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Table 1: Statistically-motivated loss functions. Parameters in blue are assumed to be
constant. Numerical adjustments are indicated in red.

Distribution Link function Loss function Constraints
N(p, o) m=p (x—m)? x,m R
Gamma(k, o) m = ko x/(m+e€) + log(m+e) x>0,m>0
Rayleigh(@) m = \/W_/ZB 2log(m+e) + (m/4)(z/(m+e))? | a>0,m>0
Poisson(A) m=A m — xlog(m+e) rEN,m>0
m = log A e —zm zeN, meR
Bernoulli(p) m=p/(1l-—p) log(m+1)—=zlog(m-+e) ze{0,1}, m=>0
m=log(p/(1—p)) | log(l+e™)—zm z€{0,1}, meR
NegBinom(r,p) | m=p/(1-p) (r+xz) log(l+m) — zlog(m-+e) tEN,mMm>0
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