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NAVTRAEQUIPCEN 74-C-0048-2

of repeats for each vocabulary item is equal, the variation in density among
items, given the scoring algorithm used, is sufficient to perturb the scores

to the extent that the fine discriminations needed are not possible.

To solve these difficulties, totally new scoring and reference data collec-
tion schemes were developed. Reference pattern data, collected for the
digits spoken in isolation, are computed as the proportion of time the fea-
ture was set in the particular time slot, averaged over all repeats. There-
fore, in the new reference patterns, the familiar bit per feature per slot
pattern is expanded to one real value per feature in each time slot. Four
time slots are used. To take full advantage of the information contained

in the reference patterns, the feature array is formed in a similar way.
Each element in the feature array represents the proportion of time the
feature was set in the particular time slot. The feature and reference pat-
terns are compared, element by element, and a score is calculated as the
sum of the squared deviations. The smallest score is selected and the
corresponding vocabulary item is saved. This procedure is repeated for
each of the segments. The smallest score among these comparisons not
only identifies the vocabulary item, but also identifies the best upper

boundary for the word.

B.4 REFERENCE PATTERN COLLECTION

It appears to be the case that reference patterns collected from sequential
repeats of the vocabulary items are not as representative as those collected
under more natural conditions. In addition, it was noted that clipping the
speech during the data collection procedure seemed to increase the accuracy
of the recognition process, Therefore, as part of the current effort, the
Voice Data Collection Program (VDC) was modified to generate the new
reference arrays required by RECOG. This allows the patterns to be col-
lected in any order in rapid succession and not only ensures more repre-

sentative samples but facilitates the clipped speech stylization.
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B.5 RESULTS

Recognition accuracy data were collected and summarized for every talker.
Data for one talker are shown in table 5. The processing time required
to obtain the results shown for one talker using the Nova 1200 was about

2-1/2 hours. Table 6 summarizes the data obtained for all four talkers.

B.6 CONCLUSIONS

This technique requires so much processing time that one might at first be
tempted to omit it from consideration for a real-time application. The
scheme was tested on an Eclipse and processing time was found to be re-
duced by 58 percent. Therefore, it is conceivable that, with optimized code
available with FORTRAN V, running in a fast processor with floating point
hardware, and perhaps some microcoded routines, that near real-time
performance could be achieved for strings of three digits. However, we

do not believe that the accuracies achieved with the technique warrants this

sort of implementation yet. Further development is needed.

Many avenues of investigation are possible. For example, the initial seg-
mentation might be improved based on a statistical study of the relative
length of words in different positions in the utterance. In addition, the
many constants including number of time slots, number of trial boundaries,
etc. were chosen without the benefit of the standard data base reference
and could probably be improved. Furthermore, if the leading digit were
restricted to the 0 — 3 range, a better scheme for detecting the middle digit
could be developed. The data base collected for this project provides the

necessary reference against which further modifications can be tested.

In general, this approach is not without promise, but any further develop-
ment should definitely have to await the results of the more sophisticated

mathematical machine approach.
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TABLE 5. DATA SUMMARY.
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IN FOUR TALKERS,*

SUMMARY OF RECOG RECOGNITION ACCURACY

Number of

Number of

Average % Correct in This Position
(Range in Parentheses)

Digits in Strings Talker
String per Talker 1 2 3 4
1 11 100 = i o
3 12 81.2 75.0 95.8 -
(58 — 100) | (42 —92) | (92 — 100) #
4 32 89.1 89.9 73.4 96.9
(84—94) | (84—94)| (66 —78) | (94 — 100)

* This is the rejected approach,

99/100
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APPENDIX B
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m INTEROFFICE CORRESPONDENC.
TO: LCSR TM-003 Revision 3 OATE: 3 February 1977
FROM: J. E. Porter NO:

2 DISTRIBUTION: LCSR B
SUBJECT: Locating Words
- Within Utterances

Locating Words Within Utterances

This note describes a method for determining a portion of an utterance in
the data base which, with high confidence, contains the letters associated
with a specific word which occurs within the utterance. The method is
based on a simple statistical model c. the time duration of spoken words
within utterances, and has two parts; a mathematical procedure for
extracting some statistics from observed time duration data, and formulas
for finding the portion of the utterance where a word occurs, using the

v

ke g

3
5; extracted statistics.
P
i
E | The Model
This procedure is based on the idea that the length of the portion of an
¥ utterance corresponding to a given word can be approximated as a product

of three factors: the length of the utterance , a characteristic length of the
word, and a ''stretch factor' which depends on the number of words in the
utterance and the ordinal position of the word within the utterance. Denote
the characteristic lengths as

2(w) for We‘t”,”, LT L LR "9"}

_j‘ and the stretch factor associated with the ith position in an utterance of n
? words as s(n,i).

Oﬁly the relative lengths of words within an utterance are needed to isolate
the word, and therefore we are free to consider only the relative character-
istic word lengths and relative stretch factors, We therefore may set

1
1 for all n,

. I(H.n)
£ and s(n, 1)

indicating that L is the characteristic length of a word relative to ''"point",
and s(n,i) is the stretch factor associated with the ith word, relative to
the first word, in an utterance of n words.

i

wv,‘
" A
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Let an utterance u consist of the words Wio Wooeas Woo By coun.'ng the
letters received from the VIRP-100, and noting which lertlters belong to which
words, the time duration of each word in the utterance can be established,
as letters are received at a rate of one every 2 milliseconds, Let Nl’ Nz,
Nj, ... Nn be the last letter corresponding to each word in the utterance,
Then, if our model of relative word lengths within u were precisely correct,
we would have for each word w; in the utterance

b e
N

1 £(wj)s (n, i)

= n
n 3t(w;)s (@, )
j=1

where N, = 0. From this relation, one could develop formulae for the first
and last letter of each word, and the problem would be solved (assuming the
characteristic lengths and stretch factors were known). But speech is a
very variable thing, and some mechanism must be introduced to accommo-
date the variation,

As the model already accounts for the major sources of variability (speci-
fically: speech speed as reflected in the utterance length, relative word
length, and word positional effects), the remaining variation may as well be
treated in a conceptually simple way.

One such simple way, adopted here, is to introduce an 'adjustment' (fudge)
factor on the length of the word being located. In this way, if a word begins
sooner than would be predicted by the simple model, it is treated as being
caused by an unusually long duration of the word itself, while the other words
in the utterance are ''normal". Late terminations of a word can similarly
be treated as arising from long renditions of the word. Short word lengths
explain late beginnings and early terminations.

If the characteristic lengths and stretch factors are known, and the beginning
and end points of a particular word are observed in a given utterance, both
the beginning and the end points can be used to compute the length adjustment
factor. Doing this for a reasonably large sample, the statistics of the length
adjustment factor should become clear, and a value unlikely to be exceeded
can be chosen. This safe value can then be used to compute safe limits
within which a given word will usually appear within an utterance.

Deriving the Statistics

There are two statistical problems to be addressed: first to find the charac-

teristic lengths and stretch factors, and second to find a safe upper value for
the length adjustment factor,
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The charactecistic lengths and stretch factors are found by least squares
fitting of those variables to match some hand-marked data. The hand-
marked data consists of a set, E, of utterances, each utterance containing
from two to four known words (wy,... wp) and the numbers N; of the last
letter of each word. The procedure for least-squares fitting of the lengths
and stretch factors is described below.

For each word in each example in E, we can define an error quantity, equal
to the difference between the observed fractional length of the word and the
fractional length predicted by our simple model. The sum of the squares oI
all these errors is then a suitable criterion to minimize. The criterion is
then expressed

2
5, 2(w;) s(n, i)
. L Z(Ri_L’“_)

eeE i=1 %

where Ri = (Ni - Ni-l) /Nn (where N = 0)
n

and T = Z I(Wj) s(n, j)
j=1

The minimization is accomplished by successive approximations, using the
method of steepest descent., In this procedure, the error criterion, C, is
treated as a scalar point function in the space of undetermined length and
stretch variables. The error value and its gradient are calculated at the
present approximation, and a step is taken in the negative gradient direction,
i.e., in the direction of steepest descent of C. The value of C is computed
at the new point and, using the two values of C and the gradient calculated
at the first point, an approximation to the minimizing position along the
gradient direction is computed. The process is repeated, starting from the
new approximation point, until the length and stretch factors remain essen-
tially constant. The size of the ''testing' step along the gradient is also
updated.

Here is a flowchart for this part of the process. It uses a subroutine, ERCRIT,
for computing the error criterion and, when required, the gradient and its
squared magnitude. The data structures are described first,

Change the maximum absolute value of the relative change in
any control variable in a given step.
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the error criterion, C,

the value of the error criterion, C, at the trial point,

a flag indicating when the gradient of the error is to be

computed, Value is 0 for no gradient and non-0 for
gradient.

components of the gradient of C with respect to the
characteristic length variables f(w); w ="'"0",,.."9",

components of the gradient of C with respect to the
stretch factor variable s(n,i); n=2,3,4, i=2,...n.

the squared magnitude of the gradient,

the size of the trial step along the gradient,
Initially k = 0.25.

the optimum step size in the gradient direction for
minimizing the error criterion,

the previously observed kopt'

current approximation to £(w).

Notice w = ", ", "0",... "9".

trial values of the length and stretch factors;
Le(".") =1 and Si(n,1) =1 for all n.

current approximation to S(n, i).
Notice i=1,... n.
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kold = 0,3
k = 0.3
Do for W = ll‘ll’ lloll,'.. ll9|l
L(w) =1
Li(w) =1
Do for n=2,3,4
Do for i=1,...n
S(n,i) = 1
Si(n, i) = 1

Call  ERCRIT (-1, CR, L, 8)
Do for w ="0", ... "9¥

Li(w) = L(w) =k G, (w)
Do for n=2, 3, 4

Baifor i =2,....0

S¢(n, i) = S(n,i) —kGg(n, i)

Call ERCRIT (0, CRy, Ly, S;)
Al GM. k2
oPt © 2(CR; — CR + GM-k)
k = k =

opt old
Change = 0
Bo for w = "0",..c "9"
Li(w) L(w) — kopt Gy (w)
Change = Max (change, |Gl (w)/L(w)I)
Do for n=2, 3, 4
Bo for i =2,...'1
S(n,i) = S(n,i) — kopt Gg(n, i)

Change = Max (change, |Gs(n, i)/ S(n, i)l)

= k

ko1d opt

\

\no

<kopt- change .0001?)

yes

to adjustment factor routine
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The difficult part of this calculation is in computing the error crit.rion, C,
and its gradient efficiently, In particular, this means avoiding nested loops
over the data, control variables and words within examples, The necessary
equations are developed below.

If we introduce an error associated with each example, e, consisting of
words wj, Wp, ... Wpo with data Nl’ Poiap Nn' defined by

2
n 2(w.) s(n, i)
2 i
Ce = 4 [Ri - T ]

i=1

Then we have C = E Ce
ecE

and the components of the gradient of C with respect to the control variables
are

ac ace ||0I| nmQn
pyyom 1 ) w = e Y
aC
e~ S P 10 Wad 3, 4 3 =B .vs B
9s(n, i) ecE 08(n,i)

If the partial derivatives of the individual word error terms can be computed,
then the components of the gradient can be computed in a single pass over
the data, as these formulae show.

