




































































4.4 Parameter Grid Spaces

For simplicity in computation and discussion, we us the average of
thérninth and tenth trials as the-asymptotic.ébproximation; alfhoﬁgh one
.cannot be certain Ehat asymptote has been reachéd by the tenth trial.
In our discussion we comnsider two differen£ asymptotoic maxima; the group
‘asymﬁtdtic maximum disﬁléyed in_thé 1earning.cufﬁes and paréﬁeter grid
spaces and the individual asymptotic méxima.shbWﬁ in the later figures.
The grbup asymptotic maxima aré'obtainea by avefaging over the subject's
individual asymptotié tacognifiﬁn rates for each.grid'point and éelect—
‘ing the maximuﬁ, while the individual maxima are simply.fhe best asymp-
totic recognition rates-for.each child in his paramete# space, The grid
points for individualumaxima may.br may not coincide‘with thé”points for
.tﬁe group maximum, We.usehthe group asymptotié vaiueJas our récbgnition
rate, although tﬁé mean of the individual maxima is greater, in recog-
| nition of the importance of a single par&mefér'éétting generaliZable
aﬁross children.

To further illustrate thé structﬁre'of_the delta model,.consider
Table 4, which shows the percéntage of asymptbtic correct classifica-
iions averaged over the 14 subjecté as a.function of the parameters &

and §&. The parameter space displays a definite and regular structure

Insert Table 4 zbout here

for the delta model, The group maximum is 94,1 percent at grid point

Similarly, we display in Table 5 the stvucture of the asymptotic
percentage of correct classification over a grid of parameter settings
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0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
78 78 78 78 78 78 78 78 78 78 68
79 82 86 8 87 88 82 68 50 40 37
80 83 89 89 89 85 77 62 47 41 38
82 89 91 91 8 8 71 56 44 39 36
83 91 92 91 88 82 69 53 43 35 36
83 93 92 90 89 81 66 63 41 34 41
85 o4 92 91 88 79 65 49 39 37 36
8 94 92 90 87 79 62 45 40 38 38
87 92 92 90 85 74 56 44 42 39 40
84 91 90 89 81 69 52 43 41 37 40
59 87 86 83 71 61 48 44 40 37 49

Table 4

Delta Model

Asymptotic Percentage of Correct Classifications,
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for the beta model. The parameter space for the beta model is notice-

Insert Table 5 about here

ably flat even out to values of B3=5.0. The group maximum is 89.8

percent at grid point (0.3,2,2).

4.5 Theta Process

| Again we consider the thetarprocess alone. Figﬁre 6 gives the
error rate from column dne of Table 4 ( 6=0). We note théf tc.the
accuracy of the curve the minimum occurs at the same;value of theta that
Table 1 predicts for the minimum of the expected'disténce of an utter-

ance vector to its representation vector om the tenth trial. This stri-

Insert Figure 6 about here

king correspondencé between the minima of the errer rate and the minima
of the expected distanﬁe lends strength to énalysis in terms of dis-
tances. Noite that thié analysis holds for two dissimilar situations,
experiment 1 with a 2-word vocébulary and experiment 2 with a T4—word

" vocabulary,

4,6 Individual Asymptotic Maxima

8o far we have been considering the group asymptotic maximum using
one grid point for all subjects. This is important from an operational
point of view, since when dealing with many children in a CAI curriculum
it would be useful to have a general parameter setting good for all
students. In Figures 7 and 8 and Tables 6, 7, and 8 we examine distri-
butions of individual maxima over the parameter space in a further com-
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Fig..6. Error-rate curve for the theta process alone. Note the
. -agreement of the minimum with the prediction of Table'l for the minimum
of the expected distance of an utterance vector to iks re?resentation

vector.
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parison of the beta and delta models. We see in Figure 7 a 3 percent

Insert Figure 7 about here

overall improvement for the beta meodel with individual improvements of
as much as 13 percent for one subject when individual maxima are used
instead of the group maximum. For the delta model the improvement was
only 1.6 percent with the largest individual improvement belng 3.6 per-
cent. As can be seen from Tables 4 and 5 the delta model displays more
regularity of structure about its group maximum than the beta mecdel

does.

4.7 Comparison of Individual Maxima for Beta and Delta Models
Note 'in Figure 8 the delta‘model does as Well‘pr better than the

beta model in every case but one in this comparison. If we compared the

Insert Figure 8 about here

individual asymptotes at the group meximum the delta superiority would
be even greater. Hence, from these data from 14 children, we conclude

that the delta model produces beiter recognition than the beta model.

