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Transfer Learning

We want to reuse a trained model or information from different
data sources to classify a new data set. We assume to have
labelled data from data source S and want to learn a classifier on a
unlabelled data source T. We use kernel methods in order leverage
different high-dimensional features for a classification task.
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Transfer Learning on Subspaces

We assume that the different data sources share similarities in low
dimensional subspaces. These subspaces are invariant across the
data sources and contain the information that are characteristic in
both sources. Using only this information a classifier trained on
source S might also perform well on source T.
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Distances in Hilbert Spaces

We want to project onto a subspace such that the maximum mean
discrepancy measure (Gretton et al. [GBR™08]) is minimized.

MMD(F, S, T) = suprer(— Z fx)— L Z F(x)) >
|51 £ [T} £

xeT
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Subspace Methods

Kernel PCA: K=n-C =Y. 6(x;) - ¢(x)" for {x; € TUS}.
An eigenvalue decomposition on C results in a set of eigenvalues
{\i} and eigenvectors {v;} such that \; - v; = C - v;.

The projection onto the first k eigenvalues:

Pu(6(x)) =

(5 @i < 606), 6(x) >, -, Yy 0 < 9(x), 6(x) )

with Qjj = (% . V,')j.
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Other Subspace Methods

Subspace Alignment as proposed by Feranando et al. [FHST13]
cannot be used since in kernel methods the projections must be in
the sample (kernel defined sub) space. Hence, our projections must
be expansions of the data samples. The cross kernel must be used
to project all examples from both sources into the same Hilbert
space. The approach by Zhang et al. [ZZW™13] via surrogate
kernels might be applicable and will be investigated in the future.
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Efficiency

@ Kernel methods scale quadratic or even cubic in the number
of examples.

@ We want to select only those examples that are close to the
invariant subspace.

@ This reduces the size of the kernel.
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Greedy Selection

Distance based (Shawe Taylor et al. [STCO04]):

Xt4+1 = argminXES—{Xl,'“,Xt}HPUT((b(X))”2
Herding based (Chen et al. [CWS12]):
Xt+1 = argMaXycs_{x;, - ,x:} < Wt?d)(x) >

Wey1 = We + Epr[p(x)] — d(xe41)

Iteratively add examples and project all data onto the spanned
subspace. If MMD between the different sources does increase
rapidly, stop. This will be further investigated in the future.
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Experiments

l

Method [ E-D | E=»B | E»K | D—E [ D—»B [ D—K |

KPCA 759 | 739 | 813 74 777 75
KMM 687 | 707 | 818 | 707 | 743 741
TCA 647 | 652 | 803 | 73.7 | 695 772
KPCAT || 742 | 721 | 806 | 732 | 76 | 744

|
KPCAu || 749 | 684 | 812 | 706 | 762 | 725 |
Method [[ B—E [ B—D B—K [ K—E [ K=D [ K=B |

kPCA 71.9 775 72.7 84.4 79.8 76
KMM 68 71.2 69.6 83.9 735 746
TCA 73 69 738 76.7 67.8 63.7
[ KPCAT [ 717 | 751 | 702 | 89 | 79 | 765 |
[ KPCAu || 675 | 761 | 706 | 821 | 78 | 773 |

Table: This table shows the accuracies on target domains using training
data from different source domains, Source — Target. Methods: Kernel
Mean Matching (KMM), kernel PCA, Distance Based (kPCA+) and
Kernel Herding Based (kPCAL).
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Experiments
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Figure: Results on the target data domain for the different categories. We
compare random samples with our greedy selection strategy for sampling.
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Issues tackled in the future

@ Choose Ut and Utysr w.r.t. distribution of the eigenvalues of
K, resp. Ktys:

@ Investigate which kernels to use

@ There are kernels for which E,, [¢(x)] cannot be efficiently
computed

e Comparison to other (non-greedy) approaches (for instance
Gong et al. [GGS13))

@ Investigation on stopping criteria
@ Further experiments including significance tests

@ Convergence bounds
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(Far) Future Work

@ Extension to multi kernel settings
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Questions?
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Questions?

Thanks for your attantion!
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