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ABSTRACT: A voice interactive natural language system,
which allows users to solve problems with spoken English
commands, has been constructed. The system utilizes a
commercially available discrete speech recognizer which
requires that each word be followed by approximately a 300
millisecond pause. In a test of the system, subjects were able
to learn its use after about two hours of training. The system
correctly processed about 77 percent of the over 6000 input
sentences spoken in problem-solving sessions. Subjects spoke
at the rate of about three sentences per minute and were
able to effectively use the system to complete the given
tasks. Subjects found the system relatively easy to learn and
use, and gave a generally positive report of their experience.

1. INTRODUCTION

The advent of a number of commercial discrete speech
recognition systems’ and their use in industrial applica-
tions [27] raises the question of whether or not such
machines may be useful for input to natural language

! For example. numerous such processors are described in the 1984 issues of
Speech Technology, Media Dimensions. New York, N.Y.
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processors. Specifically, one can ask

a) how might a natural language processor perform
in conjunction with such input devices, and

b) how habitable would the resulting voice-interac-
tive systems be for real users?

To study these issues, the Voice Natural Language
Computer system was constructed [6]. This system al-
lows a user to display one or more matrices on a com-
puter terminal and to manipulate them with spoken
English imperative sentences. If an undesired behavior
is observed, the user may request a “backup” and re-
phrase the command appropriately.

The voice recognition device used is a Nippon Elec-
tric Corporation DP-200 Discrete/Connected Speech
Recognizer which is a speaker-dependent machine that
requires a person to register in advance his or her pro-
nunciation of each vocabulary word one or more times
in a training session. This recognizer operates in the
“discrete speech” mode, which requires a user to pause
for about 300 milliseconds after each word, and the
“connected speech” mode, which allows word bound-
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aries to merge as long as individual word pronuncia-
tions are clear. Qur work investigates the use of con-
nected speech [14] and discrete speech, which is re-
ported here.

Discrete speech recognition is far more error-free
than connected speech recognition because the proces-
sor does not have to guess at word boundaries. Thus,
larger vocabularies, and hence richer domains of dis-
course, are achievable with discrete speech at a cost of
lower speech rates and some user inconvenience. In
many applications where speech is the preferred mode
of input, these disadvantages are far outweighed by the
advantages of robustness and greater expressive power.
Furthermore, users seem to be able to learn to speak
machine recognizable discrete speech more easily than
they are able to learn to speak machine recognizable
connected speech. A more detailed comparison of the
two modes is found in 11, 17, 29].

In the system under discussion, the voice recognizer
drives an error-correcting parser as described in the
next section. The parser sends output to a language
semantics processing system as described in [4-6].
Then, a domain-simulation module executes the de-
sired action and displays the result to the user. The
total system design will eventually include a touch-
sensitive screen to allow users to point to objects as
they speak, and a voice response system for prompting
and error messages. This article, however, will examine
only issues related to voice recognition.

Evaluating speech recognition systems is a difficult
undertaking because so many factors affect the vari-
ables to be measured. Lea [24] mentions over 80 factors
which affect performance, including vocabulary size,
vocabulary confusability, the physical and emotional
state of the user, adjustments to system parameters, the
type and placement of the microphone, and environ-
mental noise. Error rates, speed of entry, and user satis-
faction may all vary drastically on the same system
under different test conditions. To place our experi-
ment in the proper perspective, we have classified
voice test conditions into the following five categories
in order of increasing difficulty:

A) Measurements are made in the manufacturer’s
laboratory reading lists of words under optimal
conditions.

B) Measurements are made reading lists of words in
our laboratory environment.

C) Measurements are made reading sentences in our
laboratory.

Measurements are made as a user utters com-
mands to our system in a problem-solving situa-
tion in our laboratory.

Measurements are made as a user utters com-
mands to a system in a problem-solving situation
in the user's own work environment,

Under Condition A, 99 percent word recognition rates
are usually reported. Under Condition B, the clarity of
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the speaker, microphone placement, and other factors
may vary so that recognition may fall several percent.
Under Condition C, the reader will unconsciously in-
flect words placing stress at key points in the sentence
and allowing falling inflection near the end. This will
further reduce recognition rates. Under Condition D,
the user will stop thinking about how to speak to the
machine and will begin concentrating on problem-solv-
ing issues. Moreover, the user may speak ill-formed
sentences or use disallowed vocabulary. All of these
effects introduce additional errors with a concomitant
slowing of entry speed. In the final condition, numer-
ous other environmental factors are bound to further
distract the user from speaking in the carefully paced
style that can be recognized by a machine. Although
we feel that Condition E is of highest interest, circum-
stances confine us to Condition D, which may or may
not be an approximation to Condition E, depending on
the details of the laboratory environment. Qur labora-
tory was, for the most part, free of noise that might
affect recognition, and test subjects were usually al-
lowed to proceed uninterrupted. Otherwise, the envi-
ronment was similar to what might be found in an
ordinary office.

