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o g ke A ks Ya = 1 if the i-th sample belongs to the I-th class,
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—1 if it is labeled as others
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sSquare loss.
L(f(z).y) = (y = f(=))?
= (1 —yf(=))?

sHinge loss.
L(f(z),y) = max(0, 1 — yf(z)).

\ eLogistic loss.
L(f(z),y) =In(1 + e—¥(=)
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Input: Data samples {{z;,¥:)};, in source domain Ds;
Data samples {[Ig)}?;::til in target domain Dr;
Linear or nonlinear feature map &.
Parameters: r and trade-off coefficients (a, 7).
Output: Optimal concept subspace projection ©, the corresponding adaptive classifiers {UE}F;l in the
embedded space and the general classifiers {uy}]"

- {.1:, (linear) ® K- {XDXT, (linear) (20)

K(-, x), (kernel) KDK, (kernel)

repeat
1 forl=1tom do = .
with fixed (6, {v;}), solve the optimization problem {w] } =arg mi‘n b L{w;rig.. H-z)—l—a”w;—e-rvi ||

end wWo—1

2 Do the eigen-decomposition ﬂ—aw*w*T=HﬁHT{mth the diagonals of A in ascending order),
and let the rows of ©* be the first r rows of H.

3 Compute vy=0uwy, I =1,---,m.

until convergence
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