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Abstract  SLLFNs(Single-hidden Layer Feed forward Neural networks) have been widely applied
in many fields including pattern recognition, automatic control, data mining etc. However, the
traditional learning methods can not meet the actual needs due to two main reasons. Firstly, the
traditional method is mainly based on gradient descent and it needs multiple iterations. Secondly,
all of the network parameters need to be determined by iteration. Therefore, the computational
complexity and searching space will increase dramatically. To solve the above problem, motivated
by ELM’s one-time learning idea, a novel algorithm called Regularized Extreme Learning Ma-
chine (RELM) based on structural risk minimization and weighted least square is proposed in this
paper. The algorithm not only avoids a number of iterations and the local minimum, but also has
better generalization, robustness and controllability than the original ELM. Additionally, experi-

mental results have shown that RELM’ overall performance is also better than BP and SVM.

Keywords extreme learning machine; regularized extreme learning machine; support vector ma-

chine; structural risk; neural network; least square
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Census(house8L) 6.110 0. 035 8.523 3. 142 0. 818 0.477 0. 827 0.484
Auto price 0. 186 < 10e-4 0.003 0.035 0.001 < 10e-4 0. 049 < 10e-4
Triazines 0.108 < 10e-4 0. 007 0. 041 < 10e-4 < 10e-4 < 10e-4 < 10e-4
Machine CPU 0.178 < 10e-4 0. 001 0.032 0. 001 < 10e-4 0.001 <10e-4
Servo 0. 185 < 10e-4 0.003 0. 030 < 10e-4 < 10e-4 < 10e-4 < 10e-4
Breast cancer 0.292 < 10e-4 0. 005 0. 045 <10e-4 <10e-4 < 10e-4 < 10e-4
Bank domains 5. 686 0. 035 1. 218 0.229 0. 487 0.167 0.548 0.169
California housing 4. 948 0.036 56. 200 7.919 0. 847 0.230 0. 940 0.234
Stocks domain 0. 794 0. 005 0.052 0.048 0.013 0.023 0.014 0.023

RS 4 FAEEEBERERZE (standard deviations) Lk %
— BP (1) 45 HE i 22 SVM 3 i i 22 ELM ¥y b5 M i 22 RELM {45 i ffi 22
PEREN Il A UERxS IR A ERGS IR A U ERGES D FEA

Abalone 0.0011 0.0034 0.0015 0.0013 0. 0049 0.0058 0.0051 0. 0056
Delta ailerons 0. 0015 0.0015 0.0012 0.0010 0. 0030 0. 0035 0.0028 0.0034
Delta elevators 0. 0007 0. 0003 0. 0006 0. 0005 0.0028 0.0029 0.0025 0.0029
Computer activity 0. 0007 0. 0007 0.0015 0.0016 0. 0005 0.0033 0. 0004 0.0034
CensusChouse8L) 0.0011 0. 0050 0.0013 0.0013 0.001 0.0017 0. 002 0. 0026
Auto price 0. 0405 0.0231 0.0025 0. 0040 0.0119 0.0119 0.0123 0.0139
Triazines 0. 0656 0.0531 0.0152 0.0163 0.0212 0. 0209 0.0213 0. 0207
Machine CPU 0.0192 0.0715 0.0083 0. 0180 0. 0060 0.0156 0. 0056 0.0147
Servo 0.0313 0.0475 0. 0406 0. 0185 0.0121 0.0113 0.0119 0.0111
Breast cancer 0. 1529 0.0962 0.0115 0.0151 0.0121 0.0167 0.0127 0.0167
Bank domains 0. 0006 0. 0004 0. 0005 0. 0008 0. 0006 0. 0009 0. 0006 0. 0008
California housing 0.0045 0.0026 0.0012 0.0011 0.0021 0.0033 0. 0020 0.0026
Stocks domain 0.0012 0.0022 0.0016 0.0022 0.0011 0.0016 0.0014 0.0015

HITA 32 324 ¥ — ool , RELM ¥3B 4k ELM.
N T UK — g, FRATT LK 5 ¢ Triazines” 4] Ji&
7~ RELM f g (RMSE) B 7 284k 1% 0. & 2 fr
~SAT VR RELM W PERE T JCbEE v i3S KA B
PEE GEUNB R L2 y=2 i}, RELM 1 ¥ RE 35 3
BelF 1 ELM 428 T 0.05. Z J5. b v moe k.