In our experimental study we were interested in the
following kinds of questions:

1. Learnability: What training would be required to
teach users to speak in machine-recognizable sen-
tences? What additional learning would occur
while individuals used the system and how fast
would it occur?

. Correctness: What word error rates would be de-
livered by the voice recognizer and to what extent
would these errors be correctable by a machine?
What sentence error rates would result? Would
users be able to successfully complete tasks?

. Timing: How fast would users speak individual
commands and how many commands would be
given per minute? How fast could tasks be com-
pleted?

. User Response: How would users feel about speak-
ing machine-recognizable commands? How would
they judge their ability to do useful work in such a
manner?

Toward the goal of at least partially answering these
questions, an experiment was run in which paid sub-
jects used our Voice-driven Natural Language Com-
puter (VNLC) system with the DP-200 recognizer to
solve a series of problems using discrete speech. Fol-
lowing a two-hour training session, each subject used
the system to solve simple problems for a total of four
hours. Two subjects were retained for an additional six
hours of testing to examine longer-term usage of the
system. Over 6000 utterances were spoken by the sub-
jects in these sessions. This article reports the major
findings related to the above questions. In addition. one
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expert speaker with extensive experience and consider-
able knowledge of the system itself solved the same
problem set as the novice subjects. In the following
sections, some practical considerations concerning
voice recognition systems will be given and then the
experiments and their results will be described. Finally,
this work will be compared to other projects in speech
understanding systems.

2. VOICE RECOGNITION PRAGMATICS

The most widely used voice recognition systems are
based on the pattern matching paradigm [20, 33]. Ini-
tially, the user registers one or more samples of every
vocabulary word in the machine; at later times, recog-
nition is done by comparing the time-spectral charac-
teristics of unknown words with the known samples.
The unknown word is assumed to be identical to that
stored prototype which is closest to it by some distance
measure. But if the unknown word has no near
matches, the recognizer may reject it by refusing to
make a selection. Connected speech on such machines
is typically done by a two-level dynamic programming
algorithm that guesses word boundaries at one level
and matches words at the other level.

Such recognizers have been used in many industrial
situations for voice data entry to computers [27]. For
example, in package sorting or assembly line inspection
applications, workers may vocalize digit sequences or
other information to the machine while carrying on
other tasks with their hands. However, there is very
little mention in the literature of the use of these recog-
nizers with natural language processors where vocabu-
laries are higher and the information transmitted to the
machine more complex. Because the slow mechanical
quality of machine recognizable complete sentences
may be bothersome to users, and the inflections of fully
formed sentences may reduce recognition accuracy, po-
tential users have shied away from installing such sys-
tems. One of the purposes of our work is to evaluate
systems of this type. An example of such use outside of
our laboratory is the “Put that there” system at the MIT
Architecture Machine Project [34].

Four kinds of error may occur during recognition of
discrete speech: rejection of legal input, substitution of
the wrong word for the word spoken, false acceptance
of illegal input, and failure to respond to legal input.
Rejection occurs when the speech recognizer cannot
find a sufficiently close match between the spectral
pattern of the input and any of the spectral patterns of
the prestored reference words. Rejection of input is the
correct response if the input is a nonvocabulary word,
or a nonword altogether, such as breath noise. How-
ever, if the input is a legal vocabulary word, this is a
rejection error. A substitution error occurs when the
speech recognizer reports a word other than the one
spoken. This happens when the spectral pattern of the
input is matched to the pattern of the wrong reference
word.
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Substitution errors tend to follow predictable patterns
and. therefore, are often automatically correctable. In
order to detect and possibly correct such errors, the
VNLC language processor receives a set of one or more
word guesses in each word position in the input sen-
tence. The first guess comes from the DP 200’s best
match and the additional guesses come from an histori-
cal record of known word confusions. For example. if
the recognizer commonly identifies the pronunciation
of "divide” as “five,” each recognition of “five” will also
include “divide” as an alternative. After incompatible
adjacent pairs have been eliminated by the scanner
preprocessor, the sequence of word sets are then passed
on to the parser and the semantics processor which
attempt to select a single word for each slot such that
the sequence is a meaningful English command. The
first such sequence found is executed for the user who
can view the result on the screen and judge its correct-
ness. If no legitimate English command can be found,
the processor returns a prompt to the user to “please
rephrase the request.”