4.8 Distribution of Optimal Parameter Settings

The distribution of optimal settings in the parameter space for the
two models is displayed in Tables 6 and 7. For the delta model the
asymptotic PCC for the grid point O=.4, &=.1 iIs consistently close to

the individual maximum value for all subjects. Nine subjects attained

Insert Table 6 about here




Delta Model

6
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4 X Y X
3 4 Y X
2 Y 4 X
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-PCC —> mean=95.7
Beta Model
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: PCC ~> mean=92.6

X=male subject
Y=female subiect

Fig. 7. Distribution of individual maximum asymptotic

percentage of correct classification for the Delta and Beta models.
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individual asymptotic maxima at this grid point, the group asymptotic
maximum. For the five subjects Who.had different individual asymptotic
maxima, thé dif%erenéé Betﬁéen tﬁeir méxiﬁuﬁ.récognition rate and their
recognition rate for the grid péinf B=.4, &=.1 is only 3.6 percent for
each subject. The beta model (Téblé_?) again shows more range and less
defiﬁiﬁé stfucturé than-the-delfa ﬁodél with 8 of 14 éubjécts,héving
individual maxima distinct from the group maximum.

Insert Table 7 about here

4,9 Age Dependancy of Recognition Rate
From the results in Table 8 we can determine almost no age depen-
dence for the recognition rates of children in the age range of 6 to 13

vears old.

Insert Table 8 about here

5., EXPERIMENT 2, PART B

5.1 Description

The follow-up experiment was designed to determine whether or not
the results of 2A had valid correspondence to actual working conditions
of real-time recognition in a child's learning situation. It entailed
investigating recognition rates for a telephone CAI mathematics curricu-
lum with audio output based on Digl-A-Drill (Computer Curriculum Corp.,
1971), which incorporates the delta model into the learning scheme, The
system presently runs in a fully automatic mode in that a telephone call
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Distribution of Individual Maximum Asymptotic PCC

TABLE 8

as a Function of Age

Delta Model

Age of Subjects

6 8 9 11 12 13
PCC — e e e e e e e B e e e e et e B e ) e
100 X XX X
8
6 Y
-4
N X X X
80
8
6
4
2
80 ———
Beta Model
Age of Subjects
6 8 9 11 12 13
PCC -—
100 X X
8 o
6 Y X
4
9 X
90
3 X X
6
4
2
80
3 X
6
4 X
2
70 e
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placed to (415) 321-TALK is automatically answered by a coupler that
connects the outside phone line to an Institute high-speed data line
(HSL10) . The TENEX executive proéram of the PDPuiO has been modified so
that upon seﬁsiﬁg.the input data over HSL10 iﬁ Will.log in a job and run
a prespecified program. |
The mathematics curriculum isg extremely simple., It uses only the

14-word vocabulary described in the previous experiment, and randomly
'generates five t&pes of questions (sum, differemce,'producf, in;eger
‘division, and ratios). The computer-student dialogue consisting of
these arithmetic questions, produces audio output that is accessed
.quickly from magnetic disk and transmitted to the student over the

ftelephoneu

'5,2 Dial~A-Drill Curriculum Structure

The curriculum structure is indicated in Figure 9. A typical seg-

Insert Figure 9 about here

meni of the dialogue could consist of the following:

" COMPUTER: WHAT ISs°7 MINUS 3 7
~ STUDENT: 4 :
COMPUTER: YUP, THAT'S RIGHT. Path ending at 1
‘ (see tree)

COMPUTER: 6 OVER 3 IS WHAT %

STUDENT: 2

COMPUTER: DID YOU SAY 0 7

STUDENT: no

COMPUTER: SORRY, MY MISTAKE. PLEASE SAY 2,

STUDENT: 2 .
COMPUTER: THANK YOU! Path ending at 2

COMPUTER: 5 TIMES 0 IS WHAT 7

STUDENT: 5

COMPUTER: DID YOU SAY 5 7

'STUDENT: yes '

COMPUTER: TGO BAD, 5 TIMES 0 IS 0. Path ending at 3
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IETRTTe i S N

Question

"Yup,that's right" +4n ey "That's
(learning) / \\ / \\\ right"
Y / N Y/

1 N {incorrect

/ learning)
/ 4n
i /
"nope" "Too,bagd" ' / N
3 Y/
"mymistake" |
"mymistake" "please say *" N
"please say *" (learning) 'mnope"
(learning) "mymistake"
-2 "please say *"

(learning)

SYMBOLS

Correct answer given by child
Incorrect answer given by child
Recognized by computer
Misrecognized by computer
Node ) _
Node with "no'" response always
Node with "yes" response always
Computer thinks yes was said
. Computer thinks no was said
Correct answer (to be repeated by student)

Fig. 9. Tree diagram for learning in the mathematics curriculum.
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Each of the above three dialogues'can be represented as a path along the
learning tree shown above. We use noncontingent learning for the delta
model on all correct responses and also update the represemtation vector
on all requested repetitions. The one posgible incorrect learning node
on the tree was not realized in practice.