Let w be a word from "0" to "9", which may or may not occur in the
example e, which contains words wj ... w,. Then we have

8C, i Lw,)s(n,i)] 5 I(Wi)s(n.i)>
al(w) ‘ o T al(w) \ T

i=1
&f e l' Moot ) &, s(n, i)
= 2 R, = - 6, s(nsj) -0
=ik Bl e il ooy
1 if w=w,
where 6w - =, J
e 0 otherwise

J
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Using the fac: that T is independent of the index i, multiple sums over i
can be avoided, as can be shown by rewriting the equation above in the form:

oC

n n n =
e 2 )1 2: y z: ’ 1 2: 2 2
at(w) % ?{?(j=16w,wj B(n.J))[i=lRil(wi)s(n, i) - T i=ll (wi)s (n, i)}

n he)
‘ 1 Pl iz
= Dby Boe ) 4 T Db, o tlw)s (n-ﬂ}
= 1=

For ease of calculation define the following five sums, the first three of
which depend upon w:

A(w) Sy . 5 j)
.= ’ j

6W, Wj j s(n, J)

e s%(m, j)
n
j=Zl Rj l(wj) s(n, j)

= 2 2
21 (Wj)s (n, j)
j=1

dtw) T | T

oC .
b &’M[D_%]__B(w),,ﬂ%ﬂ

Notice that the sums A, B, C, D, E and T can be accumulated in a single

pass over the example e, and the partial derivative can be computed in one
step in terms of those sums,
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Proceeding similarly for the gradient components corresponding to the

stretch factors,

8C, n l(wi)a(n,i)] 5 ( l(Wi)B(n.i))
. a!(nak) = zam:n i=1 [Ri— T 'Bs(n, k) o T
twid [} & . 1 w2 Bt
= 26m,nT .'.‘-[‘- izz;Ril(wi)s(n,x) - '-1'_2 g;l (wi)s (n, i)
l(wk)s(n,k)
- R+ =
t(wy) [ D+ 2(wy)s(n, k) E
i Zam,n T T . ! TZ Rk

Finally, we note that the error contribution from the example e, C,, can
also be computed in a single pass over the data by way of:

n

2 D E

Ce =(Z I{l) 2T+ Tz
i=1

Below is a flowchart for ERCRIT using the formulas and method developed
above. The data structures are self-explanatory.
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ERCRIT; calling seq.nee (GFLG, CR, L, 5)
returns CR, G,, G,. GM

Do for w="0", . . "9
Gylw) = 0
Do for n=2,3, 4
Do for { =2,...n
G.(n,i) =0
. GM =0
Do for each example ¢ = w wy ... W
in the data set

with associated data N, ... N

Do for w = "0", .., "9"
A(w] = Bw)'= C(w) =0

Do for each word w;ce;i.e., leti=1

P(i) = Liw;)Sin, i)

R() = (N; - N;_|)/N;, where N, =0
s = 5 +R%)

T = T + P(i)

D = D +R(i)P(i)

E = E+PA)

{
7"'< GFLG = 0 |

no

SISt

Alw;) = Alw;) 4 S(n, 1)
B(w;) = DBlw;) 1 R(i)S(n, 3)
Clw;) = Clw;) + (i) Stn, i)

Continue

. : cn=cn+s.z$o-‘—z]
3 l T

Do for w = "0", ...

G lw) = c(w);—z—-‘—l[p. ] N,,,,,S&_rﬂ(

e Dofori=2,... 1
) Liw) 2
G ini) = G (n) 42 —— ["4,‘—“1 = - nm] ;
AJ -
f -
! vo
{ : Do for w = #0", . "9"
| " GM = GM + G}(w) 1

D’o(or n=2,3,4
Do for I!l....n
CM = M + (\, n, i)

Retyrn
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To obtain the statistics of the adjustment factors, a set of adjustn.>nt factors
is computed from the hand segmented data, and these values are priated out
for examination by hand. The maximum, minimum, average and standard
deviation are also calculated and printed.

As indicated in the discussion of the model, adjustment factors are computed
from formulae based on the assumption that observed word beginning and

end points are explained by expansion or contraction of the word in question.
If the adjustment factor for wj, the ith word in an n-word utterance, is
denoted F, then the observed end point of the preceding word (Nj_1) is accom-
modated by F when

i-1
N. Z!(wj) s(n, j)
j=1

n
D alwy) s(n, j) + (F-1) L(w;) s(n, i)
j=1

So the left end point of w; (when i # 1) leads to an adjustment value estimate

N i-1 n
1 n
. tiw) () — 3 4(w;)s(m,j)
T (R B A = Dty

Similarly, the right hand end point of w; is accommodated by the adjustment
factor Fif i # n and

i-1
L(w.) s(n,j) + F 2(w,) s(n,i)
N, 4 J 5
3 S O )
N, &
E n
: D Aw;) sm,§) + (F-1) £(w;) s(n, i)
. j=1
b
i 1
% which leads to the adjustment value estimate
; i-1
» N; }: 2w;) s(m, §) = Ny 3= #(w;) sln, j) ;
F O i 1
q right

(N_ - N;) 2(w;) s(n, i)
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Here is a flowchart for computing and printing the right and lcft estimates
of adjustment factors, and the mean, maximim, minimum and standard
deviation of those estimates,

Do for each utterance u = Wi Wooeo W with data Nl' NZ' Y Nn

T

n
2 tw;)sn, j)
=15

& P=a
7 Count = Count +2(n-1)

Do for each i=1,,..n

D = tlw,)s(n, i) j'

If i #1, then

lPN
n
Sl

FE = EF +¥
b/ £F® = zF? + ¥2
Fbig = Max(Fbig, F)

F = Min(F F)

small small’

Print "FIeft LU
If i #n, then
(T - D)N; - PN,,
(Nn - Ni)D

E =

1 IF = SF +F
IF2 = xF% + F2
Min (F

big
small
Print out ”Fright s, F . !

F F)

small’

i P =P+D

Average = IF/Count

St Dev = ‘\I(EFZ - Count - Averagez)/(Count = 1}

Print out Average, St Dev, Fbig' Fymall

112




NAVTRAEQUIPCEN 74-C~0048-2

Agzlica.tion

Once a value of the adjustment factor is chosen which is unlikely to be
exceeded (denoted F), a word w; which appears at the ith position in an
utterance n = wj, W2 ... W, can be expected to lie entirely within the range

of letter counts Nleft and Nright' where

i-1
N Zl Liw;) s(n, j)

)
Nleft g o
Zl(wj)s(n,j) + (F-l)l(wi)s(n, i)
j=1
i-1
N 21 Liw;) s(n, j) + F Lw;) s, 1)
J:
Noight = =
Liws)s(n,j) + (F-1) L(w;) 8(n, i)
j=1

where N is the total number of letters in the utterance,.

Results

The VIP-100 and associated computer equipment were used to collect feature
data for 119 utterances spoken by the LCSR project voice (MG). The utter-
ances consisted of 393 words in groups of 2, 3 and 4, approximately uniform-
ly distributed over the LCSR vocabulary. By studying listings of the feature
strings, it was possible to identify characteristic patterns associated with
each vocabulary word, and eventually to markthe approximate boundaries be-
tween words. These hand-marked data were used to develop the input num-
bers for use in the procedures described above.

When the length and stretch factors were computed for this hand-marked data,
and those factors were used to compute the adjustment factors, one of the
input utterances led to a much larger adjustment factor value than all the other
data., Upon examining the feature string for that utterance, the last word

(a "7") was found to be anomalously long, This utterance was discarded,
leaving 118 utterances and 389 words in the data set.

Re-running the procedures on the reduced set of data led to the length and
stretch factors given in tables 7 and 8,
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The minizaum error criterion (C) found for these data was 0.5872, As
there are 389 words in the data, this corresponds to a root mean square
error of 3.9% in predicting the fractional lengths of those words. Appar-
ently the simple model used here fits the data remarkably well!

TABLE 7.

NOMINAL DURATIONS OF LCSR VOCABULARY WORDS,

IRRESPECTIVE OF POSITION IN 2-, 3-, AND 4-WORD
UTTERANCES, NORMALIZED WITH RESPECT TO THE
WORD "POINT. "

word

0

1

2

9

length

1.000 | 1,163

0.788

0.870

0.983

1.055 | 1.147

1.178

1,111 0,773

0.969
_l

TABLE 8.

The length and stretch factors were used to predict placement of words with-

NOMINAL DURATIONS OF WORDS AS A FUNCTION OF THETR

POSITION WITHIN 2-, 3-, AND 4-WORD UTTERANCES,
IRRESPECTIVE OF THE WORD SPOKEN, NORMALIZED
WITH RESPECT TO THE DURATION OF THE FIRST WORD
IN THE UTTERANCE,

Number of Words

Location of Word in Utterance

in Utterance lst an 3rd 4th
1.000 1.580 e .
1.000 1.086 1,446 e
1.000 1,152 1.079 1.461

=

in utterances, and the adjustment factors were computed for the right and
The adjustment factors were ordered, and their

left word boundaries.
cumulative distribution was plotted.

The result is shown in figure 15,

indicated in that figure, 271 values of the right and of the left adjustment

factor were computed.

The right and left values are quite smoothly and

quite similarly distributed, giving grounds for confidence that a reliable
As indicated in the figure, the maximum ob-
served adjustment factor value was 2.51 and the upper limit chosen was

upper bound can be chosen,

2,75.
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Figure 1.5.. Cumulative Distribution of Adjustment Factors.
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As an example of the use of these results, consider the utterance '"6688",
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made up of the longest and shortest words in the LCSR vocabulary,

the data presented above, right and left end points can be computed which
will, with considerable confidence, contain each individual word. Table 9
gives the results of those calculations, using formulae similar to those at
the top of page 113. End points are expressed as a fraction of the utterance

length.

TABLE 9.

SEGMENTS OF THE UTTERANCE ''6688'" WHICH CON-
TAIN INDIVIDUAL WORDS WITH HIGH CONFIDENCE,

Word Left Right Fraction of
End Point End Point Utterance Disregarded
st 6 0 .494 51%
2nd 6 . 180 <673 51%
lst 8 . 433 « T 64%
2nd 8 .576 1.000 58%

The right hand column of table 9 shows the fraction of the whole utterance
which can safely be disregarded when only a single word is required within

an utterance.
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m INTEROFFICE CORRESPONDEF-‘ .
]
1 TO: LCSR TM 017 DATE: 1 May 1977
. E. P NO: ASD-77-212
FROM: J. E. Porter et LCSR "B"
1 susJecT: LOOPER :
Reference: This memec supersedes TM 011 (ASD-77-126) p

E | dated 14 I\Jarch 1977 : 4

This memo is intended to describe in detail the LOOPER processing outlined 1
i in Notes on Automatic Generation of Mathematical Machines (SDR-203). Some
corrections to the original are also included.

b LOOPER operates mulitple copies of a machine simultaneously and constructs
a whole array of loop letter sets, then purges it |

First an array of loop letter-sets is created,

‘; ] AR e (1)
P Ll B :
|
i
( (C) (C) ‘
. Mo 2

for each utterance in the example space. Each row of the array corresponds

to a copy of the machine. The utterance is processed from left to right, keep-
ing track of the progress of each active copy of the recognition machine. For
each copy of the machine, and hence for each row r of the array, there is a
state number, S., and a flag f, which tells whether or not loop letters are being
accummulated. (This will be explained later).

As new letters are processed, all the active copies of the machine are updated,
and then a new copy of the machine is started if:

a) the new letter is in Ty, and
b) there is not a machine copy already in state 1 with L1 = ¢ (the empty set).

Let C be the number of machine copies currently being used, hence the number |
of rows of the array which have to be processed. New copies are added at the
bottom, so to determine whether a new copy of a machine needs to be started, it
is only necessary to check that the letter being processed is in T, and copy

(C)
1

‘ number C of the machine is not in state 1 or L "' is not the emipty set.
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When a copy of the machine reaches the recognition state, its state number is
changed to K, and that copy need not be processed further. This active machines
are those in States 1, 2, --K-1, while those in state K are inactive,

Updating a machine copy entails several considerations. If the machine copy is
currently in state S, and the input letter is A,do the following when S<K:

a) If ae TS+1 do transition processing

b) If the f flag is TRUE, we are accummulating loop letters, set

Lg = Lgva and go the next copy

c) Ifaf T, then we must start accummulating loop letters, set
f to TROE, and Lg = {a}

Transition processing handles deactivation and coalescing of machines, as well
as simple transition. Deactivation accurs when the machine reaches recognition

state and is easily done:
a) If Sp=k-1, setS,=k and exit.