False acceptance errors occur when a nonvocabulary
word or a noise such as a cough is reported to be a
word in the vocabulary. Failure to respond to legal input,
the fourth type of error, is usually the result of faulty
gain setting or very soft-spoken input. This was not a
problem during this experiment. The frequency of all
the above errors will be affected by certain internal
parameter settings of the recognizer. For our study,
these were set to levels recommended by the manufac-
turer and were not altered during the experiment.

3. THE EXPERIMENTAL PROCEDURE
Nine volunteers from a college mathematics course,
who ranked themselves above awerage in mathematical
ability, were selected as subjects. Their first session of
about 60 minute$ was used to establish their reference
templates of the 100 vocabulary words. Each word was
registered once using rising inflection (as in “Did you
say ‘multiply’?”), once using flat inflection {as in “The
word ‘multiply’ is misspelled.”), and once using falling
inflection (as in “Now speak the word ‘multiply’.”).
Forty-five difficult-to-recognize words were registered
three additional times using the same inflection pat-
terns for a total of 435 word samples. The subject was
then asked to read the vocabulary list back to the ma-
chine in order to detect recognition problems and some
words were reentered if necessary.

In the second session, the subject was seated behind -
a computer display terminal with a head-mounted mi-
crophone and introduced to the voice natural language
processor in a 30-60 minute training session. The ex-
perimenter read a tutorial description of the basic sys-
tem capabilities and at appropriate times requested that
the subject speak specific commands to illustrate the
facilities being described. As each input word was spo-
ken, the recognizer either returned a low-pitched audio
beep to the headset to indicate a rejection or displayed
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its best guess of the word on the screen. In case of a
substitution error. the subject could say “correction”
and repeat part or all of the sentence. or the subject
could ignore the displayed words and depend on sys-
tem errar correction to find the desired meaning of the
command. Subjects were not initially informed about
all the error-correcting abilities of the system, but
rather were allowed to discover them as the experi-
men! progressed.

Subjects were required to end each utterance with
the word “over™ as a request for command execution.
The word “forgetit” could be spoken at any point to
terminate an utterance without command execution
and prepare the machine for a new command. Utter-
ances ending with either “aver™ or “forgetit” are called
transactions in this article. Transactions ending with
“over" that were processed by the system are called
successful transactions. Transactions ending with “for-
getit” and transactions which resulted in error mes-
sages or no response are called unsuccessful transactions.
The transaction time is the total elapsed time from the
beginning of one transaction to the beginning of the
nex!, and includes speaking time. processing time, and
any user delays before beginning the next utterance.

The experimental task to be performed was the solu-
tion of a set of three simultaneous linear equations in
three unknowns. In each case. the subject would use
spoken commands to display the coefficients in a three-
by-four matrix. The method of solution was left to the
subject but usually involved obtaining an identity ma-
trix in the first three columns and the solutions in the
fourth. Subjects were not taught the use of looping or
procedural capabilities [15] so their solution included
only “straight line” code. The advantage of this kind of
problem is that it is easy for the subject to comprehend
what to do and it evokes a significant number of di-
verse vocal commands. Subjects solved problems at
their own rate and were paid when they completed the
experiment. The experimental sessions were tape re-
corded and the machine's recognition of each command
was retained by the computer. After the experiment,
each subject filled out an interview form evaluating his
or her experience.

One of the authors has had considerable experience
with the system. and may be considered an “expert
speaker.” For purposes of comparison. he solved prob-
lems under the same experimental conditions as the
other subjects, and the data were subjected to the same
analysis.