1.0
0.9

RELM

950 —40 —30 —20 —10 0 10 20 30 40 50
log2(y)
E 2 RELM RyPEBERE v 281k i il £&

RELM B PEREA Wi B A1, IF B W7 5 ELM 14 g il
LREZAM— R, XU Y ¥~ cofif, RELM Bk
ELM, b al ). RELM (#4520 685 ELM A124.
6.2 4 %

FEIX —#4r - FATR A RELM 743 28 v 1 4
RETN IR, Bt 415 8 0L % 6, 60 4% Banana 54 8 VLU
Je—s3k [ UCT 1) £ 4l 4 ©. Banana 04 4 00 4%
B TR 3k g 5200 AN TR I 2R R
A. BT Forest-type ¥4 82 SR K, 56 T 86 B2 19
BP B fefe st PC b/ E WA & IR AT H
Benl FSCHRC17 i i SE B0 25 5. SVML 1 S 801k B 2
C=10. N[F LM PERE L 7, AFK 7 W] LLFE
RELM K32 17 3 B fl ELM JLJ —#E e, I 315 5
U2 A R

@ http://www. ?7rst. gmd. de/~raetsch/data
@  http://www. ics. uci. edu/mlearn/MLRepository. html



286 L2 I S 1 = SR 2010 4F
F6 SEEABHEBEENRER
GRS NGRS I AE A J& 1 2% K UE RS IR FE A J& 1 Bl
Diabetes 576 192 8 2 Shuttle 43500 14500 9 7
Satimage 4400 2000 36 7 Banana 5200 490000 2 2
Segmen 1500 810 18 7 Forest-type 100000 481012 54 7
EESKEE LR
F7 4 MRS KEE LA B L
Bt 5 1% L LEsutk I Dev/ % A R 2
ez WA A UER:%S T A A U E SRS 3 AR I G )22 45 a5 K
RELM 0.011 0. 002 78. 69 78.19 1. 090 2.55 20
Diabetes ELM 0. 009 0. 002 78. 68 77.57 1. 180 2.85 20
rabetes BP 2. 246 0. 003 86. 63 74.73 1. 700 3.2 20
SVM 0. 139 0. 054 78.76 77. 31 0.910 2.35 315
RELM 11.186 0.210 92. 47 89. 41 0. 030 0. 0056 500
Satimage ELM 11. 126 0.274 93.52 89. 04 1. 460 1. 50 500
BP 9366. 8 0. 064 95. 26 82. 34 0.970 1. 25 100
RELM 1. 059 0. 057 98.13 95. 05 0.160 0. 0074 200
Segment ELM 1. 044 0. 056 97. 35 94. 95 0. 320 0.78 200
BP 3538. 9 0.032 96. 92 86. 27 0. 450 1. 80 100
RELM 4.293 0.193 99. 55 99. 40 0.0072 0.00655 50
Shuttle ELM 4. 280 0. 185 99. 65 99. 40 0.120 0.12 50
BP 4572. 8 0.177 99.77 99. 27 0. 100 0.13 50
RELM 1. 648 16. 180 92. 33 91.78 0.097 0. 105 100
Banana ELM 1. 633 16. 164 92. 36 91. 57 0.170 0. 25 100
BP 4572. 8 17.002 90. 26 88. 09 0.270 0. 70 100
RELM 1. 361 0. 581 92. 25 90. 33 0.012 0.013 200
Forest-t ELM 1. 204 0. 580 92. 35 90. 21 0.026 0.024 200
OrestYPe  gpris) 12min N/A 82. 44 81.85 N/A N/A 100
SVM 517.2 280. 244 91.70 89. 90 N/A N/A 31805
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