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Common-Decision-Vector Based Multiple Source Transfer Learning
Classification and lts Fast Learning Method
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2. School of Science , Jiangnan University , Wuxi , Jiangsu 214122, China)

Abstract: Multiple source transfer learning (MSTL) has been obtaining more and more applications especially from several
related source domains to help the learning task on target domain. However, multiple source transfer learning algorithms often deal
with the corresponding quadratic programming problems which may suffer a big computational burden caused by the kernel matrix
computation. In this paper,a novel common-decision-vector based multiple source transfer classification learning (CDV-MSTL) is
proposed which doesn’ t depend on the intrinsic structure of data. This algorithm is based on the structural risk minimization principle
and the SVM like framework, so it has good adaptability and better accuracy . Based on the theory of CVM, CDV-MSTL is extended
to its CVM based version which can realize fast training for large scale data. Extensive experiments on synthetic and real-world
datasets demonstrate the significant improvement in classification performance obtained by the proposed algorithm over existing
MSTL algorithm.
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4.2.1 FIEHESTALIE
1% Z R AR )l i AR AL T 8 X

P B A5 SCEF% Animal, Building, Bird 1 Traffic %5 PY-4~42
FAERFE bR, AT RS T AT 0 A+
S R FSRESCE Fr H BRI D 1.

R1 BWEREEHNSEBE (%)

Method
Domain
LSSVM TrAdaBoost TL-SSVM CoCC CCR MultiSource-TrAdaBoost CDV-MSTL
DS, 81.25 85.14 86.48 87.59 91.25 90.18 92.58
DS, 80.44 81.47 85.42 86.72 89.25 88.74 91.25
DS; 79.56 83.14 82.15 85.92 88.53 86.92 87.14
DS, 76.45 80.07 81.46 85.13 87.62 88.02 89.36
DSs 79.36 82.16 81.32 83.78 85.47 84.36 82.51
DSg 76.42 79.48 77.59 79.09 81.58 82.58 83.95
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TrAdaBoost | TL-SSVM | MT-SVM| CCR | CDV-MSTL,
Animal vs. Building|  85.36 83.62 84.52 190.25| 94.58
Animal vs. Traffic 81.57 82.54 86.59 |89.48| 90.26
Animal vs. Bird 78.59 80.25 84.57 |88.16| 87.59
Building vs. Bird 84.39 83.49 86.58 |83.29| 86.21
Building vs. Traffic | 86.82 85.78 84.29 |87.68| 89.50
Bird vs. Traffic 82.69 84.29 87.13 |89.18| 90.28
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