When a machine copy moves into a state which is also occupied by another copy,

it may be possible to eliminate the moving machine. The test is simply whether

or not all the loop letter sets accummulated so far for the two machines are

equal. Since new machines are added at the bottom of the array, and since mach-
ines can only move forward, it is sufficient to check the rows above the one being pro-
cessed, until one is found which is in a state beyond the state being entered. For
those which are in the state being entered, equality of the loop letter set is checked.
Finally, if the moving machine can be eliminated, all the machine copies below

it are moved up in the array, to keep the array small and dense. So the rest of
transition processing is as follows, where r is the index of the row currently being
processed:

b) Sp=S_+1
fr = FALSE
(r)_
Lg.= ¢
c) Ifr=1, exit
d) Work upward in the array, starting at row r-1, and check to see
if the state of each machine (row) is S_.. As soon as one is found with

state different from Sr. exit. For those found with state equal to Sy,
do the following:
Check to see if Li = Lgr), fori=1l,...8
If yes, eliminate this machine copy by moving all lower rows of
the array, and states and flags, up one, and finally setting C=C-1.
Then exit, terminating transition processing.
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After the array of loop letter set is created, as described above, it must be
purged of rows corresponding to machine copies which never quite make it to
the recognition state, and any row whose letter sets all contain the sets of
some one other row. A flow chart for the latter process, given on page 43 of
SDR-203, is reproduced here as figure 16,

Finally we open the L? to contain the intersection of all the rows of the array.
1f there is only one row, we are finished with this utterance. If there are more,
we must ask if any one row is contained in the row of L"i. If yes, this utterance
is already accommodated and can be discarded. If no, the array must be placed
in a file for processing by OVERPASS.

OVERPASS processing, also described in SDR-203, opens the L’E to accommodate
the most characteristic start point in each remaining utterance. The flow chart
is reproduced here as figure 17,
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W for ITOP - 2,. . number of rows :
=@ :
- :
!
No . '
Ne

W for R+ 1,... 00001

CTN TRUE
CTDIRUE

' |

6 Dofort=1,...k-1

CTN-FALSE I

CcIrh= Nol . .
TRUE?

Gl

Yes

ARRAY 2 |
(IRTOP,i)2 Yes
RRAY (R, |
i

| No

CTD=FALSE r

‘ Continue >

B

Delete row
IRTOP

> . Continge  Je———

B |
=)

l Figure 16, LOOPER Processingfor Purging the Array of Loop
3 Letter Sets of those Rows which Contain Other Rows.
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Do for K=Kl' 1(2,,,. K =1:

2

Do for words in the file: (If there are any left)

Fill ARRAY with the loop letter-sets corresponding
to start points for this word.

Do for each row of ARRAY:

Find the deviation between this row of
(letter-sets) and the {L’:}

Eliminate this
word from the
file and go on
to next word

Is the deviation 0 ?
(Meaning all L; € L)

no

A

Update D and D' and R, which are the minimal,
"next" to minimal deviations, and the row index
where the minimal deviation occurs, -

Open the {Lf} to include the {Li} in the RtP

row of ARRAY, and eliminate this word from
the file,

Y

Continue )
<_____/ .

Az

TR s S A T M T3

S

Figure 17, OVERPASS Processing.
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LOGICON INTEROFFICE

to: LCSR Notebcok TM-018 DATE:
FROM: g
: J. Porte;&‘ DISTRIBUTION:
SUBJECT: The Res®arch Machine Exerciser
(REMEX)

Reference: Supersedes TM-013 (ASD-77-161) 6 April 1977

The Research Machine Exerciser (REMEX) is the program which implements,

1 May 1977
ASD-77-211
LCSR "B"

CORRESPONDEN 7

for research and test purposes, the mathematical machine recognition algorithm.

It is a general purpose generalized multi-copy multi- automaton simulator.

REMEX accepts files of input utterances, exercising a variable number of mach-

ines (and as many copies of each machine as required) starting and ending at

specified letter positions within the input utterances.

The kinds of input data are:

1. A file of utterances

7 A file of start and end points in those utterances (optional)
3. The number of machines

4, Data describing each machine.

There are several things to be done with a machine exerciser, such as accumulate

counter statistics, find primary letter sets, and test the final machines.
various special things to be done are implemented by providing REMEX with

specialized sub-procedures. The five sub-procedures are called:

The hope is that REMEX itself will be static, and specialized for particular

1 START: Contains criteria for starting new machine copies
2, SPECIAL: Contains several special processing rules

3. RECONIZ: Contains final recognition and other procedures
4. FINAL: Contains post-recognition procedures

o DROP: Contains special procedures for dropping copies.

purposes by supplying different versions of the five subprocedures,

The five subprocedures may build or access special files.

in the other procedures.

These

For example, in the
final recogniticn algorithm RECONIZ will use counter statistics to compute recog-
nition criteria. FINAL should also be able to access and manipulate files generated

REMEX will produce some standard output for tracing the action of machines and
copies of machines throughthe utterance processing. Output from the other pro-
cedures, if any, will sometimes be merged with this standard output, but more
often delayed for printing after standard REMEX output, for example in FINAL.
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Machine descriptive data

A graphic description of a machine is useful in understanding the data structure
used for describing it, Consider the unlikely device depicted below:

| . Bg: O3
* s. e~ / 3

1: ) e o 8, C4
S22, CZ

S6, C6

Each box corresponds to a state, which will be identified by a number. The mach-

ine starts in the state marked by the '*', Within a state there are one or more
pairs of letter sets and counter identifiers. Each pair is a line, and will cor-
respond to a line, or row, of descriptive data. In operation, a machine copy
starts at a particular line and checks the incoming letter to see if the letter is
in the letter set of its current line. If yes, the counter identified in the current
line is incremented by the incoming letter count, and the line at the end of the

outgoing arrow becomes the current line. Additional processing may be performed

after incrementing the counter and line indicator. If the incoming letter does
not belong to the current lime's letter set, the letter is checked against the next o
line's letter set, and so on, until it is found to fall in a letter set, or the last line

of the state has been tried. If the last line of the state has been tried and the letter
has not been a member of any letter set, the machine copy is dropped if there is no

arrow from the bottom of the box; if there is such an arrow, it points to the next
line to be executed. ST o

the concept 'line" itself is just descriptive of the machine automaton. A given
machine is described by specifying a sequence of 7-tuples, one for each line in

the machine. The data for each line given below are slightly redundant and act-

ually allow simulating more general machines than those described above. Each
line contains the following data:
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state, S, S1, ls; 1f, C, SPI

where State is the state number
SO '?a the word spec:lfy%ng requ?red s } the transitionor loop le “er =t
S. is the word specifying required 1's
1 is the line number to be executed next if the current letter
s s
falls in the letter set of this line
l¢ is the line number to be executed next if the current letter
falls outside the letter set of this line. A negative value means
the machine copy is to be discarded at failure, a zero value is
interpreted as the next line.

|Cl is the counter index. The current letter count is added to the in-
dicated counter if C is positive, and is subtracted if C is negative.
No counter is incremented if C = 0.

SPI is a special processing indicator which is non-zero when special
processing is required. One of the subprocedures is activated
when the letter is in this line's letter set and SPI is positive, or
when the letter test fails and SPI is negative. SPI's absolute value
indicates which procedure is to be activated, and SPI is passed to
that procedure as an indicator of what is required.

Each line in a machine is given a unique number, and the lines of a given state
are given consecutive numbers. The example machine could be represented by

the following data:

Line State So 51 1ls 1f C SP1
1 1 Si0 Sn 4 0 0 0
2 1 S20 S21 6 -1 -1 -206
3 2 S3g S3; 6 2 0
4 2 Sg0 S43 5 0 -3 0
5 2 Ss9 Ss1 O - T 102
6 3 S60 Sg1 5 2 2 0

In this example, three counters are used. The first counter (#1) will contain the ! 4
diffe rence between the number of letters ascribed to letter set Sg and those ascrib- -
ed to letter set S;. The SPI value of 102 in line 5 might indicate that the procedure
RECONIZ is called on receipt of a letter in S, and the SPI value of -206 might

indicate that the procedure DROP is called when no letter set in state 1 is satisiied.
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Machine Counter Data

oI,

REMEX must be capable of exercising at least 11 machines and perhaps 15

or 20 will be required eventually, if we develop special machines for special
contexts. Several copies of each of these machines may be "active' at any

one time, and (for research purposes at least) the counter values associated
with any machine copy must be kept while that copy is active. Machine copies
are also processed in a definite order: oldest one first, so it is necessary to

be able to step through the copies in that order. However, logic for starting

a new copy of a machine may entail data about the most recently started machine
copy, so it is necessary to access that copy easily. Finally, copies may be
dropped at any stage of the game (in any state) without disrupting the processing
order. These requirements are all best satisfied by keeping machine copy data
in a doubly linked list. The data structure recommended is illustrated below.

Machine Copy Pointer Array

Avadilable Space Pointer

Index is

the mach\ c
“first N

ine number

Avail

Machine Copy Data Array

Ancxt/ / Crext / \ / \3 0

‘previous
T

Lstart
line

start

A Cntl ¥ .

Cnt2q

copy #1 copy #2 copy #3
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Space is provided for 50 copies of machines, with about twenty counters per

copy. Processing is done one machine at a time, stepping through the Machine

Copy Pointer Array. Copies of a given machine either first (oldest) or last $
(newest) may be accessed directly by way of pointers in that array. Data des-

criptive of each machine copy are kept in the Machine Copy Data Array, which

is doubly linked. Zero values for the ''next' or '"previous'’ pointers indicate .
the ends of the list of machine copy data. Unused columns of the Machine Copy

Data Array are singly linked and the top of the available list is pointed to by Avail.

When a new copy of a machine is activated, a column for the data is taken from
the available list, all the counter values are set to zero, the double links

are set up, the appropriate line number is set, and the starting time and letter
counts are also recorded. The time count is the value of a time accumlator
maintained by REMEX by simply adding the count values for each incoming
letter. The letter count is a similar counter, incremented by 1 for each incom-
ing letter. (These counts are used in the start/stop rules).

Standard Output

a2

Each subprocedure may generate special purpose output appropriate to the applic-
ation at hand, but REMEX will generate a standard line of output for each letter in
(the processed segment of) an utterance. That line consists of:

¢ a. the number of the letter in the utterance (the record number?)
b. the letter, in semi-colon, blank and asterisk notation
G the letter count
d. a sequence of characters, consisting of a fixed number of characters

(about 10) for each machine, (to be described)

. The set of characters generated for each machine is used to trace the history of

1 copies of that machine, as the utterance is processed. Generating it is a simple
process. Initially all (10 for example) characters are set blank. (A blank character
is an "unused' character. )As new copies of the machine are started, the leftmost
unused character is set to the state number of the machine copy reduced module

_ 10 if necessary, so it will fit in one character. Reading down the page, then, the

| sequence of characters in one print column will indicate the state history of a mach-
ine copy. When a letter causes a machine to be dropped, the character is set to
X", To conserve space, the data for later machine copies, occuring to the right

I of the X'ed column, will be moved left one column. This whole process can be des-

i cribed briefly as follows. Let the characters assigned to a machine be numbered

; Copy = 1 to 10, from left to right. For each machine we do the following:

f 1. Set CHAR(Copy) = blank, Copy = 1 to 10

; ‘ 2. Set Copy =1

: 3. Proeess a machine copy. If the ma\chine copy remains active, set

; CHAR ( Copy) to the state of the mechine copy, mod 10. If the mach-

' ine copy is to be deleted, set CHAR (Copy) = "X"

-
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4. If more machine copies are to be processed, set C = C+1 and

go to 3; else quit.

We can add seme bells and whistles to this. For example, when a machine copy

. makes it through all states and the RECONIZ procedure is activated to see if the
potential recognition is a real one, the machine copy's output character may be
set to "*'" to represent a potential recognition.

