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e Require : (X1,y1), -, (Xn,yn) with X; € M,y; €

{1,---,J}

- Map the data points to the tangent space T7,, by x;
= (log;, (X3))

- Start with weights wi; = & and i = 1,--- , N, Fj(x;) = 0,
Prj[xi] = % V]

for(=1,2,---,L do
for j=1,2,---,J do

.
vi; —Prjlx]
-Compute the response values z;; = T

Pr;[x;](1-Pr;[x;])
where y;; = 0(j == y:) and weights w;; = Pr;[x;](1—
Pr;[xi])

-Fit the function g;;(x;) : R™ — R by weighted least-
square regression of z;; to x; using weights w;;.
-Set Fj(xi) < Fj(xi) + fi;(xi) where fi;(x;) =
I7H (g1 (i) = 5 27 g (1))
-Update Prj[x;] = %
-Save Fj = {gi;}
end for
end for
-Save the ensemble of classifiers {Fi,---, F}.

0 4 Multi-class LogitBoost on Riemannian Manifolds
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Fp(X;) = arg max {F};(X;)},

G=1,...,J)

(15)
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