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An Extreme Learning Machine of Multi—label Threshold
Adaptation Based on Particle Swarm Optimization

XU Er-qiang, YU Hua-long

(School of Computer,Jiangsu University of Science and Technology ,Zhenjiang 212003 , China)

Abstract ; Multi—label learning investigates the case of single object related to multiple labels, while class imbalanced learning mainly stud-

ies the impact of unbalancedly distrubuted samples on the algorithm. Both of them are the hot spots in the field of machine learning re-

search. Class imbalance is the common phenomenon in multi-label datasets. Though a large number of multi label learning algorithms
have been put forward, there is little research on the intrinsic characteristics of dataset. To address the problem,we present a PSO-based

multi-label threshold adaptation extreme learning machine ( MLTA-ELM). This algorithm fully combines the advantages of extreme

EBsN

b

learning machine such as fast learning speed, strong generalization and the adaptive selection strategy of threshold value in class unbalance
learning. First,a single hidden layer feed forward neural network is built by extreme learning machine,and the multi labels are predicted
preliminarily by this model. Then the particle swarm optimization algorithm is taken as the threshold adaptive selection strategy to obtain
the optimal threshold combination for label prediction. Lastly ,we conduct experiments on 12 baseline multi-label datasets to verify the
feasibility and effectiveness of the proposed algorithm. The experiment indicates that the proposed algorithm outperforms several state—of—
the—art ones.
Key words : multi-label classification ;class imbalance ; particle swarm optimization ;extreme learning machine ; threshold technique
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image 600 294 5 0.247 3.154
emotions 593 72 6 0.311  2.320
scene 2 407 294 6 0.179  4.662
flags 194 19 7 0.485 2.753
yeast 2417 103 14 0.303 8.954
birds 645 260 19 0.053 32.859
tmc2007 28 596 500 22 0.101  27.996
mirflickr 25 000 150 24 0.155 15.285
genbase 662 1186 27 0.046 143.458
llog 1 460 1 004 75 0.212  6.844
bibtex 7 395 1 836 159 0.015 87.699
cal500 502 68 174 0.150 22.345
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Btk MLTA-ELM COCOA ML-SMOTE ML-ROS ML-RUS ELM
imagel 0.5955 0.534 1 0.509 1 0.494 4 0.5149 0.504 6
emotions 0.668 7 0.667 2 0.6122 0.5935 0.600 9 0.609 2
scene 0.729 7 0.716 7 0.657 6 0.6513 0.651 2 0.656 7
flags 0.678 7 0.6723 0.645 6 0.598 1 0.608 1 0.618 0
yeast 0.4717 0.4373 0.3203 0.288 2 0.310 6 0.3187
birds 0.388 9 0.418 2 0.360 8 0.349 8 0.3191 0.3311
tmc2007 0.540 5 0.690 1 0.378 6 0.348 3 0.3197 0.3391
mirflickr 0.273 2 0.162 7 0.096 0 0.050 0 0.087 1 0.092 6
genbase 0.735 4 0.847 8 0.722 6 0.6825 0.609 6 0.684 0
llog 0.379 4 0.418 1 0.181 1 0.182 6 0.223 2 0.2210
bibtex 0.2270 0.196 4 0.091 5 0.066 1 0.068 8 0.073 4
cal500 0.2120 0.169 4 0.111 0 0.086 4 0.104 1 0.104 9




VFARAF TR 2 AR B 38 SR BR =2 T AL

.51 -

%3 BREFEAZHIESE LW Micro-F &%

(e MLTA-ELM COCOA ML-SMOTE ML-ROS ML-RUS ELM
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emotions 0.674 6 0.685 0 0.636 3 0.6117 0.618 2 0.633 4
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yeast 0.638 3 0.650 8 0.617 9 0.5753 0.609 0 0.616 5
birds 0.479 9 0.547 0 0.473 6 0.457 2 0.4356 0.443 9
tmc2007 0.672 0 0.778 1 0.636 5 0.614 6 0.628 1 0.638 4
mirflickr 0.402 0 0.3116 0.234 6 0.1257 0.224 5 0.236 1
genbase 0.958 1 0.949 7 0.940 2 0.928 9 0.914 8 0.934 6
llog 0.5150 0.587 7 0.440 2 0.418 4 0.4752 0.469 4
bibtex 0.3117 0.339 8 0.266 4 0.2450 0.253 0 0.259 3
cal500 0.437 5 0.373 9 0.379 9 0.3187 0.363 8 0.365 6
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