B What to do when there are more machine copies active than there are characters
alloted? Let's be optimistic and believe this will happen only rarely, and probably
not for more than one machine at a time. Then we should get away with tempor-
arily allocating more characters to that machine. This will skew the output col-
umns for following machines, but it should still be readable.

M ajor Processing Steps

1. Obtain the right versions of the subprocedures, machine descriptions,
utterance files and start/stop points if available.

2. Do the following for each segment of each utterance to be processed.

A. Initialize: Machine Copy Pointer Array
Available Space Pointer
Machine Copy Data Array (Put in siggle links)
Time counter to zero
Letter counter to zero
B. Do the following for each letter in that portion.of the utterance lying
between the start and stop points. Let a be the current letter.

a Prepare the left part of an output line (the letter number)
B Do the following for each machine.
i) Copy =0
ii) Do the processing illustrated in figure 18 for each copy
" of this machine, oldest to newest.

iii) Ifag® Sl (the first letter set in this machine) call START
Y Increment the time and letter counters
é Print an output line

C. Call FINAL
D, Print the utterance in '"; *' notation, and the recognition map.
3. Call TERMINAL.
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Cp=Cp +1

yes no

{ €57 e |
; s l
CHF.CK = FALSE |
] i -
i .
cnlrc =cntrC - |

letter count

cntrc = cntrc Gy

letter count

CHAR (Cp) = 'X |

LDROP = TRUE

LE lu“old)
CHAR (Cp) = 'State(l) mod 10* CHECK = TRUE
CHAR(Cp) = 'State(l) mod 10'

L
SPI(l19) K 07

[0 o (sPga 3o

= no
< SPL(,,q > 2007 L]’

cs

(cm SPECIAL e {

» Call SPECIAL ) !
(' can rECONIZ) : 4

F (can rREconiz )

QS(Mc(l):S!ate(lo]d)? e
ot { LDROP.

g oy : truc
Find 5, the state of the <(CHECK AND (Statc“old) = State(1) ) ) >____.

!_cs

CALL DROP

=E
o

next older machine

false

‘ Continue ’

State (i) = S?

Call SPECIAL

—*@nlinuc f

A is the letter, S] is the letter set, 1 is the current line number, and Cp
is the copy number.

Figure 18, Processing for Active Machine Copies.
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The processing for each machine copy has some features not discuseed earlier, viz: a

1.

When special processing is to be done, indicated by non-zero values of |
SPI, SPECIAL is called only if the absolute value of SPI is greater than |
200, else RECONIZ is called.

When the machine copy transits to a new state, and that state is occupied
by the next older machine SPECIAL is called. (SPECIAL will contain the
processing to determine if a machine copy should be dropped when it over-
takes an older copy.)
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APPENDIX E

PROGRAM DESCRIPTIONS

The executable files produced for the LCSR project are described briefly |
i in the following paragraphs, Figure 19 shows their use. |
TMN ensures the number set file is formatted correctly, TMN checks

to ensure that the data are in the appropriate columns, that the digit string

and file name correspond, that the set descriptor is correct, and that ", "

follows the file name,

Extract is an end-user oriented program which:

a. Prompts the speaker to voice an utterance,.
b. Saves the VIP features generated by that utterance on a disk file.
c. Compresses the features for LCSR processing.

d. Provides hardcopy printouts of both the raw feature data and com-

pressed data.

WIZARD locates the words within utterances, The method is based on
a simple statistical model of the time duration of the spoken words within
utterances, and has two parts: a mathematical procedure for extracting
some statistics from observed time duration data, and formula for finding {
the portion of the utterance where a word occurs, using the extracted
statistics,
F WIZARD writes the computed length and stretch factors into the file

"WIzZ, ST."

ESG builds an example space for a specified vocabulary item from speci-

fied compressed data files, Inputs to ESG include a list of the compressed
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data files which contain this item, and the set of length and stretcl factors

. computed by WIZARD, ESG determines what portion of the utterance is most

likely to contain that item, and writes the file name and starting and ending

records to the example space file,

ESDIT is the example space file editor, It provides the capability to
change individual start/stop values in the example space using an ESG or

GENRLIZ printout,

For a GENRLIZ printout, the starting record number and the end

record number of the compressed data entered by the user must be offset.

ESGDI operates on an existing example space file to produce a new

example space file in which all utterances beginning with the vocabulary

item specified are omitted.

GZEC finds the set of transition letter sets for a specified vocabulary

item, using GENRLIZ,

_ RESCUE retrieves a desired set of transition letter sets from a tem-
porary file and writes it into a machine file, Since the final set of transition
letter sets for a vocabulary item may not be the best one due to the inclusion
of bad examples, all the unique transition letter sets and the information to
access them are saved in temporary files, RESCUE prints the desired set
of transition letter sets if requested, RESCUE deletes the temporary files

if requested.

LOOPER finds the ioop letter sets for a particular vocabulary item. It
provides a printout which shows the sets of possible loop letter sets for each

example,

GASP prints transition letter sets or merged transition and loop letter

sets for each specified machine,

Btk Inlliig e




NAVTRATEQUIPCEN 74-C-0048-2

DCARDZ automatically generates the CMAC** ''card image'' files used
by MACFOR to produce the formatted machines. The CMAC** files can be
edited using the text editor if any new special processing or special counter

accumulation is called for,

MACFOR is the machine formatter. For each specified machine num-
ber, MACFOR reads the card images describing the machine, extracts the
specified transition letter set or loop letter set from the appropriate disk

files, and formats the machine to a disk file,

REMEX is the research machine exerciser, It was designed to serve
one of many functions depending upon the particular subroutines loaded with
it, The version implemented for this phase of the project is the counter
data extraction version., It can operate using any number of machines, For
each utterance, it finds all machines which go to recognition and saves the
counter data collected; that is, the number of letters which occurred in each
transition and loop letter set for every machine which went to recognition.
In this version, two loop letter violations are allowable before a machine is

considered to fail,

RXDIT is the counter data file editor. It creates from the counter data
file for a speaker (<SUB>: CDAT, RX) counter data files for each of the
machine numbers (<SUB>: CDATx** where %% is the machine number). The
user can specify the counter data records to be kept in the files to be created
with the file <SUB>:RXCARDS. The counter data records to be kept are

assumed to be in ascending order,

136




NAVTRAEQUIPCEN 74-C-0048-2
DISTRIBUTION LIST

Naval Training Equipment Center 38
Orlando, FL 32813
Defense Documentation Center 12

Cameron Station
Alexandria, VA 22314

A1l other addressees receive one
copy of report.

Seville Research Corp.
Suite 400 Plaza Bldg
Pace Blvd at Fairfield
Pensacola, FL 32505

USAHEL/AVSCOM

Dir, RD&E

ATTN: DRXHE-AV (Dr. Hofmann)
P. 0. Box 209

St Louis, M0 63166

Commandant

USA Field Artillery School
Target Acquisition Dept
ATTN: Eugene C. Rogers

Ft Si11, OK 73503

Human Resources Research Organization
Division No. 1, Systems Operation

300 N Washington St.

Alexandria, VA 22314

Chief of Naval Research
Psychological Sciences

Code 450, Dept of Navy

Arlington, VA 22217

Chief of Naval Operations
0P-991B, Dept of Navy
ATTN: M. K. Malehorn
Washington, DC 20350

Chief of Naval Operations
0P-987P10, Dept of Navy
ATTN: Dr. R. G. Smith
Washington, DC 20350

Chief of Naval Operations
Dept of Navy (OP-506H1)
ATTN: CAPT H. J. Connery
Washington, DC 20350

Library

Navy Personnel Research and
Development Center

San Diego, CA 92152

ERIC Clearinghouse on Educational
Media (Technical)

Stanford University

Stanford, CA 94305

Grumman Aerospace Corp
Plant 36

ATTN: Mr. Sam Campbell
Bethpage, LI, NY 11714

American Psychology Association
Psychology Abstracts

Executive Editor

1200 17th St. N

Washington, DC 20036

Director :
Defense Research and Engineering

ATTN: LCOL H. Taylor, OAD E&LS J
Washington, DC 20301 }
Commander

Naval Air Systems Command Headquarters

Code 340F

Washington, DC 20361

Commanding Officer

Naval Technical Training
ATTN: Code 016, NAS Memphis
Millington, TN 38054

US Air Force Human Resources Lab

AFHRL/OR Occupational Manpower
Relations Div

Lackland AFB, TX 78235

US Air Forte Human Resources

Lab/D0JZ
Brooks AFB, TX 78235
AFHRL/FTO d
ATTN: Mr, R, E. Coward .
Luke AFB, AZ 85309
ASD SD24E
ATTN: Mr. Harold Kottmann

Wright-Patterson AFB, OH 45433

1 of 2




NAVTRAEQUIPCEN 74-C-0048-2

Commander

Navy Air Force, US Pacific Fleet
NAS North Island (Code 316)

San Diego, CA 92135

Chief

ARI Field Unit

P. 0. Box 476

Fort Rucker, AL 36362

Chief

Naval Education & Training Liaison
Office

AF Human Resources Laboratory
Flying Training Div

Williams AFB, AZ 85224

Naval Weapons Center
Code 3143

ATTN: Mr. George Healey
China Lake, CA 93555

TAWC/TN
Eglin AFB, FL 32542

Chief Naval Research
Code 437, Dept of Navy
Arlington, VA 22217

Scientific Advisor
HQ US Marine Corps
Washington, DC 20380

Calspan Corp.
Librarian

PO Box 235
Buffalo, NY 14221

Dr. Jesse Orlansky

Institute for Defense Analyses
Science & Technology Division
400 Army-Navy Drive

Arlington, VA 22202

National Defense College of Canadian
Army

Staff College

Ft Frontena

Kingston, Ontario, Canada

Federal Aviation Agency

NAFEC Library, Bldg 3

Systems Research and Development
Service

Atlantic City, NJ 08405

Commanding Officer

Rome Air Development Center
Technical Library

Griffiss AFB, NY 13440

Commander
Naval Air Test Center (CT 176)
Patuxent River, MD 20670

Commanding Officer

Naval Air Technical Training Center
NAS, Memphis 85

Millington, TN 38054

Commanding Officer

Human Resources Laboratory
Flying Training Division
Williams AFB, AZ 86046

Commanding Officer
FASOTRAGRULANT
Naval Air Station
Norfolk, VA 23511

2 of 2




1 AD=A049 680

UNCLASSIFIED

LOGICON INC SAN DIEGO CALIF F/G 5/8 \
USE OF COMPUTER SPEECH UNDERSTANDING IN TRAINING: A PRELIMINARY--ETC(U) .
JUN 77 J E PORTER, M W GRADY, M B HICKLIN N61339=T74=C=0048

_ NAVTRAEQUIPC=T4=C=0048~2 NL




2

. June 1977

oy

\
J.

“JOO FILE copy.

Approved for public ohm;
' distribution unlimited.

AL

Er




UNCLASSIFIED

SECURITY CLASSIFICATION OF THIS PAGE (When Data Entered)

e

READ INSTRUCTIONS

REPORT DOCUMENTATION PAGE BEFORE COMPLETING FORM

2. GOVY ACCESSION NO. 3. PIENT'S CATALOG NUMBER
;4-cwaw48-z Z 4l (f1§;;j>
PR P— . RIOD COVERED
CH_UNDERSTANDING IN, TRAINING Final ;?p‘?t.
Mar

OF.
A Png11m1nary Invest1gat10n of a Limited C0nt
ous Speech Recogn1t1on Capab1l1ty.

