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Multi-source online transfer learning for imbalanced target domains

ZHOU Jingyu, WANG Shitong

(School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, China)

Abstract: Multi-source online transfer learning has been widely used in applications where the relevant source domain
contains a large amount of labeled data and the data in the target domain is achieved in the form of data flow. However,
the class distribution of the target domain is sometimes imbalanced. Aiming at the unbalanced binary classification prob-
lem wherein the target domain reaches multiple data online at a time, this paper proposes a multi-source online transfer
learning algorithm by means of oversampling the target domain samples. First, the algorithm finds the k-nearest neigh-
bors of the current batch of samples from the previous batch, then generates a small number of majority class samples,
finally generating a minority class to balance the class distribution of the current batch of samples. Each batch of syn-
thetic and real samples train the target domain function together, thereby improving the classification performance of the
target domain function. At the same time, methods for oversampling in the input space and feature space of the target
domain are designed respectively, and comprehensive experiments are conducted on multiple real-world data sets to

prove the effectiveness of the proposed algorithm.
Keywords: multi-source transfer learning; online learning; target domain; imbalanced data; oversampling; k-nearest

neighbor; input space; feature space
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Table 2 Results of different learning algorithms on the Office-Home dataset (meantstandard deviations) %
155
Xof P AR 7Y task3 task11 task22 task25
HERf 2 G-mean TERH 2 G-mean HERf 2 G-mean HER 2% G-mean
PA 78.52+0.66 72.13+0.84  73.79+0.44 69.97+0.46 60.07+0.20 50.45+0.11 67.77+0.87 63.58+1.27

PAIO 81.78+0.36 72.58+0.20
HomOTLMS 84.44+0.47 80.94+0.29
OTLMS_IO 86.74+0.62 84.83+0.98
OTLMS_FO 89.41+1.24 87.66+1.97

73.45+0.46 71.62+0.49
78.55+0.21 69.76+0.42
80.55+0.41 71.80+0.83
83.17+0.46 77.72+0.66

63.38+0.41 56.79+0.64  69.31+0.54 66.81+0.38

68.65+0.62 59.77+0.92  78.69+0.49 74.07+0.54
73.31+0.87 66.23+1.02 80.31+0.71 76.06+0.76

76.15+0.68 68.79+0.88  83.15+1.00 79.35+0.95

®3 FEOffice-31 HEE LNRARRFEIEENER (B + REE)

Table 3 Results of different learning algorithms to the Office-31 dataset (meantstandard deviations) %
1%
Xof HE AR Y task3 task10 task14 task15
iR G-mean HiRiiks G-mean iR G-mean HERf % G-mean
PA 70.00+2.13 68.37+2.49  67.56+1.12 58.12+0.59  65.64+1.26 58.89+0.70  66.58+2.89 62.19+3.24

PAIO 75.22+1.07 73.54+0.77
HomOTLMS 80.87+2.13 74.29+2.56
OTLMS_IO 81.96+1.00 78.22+0.67
OTLMS_FO 88.04+1.75 84.38+2.34

88.05+0.73 83.72+0.46
90.24+0.00 81.65+0.00
92.68+0.00 86.60+0.00
97.80+1.71 96.13+3.04

75.64+1.28 67.66+0.72 71.05+0.00 65.13+0.00

82.05+0.00 60.30+0.00  71.58+2.58 65.07+3.26
82.82+1.18 62.44+3.26  78.68+2.19 75.78+3.62

89.74+1.62 79.69+3.61 85.53+2.94 86.88+3.32

1E Office-Home #11 Office-31 £ #E ££ | 49 7l 52
57 30 F 16 HAT 55, BT 52 A (A FN AT I Y Jey
PR, 7EFE 1 AT 2 W43 5l 45 ) T Office-Home Fll
Office-31 B4l % 1y PA. OTLMS, OTLMS_FO fi}
HERfR 2R, I 200 T A RIE A R . ERZ T
% I, i I Z T OTLMS_IO Al OTLMS_FO

M PEREHSZEAL T PA. JF HAERREZS M%) H bR
it RFER) OTLMS_FO Bk Mg 2 4y, UEHH 1A
SCHRE A B T 0 A Y H AR

K 3 454 T PA, HomOTLMS Fll OTLMS_FO
£ G-mean $55 FASLE LR . nTLIER B NZA
TR LT R iR B9 OTLMS_FO 1 HomOTLMS %
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Fig. 1 Accuracy of 30 sets of tasks in the Office-Home dataset

100 ¢

HER /%

& 2

8

[ PA
I HomOTLMS
1 OTLMS_FO

9 10 11 12 13 14

15

16

1E5%
7£ Office-31 FIBE R 16 AT SHAERE

Fig.2 Accuracy of 16 sets of tasks in the Office-31 dataset
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R 4 7E 20newsgroups HIFE LN AARFEIEEZNER (B + FREE)
Table 4 Results of different learning algorithms to the 20newsgroups dataset (mean+standard deviations) %
(5
X AR AR 0s_vs_crypt ibm_vs_electronics mac_vs_med X_Vs_space
MRS G-mean HiRTIES G-mean NiRTES G-mean RIS G-mean
PA 82.77+0.19 79.28+0.23 68.21+0.46 60.54+0.62  74.31+0.27 68.53+0.34  80.39+0.27 76.30+0.34

PAIO 86.72+0.19 83.98+0.23
HomOTLMS 88.20+0.17 84.20+0.27
OTLMS_IO 89.49+0.59 84.84+1.62
OTLMS_FO 90.29+0.59 87.47+0.93

72.79+0.34 66.41+0.44
76.40+0.16 50.90+0.46
77.77+£0.40 54.14+0.95
78.44+0.24 56.91+0.59

78.92+0.36 74.26+0.42 85.07+0.23 81.95+0.28

79.03+0.12 68.35+0.13 86.67+0.22 79.91+0.31
82.08+1.17 73.06+2.56  88.12+1.15 82.45+1.73

85.01+0.60 78.92+0.88  89.79+0.45 84.89+0.69
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