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Abstract

The ability to recognize spoken |etters of the English dphabet is an important property of speech
engines used in tdlephony gpplications. Given the acoustic Smilarity of spoken letters, though, it
isavery difficult and potentialy error-prone process. Thisreport describes preiminary
recognition accuracy datathat developers who work with the IBM voice browser can useto
design more effective recovery mechanisms for misrecognitions of spoken |etters.
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I ntroduction

In a desktop speech dictation system (such as IBM ViaVoice'), the ability of the sysem to
permit voice spdling isimportant for the product to support hands-free use, but is not critical
because the system includes a keyboard on which most users can produce text. Furthermore,
users can see the results of the system's interpretation of their spoken lettersin red time, and
can take steps to recover from recognition errors as they occur.

Telephony applications do not provide this type of support when users need the system to
recognize spoken letters for the purpose of spelling names (or other words) that are out-of-
vocabulary or hard to recognize. There are no standard mechanisms for spelling with a
telephone keypad, and those that exist dl have usability problems of one type or another
(Lewis, Potosnak, and Magyar, 1997), especidly when the keypad is part of the telephone
handset. Speech recognition systems that provide n-best lists (alist that contains the most likely
word or |etter for a given spoken input plus the n best alternatives -- see Balentine & Morgan,
1999 for more details) require greater resources than systems that do not. For this reason,
some systems provide n-best lists for gpoken input (including letters), but others do not.

When a system does not provide an n-best list, an dternative approach is to determine
empiricaly the didtribution of misrecognitions among the letters of the dphabet and to use the
datafrom that distribution to guide error recovery schemes. The purpose of thisreport isto
describe preliminary letter misrecognition data for the IBM WebSphere” Speech Browser
(verson 1.0).

'1BM and ViaVoice are registered trademarks of International Business Machines Corp.
2\WebSphere is atrademark or registered trademark of International Business Machines Corp.
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Method

Participants

The participants in this sudy were twelve IBM employees. The sample included nine maes and
three females. The mean age of the sample was 30 with a standard deviation of 4.15 (ranging
from 24 to 37). All but two participants spoke with standard American English accents. One
male participant was from Thailand and one mae participant was from China.

Materials

Participants used their phones at work to place calls to Cisco® 2600 gateway (and a Cisco
2600 gatekeeper), connecting to voice browser (GA version of the IBM Voice Server 1.0)
running aV XML program created for the purpose of collecting user speech. The speskers
audio was captured exactly asit came from the gateway/gatekeeper for maximum vaidity.
After capture, the files were edited with Cool Edit 2000” to create a separate file for each
gpesker's pronunciation of each letter of the English aphabet.

Procedure

The recordings were played into an accuracy-testing progrant (using the GA version of the
IBM Voice Server SDK 1.0 running on an A20 IBM ThinkPad®). This procedure was
replicated three times to check for outliers or other indications of unstable data. The output of
the program provided the information required for estimating misrecognition rates among the
spoken | etters.

3 Ciscoisatrademark or registered trademark of Cisco Systems, Inc.

* Availablefrom SyntrilliumSoftware Corporation.

® Developed by Kevin Horowitz.

® ThinkPad is a trademark or registered trademark of International Business Machines Corporation.
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Results

Misrecognitions

Table 1 shows the raw count data, and Table 2 shows those counts converted to rates (correct
recognition rates dong the diagond, misrecognition ratesin off-diagond cdls). With twelve
gpeakers and three trids per recording, there are 36 opportunities for error for each letter. The

number of times that the system returned a Sllence timeout condition rather than returning a letter
gopears in the Timeout column. In one case, the recognizer returned the dways-active

commeand "Quiet”" in place of "Y".

Table 1. Raw Count Data

said|/A[B|Cc|D|E[F|G|H[I]|d|Kk[L[M[N[O|P|[Q|[R]|S|[T|U|V|W|[X]|Y]Z][Tota
|

Returned A:| © 1 7
B: 30 3 33
C: 33 3 6 3| 4
D: 3 23[9 3 38
E: 17 3 20
= 28 15 43
G: 33 6 6 3 8
H: 27 27
I: 27 27
33 30 33
K| 24 36 60
L: a2 33
M: 31 7 38
N: 26 2 28
0: 5 36 3 2 6
pP: 1|1 24 26
Q: 3 | 36 3 |13 55
R: 1 7 29 2 39
S: 6 3 3 21 33
T: 6|5 3 3 24 3 44
U 21 21
V: 6 8 14
W- 33 33
X: 34 34
Y- 32 32
Z 3 12 2| 37

Timeout:] 3 |3 | 3|31

a1

Quiet:

Total| 36 [ 36 [ 3636 3636
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36
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Table 2. Rate Data

Said) A|B|C|[D|(E|F|G|H|[I|[J|K|JL|M[N[O|P|Q|R[S|[T|U|V|W[X[Y]|Z
Returned A:| 017 003

B: 083 0.08

C: 0.92 0.08 017 0.08

D 0.08 064[ 025 0.08

E: 047 008

F: 0.78 042

G: 092 017 017 008

H: 075

I: 075

3-[o0s 083

K| 067 100

L 0.86] 0.06

M: 086019

N: 072 0.06

o: 0.14 1.00 008 0.06

p: 003[ 003 067

Q: 008|100 008|036

R: 003 019 081 0.06

S: 017 0.08 0.08 058

T 017|014 0.08 0.08 067 0.08

U 058

V- 017 022

W- 092

X: 094

v 089

Z: 0.08 033 061
Timeout:| 008 | 0.08] 0.08 | 0.08] 0.03] 0.03 0.17[ 003 008 008 008 011 0.08 0.03[ 008