4. RESULTS

During problem solving, each subject uttered at least
400 transactions. Analysis was conducted as follows:
The first 15 transactions were scored, 60 were skipped.
the next 15 scored. and so on until at least 6 intervals of
15 transactions each were analyzed. Three kinds of
data were collected, related to the processing of words,
the processing of transactions, and the completion of
tasks,
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TABLE!. Summary of Data per 15-Transaction Interval.
6 Intervals: 9 Subjects

Parameter Mean Low High

Number of words 93.8 133.8

Words per minute 40.8 57.0

Transaction time (seconds) 14.8 249

Number of successful 9.5 143
transactions

Number of rejection errors . .8 12,5

Number of correctable 2 5.2
substitution errors (c-subs)

Number of incorrectable . 8 10.0
substitution errors (i-subs)

Number of false acceptance . .0 1.3
errors

Number of total errors . 2.0

TABLE ll. Data From the Tutorial Phase (Normalized to
15-Transaction Interval) 9 Subjects

Parameter - ’ Mean Low

Number of words 82.0

Number of successtul 7.0
transactions

Number of correctable . .0
substitution errors

Number of incorrectable . 31
substitution errors

Table I presents the results for nine parameters over
the six intervals that all nine subjects completed. The
data are presented as mean values over all subjects, the
minimum value and the maximum value. The latter
two show considerable variation that occasionally ex-
ceeded a tenfold range between best and worst per-
formance. The last column contains the results ob-
tained from our expert speaker.

Several parameters exhibited a trend with time al-
though these effects were not statistically significant.
For example, the speaking rate in words per minute
increased from 42.3 in the first interval to 50.3 in the
sixth. Correspondingly. the transaction time decreased
from 23.2 to 15.9 seconds over the first six intervals.
None of the error measuring parameters (the last five
rows of the table) showed a significant trend over the
intervals measured.

Since the error rates did not decline significantly, as
we had expected. we decided to analyze the data re-
corded during the tutorial sessions. Tape recordings
were not made during this phase of the experiment so
only four data items were available. These results,
shown in Table ll, were normalized to the 15 transac-
tions per interval to allow direct comparison with Table
1. Although the rate of i-subs was greater during the
tutorial, the other three parameters are remarkably
similar to the data shown in Table L.
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The time taken by the subjects to solve a given prob-
lem was also recorded. As shown in Figure 1. the sub-
jects required an average of 24 minutes to solve the
first prablem attempted. and from 7 to 15 minutes for
subsequent problems. Analysis of variance showed that
the mean times to solve problems are significantly dif-
ferent at P < .01.The least significant difference criter-
ion [8] applied to the ordered list of means indicated
that the largest mean (i.e., that of Problem 1) was sig-
nificantly different from the second largest (that of
Problem 2), but that the second and remaining means
did not differ from one another at the P < .05 level. (It
was found in an earlier experiment [5), that first year
programming students, using a version of this system
with typed input, required about 34 minutes to solve a
set of three linear equations.)

A breakdown of unsuccessful transitions into these
various causes is given in Table III. Of the 1365 transac-
tions actually scored, (about one-fifth of the total), 1053,
or 77.1 percent were successful, and 312 or 22.9 percent
were upsuccessful. Most of the unsuccessful transac-
tions were in the category of simple “forgetits.” These
were utterances in which the subject determined by
inspection that the sentence was incorrect and termi-
nated the transaction rather than attempting to correct
the errors. The next largest category of failed transac-
tions was “user error.” This consisted primarily of er-
rors in use at the correction facility: either too many or
too few words were deleted so that the resulting utter-
ance could not be correctly parsed. Failures marked as
“i-sub errors” were those in which the speech recog-
nizer made an incorrectable substitution which was not
noticed by the subject. but which caused the input
sentence to be immediately rejected as syntactically
impossible by the scanner-preprocessor. In 23 transac-
tions. subjects spoke what appeared to be a well-in-
formed. syntactically correct sentence, to which the
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computer did not respond correctly. These are listed as
“svstem errors.” In a few cases. the subject had a
change of mind after speaking a well-formed sentence
(e.g.. the subject meant to sav "Double row two and .. ."
rather than "Double row one and . .."} and simply ter-
minated the transaction. Some subjects attempted un-
implemented variations of operations. such as "Add
three times row two to row one.” rather than the ac-
ceptable “Add the product of three and row two to row
one.” Logouts occurred when a subject became impa-
tient with a time-consuming parse and terminated the
process.

