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Online Transfer Learning from Multiple Sources Based on Local Classification Accuracy
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2(School of Computer Science and Information Safety, Guilin University of Electronic Technology, Guilin 541004, China)

Abstract: In recent years, transfer learning has gained more and more attention. However, most of the existing online transfer learning
methods transfer knowledge from a single source, and it is hard to make effective transfer learning when the similarity between source
domain and target domain is low. To solve this problem, this paper proposes a multi-source online transfer learning method, LC-MSOTL,
based on local classification accuracy. LC-MSOTL stores multiple classifiers each trained on a different source, computes the distance
between the new arrived sample and its k-nearest neighbor samples in the target domain as well as the local classification accuracies of
each source domain classifier on the k-nearest neighbor samples, selects the classifier with the highest local classification accuracy from
source domain classifiers and combines it with the target domain classifier, so as to realize the knowledge transfer from multi-source
domains to a target domain. Experiments on artificial datasets and real datasets illustrates that LC-MSOTL can effectively transfer
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knowledge selectively from multi-source domains, and can get higher classification accuracy compared with the single source online

transfer learning algorithm OTL.

Key words: online learning; transfer learning; multi sources online transfer; local classification accuracy
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Table 1 Distributions of the data sets of ABCD, NOPQ, and GaoSi when the similarity is set as 0.25

1 0.25 ,ABCD,NOPQ,GaoSi
ABCD NOPQ Gaosi ! 2
A N 1 + -
B o 2 - - +
C P 3 - - +
D Q 4 - + -

Table 2 Distributions of the data sets of ABCD, NOPQ, and GaoSi when the similarity is set as 0.5

2 0.5 ,ABCD,NOPQ,GaoSi
ABCD NOPQ Gaosi ! 2
A N 1 + 3 -
B o) 2 + g +
c P 3 + +
D Q 4 - + -

Table 3 Distributions of the data sets of ABCD, NOPQ, and GaoSi when the similarity is set as 0.75

3 0.75 ,ABCD,NOPQ,GaoSi
ABCD NOPQ Gaosi ! 2
A N L + - -
B o 2 + + +
C P 3 + + +
D Q 4 - + -

Table 4 Distributions of the data set of Waveform when the similarity is set as 0.33
,Waveform

0.33

2

[

+

Table 5 Distributions of the data set of Waveform when the similarity is set as 0.66
,Waveform

5

0.66

1

2

0
1
2

+
+

+

+

Table 6 Classification accuracy of each method for each data set under different similarity

6
PA OTL-S1 OTL-S2 LC-MSOTL
ABCDO0.25 0.760 48 0.759 95 0.759 87 0.760 95
ABCDO0.50 0.763 41 0.762 54 0.765 20 0.838 59
ABCDO0.75 0.760 68 0.768 55 0.776 14 0.885 28
NOPQO0.25 0.699 77 0.699 10 0.698 90 0.697 75
NOPQO0.50 0.699 92 0.698 79 0.702 61 0.844 24
NOPQO.75 0.699 46 0.71511 0.721 56 0.865 47
GaoSi0.25 0.920 61 0.920 47 0.920 45 0.920 55
GaoSi0.50 0.920 95 0.921 08 0.921 24 0.93531
GaoSi0.75 0.921 08 0.924 45 0.924 77 0.955 38
Waveform0.33 0.808 37 0.808 18 0.808 34 0.808 49
Waveformo0.66 0.808 22 0.809 49 0.809 57 0.822 73
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6 4~ 7 , , 025 0.33 , PA,OTL
05 PA,OTL
, ) ,OTL
0.75 0.66 ,OTL
PA. ,
, 6 4~ 7 , , PA
OTL,LC-MSOTL ,
PA OTL ,LC-MSOTL ,
. 4~ 7 , 0.5,0.75 0.66 , ,
LC-MSOTL . . ,
, , ,  LC-MSOTL
3.2.2 LC-MSOTL
LC-MSOTL g , LC-MSOTL
1 , ABCD,NOPQ,GaoSi 4 1 .
0.25, . . ABCD
, 100 1 , 100
2 , . 4 , 1496 .NOPQ
ABCD ’ 4 1 1 522
GaoSi , 250 1 , 250
2 , , 4 , 4 000
7 B 7 ,
0.25, ,

Table 7 Distribution of the data sets of ABCD, NOPQ, and GaoSi with four source domains
when the similarity is set as 0.25

7 0.25 ,ABCD,NOPQ,GaoSi 4
ABCD NOPQ Gaosi ! 2 3 :
A N 1 - + ta + -
B o 2 - - + - +
C P 3 - - L + +
D Q 4 + = + + —
7 : 10 , 10
8 8 . 100

