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Figure 2: Various techni ques to inprove sentence level recognition perfornance



Speaker Dependent (CMU Alph Ihta) |

500/2500 train, 100/500 crossvalidation, 400/2000 test sentences/words |

our
speaker SPHINX[HFW91] | MS-TDNN HFW1] A TN
[ mm | 96.0 975 | 98.5
nalbs 83.9 | 89.7 | 91.1 |
mem - | - | 94.6 |
fecaw | - | - | 98.8 |
flgt | - | - | 86.9 |
fee | - | - | 91.0 |

Speaker Independent (Resource Mnagement Spell-Mde) |
109 (ca. 11000) train, 11 (ca. 900) test speaker (words). |

SPH N[ HHD2] | our M- TDNN

I + Senone I I gender specific

88. 7 | 90. 4 | 90. 8 | 92. 0 ‘

Table 1: Wrd accuracy (in % on the test sets) on speaker dependent and speaker

independent connected letter tasks.
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Figure 4: A network architecture with gender-specific and shared connections. Only
the front-end TPONNis shown.

ing, cross-validationand test set, respectively. The DARPA Resource Minagenent
Spell-Mde Ihta were used for speaker independent testing. This data base
contains about 1700 sentences, spelled by 85 male and 35 female speakers. 'The
speech of 7 male and 4 fenal e speakers was set aside for the test set, one sentence
fromall 109 and all sentences from6 trainingspeakers were used for crossvali
Table 1 surmarizes our results. Wth the hel p of the training techni«
above we were able to outperformpreviously reported [ HFW1] s
resul ts as well as the HVWM based SPHINX System

5 SUMMARY AND FUTURE WORK

W have presented a connectionist speech recognition s
connected letter recognition. Newtraining technic
level recognition enabled our M-TINNto out

kind as well as astate-of-the art HVM bas

specific subnets, we are experinenting

“Internal speaker nodels” for a nore

the future wve w1l also experi
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Figure 3: Learning curves (a = bootstrapping, b,c =word level (excerpted words),
d,e =sentence level training (continuous speech)) on the training (O), crossvalida-
tion (-) and test set (x) for the speaker-independent RMSpell-Mde data.

3 GENDER SPECIFI C SUBNETS

Astrai ghtforward approach to building a nore specializedsystem
two entirel y individual networks for nal e and fenal e speake
the gender of a speaker i1s known, during testing it
“gender 1dentification netvork”, whichis si1

put units representing nale and female sp

netvork cl assifies the speaker’s gen

ul arized network 1inproved the

see table 1) to 91.3% Hov

connections at the

worked even |

cati



in the sane way as the phonene boundaries within a word. Figure 2(a) shows an
exanpl e in which the vord to recognize 1s surrounded by a silence and a ‘B’, thus
the left and right context (for all words to be recognized) is the phonene ¢ sil’ and
‘b’, respectively. 'The gray shaded area indicates the extension necessary to the
DIWal i gnnent. The diagramshows how a new boundary for the beginning of
the word ‘4’ 1s found. A indicatedinfigure 3, this techni ques inproves cont:
recogni tion significantly, but it doesn’t help for excerpted words.

2.2 WORDDRATTON IEFENENT FFNALIZING (F
INSERIT ON AND IT'FLETT ON ERRCRS

In “continuous testing node”, instead of 1ooking at word units the vell-known “Che
Stage DIW al gorithm[ Ney84] is used to find an optinal path through an unspec-
ified sequence of words. The short and confusable Englishletters cause many vord
insertion and deletion errors, such as “T E” vs. “T” or “0” vs. “0 07, the1
proper duration nodelingis essential.

As suggested in [ HW2], mni numphonene duration can be enforce

duplication”. In addition, ve are nodeling a duration and word de

Peny,(d) =log(k +prob,(d)), where the pdf prob,(d) is app

training data and k£ is a small constant to avoid zero pi

added to the accurmul ated score AS of the search p

whenever it crosses the boundary of a word w in

rithm as indicated in figure 2(b). The ratio )

influence of the duration penalty, 1s ano

1s no straightforvard mat henatical

of the “weight” A, to the inser

gradient descent, which c

1.e. we are trying ton

2.3 ERARI]

(sual ly the M- TINNi s trained t¢
t1nuously spoken sentences.
tralning on the sentence

“C A B”, in whi

al 1 gnna



copi ed fromt he Phonene Layer 1nto the word nodels of the DIWLayer, where an
optimal alignnment path is found for each word. The activations al ong these paths
are then collected inthe vord output units. Al units in the DIWand Wrd Layer
are linear and have no biases. 15 (25 to 100) hidden units per frane were used
for speaker-dependent (-independent) experinents, the entire 26 letter netvork has
approxi natel y 5200 (8600 to 34500) paranmeters.

TRaining starts with “bootstrapping”, during which only the front-end TON
used w th fixed phonene boundaries as targets. In a second phase, trainir
formed wthvordlevel targets. Phonene boundaries are freely aligr

word boundaries inthe DIW ayer. The error derivatives are b

the word units through the alignnent path and the front-e:

The choice of sensible objective functions is of gre

(¥1,.. ., yn) the output and T = (1, ..., t,) tl

the phonene level (bootstrapping), ther

tine, representing the correct phe

see why the standard Mean

for “l-out-of-n" codir

for atarget (1

th
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Figure 1: The M- TDNNrecogni zi ng the excerpted word ‘B’. (hly the activations
for the words ‘SIL’, ‘4’, ‘B’, and ‘C’ are shown.

bl

cl assified by another network. In this paper, we present the Mp-TINN as a
connectionist speech recognition systemfor connected letter recognition. After de-
scribing the baseline architecture, training techni ques ained at i nproving sentence
level performance and architectures wth gender-specific subnets are 1ntroc

Baseline Architecture. Tine Tklay Neural Networks (TDNN) can conb
robustness and discrimnative pover of Neural Nets with a tine-shift
chitecture to formhigh accuracy phonene classifiers [ VAH"89)]

TONN (M- TONN) [ HEW1, Faf 92, HW2], anextension of the T

of classifying words (represented as sequences of phonenes) by

ear tine alignnent procedure (DIW into the TDNNar chi

an Mb-TD\Nin the process of recognizing the excerpt

16 nel scal e FFT coefficients at a 10-nsec frane r:

tute a standard TINN, whi ch uses sliding v

to conpute a score for each phonene (st

tions in the “Phonene Layer”. Ir

1s nodel ed by a sequence of phc
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Multi-State Ti me Del ay Neural Network
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Abs tr ac t

The Milti-State Tine Drlay Neural Network (M-TDNN) inte-
grates anonlinear tine alignnent procedure (DIW and the hi gh-
accuracy phonene spotting capabilities of a TDNNinto a connec-
tionist speech recognitionsystemw th vord-1level classification
error backpropagation. W present an M-TINNfor recogni:
continuously spelled letters, a task characterized by :
hi ghl y confusabl e vocabul ary. Qur M- TITNNachi eve
vord accuracy on speaker dependent /i ndependent
formng previousl yreportedresul ts onthe sar
pose training techni ques ained at inprov
mance, including free alignnent ac
ration nodel ing and error back
than the wordlevel . Archi
1zed on a subset of

1 I NTRODUC1

The recognition of s
proper