Data on subject responses to a questionnaire are
shown in Table [V. Six of the questions required a nu-
merical response, and the mean results are shown. The
subjects appear to have enjoyed learning the system.
and found it easy to learn {Questions 1 and 2). Although
enjoyment and ease of use (Questions 3 and 1) did not
rate as highly as ease of learning, both are scored favor-
ably. Ease of use (Question 4) would have a higher
rating were it not for one user who scored this question
1, the lowest rating. The worst score assigned this ques-
tion by any other subject was 4. the neutral rating.
Overall, most subjects rated the system as not tiring to
use (Question 5) although there was some disagreement
on this point. The subjects strongly preferred the voice-
driven computer system to working with pencil and
paper. and they somewhat preferred it to using typed
input (Questions 6a and 6b). However, several subjects
expressed a preference for a preprogrammed algorithm
which required only that the data be entered into the
computer, and which would then automatically calcu-

TABLE Ill. Breakdown of Unsuccessful Transactions (Al Subjects,
All Scored Transactions) ’

Category Number  Percent of total Percent of failures

Forgetit 184 13.48 58.97
User error 43 3.15 13.78
i-sub errors 28 2.05 8.97
System error 23 168 - 737
Change of mind 17 1.25 - 548§
Unimplemented 9 .66 2.88
Logout 8 59 2.56

TABLE IV. Subject Response to Questionnaires
Question Mean High Low

. Enjoyed leaming system 6.7
. Found leaming easy 8.3
. Enjoyed using system 8.3
. Found use easy 5.0
. Found system tiring 3.1
Prefer VNLC to:
6a. Pencil and paper 6.4
6b. Using typed input 5.7

7 = highest degree of agreement
1 = highest degree of disagreement.
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late the results. The subjects gave varied responses
when queried about their likes and dislikes with regard
to the voice-driven system. In general, they enjoyed the
novelty of being able to talk to a computer. Several
subjects expressly liked the ability to use pronoun re-
ferents to objects such as rows and entries, and the
ability to use conjunctions to specify more than one
operation within a single sentence. Dislikes included
the necessity to pause between words (i.e., discrete
rather than connected speech) and the long period
sometimes required for the parser to fail on a syntacti-
cally-incorrect sentence. Related to the dislikes were
suggestions which included implementing connected
speech, and putting a time limit on the parsing phase.
Several subjects suggested increasing the vocabulary
size.

5. DISCUSSION
The four questions presented in the introduction will
be discussed here.

Learnability: What training was required and what addi-
tional learning occurred during system use? The amount
of formal training was adequate for the subjects to use
the system since all of them satisfactorily solved all
problems. After training, two noticeably different kinds
of learning were observed during the experimental ses-
sion. The first concerned the use of the natural lan-
guage processor in solving this particular type of prob-
lem. In Figure 1, one can see that the first one or two
problems were solved rather slowly but all after that
required roughly the same amount of time. The learn-
ing transient was less than one hour.

The second kind of learning, the acquisition of ma-
chine recognizable vocal skills, has both a very fast and
a very slow component. By the time the tutorial was
underway, the subjects had mastered the system to a
remarkable degree, as shown in Tables [ and II. Pro-
gress beyond that point, however, was much slower.
For example, the various error rates of the test subjects,
(Table I), showed only barely perceptable improvement
over the course of the experiment. However, our expe-
rienced speaker, also shown in Table I, had an error
rate one-third that of the subjects’ mean, although he
spoke approximately twice as fast. This suggests that
refining voice skills is a long-term process.

These results are consistent with our experience. In a
previous experiment using only typed input [5], we
found that about one hour of training was adequate for
most subjects to learn the basics, if not the subtle as-
pects, of the natural language command system. We
also felt that with motivated users voice input could be
used effectively with relatively little training (under
two hours). The slow rate at which subjects progressed
towards their apparent ultimate abilities for vocal ma-
chine communication was unexpected. We had hoped
that at least the error rates of our longevity subjects
(those who spent 10 hours with the system) would im-
prove greatly, but this was not the case. None of cur
subjects reached the skills of our highly experienced
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speaker, although there was no reason to suppose that
some of them would not have approached or surpassed
this level of performance given sufficient time. Appar-
ently. the learning curve is quite flat as users approach
their ultimate skill level.

Correctness: What were the error rates and how much
could be corrected automatically? The average word er-
ror rates {Table I) were in the range of 8-12 percent as
can be expected in experimental situations of category
(D). These varied widely across subjects as has often
been observed in the literature. (See, e.g., [3, 24, 30].)
Substitution errors averaged 7.1 percent corrected to
4.7 percent by the system. About one-fourth of all
transactions failed to be executed as desired and had to
be rephrased. More extensive error correction methods
are needed as described, for example, by Fink [14].

