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ABSTRACT

We present a Multi-State Time Del ay Neural Network
(MS-TDNN) for speaker-i ndependent, connected l etter

recogni ti on. Our MS-TDNNachi eves 98. 5/92.0% word
accuracy on speaker dependent/i ndependent Engl i sh l et-

ter tasks[7, 8]. In thi s paper we wi l l summari ze several
techni ques to improve (a) conti nuous recogni ti on perfor-

mance, such as sentence l evel trai ni ng, and (b) phoneti c
model i ng, such as network archi tectures wi th \i nternal

speaker model s", al l owing for \tuni ng-i n" to newspeak-
We al so present resul ts on our l arge and sti l l growing

GermanLetter data base, contai ni ng over 40. 000 l et-
nti nuousl y spel l ed by 55 speakers.
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dependent penal ty Penw(d) =log(k + probw(d)), where
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4 . 2 . GERMAN LETTERS

We are i nthe process of creati ng a l arge data base of Ger-
man spel l ed l etters. At thi s time, more than 40. 000 l et-

ters f rom55 speakers (tabl e 2) were col l ected andl abel ed.
Volunteers are asked to spel l a set of 50 to 150 sentences

i na natural manner, wi thout arti �ci al pauses between l et-
ters. Each i ndi vi dual spel l s a di�erent set, consi sti ng of
three categori es: proper names, drawn randomly f roma

l arge l i st of 100. 000 names, some randomci ty names and
pseudo-randoml etter sequences. The l atter subset
ed to i ncrease the percentage of the l ess f requent
h as Q or X, to make sure there i s a reasonabl e
i ni ng data for al l l etters. For exampl e, af ter
udo randomsequences, the rati o of Q to

m3 : 1000 to 75 : 1000 .
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