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The perils of

Poor cross-domain generalization
Different underlying distributions
Overfit to datasets’ idiosyncrasies

Images from [Saenko et al.’10].
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adaptation
Setup

Source domain (with labeled data)
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Objective Different distributions

Learn classifier to work well on the target
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Snags

Forced adaptation

Attempting to adapt all source data points,
including “hard” ones

Implicit discrimination

Learning discrimination biased to source,
rather than optimized w.r.t. target



Our key insights

Forced adaptation

-> Select the best instances for adaptation

Implicit discriminations

-> Approximate discriminative loss on target
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l andmarks

Landmarks are labeled source
instances distributed similarly to
the target domain.

Roles
Ease adaptation difficulty

Provide discrimination (biased
to target)
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Identifying landmarks

Objective

P (landmarks) ~ Pr(target)
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Identifying landmarks

Objective

P (landmarks) ~ Pr(target)

min d(Pr, PT)‘?-

landmarks




Maximum mean
discrepancy (MMD)

Empirical estimate [Gretton et al.’06]

L
d(Pe, Pr) = 730 — 3 6(en)

H a universal RKHS
#(-) kernel function induced by H

T the /-th landmark (from the source domain)



Method for identifying
landmarks

Integer programming

1 1 i

where

N 1 if z,, is a landmark for the target
™1 0 else

m=1,2---,M
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How to choose the
kernel functions?

2
. T 18 T 18t
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Gaussian kernels

Plus: universal (characteristic)
Minus: how to choose the bandwidth?

Our solution: bandwidth---granularity

Examining distributions at multiple granularities
Multiple bandwidths, multiple sets of landmarks



Other details

Class balance constraint

)

Recovering o, from g (=

Zaz

(See paper for details)
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What do landmarks
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Constructing easier
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Intuition: distributions are closer (cf.Theorem 1)
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Auxiliary tasks —

new basis of features
by a geodesic flow kernel (GFK) based method

K, (25, 7;) = /0 (B, (8)'2:) (B () ;) dt = G,

Zos~.  -Integrate out domain changes

/m -Obtain domain-invariant
®(0)

representation
D(r),0=<t=1 [Gong, et al‘ ’ I 2]
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Combining features
discriminatively

Multiple kernel learning on the labeled landmarks

F = ZwaGa, s.t. wy, >0, Zwa =1

Arriving at domain-invariant feature space

Discriminative loss biased to the target
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Experimental study

Four vision datasets/domains on
visual object recognition

[Griffin et al.’07, Saenko et al. |0’]

Four types of product reviews on
sentiment analysis

Books, DVD, electronics, kitchen
appliances [Biltzer et al.’07]
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Sentiment analysis
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Accuracy (%)

Auxiliary tasks easier
to solve

Empirical results on visual object recognition
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Empirical results on visual object recognition

AMAZON-——>WEBCAM AMAZON-->CALTECH

48 46
45+t
44
44 B _—
2 43+
>
42 @ 42
5
g 41+
a0t : =
LANDMARK 40} LANDMARK
agl =—©— Auxiliary Tasks | | ~—©— Auxiliary Tasks
........ = = = GFK+SVM . 3 - - === = GFK+SVM E
36

-1 0 1 2 3 4 5 6
: _na
Bandwidth oq =2 G,

6 -5 -4 -8 -2 -1
Bandwidth ¢ = 2%
q 0

Original tasks



Auxiliary tasks easier
to solve

Empirical results on visual object recognition

Auxiliary tasks
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Landmarks good proxy
to target discrimination
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Summary

landmarks

an intrinsic structure, shared between domains

labeled source instances
distributed similarly to the target

auxiliary tasks provably easier to solve

discriminative loss despite unlabeled target

Outperformed the state-of-the-art
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Dropping class balance
constraint E«vix) =rsix) ?
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