The sentence error rate is similar to that observed in
experiments on various typed input systems such as
LADDER[28], TQA[10], and NLC[5]. Typed input sys-
tems usually have much larger vocabularies and
broader grammars than VNLC and most of their failed
transactions come from users pushing vocabulary or
syntax beyond the implemented capabilities. With
VNLC, the limited vocabulary resulted in simple gram-
matical constructions which seldom failed and errors
were due primarily to voice misrecognition.

Although the error rate tended to slow the speed at
which transactions could be entered successfully and
also frustrated and tired our subjects more than an er-
ror-free system would, it did not prevent them from
carrying out the designated tasks. Moreover, the errors
almost never caused the system to carry out a wrong
action, that is, one not intended by the user. Rather, in
nearly every case, errors prevented the system from
carrying out any action, although theoretically wrong -
actions were quite possible.

In a recent series of tests, we observed substantially
fewer user-induced errors with discrete speech than
with connected speech. With connected speech, inex-
perienced users often forget to speak in the careful
manner required by the recognizer and lapse into a
style where rapid bursts and slurred words occur fre-
quently. The regimentation of using discrete speech
seems to discourage this behavior, although highly ex-
perienced speakers avoid this problem and can achieve
low error rates in either mode.

Timing: How fast did subjects speak commands- and com-
plete tasks? Various experiments have reported dis-
crete speech word rates between 20 and 50 words per
minute, though rates over 40 are considered “burst”
rates. One author [29] claims nonburst speeds of over
30 are impossible, although he assumed a simultaneous
tasking situation which we did not provide. Speaking
sentences in the manner of this experiment constitutes
a burst style of speech, which may explain why rates of
40-80 words per minute were achieved.

Concerning sentence rates, subjects entered transac-
tions at the rate of over three per minute with an ap-
parent trend toward faster speech after several hours of
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TABLE V. Vocabulary Sizes

Source Calculation method

Numbet of
types for 95
percent

Lorge’s magazine count

71

Kucera and Francis [22)
{7

Spoken

. Howes’ spoken count [19]

Dahl's spoken American
Engtish [9]

French, Carter, and Koenig
[16]

Read from Table
Read from Table

Graphic

Howes, personal Read from table

communication

Work done by this project Hand calculated

Ca!culétions from Carroft

Calculation from Carroli

Sampie of 5 million words from
popular magazines between 1927
and 1938.

Diverse sample of 5 million words of
written English, where a word is
any string of characters separated
by spaces.

11,000

16,500

250,000 words of monologue.

About one million words of discourse
from recorded psychoanalytic
cases.

Words from telephone conversations
Names, titles, exclamations,
numbers ‘uh,” “er,” etc., were
omitted as were interjections such
as hello, good-bye, all right, so
count may be high or low.

Control tower.

Vocabulary of weather reports and
forecasts, 8265 words.

using the system. Natural language input to computers
has not previously achieved this rate in such an experi-
mental situation. Typed input systems have been ob-
served to be used at rates of about one transaction per
minute [5]. Typical conversational English is at the rate
of about 5-15 sentences per minute.

User Response: How did subjects feel about speaking ma-
chine-recognizable commands? Perhaps the most critical
factors for the successful practical use of voice input
are user attitude and motivation. There are many rea-
sons for an individual .0t to be positively disposed to-
wards a voice system. It may be perceived as hard or
impossible to use; it may appear to have the potential of
causing co-workers to be displaced; it may provoke un-
named anxiety and hostility merely because it is, in
some sense, “a computer” [26]. Our subjects, students
from a college math class. do not necessarily represent
the kind of person likely to use a voice system rou-
tinely. They were an ideal group of subjects for this
experiment. Had a significant number of them balked
at the system, it would be an ill omen indeed for the
practical use of voice. As it turned out no subject dis-
played any serious hostilily toward the system, and ev-
ery subject who began the experiment completed the
allotted hours of work, and did so willingly and cooper-
atively. There is, then. a segment of the population who
can use voice input successfully with very little train-
ing and little motivation other than curiosity and the
low pay students on a university campus receive.
Whether these results would apply to other populations
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such as workers on an industrial shop floor is a ques-
tion for future studies.