Seven subjects from Part A each answered 100 mathematics exercises

from the curriculum. The recognition méchanism was loaded with a state
vector for each subject obtained from the data of Experiment 2A using

the delta model at the optimal parameter settings.

5.3 Comparison szParts A and B

The resqltipg recognition rates for thE’teléphpne cﬁrriculum are
shown in Figufé 10 and averége 13 percent below thé best recognition
rates for the subjects in Expe:;ment A. The decrease in recognition
fétes iﬁ.Part‘B“cgn be accounted fof by educational and psychological

_ﬁfactqrsgﬁ We did not have an introductory session to acquaint the child

Insert Figure 10 about here

with the system. Also, in an effort to approximate natural home condi-
tions we gave no instructions to the child about gpeaking carefully.
When faced with a mathematical question insfead-of_a mere request to
repeat a number the student spmetimes stamm¢re& or_changed his ﬁind in
the midst of an utterance (e.gn;_"ONEf—NOfTﬁOJ"), whiph had obvious de~-
grading effects on the recpgnition rate. Qbéerve'£hat even under these
conditions the recognition rates are all above 75.percento
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Fig. 10. Comparison of récognition rates on experiments 2A

and 2B for the seven subjects completing both experiments.

37




5.4 Confusion Matrix for Experiment 2B
In Table 9 we present a confusion matrix of the numbers 0-9 for the
seven subjects in experiment 2B. Each element of the confusion matrix

(cij) represents the number of events where the utterance.was i and the

Insert Table 9 about here

classification was j. Thus the matrix entry ¢ indicates the number

2,0
of events where 2 was said and the computer misdlassified the utterance

as 0,
6. - SUMMARY AND_CONCLUSIONS5

We héve.coné£ruc£e& and fésﬁé&'twd mbdelé Qf lé;rhing ﬁrocééses for
the purpose of computer recognition of human speech over the telephone.
The delta model was found superior to the beta model in all comparisons.
For the delta model a regression analysis on the learning curve yielded
a 92,3 percent recognition rate for 14 subjects ranging in age from 6 to
13 years old. When the individual approximate asymptotic maxima are used
the recognition rate climbs to 95.7 percent. All the recognition was
done using a2 standard home telephone.

It should again be emphasized that we are conducting real-time re-
cqgnition in a time-sharing environment without any linguistic restric-
tions and with relative computational simplicity. Consequently, the
system can be used on any language from Swahili to English.

We also tested the recognition system on an elementary mathematics
curriculum conducted entirely over the telephone in Experiment 2B, From
our observations we found that the children seemed quite tolerant of
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TABLE 9

Confusion Matrix for Experiment. 2B

0O 1. 2 3 & 5 6 7 '8 -9

159 2 "8 .0 1 0 2 0.0 O

122 0 64 13- "0 0 .2 1.0 0
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nonperfect recognition and, indeed, were amused when the computer made
a mistake.

In our efforts we are approaching speech recognition from the di-

rection of machine learning. In analyzing experiment 2A we see that

learning indeed occurs and is amenable to theoretical aﬁalysis for the

purpose of predicting the learning performance from the structure of the
model. Future efforts will be directed toward deriving the exact form
of this performance and toward making deeper comparisons with human

learning theory.
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APPENDIX

Previous Speech-Recognition Work at IMSSS
Camille Bellissant
Stanford University

1. INTRODUCTION

The aim of this work was to run some preliminary experiments using
~audio for both input and output in a computer-assisted instruction (CAI)
progran,

The output part, i.e., speech production, was handled by an exis-
ting program that gives good results for short sentences., The produc-—
.tion is not done by synthesizing but by digitizing spoken words which
are‘later concatenated to produce a sentence. Tﬁe randémTaccess to the
digitized records on the disk éllqws quidk rétriéﬁalland]"ﬁhen the com-—
puter is.not overloaded, permits a éoﬁtinudué auaibﬁoutput.

| For the input part, i.e., sfeech récogniﬁioﬁ, it was deéided‘to
begin by adopting the system developed by Raj Réddy aﬁd Pierre Vicens at
the Artificial Intelligence Project, Stanford Universify (Vicens, 1970).
This choice was justified by the effectiveness of the gystem for recog-
_nizing.isolated words belonging to a small vocabulary (about 50 words,
which is large enough sizé.for our ﬁurpose).

