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Discriminative subspace learning with target class label estimation in
unsupervised domain adaptation with optimal transport
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Algorithm 1 MLOT with target domain

Require: stepsize 1, max iteration # K,X*, X!, y*,
regularization parameters A, Ac, A1, A, .
V, = PCA(X;), Vi = PCA(X4)
Initialize Ly = VIV, Ly = VIV,
for k=0... K do

g =ty /b

arg min (T, C(Ls, Ly))
TeU(L, V)

+AeQe(T) 4+ A (T) + X, Q, (L, 7°)
6 L. =L, —nVy, ((T,C(Ls,Ly)) + A, (L))
7. Li=Li— vy, ((T, C(Le, L)) + A, (Le)
8
9

: end for
: Xs = TLtXt
10: classifier is produced
11: yt.,, is produced by classifier
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0, otherwise.
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