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Abstract

In order to improve the ensemble performance of classifier ensemble, a selective ensemble me-
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thod based on multi-label random walk is proposed, which models the classifier selection problem
as a multi-label classification problem to select classifiers flexibly and effectively. First, a mapping
is established between the training set samples and the classifier sequence, and the classifier se-
quence that can correctly identify the sample is regarded as the sample label. For a specific test
sample, its neighbor samples are found, and a multi-label random walk graph is constructed. A
random walk process is performed, and the corresponding classifier sequence is selected for en-
semble according to the converged probability vector. Experiments are carried out on Fer2013,
CK+ and JAFFE facial expression datasets, and compared with some current advanced selective
ensemble algorithms. The experimental results demonstrate the feasibility and effectiveness of
the algorithm.
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Figure 1. Selective ensemble method based on multi-label random walk
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Figure 2. Construction of multi-label random walk graph
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Figure 3. Example of Fer2013 expression dataset
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Figure 4. Example of CK+ expression dataset
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Dropout ratio 0.2
Number of feature maps 32, 64, 128, 256
Dimension of full connected layer 7, 1024, 2048, 3072
Learning rate 0.05, 0.005
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Figure 6. The accuracy distribution of the classifier
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Figure 7. The influence of the walk-jump probability « on the ensemble effect
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Figure 8. Recognition effect of different expression categories
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RUEM R LS IR . A SCR ) 2 3822 NFEE T8, 1E Fer2013. CK+Al JAFFE #i¥a4E e %
4354 0.7035. 0.7586 F1 0.4225. 7E Fer2013 L, AR FRIES] 0.7325, I THAWFTE HERSLE
W55, 15 CK+EE4E DL & JAFFE I, ARSI TR R 2 oAb ot b J7 vk, TR AR =R 43 314 0.7633.

0.4836.
% 3AH TEANEFIBHIRE FER2013. CK+H1 JAFFE b AR vk 5 sh Ak Bk 45 B A v 4 SRl
S

Table 2. The comparison between the method in this paper and the static se-
lective ensemble method

T2 AN ESHSEFEER T EXLER

FER2013 CK+ JAFFE
Fik

HERf 2% HERf 2% HiRiiES

Bk 7 (% B ) 0.7035 0.7586 0.4225

ComEP 0.7322 0.7697 0.5117

DREP 0.7311 0.7651 0.4836

KappaEP 0.7133 0.7586 0.4695

QSEP 0.7091 0.7586 0.4460

KRILTTH 0.7325 0.7633 0.4836

Table 3. The comparison between the method in this paper and the dynamic se-
lective ensemble method
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WAREA

TR 2 % %

FEAETT (2 B EE) 0.7035 0.7586 0.4225

MLKNN 0.7297 0.7630 0.4836

CLAG 0.7278 0.7691 0.4670

KNORA-UNION 0.6367 0.7591 0.4648

DCS-OLA 0.6450 0.6717 0.4225

DCS-LCA 0.5671 0.5072 0.4225

KTk 0.7325 0.7633 0.4836

ALK B, 7E Fer2013 I, ASCUFERIRBI R T HAh sh ik B 5k, N 07325, ML T4
WL, WERARIRTT T 2.90%, MHEL T DCS-LCA, ZR 3T 77V 1 9286 45 A2 TH T 16.54%. £ CK+F11 JAFFE
BmtE L, A Emm T H A k5 k.

4. ZRERE

ASCHR M T P2 T ZARRERENLI AL R FEVE SRV, IR 73 S an i 5 M U AR N 22 b2 7 2]
R, RVEA ROUPAT 70 ke B eRE R P B R IR ST, VBN IR A R e Xt
HAERA 7Y R KA P AL, IR ST Hds— 0 AR P A [ 2 AR 28 25 . ZmA— s
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FEAIE FEHTAFEA, SRR 2 bR LE K, BRI MR T AR IR, K T
BRI, W 7 REVE. W 2 AREE S S FAIEAT 70 AR IR — A AIRT U L, JF HAER
FONF B S AGE ARTTT, ARSI AR R (RS A LI AR N, EAROR I AR i B Sk i sl 5
N Hopth 2 bR Sk — R T LR R A Ra €
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