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Definition 1 (7Transfer Learning) Given a source domain Dg
and learning task 7g, a target domain D and learning task
Ir, transfer learning aims to help improve the learning of the
target predictive function f7(-) in Dr using the knowledge in
Dg and 75, where Dg # D, or Tg # Ir.

D={&,P(X)} T =1{Y,PY|X)}
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a latent factor matrix feature W

Latent feature factor based algorithms aim
to learn domain-invariant feature factors
across domains.

L=XW



f(S,,7,,W)—>1[
The Difference between a Source and a Target Domain

The Discriminative Ability of a Target Domain



maximum mean discrepancy (MMD)
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Variances

dg (szeaxzwe) — Exgxs"x xt’h(xpaxp !'XF‘jX )

h(xg, xS xt,x)) = K(xXXWe, xS W) +K(xtWe, x/ W) —
K(xWe, xt/W,.) — K(xW.,x.W.)

oo (XEW,., X! W.) =E, . xs;xexg[(h(xz,xz’,xz,x“)

— Es xs!xtxt!h(x x? x x! ))2]



Te = tr(W.SYW,) /tr(W!SEW,)
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Thus learning the reflection function f Is
equivalent to optimizing kernel function K.
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Huber regression loss
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Theorem 2. Let ' = d— (N,) D T4 (r > 1is required).
Then for any sample S of size N. drawn according to an
algebraic 3-mixing stationary distribution, and 6 > 0 such
that &' > 0, the following generalization bound holds with
probability at least 1 — 0:

1

RL()) - R, (L(8)| < O () 7~ \/mg(;)),
where R(L(S)) and Ry_(L(S)) denote the expected risk

and the empirical risk of L2T over meta-samples, respec-
tively. A larger mixing parameter r, indicating more inde-
pendence, would lead to a tighter bound.
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