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Abstract: The Kernel Extreme Learning Machine (KELM) with convex optimization form has higher
classification accuracy, but it takes longer time to train kelm with iterative method than solving linear equation
method of traditional kelm. To solve this problem, an Alternating Direction Multiplier Method(ADMM) of
Binary Splitting (BSADMM-KELM) is proposed to improve the training speed of convex optimization kernel
extreme learning machine. Firstly, the process of finding the optimal solution of the kernel extreme learning
machine is split into two intermediate operators by introducing a binary splitting operator, and then the optimal
solution of the original problem is obtained through the iterative calculation of the intermediate operators. On
22 UCI datasets, the training time of the proposed algorithm is 29 times faster than that of the effective set
method and 4 times faster than that of the interior point method. The classification accuracy of the proposed
algorithm is also better than that of the traditional kernel extreme learning machine. On large-scale datasets,
the training time of the proposed algorithm is better than that of the traditional kernel extreme learning machine.
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Alternating Direction Multiplier Method(ADMM)
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Banknote 1372 4 Debrecen 1151 20
Fertility 100 10 Creditcard 30000 24

Hill 606 101 Occupancy 20560 7

Monksl 432 7 HTRU2 17898 9
Monks2 432 7 Heart 270 13
SPECTF 267 44 Australian 690 14
Pdspeech 1040 26 Liver 345 7
Epileptic 11500 179 Tonosphere 351 34
Mushroom 8124 22 Pima 768 9
Spambase 4601 57 Cancer 683 10

Adult 48842 14 Sonar 258 60
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Banknote 100.00 0.0673 100.00 1.5989 100.00 0.3014 100.00 0.0521
Fertility 86.00 0.0029 92.15 0.0999 91.25 0.0090 91.25 0.0018
Heart 82.96 0.0032 86.11 0.1318 88.43 0.0074 90.74 0.0007
Hill 58.09 0.0128 62.47 5.4970 60.41 0.1390 62.06 0.1950
Monks1 65.74 0.0070 97.36 0.1214 96.29 0.0361 98.31 0.0048
Monks2 68.98 0.0074 98.88 0.0765 99.63 0.0163 99.87 0.0021
SPECTF 85.71 0.0034 92.06 0.3839 93.93 0.0512 95.93 0.0107
Pdspeech 92.89 0.0878 89.40 2.7579 88.08 0.3429 94.55 0.0696
Epileptic 94.24 6.7190 95.90 86.0792 95.90 8.9292 96.78 8.4618
Mushroom 95.55 4.8600 95.31 23.4706 99.31 8.4933 98.40 5.5572
Spambase 88.04 0.6364 90.46 4.7311 92.02 1.6849 92.77 0.5321
Adult 81.74 89.2852 84.08 851.8944 84.19 134.0564 85.10 69.5138
Debrecen 62.61 0.0328 69.06 0.9339 69.92 0.0475 71.30 0.0324
Creditcard 77.00 80.2243 72.33 752.0268 80.46 97.3124 79.08 53.0256
Occupancy 98.05 25.8158 98.94 78.6522 98.95 30.4110 99.02 22.7719
HTRU2 96.37 14.2591 96.93 78.5169 97.88 10.4880 97.92 11.2290
Australian 88.22 0.0144 83.88 0.3019 84.63 0.3108 90.72 0.0198
Liver 63.77 0.0061 60.87 0.1657 66.30 0.0115 76.95 0.0059
Tonosphere 87.14 0.0042 84.64 0.0486 88.57 0.0095 96.43 0.0036
Pima 74.68 0.0145 75.41 0.4374 75.90 0.0177 79.12 0.0111
Cancer 95.79 0.0143 96.34 0.1310 94.87 0.0196 96.58 0.0170
Sonar 83.33 0.0026 75.90 0.0293 77.71 0.0066 95.58 0.0018
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A&, BSADMM-KELMX A% 2 $0B8uK, 4
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I SR (W T S BB R A 2R ), X 1B
SRy KA EW RS . fE22 N da 4k &,
AR OO AR A BRI o

FKozhH T TR L SIS AR S EIE R 3R
P2 PO A AR Sk HOAH 56 SRR H 0 H R ) 74N 3

B TR AE LA b 5 SR A R L. S ELER
SR R T T I~ 1E T8 A A BRI B A AR PR 5% 2]
MlL(Extreme Learning Machines With Expectation
Kernels, EKELM)!, XU R 2] Bl (Twin Extreme
Learning Machines, TELM)!7, v 1E ALK PR 2% 5]
HL(Optimization Extreme Learning Machine With
v Regularization, v—OELM)[8| B 440 L 5
IR B PR = 2 WL (A Sparse Extreme Learning
Machine Framework By Continuous Optimization
Algorithms, Sparse-ELM)!, J& 2 I B %2 31 1)
Fo7 8 R T XU R 2 T ML (Laplacian Twin Extreme
Learning Machine, LapTELM)?", # H 5 51
73 RE BE B R LR SCRR, R -7 RN XL
SCRRAZE H I BOE SR A 20 SRS . I ZR6mT 1, A
T B L E Australian, Heart, Ionosphere,
Pima, Sonar #4573 25k 2 B0 T AH EL L) 5 B
W, 4y SRS EEAR b T HA SRR SRS B A 14 433
P 75%, 5.59%, 0.72%, 1.41%, 4.09%. TMfELiver
R4 L, FritHkE TELMASFEK0.01%, Cancer
Hmk FEEKELMAEZAR 70.78%, ZHEN.
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(d) Banknote#fii 4 (e) Monks2%HtE (f) SPECTF4iii4k
1 CHIG %43 F e R A 0

%5 CHOMRTFREREMALHE

Hoda e c g ot c g
Banknote 0.100 0.01 Debrecen 1.000 2.00
Fertility 0.005 0.01 Creditcard 1.000 10.00
Hill 0.010 0.10 Occupancy 0.500 5.00
Monksl 1.000 5.00 HTRU2 0.010 10.00
Monks2 0.500 2.00 Heart 10.000 5.00
SPECTF 0.010 2.00 Australian 10.000 5.00
Pdspeech 0.050 5.00 Liver 10.000 0.05
Epileptic 1.000 50.00 Tonosphere 0.010 1.00
Mushroom 0.010 0.10 Pima 0.100 0.01
Spambase 0.100 10.00 Cancer 0.500 2.00
Adult 10.000 5.00 Sonar 100.000 10.00

* 6 CHIRIRF INEED IFHRBE LR (%)

BiE%E BSADMM-KELM EKELM!! TELM v—OELM I8l Sparse ELM!" LapTELM®)
Australian 90.72 85.22 75.14 68.20 72.49 75.51
Liver 76.95 71.51 76.96 72.41 - 72.10
Heart 88.74 83.15 76.00 70.74 76.09
Tonosphere 96.43 95.44 95.71 90.13 91.80 90.94
Pima 79.12 77.71 77.23 69.34 68.94
Cancer 96.58 97.36 - 96.58 94.25 -
Sonar 95.58 89.40 91.49 78.80 68.50 85.68
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