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1. THE THEORY 

I N OCTOBER of 1972, the decision was made at the Institute for Mathemat­
ical Studies in the Social Sciences to apply psychological learning models to 
the problem of computer recognition of human speech. In this investiga­
tion of speech recognition we used the standard home telephone as an 
inexpensive terminal for verbal communication in dealing with a mathe­
matics curriculum. We subsequently describe two mathematical learning 
models and their properties, their implementation as part of a speech­
recognition system, and two system experiments with children as subjects. 

Speech recognition can be viewed as three separate conditions: 

1. the internal representatIOn of each utterance. 

2. the actual recogmtion process. 

3. the change of the internal representation upon the discovery of errors by the 
recognition process (learnmg). 

In our approach, the representation of each utterance is given by a vector 
of numbers U. These numbers are the digitized amplitudes and frequen­
cies from three band-pass filters that take as input the analog signal from, 
say, a telephone. In this study we deal only with recognition of individual 
phrases, and consequently each utterance may be normalized in time to a 
fixed length, .5 secs. Our recognition process utilizes what can be called the 
nearest neighbor approach. A metric (see below) is introduced into the 
space and a distance is calculated from the unknown utterance U to each of 
the members of a set of vectors {V} representing known phrases; the name 
of the V closest to U is assigned to U. 

The correction process entails updating the representation vectors {V} 
by a linear function of the old representations and new utterances of each 

The research reported In thIS artlcle was partIally supported by NatIOnal SCIence Founda­
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word. This approach is not entirely new to the literature. Variants of it have 
been used for some years in the area of pattern recognition (Abramson & 
Braverman, 1962; Ford, Batchelor, & Wilkins, 1970). We wish to present 
two approaches that bear some resemblance to previous work but have 

emphasis on learning models and their associated 
learmng curves. 

1.1 Theta Process 

We now consider a linear process. The correct vector V is updated using 
the following model. Let 0 < (j < 1 be an scalar parame­
ter and let V be the old vector the word from which U is a 

... =· ......... c",,".,...,T"hrvn can be constructed from a weighted 

average of 

(1) V~ (1 V + BU. 

Note that as () ranges from 0 to 1 the new relpn~sent;atllon 
to Process (1) is after PS1fCtllOl(Jg1cal 
and Mosteller (1955) and Estes and (1959). If we consider U as a 
random from a distribution with mean M and covariance matrix I 
then it can be shown that V is an unbiased estimate of thIS VUliJUj'ULJ,UJ.l. 

= M where E is the I t is well known that 
lin) is also an unbiased 

V has of 

nr,,,u',ri1nIT a more accurate re·pnest:nt.atllon 
current YFll"l'4'>, .... n ",v,~aL",.u.Aj~. Abramson and Braverman ( 

have considered this process for 
The covariance matnx of V is 

c2
, of I where 

-------. n = 1 

The distance of a U to its vector can be 
calculated in terms of c2 if we use a Euclidean metric. Let 

be this distance is the of Then since the 
InClepenlaerlt of V and both have that the 

\..,-"'IJ"-''-U .. '-4 dIStance may be wntten as 

(3 ) 

where 

V)=( + 

tnal number. Thus 
eXlpec:tea distance between a member of the 

1 shows the 
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FIGURE 1. The above plot displays the existence of very pronounced 
minima at () = .166 forn 10. Minima such as these occur for 
each trial number n. When () assumes one of these minimizing 
values, it is reasonable to believe that the probability of an 
utterance being correctly classified as V is maximized. 

form of Ed(U, V)/Ed(U, M) as a function of () for n 10 and n = 50. The 
minimum of (3) may be found analytically for arbitrary n. 

1.2 Delta Process 

The theta process IS essentially an estimate of the first moment of the 
population. In the standard problem of statistical classification (Anderson, 
1958), estimates of the covariance matrix are necessary to determine a 
hyperplane separating two populations. In order to avoid the inversion of a 
full covariance matrix, which is necessary with the classical Bayesian proce-

one may use other less precise but computationally more efficient 
techniques. One of these, which we call the delta process, estimates the 
variances of the utterance components. Let 0 be a parameter that lies in the 
interval (0,1), then S given by the learning equation 

(4) 8 ~ (1 - 8)8 + 8(U - V)(U V)" 0 < 0 < 1, 

is an estimate of the covariance matrix, where U, V are as before. The 
diagonal elements of S are the estimates of the component variances. Using 
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the two quantities V and S, we may calculate a dzstance between 
the utterance U and a representation vector V by 

(5) D(U, V) = V)'W(U - V), 

where 

(6) w 

and 

A 
TrA 

Trace) 

= diagonal matrix 

which differs from the Euclidean distance d(U, V) by the of I 
1r'1~"'nt"1t'n matrix) W. Notice that components with are 

less than those of low Sebestyen (1962) derived W 
the sample variance instead of (4) for the minimization of 

within group distances. 