Conditional Probabilities

For the data to be useful for the purpose of intelligent error recovery, it isimportant to compute
them as conditiona probabilities (P(A)|A). Thereason for thisisthat if a user rgjects areturned
letter or set of |etters as being incorrect, the developer (and by extension, the system) can only
know the returned letter(s) -- not the spoken letter(s). What the developer needs to know
about the returned letter is the probability distribution of dl the other letters given that returned
letter -- their conditiond probahilities -- the ratio of the number of times the system returned a
given letter given that the speaker said that |etter divided by the total number of times the system
returned that letter. Thisis much more important information than the standard measurement of
recognition accuracy (the ratio of number of times arecognizer returns aletter correctly divided
by the number of times speakers said that |etter).

For example, the standard recognition accuracy of "A" (from the A-A cell of Table2) wasa
very low 17%. Often, when a speaker said "A" the system returned "K" (67% of thetime). On
the other hand, the conditiona probability that the spesker had said "A™ when the system
returned an"A" (from the A-A cell of Table 3) was afairly high 86%. In other words, when a
Soesker sad "A" the system was likely to misrecognize it, but if the system returned an "A" there
was a very good chance that the spesker actudly had said "A".

On the other hand, the standard recognition accuracy of "K" was a perfect 100%. Every timea
gpesker said "K", the system returned "K". However, the conditiond probability that a returned
"K" occurred when the spesker actudly said "K" was afairly low 60% because the system was
likely to produce a"K" when the spesker actudly said "A". This means that a voice-spdlling
gpplication should have fairly low confidence that areturned "K" is evidence of a spoken "K".

Table 3 shows the conditiona probabilities computed using the data from the previous tables.



Table 3. Conditional Probabilities

Said:) A|B|C|D|E|F|G|H|[I|[J|K|L[M|I[N|JO|P|[Q[IR|S|T|U[V|W|X|Y|Z
Returned A:| 086 014

B- 091 0.09)

C: 0.73 007 013 007

D: 008 061 024 008

E: 085 015

= 065 035

G- 069 013 013 006

H: 1.00

I 100

3:[ 009 091

K:[ 040 0.60

L 0.94] 0.06

M: 082|018

N 093 007

0 011 0.78 007 004

p- 004|004 092

Q: 005/ 0,65 0.05] 0.2

R 003 018 0.74 005

S 0.18 009 0.09) 064

T 0.14| 011 007 007 055 007

U 100

V- 043 057

W- 1.00

X 100

v 1.00

7 008 032 059
Timeout:| 007|007 0.07] 007] 0.02[ 0.02 0.15| 002 007 007|007 0.10 007, 0.02[ 007




Mogt Likely Substitutions

From the table of conditiona probabilities (Table 3), it is possble to develop alist of the most
likdy subgtitutions for agiven letter. Thislist gopearsin Table4. In Table 4, uppercase letters
indicate subgtitution probabilities that exceeded .10. Lowercase |etters indicate subgtitutions
that occurred during the study, but had substitution probabilities lessthan .10. For example, if a
user rgjectsareturned "A" in avoice-spdling application, then the letter most likely to have
actualy been spokenis”l". Fourteen of the lettersin Table 4 have only one subtitution for
which the probability of subgtitution exceeded 10%. Eleven of the letters don't have any
subgtitutes for which the probability of substitution exceeded 10%, and six of those didn't have
any subgtitutions at al. This means that whenever the system returned these letters (H, 1, U, W,
X, and Y), the developer could have very high confidence that the spesker actudly said that
letter. Only two letters (T and G) had two substitutes for which the probability of substitution
exceeded 10%.

Table 4. Most Likely Substitutions

Returned| [Likely Substituted For |

vlniKImiL<|a|—

T] v|

ml{=>|—=oc|o|=
Q |— =< [~

p | v]|

N

N|<|x|[S|<|c|4|ln|mlo|v|lo|z|z|r |x|«|-|TZ|O|m|m|o|o|wm|>
o|m|—|cla|r|x|zZ[3|>|o

<
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Discussion

The data presented in this report are preliminary in the sense that they came from afarly smal
sample 9ze. The consequences of the smal sample Sze are that the smdler estimated
probabilities might not be perfectly accurate. The larger estimated probabilities, however, are
likely to remain stable given an increase in the sample Size, and it isthese larger probabilities that
would play the greatest role in error recovery schemes.

It is aso important to note that the conditiona probakilities and most likely substitutions should
not be the only data that developers bring to bear on the problem of developing their error
recovery schemes. |If users spell English words, then it would be possible to use published
tables of unigram and digram frequencies (Card, Moran, & Newdl, 1983) to supplement the
conditiona probabilities presented in thisreport. If users"spel” strings that are not English
words (for example, codes using aphabetic characters, such as part numbers or membership
numbers), then developers should use whatever they know about the characteristics of these
gringsto guide efficient error recovery.

Despite any shortcomings, these data should be useful to developers who design error recovery
schemes for voice pdlling tasks that are part of telephony applications.
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