Loss Functions for Binary Class Probability Estimation

Thomas Strohmann and Greg Grudic
Test data: y1,y2,...,yn € {0,1}

Estimated Probabilities: p1,p2, ..., pn € [0,1]

There are the following metrics for evaluating the estimated probabilities:

e Brier Score / Squared Loss: [1] [2]

Lossps =n' Y0 (yi —pi)> =nt (i w1 —pi)? + (1 —y)p?)

o Log loss: [1]

Lossrog =n"" (372, —yilog(pi) — (1 — y;)log(1 — py))
e Exponential loss / Boosting loss: [1]
Losspyy =n"" (Z?:1 e 1;;01 + (1 —y) 151@,)

e Calibration loss: [2] Suppose we estimate k different probabilities p; for
j=1,...,k. Let n; be the number of predictions with value p; and r; the
fraction of corresponding y’s that are 1. (formally r; = nj_l Zi:pi:p]_ Yi)
Lossc =n~t Y0y nj(r; — p;)?

o Refinement loss: [2]

Lossp =n~" 2521 njri(l—r;)

e Separation Theorem: [2] Lossgs = Lossc + Lossr

e Lift charts: [3] Sort probabilities in decreasing order: py, > ps, > ... > ps,
Apply that sorting to the y values.

ETL ko s, n
Define lift function i(k/n) = % k=1,,n; g=n"t>" v
(Notes: lift function is step function with step size 1/n and I(1) = 1)
Maximize area under lift function. Or equivalently: Lossp;r = — fol l(a)da
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