1.3 Beta Process 

Alternatively, we may introduce the concept of a associated 
with each component of V and then increase or decrease its value oelpeIl0-

upon whether that correctly or classifies an 
utterance. LetL be a vector of associated with V. Then can be 
"' ......... "Ji ...... 'U>- by a (3z such that 

(8) 

The 

(6a) W 

where 

(9) 

A 
TrA 

A = diag(L). 

bad eQu.atlcm 10). 
cmunon.euts of V are related 

Again the distance between an utterance and a rel)re~Selrlta.tlOln vector V is 
given by 

(5a) = (U - V)'W(U V) 

A defined when an error in classification has occurred. 
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Let v* be the incorrectly chosen representation vector and V the true 
vector with which U should be identified. Then component i is good if 

(10) 

and bad otherwise. Changing the strengths according to (8) is Luce's beta 
process, which has been studied extensively in Lamperti and Suppes 
(1960). We call the combined processes (theta,delta) the delta model and 
those of (theta,beta) the beta model. 

1.4 Internal Versus External Learnzng Models 

Our use of the delta and beta models is at variance with what is usually 
done in the psychological investigation of human learning. A task is pre­
sented to subjects and a mean learning curve is obtained by measuring the 
average number of correct responses as a function of the presentations of 
the task (trial number). A theoretical model is then proposed as a possible 
explanation for this correct response curve, and the parameters of the 
model are estimated from the data. We may consider such models external 
models. In contrast, we specify explicitly the internal response processes. 
Consequently, the delta and beta models, as used here, may be considered 
lnternal models. The theoretical link between the internal-external responses 
of the machine is suggested through the comparison of the minimum 
expected distance of an utterance to its representation vector and the 
measured percentage misclassified of Experiment A (see below). Further 
theoretical investigation of this link is underway. Later we discuss the 
application of an external model to the learning curves of Experiment A. 

2. IMPLEMENTATION 

A call placed from a standard home telephone to an Institute number is 
automatically coupled with an Institute high-speed line that feeds the 
analog signal to our hardware filters. These filters are patterned after those 
used in Vicens (1969,1970) and consist of three solid-state band-pass filters 
whose ranges were chosen to approximate the human formant 
structure-150-900 Hz, 900-2100 Hz, 2100-5000 Hz. Since the telephone 
frequency response is in the range 300-3000 Hz, the filters adequately 
span this interval. The output from each of these detectors then is 
amplitude and frequency sampled at 10 msec intervals and the digitized 
results are shipped by high-speed line to our PDP-10. This is done in real 
time. 

The raw, digitized utterance data flow into an internal buffer until the 
hardware stops transmitting, which occurs whenever the input analog 
signal falls below a hardware-specified threshold for longer than a 
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hardware-specified time. The buffer is dumped when the flow of input 
data ceases. The dumped data are then reformatted and time and 
amplitude normalized for input to the recognition programs in a conve­
nient standardized form. The form is a vector of 300 numbers (3 amp + 
3 fr_eq)(lOO samples/sec)(112 sec). 

The recogmtion process simply entails calculating the dIstance from 
utterance vector U to each representation vector V of the vocabulary uSIng 
the weighted sum of squares of component differences as previously de­
scribed. The word with the minimum distance IS deemed the best chOIce. 
The recognition rate IS such that some 30 words per CPU second can be 
compared. In experiment B, where a 14-word vocabulary IS used, actual 
recognition times m a time-sharing environment and optimal recognitIOn 
times are comparable (about 1/2 sec). 

Changes of the internal representatIOn of the word spoken are ac­
complished by the learning algorithms based on the theory previously 
mentioned. Specifically, this entails modifying each component of the 
representation vector V and ItS assocIated strength vector (diag(S) or L). 

The programming requirements of the two models are quite mInImaL 
The programs are written in SAIL (Stanford ArtifiCIal Intelligence Lan­
guage), which is a superset of ALGOL. The full curriculum of ex­
penment B occupies, when running, only about 35K of core memory 
Including the child's state vector, the recognition algorithms, and the audIO 
output routines. 

The productIOn of spoken output is presently accomplished by retriev­
ing digItized representations of the words stored on magnetic dIsk and by 
software regeneration of the analog signal. AgaIn thIS audio process IS 

executed in real tIme. Consequently, the Interchange between student and 
computer is suffiCIently fluent for verbal communication in a curnculum 
settmg. 

