MCE (RETEE = e fit)

The minimum classification error (MCE) criterion can aso be used to optimize the temporal filter
coefficients.

In the general formulation of MCE analysis, a classification error function d, ((Jis defined for a

certain class j, an observation feature X that belongs to this class j, and a mode
setA={A,i=12,......, J}, whereA isthe model representing classi

d; (X,A) =-9(X,4) +h(g(X, 4)),
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1=12,...,J,i#)),XOclasy

where J is the total number of classes or speech models ; g(X,4,)is usudly related to the

class-conditioned likelihood P(X[4;) ; h(J is a function defining how the class-conditioned

likelihoodsg(X, A ) for the competing modelsA,,i =12,...,J,i # |, are counted in the classification

error function. This classification error function is often smoothed by a sigmoid function
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= L ep(-a@-p)
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wherea (here we set a =1) and 5 ( 8=0) define the slope and center of the sigmoid. As a result, in

MCE, atota loss function defined as the smoothed classification error averaged over al the training
datain all different classesis minimized

Re =3, 3 1(d,(X,A) =min @

where N; is the number of patterns which belongsto classj.

In the temporal filtering problem discussed here, for the kth time trajectory we seek to derive a temporal

filter impulse response W, . that generates an optima representation of the windowed
segments X, (n) for the kth time trajectory, x,(n) :WKTMCEXk(n), which minimizes the above loss

function R ... asdefinedin (3)
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Which are those modelsin used in (4).



® [eature-Based MCE Filter
In this case, the classification error function in (1) is defined as
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Taking the “)derivative of (7) with respect tow, , we have
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(*)Proof will be shown in APPENDIX A
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Starting with an initial guess of, and with the help of (8)-(12), the gradient-descent algorithm can be
used to obtain a better estimate of the temporal filter Wi for the (t+1)th iteration, Wi(t+1) , based on its

estimate obtained from the tth iteration W(t)

_ 0
WD) =W ()= T 3
Wherer, is the learning rate at the tth iteration, and
W, (t+1)= Mlt+]) 14
W, (t+1)]

Equation (14) is used here to normalize the norm of the vector representing the temporal filter to unity in
order to be consistent with the eigenvectors used in LDA or PCA. The gradient-descent procedure

terminates when there is no substantial difference between W (t) and W (t+1).

(*)Proof will be shown in APPENDIX B



STEPIN FEATURE-BASED MCE

1
Stepl: Setinitiad w=|:
1
Step2: update W
_ R,
W (6 +2) =W (t) =77, — 0 by
k k t aWk =W (t)

al od; (W X (n).A,)
< ad, W,

where —kMcE Rk MCE ii

=1

ol
o ~@E-1@)
ZJ:{P(\/vaxlﬁ“(n)vak{a\?vInP(\Nkalﬁ“( ) |nP6/v X (n |Ajk)}}
O furx) e, )= .
“ Z P6NkT X (n)(n) | Am,k)
Since numerator=0 at m=j, index min numerator is ZJ: in the program.
Stepa:w, (1 +1)= Nt +Y)
o W, (t+1)]
Step4: Check
J N A
Runee = 2 2.1(d, (W7 x 2, )
j=1 n=1

:ZJ: 1= 1n NGAT X O ()W 2 W 0w, )

Rmce

v

m=1
mm

1

VVha?ﬂ(d)::Izig&K:zij
j

Step5: Repest step 2,3 until converge

t{time)

LN ):vvguw.wgzwwk)]}



® APPENDIXA
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® APPENDIX B
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