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Motivation

Semi-Supervised Domain Adaptation:
‘Use labeled source and target data:
adapting traditional models (e.g., SVM,
logistic regression) to the target domain;
‘Use unlabeled target data: coping with
the inconsistency of two data distributions.

Challenges:

*lgnore unlabeled target data in the
process of learning adaptive classifiers,
while the unlabeled data is desirable for
robustness and noise resiliency.

Semi-Supervised Kernel Prediction:
Based on Fredholm integral, use labeled
and unlabeled data samples for noise
suppression.
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Challenges:
Effective only when labeled and unlabeled
data has the same distribution.
* Rely on the single and the
choice heavily influences the performance.
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Contributions

domain
Fredholm

method:
Kernel

A novel
Transfer
Learning.
*A predictive model for noise resiliency,
facilitating knowledge transfer and
analyzing diverse data characteristics.
‘A simple but efficient procedure,
guaranteeing rapid convergence.
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Adapting Reducing
Kernel Distribution
Prediction Mismatch

Adapting Kernel Prediction:

Construct two Fredholm integrals on
the two domains respectively:

((f, K, Ds, D;) = arg gcréi,g{ﬁ\\fﬂi
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Reducing Mismatch of Distributions:

Consider the learnt kernel K as a
convex combination of given (base)
kernels:

M
K(Xi,Xj) — Zmzl dem(Xiaxj)

‘Maximum Mean Discrepancy (MMD):
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*Reducing mismatch is translated to the
choice of optimal weights d_:
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Implementation:
*Cost function:

M
with dm >0, ) dm =1,
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Experiments

Synthetic Example
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Table 1: Classification accuracy and standard error.

SVM-st Fred-st DTMKL-f

TFEFMKL

87.8610.02

90.95+0.01 | 91.07=x0.01

96.02 +0.11

Object Recognition

Table 2: Classification accuracy and standard error on the 12 cross-domain object categorization data sets. The best recognition
rates are in red and bold font. The second best recognition rates are in blue and italics font.

Data Set

Standard Learning

Transfer Learning

SVMst SVM- Fred-st Fredt | DIMKLT | MMDT KMM GFK TFMKL
A=D 556107 | 559108 | 464108 | 382100 | 464%07 | 56713 | 490107 | 507408 | 621109
A=W 363107 | 624109 | 503309 | 692:L] | 486%08 | 646112 | 474509 | 386:10 | 698109
A=C 398503 | 320408 | 390304 | 353:09 | 405504 | 364108 | 408103 | 360305 | 436206
DA M6E04 | 457709 | 515205 | 317308 | #6204 | 469110 | 426504 | 457506 | 529307
D=W TI4E06 | 621708 | 824703 | 634108 | 761505 | 741T08 | 783406 | 765505 | 718306
DC 359504 | 317306 | 377504 | 352708 | 375505 | 341%08 | 369704 | 329305 | 379204
WA BAX03 | #6207 | 495505 | 323507 | 433204 | 417K09 | 444H03 | 44I1X04 | 544204
WD 605108 | S5.1%08 | 732506 | 582%08 | 699%11 | 670FL1 | 704¥08 | 705%07 | 617409
W=C 364504 | 304107 | 375503 | 3M6%09 | 378-04 | 322708 | 376504 | 31106 | 361508
(=A 169106 | 453109 | 321306 | 499:10 | 495509 | 494X08 | 480406 | 44708 | 3542409
=D 520510 | 558409 | 557309 | 572%11 | 531209 | 5635£09 | 53010 | S577:L1 | 59.2+11
=W 536209 | 60310 | 606512 | 620%L1 | 53411 | 638EL] | 546509 | 637308 | 68.2309

[ Mean | 490206 | 485£08 | 929206 [ 523408 | 502%0J | 525EL0 | 503£06 | SL0£0.7 | 570408 |
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