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Abstract In view of the problems that the online learning model cannot respond in time to the change of data
distribution and it is difficult to extract the latest information of data distribution after concept drift occurs in
streaming data, which leads to slow convergence of the learning model, an adaptive classification method for concept
drift based on online ensemble (AC_OE) is presented. On the one hand, the online ensemble strategy is used to
construct a local online learner, which can dynamically adjust the weight of base learner by local prediction of training
samples in data blocks. It is helpful to not only extract the evolution information of streaming data in depth to make a
more accurate response to the change of data distribution, but also improve the adaptability of the online learning
model to the new data distribution after the occurrence of concept drift, and the real-time generalization performance
of the learning model is improved too. On the other hand, the incremental learning strategy is used to construct a
global incremental learner, and incremental training updates are carried out with the entry of new samples. The
method extracts global distribution information of streaming data, and the model can maintain good robustness in the
steady state of streaming data. Experimental results show that the proposed method can respond to concept drift and
accelerate the convergence of online learning model, and improve the overall generalization performance of the
learner effectively.
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Fig. 1 The overall framework of AC_OE method
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Fig. 2 Local prediction process for online ensemble
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Table 2 Results of Average Real-time Accuracy Under Different Parameters
®2 TRESHTEHIAEE
=1 C=10 C=100
ol
p=08  B=085 =09  3=0.95 B=08  pB=085  pB=09 =095 B=08  B=085  B=09  B=0.95
Hyperplane 0.867 1 0.865 4 0.866 2 0.868 7 0.886 9 0.889 7 0.894 5 0.896 6 0.8703 0.876 1 0.884 2 0.8893
LED_abrupt 0.3929 0.3942 0.3953 03991 0.4771 0.4796 0.486 6 0.5054 0.468 1 0.4700 0.4772 0.4999
LED_gradual 0.401 1 0.403 1 0.402 8 0.408 9 0.487 6 0.490 8 0.499 1 0.5178 0.4782 0.4817 0.490 1 0.5104
RBFblips 0.698 7 0.696 9 0.704 8 0.684 4 0.8732 0.8759 0.8782 0.8802 0.924 1 0.9271 0.9275 0.9316
Sea 0.7918 0.794 6 0.7990 0.802 7 0.7417 0.748 7 0.757 4 0.776 4 0.7384 0.7369 0.747 4 0.7720
Tree 0.3803 0.378 6 0.3695 0.3674 0.5294 0.5333 0.5372 0.5480 0.5062 0.5093 0.5157 0.5383
KDDcup99 0.9432 0.944 6 0.9395 0.8805 0.942 6 09106 0.9369 0.8902 0.9246 0.9106 0.9369 0.8902
Electricity 0.7421 0.7450 0.7394 0.709 4 0.7692 0.7624 0.7589 0.7317 0.7919 0.7915 0.790 4 0.760 4
Covertype 0.6387 0.6409 0.7395 0.7229 0.649 5 0.7610 0.766 0 0.760 8 0.764 7 0.764 7 0.7813 0.779 6
Weather 0.906 3 0.9010 0.8979 0.903 6 0.905 1 0.902 8 0.8982 0.906 9 0.906 0 0.9029 0.8983 0.906 9
E: CERRUNSE, BFRARHRNT, BAEFFIR iR 1 LA
Table 3 Comparison of Average Real-Time Accuracy Under Different Methods
&3 AEFEHEHIAEELLER
SRS (HE4 )
Bl
AC_OE AUE2 DNN-16 SEA

Hyperplane 0.8966 (2) 0.8847 (3) 0.8821 (4) 0.8992 (1)

LED_abrupt 0.5054 (2) 0.5096 (1) 0.3761 (4) 0.4813 (3)

LED_gradual 0.5178 (1) 0.5127 (2) 0.3918 (4) 0.4905 (3)

RBFblips 0.9316 (1) 0.7519 (3) 0.8023 (2) 0.7045 (4)

Sea 0.8027 (3) 0.8139 (2) 0.7019 (4) 0.8229 (1)

Tree 0.5480 (1) 0.4101 (2) 0.1634 (4) 0.3986 (3)
KDDcup99 0.9446 (1) 0.9023 (3) 0.3017 (4) 0.9338 (2)
Electricity 0.7919 (1) 0.6183 (2) 0.5128 (4) 0.6132 (3)
Covertype 0.7813 (1) 0.6306 (2) 0.6269 (3) 0.6240 (4)

Weather 0.9069 (1) 0.8824 (2) 0.8043 (4) 0.8781 (3)
SFIHER 14 (1) 22(2) 3.7 (4) 2.7 (3)

T AR IR BRI SERRTIE

S RZ, B F R H,, T A Fk 0 RE JC B B 2%
S0 AR R ) S M R UEA T G AR I, T A
Friedman %3 METE A $08E4E [ AIGITHMEFE = 11.2703,
7€ 35 7K F-a = 0.05[ 1 B0 T F 43 43 I S > 2.960,
R, 048 R AR Ho, T A 7T i HERE e I 3 25 5

A% 334 3 12 Bonferroni-Dunn I3 71 5 BT 45 7 %
(e 22 5, T R 2 RO ik =2 Al e AR AE
TR 2L BRI 22 H K TG A 2% CD,
W3 2 7 v O 1 R AEAE 0 35 25 5

[k(k+ 1)
CD = 4a 6n ’

Hrhg, B EKFo N BIGIHE, &1 A 15, A
AR L, B2k Fa=00501E0 FCD=1.3822.
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Fig.4 Bonferroni-Dunn test result for average of different

methods
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Fig. 5 Comparison of cumulative accuracy of different methods on every dataset
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Table 4 Recover value ( RSA) Comparison of Different Methods
F4 TEFEMREE (RSA) BB
. AC OE SEA AUE2 DNN
H HORLR PALe AR B Phiel JRALR ETfE LR AL BifLe PR JEALE
LED_abrupt - 1.02 - 4.68 - - 1.47 - - 41.6 -
LED_gradual 0.48 0.48 0.48 0.51 2.55 3.57 0.49 245 343 74.0 99.5 40.6
RBFblips 0.07 0.07 0.07 0.60 0.90 0.15 0.50 1.00 0.25 5.20 22.8 3.48
Sea 0.20 0.20 0.40 0.18 0.54 0.72 0.19 0.19 0.38 1.02 3.90 3.90
Tree 0.45 0.45 0.90 3.60 4.20 2.40 0.59 4.13 3.54 96.5 * *
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AC_OE J5 ¥k (& 5 P ¥ 00 T Hofth 3 Fh 5 vk, HoBE Ik
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Fig. 6 Robustness comparison of different methods
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