- /0 J.E. 7Porter, M.W. Térady, M.B. THmk‘hn?/FTLowe(
E.oaﬁzFoonﬂulriGn(O:RGANlZATION NAME AND ADDRESS y 10. PASOGR&‘”OERLKESS:‘TTNPURMOBJEEg; TASK
P.0. Box 80158
San Diego, California 92138 3753-2pP2
. REPORT D
aval Teaintng Equiprent Conter P
Code N215 .
Orlando, Florida 32813 134

14. MONITORING AGENCY NAME & different from Controlling Office) 15. SECURITY CLASS. (of this report)

5525' ¥ Unclassified
A s 7' 15a. DECL ASSIFICATION/ DOWNGRADING
i /_...‘Jr = SCHEDULE
F ' 16. DISTRIBUTION STATEMENT (of this Report)
E | Approved for public release; distribution unlimited. ;
; s
't - - 7
L o :
E 17. DISTRIBUTION STATEMENT (of the abstract entered in Block 20, if different from Report) \\ Sie A=
18. SUPPLEMENTARY NOTES b F q
i
E
L 19. KEY WORDS (Continue on reverse side if necessary and identify by block number) %
g Speech Recognition Real-time Speech Recognitioni

Speech Understanding
Continuous Speech Recognition
. \\\\\\ Controller Training System
Mathematical Machines
0. ABSTRACT (Continue on reverse side if necessary and identify by block number)
. his report describes the requirements for connected word speech recognition in }

training systems design. A review of the published literature and commercially
available systems demonstrates that no existing capability exists which fully

! satisfies the unique features of speech recognition in training devices. A new
' approach toward Timited continuous speech recognition was investigated based on
; - examining the speech data itself to find characteristic sound structures; the
; &> order in which these sounds occur; and the time duration of, and between, t':zse

characteristic sounds.
DD ‘j‘::'fn 1473 eoition or\&ss:s OBSOLETE UNCLASSIFIED

N SECURITY CLASSIFICATION OF THIS PAGE (When Dua Lnurod) ‘-\.




UNCLASSIFIED

SECURITY CLASSIFICATION OF THIS PAGE(When Data Ent: red)

: 20. ABSTRACT(Cont)

>A]gorithms were dev.ioped and exercised over speech data generated by a com-

mercial preprocessor for a large number of utterances spoken by a single

speaker.  Characteristic structure was found for the 10 digits and the word
oint.*’/Borrowing from the mathematical theory of formal languages, these

KJr“SOunds are termed transition letter sets. The residual data were formed into
Toop Tetter sets which are used to reduce false recognitions. Nondeterministic |

finite transducers, defined by the transition and Toop letter sets for each
vocabulary item, were exercised over entire utterances to validate the basic
concepts and extract time duration data.

While the complete implementation and testing\of this mathematical machine ap-
proach toward limited continuous speech recognition remains incompiete, the
preliminary results have verified the basic assumptions and provided the en-
couragement to proceed with the development of the technique.

W
Dist. AVAY

Sy OOTEN
pnit ABALE b
A FAR

L 8

UNCLASSIFIED

SECURITY CLASSBIFICATION OF THIS PAGE(When Data Entered)




%
|
|

2 e KT,

Section

I

II

oI

v

A%

NAVTRAEQUIPCEN 74-C-0048-2

TABLE OF CONTENTS

INTRODUCTION ... cooeveooo
Background ........

e o 0 0 o o o o o 0 0 o o

Contents of this Report . . . . v ¢ e ¢ ¢ ¢ 0o 0@

THE REQUIREMENT FOR RECOGNITION OF CON-

TINUOUS SPEECH IN SUPPORT OF TRAINING

The Source of the Requirement
Unique Features of the Training
Problem. .. ceseocscsssos

LITERATURE SURVEY RESULTS .
Purpose . .. ..cccoeeeeeece
Material Surveyed ... ... ...
Resgults . oo oiv o sieisto o oo .

Existing Techniques . ... .
The HARPY System . ... .
Martin's System .......
Commercial Endeavors, . .

LCSR

THE MATHEMATICAL MACHINE APPROACH

FO ECSR | o vc v oo wis =
Rationale .... ..

o o o o 0o o o o o

A Proposed Technique .......

An Apparent Paradox . ... ...
The Paradox Resolved ......

The Deterministic Preprocessor

The Approach Characterized . .
Critical Questions , .. ... ...

Applicability of the Mathematmal

Machine Approach to Training .
The Essence:

SCOPE OF THE PROJECT ......
The LCSR Project Phases . ...
One Speaker First

Speaker Independence and the
Mathematical Machine Approach

The Preprocessor

Page .

-

10
10

11

14
14
15
15
16
17
18
20

22
22
23
24
24
25
26
27

28
29

30
30
30

31




Section

VI

3 VII

VIII

X

NAVTRA TQUIPCEN 74-C-0048-2

TABLE OF CONTENTS (Cont)

Goals of thisg Phasge . . . .o o s coosmanoees
The LCSR System Environment ...........
The Preprocessor . .« e s s oo ss o sos
The Computer . . . . « + . . Go A O A

The Software Environment ... ... ¢ 0.

THE SPEECH DATA. . ¢ . ¢t e o 0o o e o oossssoaas
Data Collection Procedures . ... ... ... .. .
Vocabulary and Utterances Selected ........

GENERATING EXAMPLE SPACES . . ..........
Sounds, Words, and Data. . ... ...........
Purpoge s o . ol ol o iy e s S e e
A Statistical Model for Utterance Segmentation .
Automatic Generation of Example Spaces . . . . .

GROUPS OF SOUNDS WHICH RELIABLY OCCUR
IN SPEEGCE: DATA & oo vaivo vioie e v e s o o e s s
The VIP-100 as a Sound Classifier . ........
Definition of Transition Letter Sets. . . . ... ..
Transition Letter Setbs. . ¢ ¢ v v v o d a6 v v s
Transition Letter Sets Tests . . .. .........
Training Data Sensitivity. . . . ... ... ...
Geheralibye o /o i S e s sy s s e e
Characterizing Power. . . . . . . . ¢« ¢ o oo
Where the Phonemes Aren't. . ... ... ......

RESIDUAL SOUND GROUPS. . ¢ v v ¢ ¢ s ¢ 0« @ e v e
Definition of Loop Letter Sets .. ... ¢ ¢ o000
Finding Loop Letter Sets, . « ¢ « o v v . . R R
Loop Letter Sets Found., . . « v ¢« « ¢ ¢ ¢ ¢ 0o 06 oo
The Nature of Residual Sound Groups ... ....
Tests of Lioop Letter Sets . . ¢ « o o ¢ 0 ¢ 50 00 0

CHARACTERIZATION BY TIME, . ¢ ¢ ¢ ¢ 6 ¢ 6 s ¢ 6 ¢ o
concept e o o » g L I D D I N ) e o & LI . o e« o e 0
Preliminkry TEBt, .o ¢ o v v v ov 6 s 66 66 5.6 45

Page

32
33
35
36

37
37
40

49
49
52
53
56
56
62
o4

65
65
68
69 ¥
69
72

74
74
-




NAVTRAEQUIPCEN 74-C-0048-2

TABLE OF CONTENTS (Cont)

Section Page

XI THE RECOGNITION MACHINE . . . . . . . s ¢ o s« 19
Computer Implementation =« « « « « « « « « ¢« o « 82
Notes from Formal Languages « « « « « « o « » « 82

XII SUMMARY RESULTS, CONCLUSIONS AND
RECOMMENDATIONS . « ¢ ¢ ¢ ¢ o o o & BMEE N ol B
Summary and Results ., . s od siaiv s o » o B5

Conclusions and Recommendations . « « « o+ ¢ « =« 88

REFERENGES .« sl oF i Jiaie e e ol elinie o e o 89

APPENDIX A - The (Rejected) Empirical
Approach: RECOG , ., . sv's o ws » 923

APPENDIX B - LCSR Technical Memo 003 . . . . . . 101

APPENDIX C - LCSR Technical Memo 017 . . . . . . 117

APPENDIX D - LCSR Technical Memo 018, , . . . . 123

APPENDIX E - Program Descriptions , . . . . . . . 133

LIST OF ILLUSTRATIONS

Figure Title Page

1 LCSR Equipment Configuration , , , ., ., . MGt ol 1 LA
2 RawData Printout . ¢ o « « o v v s ¢« s s o s s s s & 38
3 Compressed Data Printout . . . . . . R e e e 39
4 A Simple Finite Automation for Word Recogmtmn . 52
9 Sets of Transition Letter Sets from

ESG-Generated Examples. . . . . Sl MmN W 54
6 Sets of Transition Letter Sets from

Hand-Marked Data . . « « « ¢ ¢ ¢ o ¢ ¢ ¢« o o o o o o 58
7 Histogram of Indifferent Feature Counts, for

Transition Letter Sets Found from Automatically
and Hand -Marked Example Spaces . . . . « « « + « . 00




b
‘ NAVTRATQUIPCEN 7=-C-0048-2
E }
P
! LIST OF ILLUSTRATIONS (Cont)
x Figure Title Page :j
3 ,
: J 8 Finite Automaton for Recognition, Using »
Residual Sound Croupe . ..o oc o6 esnenas e 65
9 A Finite Automaton Which Facilitates Timing 1
Both Durations of and Intervals Between
TEramgitioni Saundsy ool TRip FTESIT RIS (R ot shiox sgiet o os ev o a 67
10 Loop Letter Sets Interlaced with their
. Associated Transition Letter Sets .. ...... Gno s 70
1 11 Histogram of Modified M Scores for 16 ''Sevens'
: and Four Lowest Scoring Non- ""Sevens'' ....... 78
; 12 Finite Transducer for Recognizing the
i /o5 oo LSS TR R L S R R e L T e 80
%? 1 13 Nondeterministic Finite Transducer for
] i Recagnizing the Ward "W . cvi v v i muvmonm «a 81
; 14 Segmentation of the Raw Data., . . . « v v v v 0 o v o v 95
E 15 Cumulative Distribution of Adjustment Factors ., .., 115 -
: 16 LOOPER Processor for Purging the Array } ]
% ‘ of Loop Letter Sets of those Rows which F
Contain Othier ROWE . v o v s s v s o smeses PR b
17 OV ERPASSPEOCCOBIIIE o s stw o iovion ¥ 16 op et oomior os v Lo
18 Processing for Active Machine Copies, , ....... 130
19 Uso of LCSR SORMWAIe:, . o o vcvv o oo dns smnes LIF

LIST OF TABLES

I Table Title Page
\,
A 1 VIP-100 Features Used for LCSR Program ..... 35
2 Recorded Speech Data s cvivwvnsvovumenwesas 41
3 Intrinsic Word Duration and Position-Dependent
Stretch Factors for Hand-Marked VIP-100 Data, .. 45 3
I 4 Natals SO R o o v v o \en 5 ks Wakw e b i s '
E 5 Dats SUMMBLEY . ¢ 5o'c ¢ 600 G0 b o5 5 030 5d oo ne 98
6 Summary of RECOG Recognition Accuracy 9
i Four Talker®. o oo o eooir o b sipe s o yros siwn o e "




B R T e e e

e i e s e i oo e i L b

NAVTRAEQUIPCEN 74-C-0048-2

LIST OF TABLES (Cont)

Title

Nominal Durations of LCSR Vocabulary Words,
Irrespective of Position in 2-, 3-, and 4-Word
Utterances, Normalized with Respect to the

Word Potemd? .0 d v e s e e 114
Nominal Durations of Words as a Function of

Their Position within 2-, 3-, and 4-Word

Utterances, Irrespective of the Word Spoken,

Normalized with Respect to the Duration of the ’
First Wordinthe Utterance. . « « « « ¢ ¢ ¢ v ¢ ¢ v 0 o » 114
Segments of the Utterance "6688" Which Contain
Individual Words with High Confidence ........ 116




NAVTRAEQUIPCEN 74-C-0048-2

SECTION I

INTRODUCTION

: This report documents the findings and work accomplished in the initial

phase of a project whose ultimate goal is to obtain a capability for Limited

ot

Continuous Speech Recognition (LCSR) for the Naval Training Equipment
E Center (NAVTRAEQUIPCEN),

Background

LCSR is generally understood in the speech research community to

mean the problem of automatically recognizing natural human speech con-
' sisting of isolated utterances which are sequences of words chosen from a
small (less than 30-word) vocabulary spoken continuously; i. e., without

pauses or breaks between words., Reliable automatic recognition of isolated

words is now a fait accompli, but the techniques used in isolated word

recognition have proven to be ineffective when applied to continuous speech,

Since continuous speech is the more natural mode of human verbal communi-
cation, the scientific and industrial communities are vigorously pursuing

' extensions of earlier successes in isolated word recognition. However, the
| general problem of automatically recognizing continuous speech has shown
itself to be so difficult as to warrant restriction to a limited problem, to
sharpen the focus of the difficulties of reliability recognizing even relatively

few words in relatively short utterances.

