numbers, the system
achieved an accuracy of 82.7 percent on the first attempt
and an overall accuracy of 89.4 percent.

Subsequent analysis of the field data indicates
that the recognition accuracy could be improved sig-
nificantly (to 97 percent accuracy on the first attempt for
both merchant and credit card inputs) by using improved
algorithms still in the research laboratory. These algo-
rithms will be implemented on the production system,

which will use the new companion/SP system described
in the previous section.

Recoghnition of Dollar Amount. The merchants were
not given any instructions in the specification of the dol-
lar amount. Consequently, it was spoken using natural
numbers like one hundred and twenty five dollars and
twenty five cents. The credit card company was interested
only in the dollar amount, in this case, one hundred and
twenty five dollars. Consequently, the system truncated
the recognition result containing dollars and cents to dol-
lars only, then compared the result to the dollar amount
recorded by the attendant. The results of this compari-
son are also shown in Table III. The system had a suc-
cess rate of 70.9 percent on the dollar amount on the first
try. The system prompted the merchant to verify its
result by responding with “yes” or “no.” If the response
from the merchant was “no,” the system reprompted the
merchant for the dollar amount. With reprompting, the
system achieved an overall accuracy of 85.4 percent on
the dollar amount.

The Future of Speech Recognition Technology

With the recent improvements in speech recog-
nition accuracy, we are confident that speech recognition
will find several significant applications within the next
few years. Examples of applications that are within reach
are banking by phone, operator services, and stock-
market inquiries. The growth of voice response sys-
tems!® can naturally be extended to allow speech input
instead of Touch-Tone signals.
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Figure 3. Voice conversation with a computer. Technology
for fluent conversations—in real time—will lead to a wide
variety of information-access applications.

It is important to bear in mind that speech recog-
nition, notwithstanding advances in reliability, remains
error-prone. For this reason, the most successful pro-
ducts and services will be those that have the following
characteristics:
= Simplicity: Successful services will be natural to use—
for instance, they may be menu-driven with small
vocabularies.

= Evolutionary growth: The first systems are likely to be
extensions of existing systems—for example, voice
response systems.

= Tolerance of errors: Given that any speech recognizer
will make occasional errors, the inconvenience to the
user should be minimized.

Looking further into the future, we can make
some guesses about new capabilities, based on ongoing
research, that will open up more ambitious applications.
Of course, no one can predict if or when a breakthrough
will occur.
= Subword units: It will be possible to build a dictionary
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of models composed of constituent phonetic models,
first for small, easily distinguishable vocabularies, and
later for large vocabularies. Thus, the effort and
expense of gathering speech from many talkers for
each vocabulary word will be eliminated.
= Noise immunity: Better speech-enhancement algo-
rithms will make speech recognizers more accurate in
noisy environments.
= Language understanding: The ability to spot key words
in a phrase is the first step toward understanding the
essence of a sentence, even if some words are not
recognized.
= Speaker adaptation: People can adapt quickly to dialects
and accents in speech. Machines could respond more
accurately if they had a similar learning capability.
The ultimate long-range goal is to converse
fluently with a computer. Figure 3 is a block diagram of a
conversational computer comprising a speech recog-
nizer, a language analyzer, a computer with a database,
and a speech synthesizer. A voice interaction with a com-
puter has two advantages: First, speech is the most
natural means of human communication. Second, remote
access to computers over the telephone is possible
because no keyboard or display is needed. Indeed, the



desire for remote access to information is the driving
force behind the success of voice response systems using
Touch-Tone input. The concept of a fully conversational
computer is indeed powerful because of its general appli-
cability to a number of information-access applications.

Conversing with a computer is commonplace in
science fiction—for instance, Captain Kirk of Star Trek*
talking to the computer of the Starship Enterprise*.
(*Trademarks of Paramount Pictures.) But practical sys-
tems for conversing with computers about elementary
tasks are no longer just science fiction; they are an emerg-
ing reality. As speech recognition technology progresses,
we will see the evolution of systems—simple at first but
becoming more powerful—that let us talk to machines as
easily as we converse with other people.
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