Table 8 Classification accuracy of each method for the data sets of ABCD, NOPQ, and GaoSi
when the similarity is set as 0.25

8 0.25 ABCD,NOPQ,GaoSi
PA OTL-S1 OTL-S2 OTL-S3 OTL-S4 LC-MSOTL
ABCD 0.759 12 0.758 78 0.758 46 0.758 24 0.758 45 0.899 41
NOPQ 0.697 14 0.696 16 0.696 26 0.696 34 0.697 20 0.894 67
GaoSi 0.924 66 0.924 46 0.924 51 0.924 48 0.924 48 0.946 93
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Fig.8 Classification accuracy change of each method for different data sets
8
8 8 , OTL PA
: : . ,LC-MSOTL
, 20%.
,LC-MSOTL )
2 , LC-MSOTL . ABCD,NOPQ,GaoSi ,
0.25 LC-MSOTL( LC-MSOTL-0.25*2) 0.5
OTL( OTL-0.5) : 3 0.25 LC-MSOTL(
LC-MSOTL-0.25*3) 0.75 OoTL( OTL-0.75)
Waveform , 0.33 LC-MSOTL( LC-MSOTL-0.33*2)
0.66 OTL( OTL-0.66) . 7
g R . 2 025 1 05

Table 9 Experimental data sets for LC-MSOTL-0.25*2 and OTL-0.5
9 LC-MSOTL-0.25*2 OTL-0.5

ABCD NOPQ Gaosi ! 2
A N 1 + + + —
B (6] 2 - + - +
C P 3 E - +
D Q 4 L + - —

Table 10 Experimental data sets for LC-MSOTL-0.25*3 and OTL-0.75
10 LC-MSOTL-0.25*3 OTL-0.75

ABCD NOPQ Gaosi 2 8
A N 1 + + + + _
B (o] 2 - + - + +
C P 3 - + + +
D Q 4 — + + — -
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Table 11 Experimental data sets for LC-MSOTL-0.33*2 and OTL-0.66
11 LC-MSOTL-0.33*2 OTL-0.66

1 2
0 + - -
1 - + + _
2 - - + +
9 , ABCD,NOPQ , 1 2 , 1800 ,
1 296 1322 ;GaoSi , 1 2
, 4800 3200 . 10 , ABCD,NOPQ , 1 2 3
, 1800 1 296 1322 ; GaoSi ,
1 2 3 , 4800 3200 . 11
. Waveform 1 2 , 3000 |,
2 000
9~ 11 , 10 : 10
12 13 9 10 . 100
, LC-MSOTL-0.25%2,0TL-0.5 PA , ,
12 13 , LC-MSOTL OTL
9 10 , ,LC-MSOTL OTL . ,

,LC-MSOTL

Table 12 Classification accuracy contrast for ABCD, NOPQ and GaoSi data sets under different similarity
12 ABCD,NOPQ  GaoSi

PA LC-MSOTL-0.25*3 OTL-0.75
ABCD 0.7451 0.750 7 0.753 6
NOPQ 0.686 0 0.739 2 0.7196
GaoSi 0.9177 0.9197 0.9231

Table 13 Classification accuracy contrast for Waveform data set under different similarity
13 Waveform

PA LC-MSOTL-0.33*2 OTL-0.66
Waveform 0.803 3 0.807 52 0.806 96

- .,r"‘ - - i

gt - | - apa }/’4—"———
e - - e _

5 s .

(a) ABCD (b) NOPQ (c) Gaosi

Fig.9 Classification accuracy change for different data sets with LC-MSOTL-0.25*3 and OTL-0.75
9 LC-MSOTL-0.25*3 OTL-0.75
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Fig.10 Classification accuracy change for Waveform data set with LC-MSOTL-0.33*2 and OTL-0.66
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Fig.11 Classification accuracy change of each method for different target domains
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Fig.13 Classification accuracy change for different data sets with different amplification factor

13

Table 14 Comparison of ABCD data sets

14 ABCD
0.75 0.5
K 4 K ¢
5 1 0.872 794 118 5 1 0.841 042 781
200 10 0.873 596 257 200 10 0.842 914 439
Table 15 Comparison of NOPQ data sets
15 NOPQ
0.75 0.5
K g K g
5 1 0.854 467 806 5 1 0.832 063 075
200 10 0.856 307 49 200 10 0.832 785 808

Table 16 Comparison of Waveform data sets
16 Waveform

0.66
K ¢
20 1 0.844 75
200 10 0.845 25
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