NAVTRAEQUIPCEN has demonstrated the gains to be made in training

—— ——

effectiveness by incorporating an automatic speech recognition capability
B | in training systems, Isolated word recognition is often sufficient to meet

the requirements of these systems, But it also often occurs that an automated
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training system either requires, or can be made much more effective by,
introducing an LCSR capability, NAVTRAEQUIPCEN therefore supported this
project to investigate the possibilities for obtaining an LCSR capability in

support of training system development.

LXY

The initial goals of the LCSR project were:

a. To identify the unique features of the LCSR problem as it arises in
training applications, in order to have the sharpest possible definition of the
problem of interest to NAVTRAEQUIPCEN, and to guide the remainder of
the project.

b. To survey the relevant technical literature and industry to determine
the state of the LCSR art, and to determine if there exist systems or tech-
niques which satisfy the requirements of the training LCSR problem,.

c. On the basis of an understanding of the training LCSR nroblem and
the current state of the LCSR art, to assess the feasibility of obtaining an
LCSR capability for support of training system development,

d. If obtaining a training LCSR capability is feasible, tc develop a
plan for doing so,

On the basis of early work in pursuit of these goals, it was determined
that developing a training LCSR capability, while not without risk, was a
worthwhile venture, The LCSR project goals were therefore extended and

modified, as will be discussed in section V,

Contents of this Report

Section II addresses the unique features of the LCSR problem, as it
arises in training applications, Section III discusses the results of a survey
of the technical speech recognition literature., The results of that review
revealed that there are no reported systems or tecvhniqucs which are imme- .

diately applicable to NAVTRAEQUII'CEN's LCSR requirements, Section IV

intraduces a novel technical approach to the LCSR problem, called the
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"mathematical machine approach." On the basis of the detailing of training
ICSR requirements and the literature survey, this mathematical machine

approach to ICSR was deemed worthy of further investigation, and section V
presents an envisioned three-phase plan of attack. The remainder of this
report, sections VI through XII, describes the word dcne and results obtained
during the first phase of a study of this mathematical machine approach.
These results are preliminary in that no speech recognition capability has
been produced or tested (that work will be accomplished in the next phase).
But the approach is investigative, and thus even the preliminary results are
interesting in their own right.

The appendices contain supporting material. References precede the appen-
dices. Appendices A, B, and C contain ICSR project technical memoranda
which expand upon certain topics discussed in this report. A large propor-
tion of the present effort has been expended in producing and exercising a
large array of computer programs for manipulating and analyzing speech data.
Appendix D lists and describes very briefly the programs which were developed.
Appendix E contains a brief description of an earlier approach to LCSR which
has been abandoned.
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SECTION II

THE REQUIREMENT FOR RECOGNITION OF CONTINUOUS
SPEECH IN SUPPORT OF TRAINING

The Source of the Requirement

Automatic speech recognition has been shown to offer opportunities for
significantly improving the efficiency and effectiveness of training systems.
Systems developed in cooperation with NAVTRAEQUIPCEN which demon-
strate this practical benefit of speech recognition in training systems
include the Ground Controlled Approach Controller Training System ZCA —
CTS) and the Automated Adaptive Flight Training System (AFTS). On the
basis of experience gained in these systems, it is clearly desirable and
appropriate to expand the use of automatic speech recognition in training

systems,

Many training applications can be supported adequately by a capab.lity
to recognize isolated words or word groups automatically, The applications
mentioned above are of this type. However, in some applications isolatec
word recognition is not adequate., An automated training system for training
air intercept controllers, for example, requires recognition of numerical
data, naturally spoken as an unbroken sequence of digits, 1In this and similar
applications, the number of digit sequences of interest precludes th: use of

isolated word recognition algorithms via the artifice of treating each possibie

sequence as a potential explanation of an utterance,

Spoken strings of digits are a special, but frequently occurring, case of
a more general phenomenon, It often occurs that a set of phrases to be
recognized in a training application consists of sequences of words or word

groups taken frcm a much smaller lexicon, but spoken continuously, For
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example, the GCA—CTS lexicon associated with glidepath comm:nds can be
regarded as various combinations of only 10 words, spoken continuously.
If recognition could be accomplished in terms of the smaller, underlying
lexicon, the total recognition potential associated with a lexicon of a fixed
size would be greatly increased. Viewed in this way, one requirement to
recognize continuous speech is revealed to be the need to recognize a large
number of phrases constructed from a relatively small lexicon, but spoken

without pauses.

Another, closely related, requirement for treating continuous speech
arises in training situations which allow the trainee considerable latitude in
his verbal behavior, It often occurs that the allowed vocabulary is very
large, but the task situation is such that a reasonably small number of key
words or phrases can be identified. If these key words or phrases can be
recognized when embedded in extraneous verbal material, the training
objectives can be met. This ""word spotting'' problem, while quite different
from the problem of recognizing utterances taken exclusively from a fixed
and relevant lexicon, shares many basic technical difficulties with the latter
problem, The LCSR project is specifically directed toward recognizing con-
tinuous speech taken from a small, fixed lexicon, but it is worthwhile to note
that many techniques developed in this context can be expected to be appli-

cable to the word-spotting problem also.
Unique Features of the Training LCSR Problem

Experience in applying automatic speech recognition to practical training
systems has revealed several special characteristics of the LCSR problems
which arise in this class of systems. These special characteristics make
the training LCSR problem much more specific than what is generally
referred to as the ''limited continuous recognition problem' in the technical

literature, Several features which localize the training LCSR problem

11
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within the larg er domain reported in the literature are discussed below,
While not all of these characteristics are universally shared by all LCSR
problems arising in training applications, it is true that any solution to the

LCSR problem compatible with these characteristics would meet the require-

ments in most training applications,

a. A small vocabulary is involved, Many training problems entall >3
vocabularies of 20 words or less, and often recognizing fewer words would *
be a useful capability. The 10 digits in combination with a few control
words is a fairly representative and common case. Using a mixed strategy
of isolated and continuous speech recognition techniques can sometimes
reduce the required vocabulary size of the continuous part of the problem
even further,

b. The vocabulary is fixed., Within a given training application, the
vocabulary changes with a half-life measured in months or years. As a
result, rapid accommodation of vocabulary changes, while attractive, is not
an important requirement. Techniques which entail detailed (and perhaps
time-consuming) off-line analysis of the vocabulary items are therefore at
no particular disadvantage.

c. Semantic, syntactic, and other higher knowledge sources are olten
nearly or completely irrelevant., This observation is typified by the numeri-
cal data entry problem, where strings of digits must be recognized and there
are essentially no hard data available in the remainder of the system which
can be used to predict what the spoken digit string might be. In many cases,
a priori probabilities can be assigned to gross features of the utterance, such
as to the number of digits in the utterance, or to the identity of the first cigit,
But it often occurs that within the utterance (i. e., for non-initial words) the
branching factor is essentially equal to the size of the vocabulary. The iact
that a training system has specifically to deal with errors committed by the
trainee exacerbates the problem, as deviations from proper syntax (for
example) may be both more likely to occur and more interesting in them-
selves in the training environment than in the operational environment,

d. Real-time operation is necessary. Effective training often requires
very quick response to trainee vocalization, either to preserve realism of a
simulated environment or to minimize the latency between response and
reinforcement, A time lag of less than two seconds between completion of an
utterance and recognition is required,

12
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e. Recognition accuracy must be high, Trainee motivatic (and thus
training effectiveness) drops precipitously with any decrease in a training
system's reliability, and recognition failures are perceived as just another
variety of system failure by the system user., The supposition that low
recognition accuracy can be tolerated in training systems is often supported
by the argument that the purpose of the system is to teach correct verbal
behavior; and hence, the careful enunciation required for good recognition

can be demanded of the trainee, This argument is fallacious for two reasons:

(1) few training systems have precise enunciation as an important training
objective and (2), at the present state of the art, recognition accuracy in the
high 90-percent region is only attainable with audio input which is very
understandable to the human ear — sloppy enunciation significantly degrades
the already less-than-perfect recognition accuracy currently attainable.

f. Speaker independence, while convenient, is not a necessity,
Training systems which warrant a dedicated speech recognition capability
tend to be associated with tasks which require several hours or more of
training, A small amount of time spent adapting the system to the trainee's
voice is rarely a significant drawback, particularly since this adaptation
period can sometimes be treated as part of the training experience wherein
the trainee learns the vocabulary or how to operate the training system.

g. The computational requirements should be compatible with central
processors on the scale of minicomputers or even smaller systems, This
is simply an empirical observation on the economics of training systems.
The computers used in training systems tend to be dedicated, and the train-
ing systems tend to be of such a scale and have development budgets which
can accommodate the cost of mini- or micro-computers, but often not the
cost of a large main frame. Counterexamples can undoubtedly be found, but
experience indicates they are the exception rather than the rule. This same
observation applies to special-purpose hardware which supports the front-end
analysis of the analog speech signal, Sophisticated, special-purpose pre-
processing hardware can become very expensive and hence it is desirable to
utilize established, commercially available components if possible.

13
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SECTION III

LITERATURE SURVEY RESULTS

Purpose

A survey of the technical literature regarding recognition of continuous
speech was undertaken as a preliminary task of the LCSR effort., The moti-
vating reasons for this survey were:

a, To determine if there exist in the literature techniques for per-

forming LCSR which are immediately usable, with minimal or no alteration,
in applications of interest to NAVTRAEQUIPCEN,

b. (Assuming that such techniques do not exist) to obtain insight into
approaches to the LCSR problem and thereby derive guidance to promising
areas of investigation,

While searching the literature for recognition techniques which might
be immediately applicable to NAVTRAEQUIPCEN training problems, it was
necessary to carefully consider the unique features of the training LCSR
problem discussed in the previous section, For example, many of the
reported techniques cannot be used in real time partly because of the heavy
computational burden imposed by incorporating syntactic and semantic info: -
mation, In evaluating these techniques, it is necessary to disregard the
irrelevant parts of the techniques and consider only those portioas which

are necessary to solve the more limited problem,

Deriving guidance for the current effort from the literature reduced to
discerning general characteristics of those techniques which have reported
greatest success, and relating those general characteristics to an approach
being concurrently developed (the mathematical machine approach described

later), The latter part inevitably takes on the character of rationalization,

14
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but it is nevertheless useful to understand the relationship betw. en the newly

conceived approach and others currently under investigation,

Material Surveyed

The list of material surveyed (included in r&ferences) includes only
those articles, books, conference records, etc.,, which were thoroughly read
and understood, Many others were scanned to determine their usefulness for

the purpose of this survey, and rejected as inappropriate for further study,

Several collections of individual articles and survey articles were par-
ticularly useful in gaining an overview of the state of continuous speech
recognition and its advancement during the present decade, Hyde's survey
of 1967, Hill's article of 1971, papers from the 1974 Institute of Electrical
and Electronic Engineers (IEEE) Symposium (edited by Reddy), the special
issue of the IEEE Proceedings for April 1976, and the Conference Record of
‘the 1976 IEEE International Conference on Acoustics, Speech and Signal
Processing contain about enough material to justify the conclusions reached
by surveying the larger body of material, The most important information

missing from that collection is contained in Martin's dissertation (1970).

