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phoneme tend nare to favoring debatevetibeentsf features, likee. g del ta-spectral-
al though one mght expect that theseefbent®ms del ta-del ta-spectral - coeflti ents, pover,
acoustics are rather static and less coltbih-gewpen-and del ta- del ta- pover. Certainly, one
dent. The expl anation for this observatiexpesttbefferent results for other pairs of fea-
fact that delta coefftients do nedel therdyaarhdelta-feature. Fxperinents with non
ics of asignal but not necessarily thegematakizedtri phones 1ncl udi ngcross-vord triphones
stable context-independent signal 1ikeidil gnoe alsowre information about the depern-
has very stable del ta coeffiients. dence of the streamvei ghts on the different types

L T of contexts.
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4. FUIIRE WORK

So far we have only performed experimants wth
o strearn. W believe that the proposed ap-
vill be even nore fruitful for systers wth
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a;(B) after iteration k¥ + n to be approxinatel y
a;(B)" — n - Md*LPy(«a, B)/d*a;(B)) (if no sig
moid is applied). W have found that the dif-
ferences fromiteration to iteration are in fact so
stal]l that this approximationis valid, v ch sug-
gested a second sol ution to the above nentioned
problem nanely to run sinply one or tw itera-
tions with alarge stepsize, or alternatively to use
a cross validation necham smto deci de vhat mmna
ber of iterations (i.e. vhat stepsize A) is best.
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we performed experiments on the Faglish
> Registration Bsk ((R [Wo92] and
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path, C', didnot getdehenlnghuss ter goslsilbltey ofNablve are mmerically
states, then thereampatineg dteerlest até 1 B tdiak harction, whose do-
the hi ghest probaim hitsyy,annd-wh meildi adpls s pace panl y for val ues on
ranaters to 1 ncredsmpdiel amebabi ihaly pace! adtlo this step def-
decrease the probabi bt yef dind3. (fhe hedidkapatomt hé* will be used
optimal path alteadsnhbs thathifhesbrprababel 1syrestricted to the
no training wll hypeupl ateabf .t h®obeal ate g pagebehi ch meets the
the contributimmﬂti;bne(amﬂttainh}z score for the
correct state (' at time ¢, and 1
—log P( xt|(§{) D1 bl J3”<—ﬁog__ﬁl ﬁ:llf (E()O‘ ancl9 LP(«, B)
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of the training proce ufe is to nadif)o+(1B) and
C) suchyhat LPae Condrsteanse ol SE40 sBle of the

1ncrease§nﬁ}ﬁ>%é4ﬁtw§t%q§%%m% (hedest VBhan ¢ |, re-
tive sulting in a sonevhat greater denomnator. Blt
LPy(g;n¥) a@%rp%ge&tat&%éi Meornslateor g the
wll %h%ﬂllgflt descent, A wll subsume this difference.
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which uses n 1nformation ABSTRCT

i, and fo? ag>lvenl\@@4[speech recogni tion systers [Tee88], [Shi8h],
reami will C%@] , wse mltiple informtionstream to com
(] S)’p%%reﬂﬁﬂoutput probabilities (e.g. — system
. The %eaéloﬁré%ﬁcontinuous or discrete HMMs use
! %n@%%ﬂe%ﬁ%kd?%eﬁstral coeffii ents, and another
e Yedlgbg%fc%%%iprcoefﬁi ents). The final score
dée‘%f ?8%%%? the contributions of every
Ry Qi Fhuhts can be found enpirically
N e Wt of veights 1s used for ev-
e There is reason to bel i eve that
atures which are nore inportant for
odel s than for others. Especially,
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