










Appendix: Bregman Divergence

Definition 5.1. (Bregman Divergence [27]) Let
J(f) be a strictly convex, differentiable real-valued
function of f . The Bregman divergence dJ(f1, f2)
induced by J is

dJ(f1, f2) = J(f1) − J(f2) − 〈f1 − f2,∇J(f2)〉 .

The Bregman divergence has following properties.

• Property I: dJ(f1, f2) ≥ 0 for all f1, f2;

• Property II: If f∗ is the minimizer of J(f), then
dJ(f ′, f∗) = J(f ′) − J(f∗) for all f ′;

• Property III: If Ja, Jb are two strictly con-
vex, differentiable real-valued functions, then
so is Ja+Jb, and its Bregman divergence is
dJa+Jb

(f1, f2) = dJa
(f1, f2) + dJb

(f1, f2).
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