Results

The primary conclusions which result from the literature survey are:

a. No technique for performing LCSR which is readily adaptable to
applications of interest at NAVTRAEQUIPCEN has been reported in the
reasonably accessible technical literature, This conclusion merits high
confidence with regard to publications prior to April 1976 and moderate con-
fidence with regard to publications prior to April 1977.

b. A comparison of the general characteristics of the more promising
techniques suggests that the adopted approach to LCSR (described in section
'1IV) is a good match to NAVTRAEQUIPCEN's requirements and has reason-
able potential for success.
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These co.clusions are discussed separately in the following paragrap! s,

Existing Techniques — The resources of this project have permiticd

surveying only a small fraction of the technical literature pertinent to the
LCSR problem, Fortunately, there is enough active speech research going
on to guarantee a vigorous interchange of information among researche
around the world. As a result, it can safely be inferred that, since no
wholly adequate technique for LCSR was reported or referenced at tae 1976
IEEE International Conference on Acoustics, Speech and Signal Processing,

no such technique had been reported before that time.

Thoroughly reported techniques for recognition of continuous speech
have failed to meet the requirements of the LCSR problem either by not
giving adequate recognition accuracy or by not being feasibie for real-time
implementation, Unfortunately, there is so little interest or success in
real-time operations of recognition systems that no mention is made of the
speed of operation for many otherwise thoroughly reported techniques.
However, it is possible to infer something about speed of operatior for m st
of these systems by comparison with other, more or less similar, systems

whose speed of operation has been reported.

There are two sources of the large computational requirements which
cause most recognition techniques to be inappropriate for real-tiime opera-
tion, One is performing preprocessing in the central prccessor, and the
other is use of a hypothesize-and-test recogniticn algorithm., The types !
preprocessing encountered in the literature include extraction of zero-
crossing statistics, weighted filtering of the entire spectrum, spectral
analysis (e. g., by fast Fourier transform), autocorrelation analysis, and
linear prediction, All require processing data representing the acoustic
signal sampled at a rate of 10 to 20 kiloHertz, Calculations such as these
can only be done in real time by specialized computational hardware such as

array processors,
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Hypothesize-and-test recognition algorithms have one eleme.'t which
repeatedly proposes hypothetical explanations of the spoken utterance, and '
a second element which compares the hypothesized explanation with the
observed speech features, These techniques run into trouble in real-time
operation because the number of hypotheses which have to be tested is
enormous, even when only the most plausible hypotheses are considered,
Recognition algorithms of the hypothesize-and-test type are currently the

most popular, with sequential decoding a close and gaining second, i

Although it is difficult to compare different recognition techniques objec-
tively in the absence of test data taken under identical test conditions, it is
interesting to attempt to identify those reported techniques which ""come
closest'' to meeting the NAVTRAEQUIPCEN requirement for an LCSR sys- i
tem, Two systems are mentioned below, One has demonstrated recognition i
accuracy equal or near the best obtained to date but is not promising for real-
time application, and the other operates in real time but gives less than

adequate recognition accuracy.

The HARPY System — The HARPY system was developed by Lowerre at

Carnegie-Mellon University. It is a developmental outgrowth of two earlier
systems produced under the direction of Reddy. It has demonstrated a recog-
nition accuracy (on words) of 93 to 98 percent with an effective vocabulary

of about 11 words, (The actual vocabulary contained 39 words but was con-
strained by a rigid syntax with a branching factor of 10, 8). This performance
was based on training and testing with the same set of four speakers, Recog-
nition accuracy was 98 percent when training and test data were taken on the
same occasion, and 93 percent when the training and testing data were sepa-
rated in time by five months, The average number of words per utterance in
the test data was 5.5, giving error-free recognition of complete utterances

71 percent and 89 percent of the time for the two test conditions, The HARPY
system shows both higher recognition accuracy than its predecessor, the

HEARSAY 1 system, and about an order of magnitude faster operation than

17
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HEARSAY 1. Unfortunately, this is still inadequate for most training appli-
cations, as about 4. 5 million computer instructions must be executed for
each second of speech to be recognized. On the PDP KA-10 computer, ‘or

which HARPY was designed, operation takes about 13 times real time.

The source of HARPY's heavy computational burden is both preproc-
essing in the central procesor and a carefully optimized hypothesize-and-
test recognition algorithm, About 64 percent of the computation time required
is for preprocessing (generating autocorrelation and linear prediction coeffi-
cients). Relegating the preprocessing to a special-purpose processor

might therefore result in operation at about five times real time,

LOCUST is an evolution of the HEARSAY (1972)-DRAGON (1974)— HARPY
(1976) systems developed at Carnegie-Mellon University, Whereas the
earlier systems ran on a PDP-10 at many times real time, LOCUST will run
on a PDP-11 at four to five times real time, According to Lowerre, this
system is currently operational only for ''very small grammars, '' and they
are continuing its development, No details are yet available (in the public

domain) on LOCUST.

In his dissertation published April 1976, Lowerre claimed HARPY was
both faster and more accurate than any other connected speech recognition

system in operation at that time.

Martin's System — Martin, in his dissertation of 1970, describes a svs-

tem for recognizing connected strings of digits using the preprocessing
technique which is now implemented (with improvements) in Threshold
Technology's commercially available speech recognition hardware (e. g., the
VIP-100) used for isolated word recognition, Although the system he de-
scribesused ananalog recognition technique following the (essentially) analog
preprocessor, it could easily be duplicated in a digital processor, such as
Data General Corporation's Nova series of minicomputers, in real time.

After very thorough testing of his system (on 32, 500 connected digits spoken
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by 105 talkers chosen to represent all dialects of American Engl. Qh;),

recognition accuracy was found to be 88 percent on a word basis,
Martin's system is interesting in several different respects, including:

a. The recognition accuracy achieved is remarkable, especially for
the time period in which it was produced.

b. It is a speaker-independent system,

-

c. No other system has been more thoroughly tested and reported in
the technical literature,

>
It is interesting to note that, when specialized for 10 talkers of a single

dialect (Boston), Martin's system achieved recognition accuracy of more
than 94 percent, approaching the accuracy of the HARPY system but with
more than twice as many talkers. However, this result is not considered
representative of the accuracy which could be obtained in military training
applications, as many different dialects will have to be accommodated in
that environment, and it is not clear how Martin's system could be trained

for individual talkers,

In view of Martin's early success, a question arises as to why his
a.pproa.ch was not developed further, The approach described in his dis-
sertation was limited (in its analog implementation and for continuous speech)
by its sensitivity to misrecognition of individual features. One can hypothe-
size that other researchers who were working in the more flexible environ-
ment of digital computers did not adopt Martin's approach because it was
not clear how to incorporate syntactic or semantic knowledge sources. The
consensus at that time (at least within the ARPA program) was that the
acous.tic signal did not have enough information in it for successful recogni-

tion, and the real problem was adding the higher knowledge sources,
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Commercial Endeavors — The principal commercial speech recognition

companies were also contacted to determine their plans vis-a-vis a continuc .:

word recognition capability, Companies contacted were:
a. Threshold Technology, Inc.
b. Scope Electronics, Inc,
c. Dialog Systems, Inc.

This review confirmed that no commercial (off-the-shelf) continuous
recognition system is currently available, nor do the major companies plan
to announce such a system in the near future. However, those contacted

did consider the limited continuous speech recognition problem solvable,
Relevance to the LCSR Project Effort

The literature reveals some trends in continuous speech recognition
which can be interpreted as augering well for the line of inquiry descrived in

later sections, Some of these trends are discussed below,

There is a trend toward de-emphasis of segmentation into classical
phonemes and specific phoneme recognition, Earlier efforts focused on
recognizing speech phoneme-by-phoneme, with articles appearing on the
difficulties of recognizing particular phonemes, The tendency now is to
treat the preprocessor more nearly as a so{md classifier, and to ignore
preconceived notions of what the speech data received (rom the preproc-
essor are like, The reason for the tendency is that reliable segmentation
into phonemes turned out to be impossible, dashing the early hopes that
the internal reference representatioris of words could be some simple vari-

ation of familiar phonetic spellings, modified by phonological rules.

1

It follows from the failure of ridgidly phoneme-oriented recognition that

there is a tendency to go to the speech data (that is, develop algorithms for

“"
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processing real speech data) to determine its recognizable chara “teristics.
This is in contrast to the early reliance on the '"obvious'' phonemic content
of words to be recognized. The recognition techniques being developed now
therefore ternd to have two parts: the recognition technique per se, and
techniques for deriving relevant parameters (such as Markov transition
probabilities or likelihood-measure thresholds) from large samples of
speech, This trend marks the demise of the early influence of linguists and

phoneticians on speech recognition research,

There is also a recent trend toward sequential decoding of the speech
signal instead of exhaustive hypothesize-and-test recognition methods. The
distinction between these two approaches becomes blurred as the methods
for optimizing the search of the test space become more and more efficient.
Interestingly, both HARPY and Martin's approach are essentially sequential
in nature. Both use a transition state model to determine a limited set of
next-possible features. In the case of HARPY, this was a considerable
simplification over its predecessor's models, which entailed probabilities of

transitions to each of a large set of possible next states.

The approach adopted for the LCSR effort reported herein and described

in the following sections conforms to each of the trends mentioned above;

namely, toward:
a. Treating the preprocessor as a sound classifier,

b. Emphasizing the derivation of the recognizable speech characteris-
tics from real speech data,

c. Sequential decoding.

21
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SECTION IV

THE MATHEMATICAL MACHINE APPROACH TO L.CSR

Rationale

Among the more interesting dimensions .along which human speech
displays its remarkable variability is the distribution of information among
the acoustic speech signal, syntactical structure, nonverbal cues, and other
more or less subtle communications channels connecting a speaker and his
listeners. It is generally agreed that most natural verbal communication
places a significant amount of its information content in the nonacoustical
channels, and that the acoustic signal often does not even carry enough infor-
mation to identify reliably the component words of an utterance constructed
over a small and known vocabulary. Verbal communication of strings o.
digits must not be of that character, however, as completely unpredictable
strings can be reliably communicated over a controlled acoustic channel,
such as the telephone, In fact, most verbal communication of numeric- "
data has a very high degree of uncertainty associated with it. It is very
reasonable to infer, therefore, that the acoustic signal corresponding tc a
spoken digit string contains the information needed to recognize its componenc

digits.

Simple audio tape splicing experiments quickly verify two further facts
about the acoustic signal conveying digit strings. First, the informaticn
conveying an individual digit of a string is localized (one can easily construc:
a tape for ""67" out of tapes for ''463'" and '"978''), and, second, human per-
ception of the individual digits is based on the sequential occurrence of
individually identifiable sounds, the timing of those sounds, and exclusion oi
some intervening sounds, (One can make a recognizable "7" by combining

the necessary sounds snipped from other, unrelated, words.)

22
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= It is reasonable to assume, on the basis of these intuitively obvious
facts, that individual words which occur in digit strings can be characterized i
and recognized on the basis of:
a, sounds, or small groups of sounds, which reliably occur
b. in a fixed order

T ¢, with characteristic time durations and time intervals between these
groups.