3. EXPERIMENT A 

3.1 Descrzptzon 

In an effort to provIde a practICal test of the two models under actual 
operating conditions of telephone transmissison and reception, we de­
signed and executed an experiment of two parts (A and B). In A we 
acqUIred a data base of 14 children's voices spoken over the local Palo Alto 
telephone system. The telephone arrangement entailed callmg a local Palo 
Alto number connected to the Institute from a UniversIty extenSIOn. The 
children, 3 girls and 11 boys, ranged in age from 6 to 13 years. A 14-word 
vocabulary consisting of the digits 0 (a commonly investigated set; see 
Sebestyen, 1962; Pols, 1971; von Keller, 19? 1) and command words yes, no, 
repeat, and stop was chosen for compatibIlity with an elementary-mathemat-
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ics curriculum, Dial-A-Drill (Computer Curriculum Corporation, 1971). In 
the experiment the vocabulary was presented sequentially on a cathode-ray 
tube terminal and was repeated by the child into the telephone for a total of 
11 repetitions of each word. The time and amplitude normalized form of 
each utterance was recorded on disk. 

For the analysis the data were sequentially presented to the beta and 
delta learning models in a machine representation of actual speaking 
conditions. A parameter grid space was spanned for each model and the 
percentage of correct classifications were examined to determine the opti­
mal parameter settings. 

3.2 Learnzng Curves of Correct Classificatwn 

We can represent the results of this experiment by learning curves for 
both the delta and beta models. To form each learning curve, we combined 
each of the 14 subjects and their 14 responses per trial to form a curve with 
ten points, with each point representing 196 subject-items on that particu­
lar trial. Since we have 11 repetitions of the vocabulary for each child (one 
for training), each learning curve has ten data points. The use of learning 
curves for speech recognition gives the investigator a quantitative measure 
of not only the asymptotic performance of training but also the rate of 

Systems that perform well but take a great deal of training do not 
satisfy the criterion of expediency. In contrast, systems that are set 

to learn quickly do not always exhibit their optimal asymptotic perfor-
mance (Noda, 1971). 

In Figure 2, we see that the learning curve for the delta model attained a 
value of about 95 percent correct responses. Also shown is a curve using 
the sample mean as the learning model with no component weighting 
which reaches 89 percent. The deviations, for the delta model curve, of 
percentage of correct classifications from the average across children are 
indicated by the ± one standard deviation error bars for each trial number. 
The shape of the learning curve indicates that at least five repetitions of the 
vocabulary are necessary for good recognition. The learning curve for the 
beta model (not shown) reaches 91 percent correct responses, which is 
lower than the delta model and similar to the sample mean. 

We also exammed the mean learning curve. A broad class of psychologi-
cal models give rise to a mean learning curve of the form (Atkin-
son, Bower, & Crothers, 1965) 

(11) P (correct on trial n) 1T - (1T Po )"Xn- 1 

where Po is a guessing parameter, 1T is the asymptotic recognition probability, 
and X is a learning parameter between zero and one. 
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FIGURE 2. Learning curve for the delta model (open circles) with the solid 
curve obtained from the best fit of the regression analysis on the 
theoretical learning curve. For comparison, the performance of 
the system using the sample mean as the learning model is 
given by the curve connecting the solid circles. 

Since our concern was the average learning curve we performed a 
regression analysis on the data instead of conventional, model-dependent 
parameter estimation. The regressIOn analysis yielded values for 1T of .923 
and .914 for the delta and beta models, respectively. 

3.3 Parameter Gnd Spaces 

With both the delta and beta models we vaned the parameter settings in 
stepwise fashion, theta and delta ranging from 0 to 1 in steps of .1 and beta 
ranging from 1 to 5 in steps of .1 to span the parameter space. For the delta 
model, the parameter space displays a definite and regular structure wIth 
the group maximum of 94.1 percent at grid pOInt e = .4, 8 = .1. The 
parameter space for the beta model is notICeably flat even out to f3 = 5. The 
group maximum is 89.8 percent at grid point e = .3, {3 = 2.2. 
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Using individual maxima, rather than the group maximum, we selected 
optimal parameters for each student, which raised the percent of correct 
classification to 95.7. 

In terms of either the group or individual maxima, we found no age 
dependence for the percentage of correct classification with the age range 
of our subjects-6 to 13 years. 