Other Comments: Vocabulary Size.  Our project is con-
cerned with the question of how many words are suffi-
cient for natural language in a restricted domain of
discourse. Obviously, limitation to a vocabulary of 100
words stretches the concept of “natural language.” Our
working definition of natural language requires that it
include a broad enough vocabulary and syntax so that
the user can say what he or she wants with only a
minor effort to adapt the manner of speaking to the
listener. Some adaptation is. however, normal and oc-
curs in everyday conversations.

One can gain a rough idea of vocabulary sizes for
various environments by examining the literature. Ta-
ble V gives the numbers of words needed to account for
95 percent of the words for discourse in various studies.
The other five percent of words used can involve a
nearly unbounded vocabulary in such environments
because of the introduction of uncommon words.
proper names, and so forth. The seventh entry in Table
V is the result of our tabulation of the vocabulary used
to report and forecast local and national weather as
broadcast over a radio channel dedicated to that pur-
pose. '

It appears that while a vocabulary of 100 words was
satisfactory for the controlled experiment described
here. it is. in general. not adequate for tvpical applica-
tions. Much larger vocabulary capabilities for machines
may become available in the near future [21. 35. 38].
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For example, Kaneko and Dixon [21] have demon-
strated a two-stage recognition procedure which can
currently handle a vocabulary of 2000 words in “near
real time” with a word recognition rate of 86.3-94.5
percent. Our results show that a word recognition rate
in this range can lead to reasonably satisfactory natural
language performance. If such recognition systems can
be perfected to the point that they can be integrated
into the style of processor we have built, a wide variety
of potential applications will be within reach.

Clearly, much more precise information is needed on
the specific characteristics of natural language in vary-
ing environments including vocabulary sizes and the
types of grammatical constructions needed. If a categor-
ization of tasks were available specifying the language
required in each case, it would be possible to match a
given system’s capabilities to the tasks that it can suc-
cessfully cover. Our project prefers to work with task-
criented environments, such as occur with matrix or
text manipulation systems, rather than database re-
trieval environments which are much more typical in
natural language research. See, for example, [10, 13, 18,
31, 37, 39, 40]. With task-oriented environments, there
is an initial state, goals, and sequential progress toward
those goals resulting in dialogues with more form and
internal cohesiveness. Furthermore, vocabularies are
smaller, execution time can be shorter, and correctness
is less of a problem because of the visual feedback.

6. CONCLUSION

The work reported in this article has achieved two re-
sults. First, the measurements indicate that current dis-
crete word recognition machines are of adequate qual-
ity to enable the construction of small vocabulary (100
word) natural language interactive systems. Such sys-
tems can be capable of recognizing most (77 percent) of
the sentences spoken by cooperative, intelligent users
in the real-time accomplishment of tasks (Category D
test) after relatively little (under two hours) training.
These conclusions are based on observation of nine
subjects speaking over 6000 sentences. Most problems
arise from errors delivered by the recognizer and a
challenging research area addresses the automatic cor-
rection of such errors.

Other data points in speech understanding systems
have been established by other projects. For example,
the Hearsay-II system [13] processed connected speech
with a larger vocabulary (1011 words) and achieved a
sentence recognition rate of 91 percent. This result was
achieved in a nonreal-time environment with one sub-
ject speaking 22 sentences in a Category C testing envi-
ronment. This system was tuned to the individual
speaker by a process of generalizing from speaker-spe-
cific training data which was manually labeled by a
speech-processing expert [13 (p. 224)]. Similar results
were also achieved by the HARPY system [25] in a test
where five subjects spoke 184 sentences. Other speech
understanding systems (2, 32, 39, 40} have been devel-
oped to process connected speech and are described in
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various standard references, such as [12, 23]. In con-
trast with these projects, this article considers the use
of discrete speech in the much more demanding Cate-
gory D testing environment. '

Our second result is.a demonstration of the habitabil-
ity of discrete speech for humans. It is quite common
for speakers to adapt their vocabulary, syntax, and
manner of speaking to the listener, as in speech to chil-
dren. to the elderly. or to professional colleagues (see,
e.g. (1, 36]), and the question is whether or not people
will be willing to use discrete speech and limited vo-
cabulary in order to communicate with machines. Al-
though mixed results are reported in this regard in [17],
which describes a series of experiments with a “simu-
lated listening typewriter,” no ultimate conclusions can
be drawn for long-term interactions in an applications
environment. The work reported here indicates that
people are able to speak in this mode for relatively
short time periods to effectively solve problems and
give a reasonably positive report of their experiences. It
appears that in the immediate future many voice input
applications will involve discrete speech.
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