A Proposed Technique ]

If these assumptions are correct, and if the characterizing sounds or
gound groups occur with sufficient reliability, it should be possible to
recognize words within digit strings in a simple sequential manner, noting
the occurrence of a sound of the first group, then listening for a sound of

the second group, etc. until all of the required types of sounds have been

detected. During this process, the time durations of the component sounds
can be noted. Also, the occurrence of any spurious sounds can be used to
reject a potential but false detection, When all the required sounds have
been detected, without rejection due to spurious sounds, the time durations
of the component sounds and intervals can be compared statistically to
reference data derived from observations of previously recorded speech,
A potential recognition can then be accepted or rejected on the basis of the
similarity of the observed time durations to the reference data. The pri-
mary appeal of such a simple recognition procedure is that it could easily
be performed in real time, The approach investigated and described in
this report is an extension and modification, without jeopardizing the poten-

tial for real-time implementation, of this simple recognition method,

Many variations and refinements to this simple sequential procedure can
be formulated. As formulated above, the recognition procedure can be
modeled as a simple finite-state mathematical machine (a finite automaton).
Adding features to accommodate the less-than-perfectly reliable occurre:llce

of the characteristic sound groups and problems with starting the recognition

23
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process at the right time result in a more complex process, but still one comn- ’
veniently modeled as a mathematical machine, The more complicated version
is a nondeterministic finite transducer. The utility of concepts from the
theory of mathematical machines for describing the class of recognition
algorithms considered in this project has led to calling it ''the mathematical

machine approach, "
An Apparent Paradox

Linguists and phoneticians noted long ago that words are made up of
special sequences of sounds with characteristic durations, The character-
istic sounds have been studied in detail, leading to the concepts of phone,
morpheme, allophone, phoneme, etc, Armed with this understanding, the
earliest researchers in speech understanding knew that a mathematical
machine approach to automatic speech recognition would work, and that the
characteristic sound groups needed to make it work were simply phonemes or
something very close to phonemes, However, after several decades of

research, this approach has not led to a reliable automatic LCSR capability.

An apparent paradox therefore exists between the fact that phonerne-
directed speech recognition has failed to solve the problem of LLCSR and the
assumed fact that words are characterized by sound groups, order, and
time, (A more practical point of view might be that the real paradox is why
anyone should elect to pursue an approach which has not produced results ir
several decades, but the resolution of either vérsion of the paradox turns

out to be the same, )
The Paradox Resolved

Failure of the phoneme-oriented recognition approaches to produce a
viable LCSR capability may be ascribed to the difficulties of producing a
preprocessor or analog transducer for extracting speech features corres-

ponding to phonemes., This may be due to an inadequate understanding of '
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the human aural perception mechanism; but, whatever the reasor the fact is
that individual phonemes cannot easily and reliably be detected even in clearly
spoken strings of digits (wherein we have reason to believe the acoustic signal
carries sufficient information to support word recognition), Apparently the
preprocessors used in speech recognition are sensing the acoustic signal dif-
ferently than humans, resulting in an inability to perceive (in the psychologi-

cal sense).

The Deterministic Preprocessor

Raising the question of the correspondence between sounds andrtlrie outpur

available from a given preprocessor points up the need to refine slightly an
argument given earlier. Let us define a deterministic preprocessor as one
which reliably and synchronously produces a given output for a given input
acoustic signal, but allows the possibility that different input signals may
produce the same output and that different input signals which are percep-

tually indistinguishable to a human may produce different output signals,

Then the tape-splicing experiments referred to earlier can be used as a
basis to argue that, if the output of a deterministic preprocessor carries
enough information to support reliable recognition of continuous speech, that
information must be present in the preprocessor output in such a way that

individual words are represented by:
a. characteristic classes of output, which occur
b. in a fixed order

c. with characteristic time durations and time intervals between
characteristic output samples,

The failure of phoneme-oriented sequential recognition techniques sug-
gests that if there were such characteristic output classes present in the
data produced by the preprocessors used in those systems they did not cor-
respond to phonemes, Is it possible that the preprocessors available today
do have a rich enough output structure to support LCSR, even though the out-
put classes do not correspond exactly to phonemes? The fact that isolated
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word recognicion techniques (which typically do not entail explicit recogui-
tion of any subword structures) work well suggests that the answer is ''yes, "
Until the data from a particular preprocessor are examined to determinec the
absence or presence of characteristic output classes, without preconceived
notions as to what those classes are (or correspond to in terms ol & cum=n
percept), the potential of that preprocessor for supporting LCSR rerzins

unknown, and the usefulness of a relatively simple sequential recognition

technique also remains unknown.

The apparent paradox is thus resolved: the difficulties of phoneme-
oriented recognition are related to the difficulties of producing a phoneme-
extracting preprocessor, and have little relevance to the potential success of
sequential recognition procedures, Preprocessors successfully used in
isolated word recognition probably exhibit some reliable output classes
unrelated to phonemes but which can support LCSR. It is interest.rg and
worthwhile to try to discover what the appropriate classes of output are.
Interesting because if they can be shown not to be present, there is little hope
that the preprocessor can support LCSR. And worthwhile because ii the
appropriate output classes can be discovered they can be used as the basis

of a sequential, mathematical machine type of recognition procedure,.
The Approach Characterized

The unique feature of the mathematical machine approach to LCSR is
that it attempts to discover characteristic classes of preprocessor output
which are associated with each vocabulary item, and explicitly uses those
classes, together with their durations and intervals, in a relatively simple
recognition procedure., The method of discovering the characteristic output
classes is direct automated examination of speech data., It is a data-inten-
sive approach, and has the peculiar advantage that, even if it doesn't lead to a
successful LCSR technique, the nature of the chosen preprocessor (and the

data it produces) would at least be quite well understood,
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Preceding arguments have shown that if these characteristi. output
classes, order, and time durations are not present in the preprocessor
output when digit strings are spoken, in reliable enough form to support
reliable recognition of the component words, then the preprocessor is guilty
of dropping too much information while transforming its acoustical signal
input, One can almost imagine a critical experimental procedure whereby
the labeled output from a given preprocessor is subjected to tests revealing
the presence (or absence) of characterizing output classes and their prop-
erties. The maximum recognition performance obtainable on the basis of
these data could be computed and the end result would be a statement, based
on fact, about how well that preprocessor can support LCSR. It would be a
significant breakthrough in speech recognition research to be able to separate
the issues of preprocessor and recognition algorithm performance in this
way. There is, unfortunately, little evidence (in the literature) of interest
in devising or performing critical test procedures of this kind, probably
owing to their difficulty, The mathematical machine approach is a modest

effort to approximate such a critical test.

Note that the approach is preprocessor specific; that is, it attempts to
answer questions about, and produce an LCSR procedure for, a specific
preprocessor. And while the methods and techniques employed, for the most
part, can be applied to any feature extraction-like preprocessor, it is not
clear that results obtained for one preprocessor would be useful for any

other preprocessor,
Critical Questions

As a scientific investigation, the mathematical machine approach to
LCSR attempts to answer the following questions, If the answers can be

found and are felicitous, an LCSR capability will result.

a, How can classes of preprocessor output suitable for characterizing
each vocabulary item be found in and extracted from samples of speech data?
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b. How reliably do these characteristic output classes occur in speec!
samples?

c. How unique are the charactgristic classes for each vocabulary item: .
(How bad is the false recognition problem?)

d. How may the output observed between characteristic samples be
described and used to eliminate false recognitions?

e. What are appropriate descriptions of the durations of, and intervals
between, the characteristic samples?

f. How can these temporal data be used to reduce false recognitions?

g. In view of the observed characteristics of the preprocessor output
for individual vocabulary items, what are appropriate mathematical machine
structures for spotting each word?

h. How well do the individual word spotting procedures work (disre-
garding interaction among the words of an utterance)?

i. How can individual word recognizers be combined, and their
é observed interactions within an utterance be used, to produce a morec J
. effective composite recognition procedure?

jo How effective is the resulting LCSR technique?

As described in section V, the current phase of this project provides
] only preliminary answers to some of these questions. That section also

shows the relation of the current phase to subsequent phases.

Applicability of the Mathematical Machine Approach to Training

The mathematical machine approach to LCSR has intentionaily been
formulated to match the unique features of the training LCSR problem

discussed in section II. The rather simple sequential recognition procedures

mew—

of the mathematical machine approach have unusual potential for implemen- -
tation in real time and, as noted in section II, real-time operation is an

impartant requirement for LCSR in support of training, Most of the
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recognition techniques which are the subject of research today e.'tail exten-
sive searches and are not amenable to real-time operation in minicomputers,
The mathematical machine approach can be considered to gain real-time
operating potential at the cost of extensive analysis of speech data, per-
formed off=line, The small, fixed vocabulary of the training LCSR problem
permits this trade off, The computational requirements for the mathematical
machine recognition procedures are modest in terms of memory requirements
as well as speed, therefore meeting another special requirement of the
training LCSR problem., They are suitable for mini- or micro-computer
implementation, and, although the off-line (prerecognition) computational
requirement in support of the necessary analysis is large, it too is com-

patible with a disk-equipped minicomputer,
The Essence: The Preprocessor

The mathematical machine approach emphasizes careful scrutiny of
the speech preprocessor to find exactly what information is available there,
and a means to use it effectively, This is consistent with the observation
that semantic, syntactic, and other nonacoustic knowledge sources often

have little to contribute in the training LCSR problem, and the conviction

that a viable preprocessor must provide sufficient information in its output

to support recognition of digit strings,
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SECTION V

SCOPE OF THE PROJECT

The LCSR Project Phases

.

The information reported herein represents the results of only the first
phase of an envisioned three-phase effort., The goals of this current effort
will be discussed in detail in the following paragraphs but, briefly, the intent
has been to formulate the mathematical machine concept as applied to the
LCSR problem and test many of its underlying assumptions, Based on the
results of that effort, the next phase will complete the development and
analysis of the approach, resulting in a demonstration of a speaker-unigue
LCSR capability, A final phase would investigate remocving the highly speaker-
dependent constraints of the earlier phases, resulting in an LCSR capability

that can then be integrated into training system design,

One Speaker First — The mathematical machine approach described

herein is preeminently a search for structure and information in the output
of the chosen preprocessor, One expects to find more structure and more
word characterizing information in speech data produced by one subject
than in data from several speakers, It is therefore appropriate to use a

single subject while developing techniques for discovering the structure of t.~

speech data. The overall plan of attack for the project then becomes:

a. Develop techniques for discovering the structure of a single
speaker's speech (Phase 0),

b. Evaluate the LCSR potential of the mathematical machine approach
to recognizing the initial subject's speech (Phase 1),

i c. Apply the same techniques to several other speakers, and re-evaluate
the LCSR potential (Phase 1),
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d. Compare and contrast the structure and word character.~ing infor-
mation found in the several speakers (Phase 2).

e. Develop and apply techniques applicable to more than one speaker
(Phase 2).

Speaker Independence and the Mathematical Machine Approach — The

United States Navy conducts training programs all over the world; and even
at home, will train students with a variety of accents and dialects. A speech
recognition program must support these various accents. While in theory a
"'speaker independent'' recognition capability means exactly that, namely
capable of recognizing each and every speaker, it is difficult to imagine that
such a system can be developed which will handle the broad range of accents

encountered in the Navy's training programs.

Most isolated word recognition systems currently in use utilize a
"training'' mode in which the system ''learns’’' the characteristics of the
speaker's voice. And indeed, the eventual development of the mathematical

machine approach to LCSR may require a similar function,

An additional approach toward making a system capable of recognizing
all speakers is to provide a library of reference data, and then to adapt the
data to the individual characteristics of the particular speaker, Presumably
this approach would demand less time and effort than .training the system

from scratch,

The relationship of speaker independence, speaker training, and speaker
adaptation to the mathematical machine approach to LCSR is not known at
this time, Are there simple characterizing classes of preprocessor output
and timing characteristics which can be used to recognize the speech of
several or all people? This will not be determined until the necessary speech
data are gathered and examined. The mathematical machine approach

requires devising automatic procedures for extracting the characterizing

information from large collections of speech samples, It is conceivable thzt
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a multi-speaker LCSR capability could be produced by exercising these same
information extracting procedures on a large speech data base representative
of many speakers. If so, speaker independence, or at least the basis for an
adaptive system, will have been achieved at remarkably little cost, If inter-
speaker variations are too great to be accommodated by a single mathematical
machine structure and temporal characterization, methods will have to be

found to specialize a general recognition procedure to individuals,
Goals of this Phase

As discussed in the previous section, the LCSR project will attempt to
answer a variety of scientific as well as practical questions, The following

goals were established for the initial, Phase 0, effort,
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