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Errors That Make Sense?
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» Two decoded sentences have identical (conventional) error rate;

« If error cost is defined as mis-information, E1=27.25%, E2=25.24%;
i.e., 2 sentence has less mis-information and is better
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Do Not Take Max A Posteriori For Granted How to Learn from Data with Non-U Error Cost?
Bayes Decision Theory . e Conventional MAP is no longer valid; the usual
RCIX)=Ye,P(C,IX) o :{(1) A )= 2, 6P 10 distribution estimation approach has lots of
= 1= =1-P(C,1X) pitfalls (even when error cost is uniform);

£=E{R(C(X)IX}=!R(C(X)IX)p(X)dX

MAP: C(X)= argminR(C,. | X)= argmin{l -P(C 1X)}= arg max P(C,1X)
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e Learning now involves not only the correct label
but also what kind of error the given recognizer
is going to make for each and every token;

e The minimum classification error (MCE)
framework is the right candidate for this
extension or generalization.
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Learning w/ Non-Equal Error Significance

Terminology

Empirical error cost:
1
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Smooth embedding for parameter optimization
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G(X;A)= Zg:’(X;A)}
Other forms of approximation are possible. <l

Then, optimize parameters to achieve
minZ(A) = min{i} Z z Zeijl[jx = j] T[z = arg max gk(X;A)}}
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Ground Truth — cost-free decision
Bayes (Minimum) Cost — expected cost when i, = j,

£, = E{ZerjP(le)}
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Empirical Bayes Cost—also iy = jy
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Smoothed Empirical Cost
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Rise of Non-uniform Error Cost Confusion Matrix (Baseline — ML)
e User specified cost matrix; 1 3/4|5|6|7|8|9]|0|oh|DEL
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e Use confusion matrix as diagnostic tool and -
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Connected Digit ASR Results Confusion Matrix (MCE)
Cost matrix: [0 1 1 10 1] 1 3456|789/ 0]oh]|DEL
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Confusion Matrix (MCE — Non-U Cost)
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e Recognition errors have varying significance;

e A new design dimension that allows
incorporation of non-uniform error significance
is now available.
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