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LIKELIHOOD RATIO ESTIMATION : CLASSIFIERS CI TESTING
We threshold CMI estimates I(X;Y|Z) at O to decide if

INTRODUCTION
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Figure 1: (a) Optimal function in DV-Representation (b) Plugging in Likelihood-ratio from Classifiers ' o w B oz
d, = 100 : Precision = 0.84, Recall = 0.86
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I(X;Y|Z) = Drr(px,v,z||px,zpy|z) Figure 2: (a) Well-calibrated non-linear classifiers (b) From MI Estimation to CMI Estimation

So, how can we estimate KL-divergence ?

CMI ESTIMATION The estimates lie below true I*(X;Y) value. So,

e MINE [1] used lower bounds of MI and neural net- we can tune hyper-parameters to maximize I (X;Y).

work function approximation to estimate MI. But,
the estimator has high variance [2] and is challeng-
ing to tune.

e Linear and Non-Linear Models :
(a) Model I: X ~ N(0,1),Z ~U(—0.5,0.5)%,e ~ N (Z1,02),Y ~ X +e.
(b) Model II: X ~ N (0,1),Z ~N(0,1)*, U =w" Z, ||w|1 =1,e ~N(U,02),Y ~ X + ¢
(c) Non-linear: Z ~ N (1,14,), X = fi(m),Y = fa(AyZ + Azy X + 12), f1 and f2 being non-linear.
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