In the next.section we describe fhe Vicen's program and our modifi-

cations of it.
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2. THE MODITFIED VICEN'S PROGRAM

In his thesis, Vicens (Vicens, '1969) presents the techniques and

methodology he used in building the system,

2.1 Preprocessing.

'The audio message te be reeogniied'is first preprocessed by hard-
ware. Three filters (150 900 Hz, 900~ 2200 Hz, 2200-5000 Hz), correspon-
ding roughly to the first there formants of voice, and an analog to

digital converter ‘produce for each frequency band and for each sample of
10 ms ‘of sound the maximum amplitude (peak to peak) and the number of

zero~crossings of the amplitude-time function. The data are transmitted
'through a high-speed line to the software preprocessor, which normalizes

' the amplitudes,’

2:2: Segmentation_e

VAfter.the herdwere and.softmererpreptocessing,.the_dsta‘ereitreated
bﬁ the segmentatlon proeedure. This consists of grouping the.mimimalr
segments of 10 ms 1nto Wlder segments hresentlng roughly the same acou-—
stic characterlstlcs (sustained segments) and 1solat1ng the others into
trsnsitional_segments,

H”Althoughrsome errors can occur.in this grouping, and a secoedary,
__segmentati@n procedure.corrects the possihle ertors by‘looking at the
variation of.parameters 1n the sustalned segments and at the local max—
fllma and mlnlma of the amplltude parameters.in the transltlonal segments.
If the variation of parameters in a sustained segment exceeds a certain

limit, or if a transitional segment. presents a local extremum, the seg-
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ment is divided into smaller ones.

The last part of the segmentation is the combiﬂiﬁg proceSs whose
purpose is to group together acoustically similar secondary segmeﬁts.
The sustained segments are extended onto the transitional segments if

the parameters are too different,

2.3 Classification.

After the segmentation procesé, most of the transitional‘ségments,
which do not contain pertinent information, are eliminated. ‘Ihe_pﬁ:pdse
of classification is to assign linguistic labels to the sus;ained'seg—
ments. The phoneme groups are fricative, vowel, stop, consoﬁant, nasal,
~and burst{ Ihg vowels are subclassified into nine cgtegories with re—
spect to their zero-crossing'parametefs, The discrimination into pho~
neme groups is accomplished by comparing phe amplitude and zero-crossing
parameters of the segments with knownm valqeg in acoustic phoneties.
| The results of the préViOus‘procgsses are summarized in an internal
. representation of the speech utterance that is used for all fhe storing,

retrieving and matching processes.

2.4 Rééognitionn

' The recognition of words is accomplished by retrieval of previously
learned messages. This learning consists of reducing the internal rep-
resentation of the speech utterance and storing the reduced form in a
dictidnary. The size of such a reduced record is about_1000 bits of
continous storage for an average sound of 1 second.

The dictionary is provided with twe independent list structures

depending on the phonetic representation fo the message (number of
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vowels and unvoiced fricatives), and the print name of the message.
During the recognition phase, the dictionary organization allows a quick
candidate list to be constructed in the following stages:

1. Elimination of all candidates whose relative positions of
vowels and fricatiﬁeé are different from those of the incoming message.

2, Eliﬁination of all the candidates with strictly different vowél
zero-crossing characteristics. |

3. ‘Elimination of all the candidates having low-vowel similarity
scores obtaiﬁed by comparison with the incoming message.

The first elimination is obtained direcfly from the dictionaty,
which holds the relative position of vowels and fficatives for each re-

Tcorded_utterance, .The second . elimination is acéomplished by using a
‘table that.defines crude dissimilarity values between each pair of
'vowels on'the basis of their earlier classification into subcategories.
At this stage the list of candidates is reordered, so that the most si-
milar candidafes are placed first.