3.4 Theta Process (Experzmental) 

Let us consider the theta process alone. Figure 3 gives the percentage 
misclassified as a function of theta for 0 = O. We note that to the accuracy 
of the curve the minimum occurs at the same val ue of theta that the curve 
of Figure 1 predicts for the minimum of the expected distance of an 
utterance vector to its representation vector on the tenth trial. This corres­
pondence between the minima of the percentage misclassified and the 
mInIma of the expected distance lends strength to the expectation that 
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FIGURE 3. Error-rate curve for the theta process alone. Note the agree­
ment of the minimum with the prediction of Figure 1 for the 
minimum of the expected distance of an utterance vector to its 
representation vector. 

minimization of distance minimizes the percentage misclassified. Note that 
this analysis holds for an experiment consisting of a 14-word vocabulary. 
That is, nothing has been said concerning the alternative populations 
surrounding a population. 
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4. EXPERIMENT B 

4.1 Descrzptzon 

The follow-up expenment was desIgned to determine whether or not 
the results of A had valid correspondence to actual working condItions of 
real-time recognition in a child's learnIng situation. It entailed investigating 
percentage of correct classIfications for a telephone CAl mathematics cur­
riculum with audio output based on Dial-A-Drill (Computer Curriculum 
Corporation, 1971), which incorporates the delta model into the learning 
scheme. The system runs In a fully automatic mode in that a telephone call 
placed to an Institute number is automatically answered by a coupler that 
connects the outside phone line to an Institute high-speed data line. 
The TENEX executive program of the PDP-I0 has been modified so that 
upon sensing the mput data over the high-speed line it will log in a job 
and run a prespecified program. 

The mathematICs curriculum is extremely simple. It uses only the 14-
word vocabulary described in the previous expenment, and randomly 
generates five types of questIOns (sum, dIfference, product, integer divI­
sion, and ratios). The computer-student dialogue consIstIng of these anth­
metic questions produces audio output that is accessed qUICkly from 
magnetic disk and transmitted to the student over the telephone. 

4.2 Dzal-A-Drzll Currzculum Structure 

A typICal segment of the dIalogue could consIst of the following' 

COMPUTER: WHAT IS 7 MINUS 3? 
STUDENT: 4 
COMPUTER: 6 OVER 3 IS WHAT? 
STUDENT: 2 
COMPUTER: DID YOU SAY O? 
STUDENT: no 
COMPUTER: SORRY, MY MISTAKE. PLEASE SAY 2. 
STUDENT: 2 
COMPUTER: THANK YOU! 

COMPUTER: 5 TIMES 0 IS WHAT? 
STUDENT: 5 
COMPUTER: DID YOU WAY 5? 
STUDENT: yes 
COMPUTER: TOO BAD, 5 TIMES 0 IS O. 

We used noncontmgent learmng for the delta model on all correct re­
sponses and also updated the representation vector on all requested repetI­
tIOns. 
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Seven subjects from Part A each answered 100 mathematics exercises 
from the curriculum. The recognition mechanism was loaded with a state 
vector for each subject obtained from the data of Experiment A using the 
delta model at the optimal parameter settings. 

4.3 Comparzson of Parts A and B 

The resulting percentage of correct classifications for the telephone 
curriculum averaged 13 percent below the best percentage of correct clas­
sifications for the subjects in Experiment A. The decrease in percentage of 
correct classifications in Part B can be accounted for by educational and 
psychological factors. We did not have an introductory session to acquaint 
the child with the system. Also, in a effort to approximate natural home 
conditions we gave no instructions to the child about speaking carefully. 
When faced with a mathematical question instead of a mere request to 
repeat a number, the student sometimes stammered or changed his mmd 
In the midst of an utterance (e.g., "ONE-NO-TWO!"), which had obvi­
ous degrading effects on the percentage correctly classified. Even under 
these conditions the percentage of correct classifications were all above 
7 5 percent. 

5. CONCLUSIONS 

We have constructed and tested two learning models 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. The delta 
modellearnmg curve reached a correct recognition percentage of 94 for a 
14-word vocabulary with 14 subjects ranging in age from 6 to 13 years. All 
the recognition was done using a standard home telephone. 

We are conducting real-time recognition in a time-sharing environment 
without any linguistic restrictions and with relative computational simplic­
ity. Consequently, the system can be used on any language from English to 
Swahili. We also tested the recognition system on an elementary-mathemat­
ics curriculum entirely over the telephone. From our observations we 
found that the children seemed quite tolerant of nonperfect recognition 
and, indeed, were amused when the computer made a mistake. 

We are approaching speech recognition from the direction of machine 
learning. We find that learning indeed occurs and is amenable to theoreti­
cal analysis for the purpose of predicting the learning performance from 
the structure of the model. 
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