The third elimination is done by computing & similarity between the
incoming message and all the entries in the candidate list., First, a
segment synchronization procedure is called to create linkages between
the segments of the two representations. The similarity values obtained
for each péir of linked segments are_storgd for_the selection process
that chooses the candidate with the higher similarity coefficient. If
éne of the candidates reaches a %core greater than or equal to 95 per-
cent,the selection process immediately stops and returns the candidate

-print name. Otherwise, each time a good similarity score is obtained
(>80 percent) the candidate list is rearranged in order tq_place_first
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- all entrieés having the same print name as that of the present candidate.
When the list is exhausted, the candidaté with the best score is chosen
if the similarity score is at least greater than 75 percent. If none of
the candidates presents such a score, the selection process is reini-
tiated with a new list of candidates having small differences in . the
‘phonetic representation (number and relative position of vowels and un-
voiced fricatives). If no candidate can be found in the dictionary, it
means that the incoming message cannot be recognized, and the user is
‘dnvited to enter its print name. At this time, the dictionary is aug-
‘mented by the representation of the new message, which can be used

afterwards as a possible candidare for a further utterance.

2;5 Mbdifications._

The original Vicens' program as descriﬁed abqverwas Writteﬁ in
FORTRAN for‘the PDP-10 at the Stanford Arfificiai intelligence (AT)
Project. The program was fewritten for the PDP-10 at the Institute in
SAIL,.whicH is a high-level language that is é superset of ALGOL and
that has beeﬁ developed at the AT project; )

Segond, hardﬁafe that has performance characteristics very.éimilar
to the hardware on the AI PDP-10 was designed and constructed By Ron
.Wizelman of the Institute staff. Theré is a élight differenée in the
héndling of the inéoming data as given by tﬁe ﬁardware, The.Vicéns'
program was working.within a "spacewar" envirbﬁment in ordeér to impose
priority over.other uéers while liétening to the sound. We uée a high-
speed line that gives goéd results at all times for ; continuous input.

In order to allow the user not to speak as soon as the program is ready
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:i'the other is software. The first system is a simple potentiometer that

to listen to him, we have implemented two threshelds. One is hardware,

-inhibits the hardware equipment as long as .the amplitudes are under a

- certain value. ' This value is adjustable and can eventually become zero.

As soon:as this threshold value is exceeded, the hardware begins to

* transmit data to the program and keeps transmitting even after the am-
‘ plitudes again drop: under the threshold value. This delay, which is
also adjustable, is necessary to allow small silences in the utterance
without interrupting the transmission. Our first experiments with this : i
‘hardware threshold have shown some loss of data in the very beginning of |
each utteranee, due to the positive value-fixed threshold..

In order to avoid this less of data, we experimented with kicking
the mlcrophone that started the hardware and speaklng just after the
kick. The effect of the klck has been ellmlnated by software and so no
data were lost. Besldes the 1ne1egance of such a method, we found it
_ difficdlt to apply to all kindsloflmierophones,'especially telethones.
So we introddced the following.process. The hardware threshold'is set
to zero, so the hardware is always ready to transmitrdata. The software
.orocedure reads onlr three saﬁples of.soond {0.03 sec) and computes the
‘areraging amplitudes and zero-crossings. If these vadues.are under a
_threshold three new samples are processed and so ono If the values
:are above the threshold the procedure £fills up the input buffer (1 5
sec}. The "tail' of the utterance, i.e., samples with low amplltudes at Lf
the end of the message, 1s~then ellmlnated so that only the relevant
values are subsequently processed by the segmentatlon procedure,. When
the computer is overloaded, this method (the.'software'kiek') sometimes
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produces a loss of one sample (10 ms), which is actually the smallest
amount of data that can be lost.

The other differences we introduced in the Vicens' program concern
the selection process. First, the value of the similarity threshold (95
in the original program) which is used when one examines the candidate
list, was changed by an interactive command. We are concerned with the
best chqice of the threshold value for different sets of words. Intui-
tively, the larger the value, the more demanding the system when it
tries to accept a candidate as a proper answer. Sets of the words with
large phonetic dissimilarity can be processed with a low threshold and
a consequent saving of time.

?he second difference is related to the use of the system in peda-
gogical experiments iIn. elementary arithmetic, The purpose of these ex~
periments is to ask the user the results of operations on numbers. In
this case, for each question there exists one and only one possible
answer. When the answer is incorrect, we do not try to recognize the
specific value that was vttered. For example, after the question "how
much is three plus four?" we are only interested in the comparison be-
tween the uttered answer and 7. If it is not 7 we do not try to know
whether it was 6, 8, or something else. In this situation, the recog-
nition process can be considerably accelerated by limiting the candidate
list to those that have the same print name as the expected answer. We
found that in this way the answer processing is faster than the time
spent to utter it, which offers some hope for communication by telephone
when the nature of the messages to be recognized is well adapted to such

a discrimination.
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