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Adaptive Weight Based Broad Learning Algorithm for Cascaded Enhanced Nodes

CAT Xin-yu, FENG Xiang and YU Hui-qun
Department of Computer Science and Engineering, East China University of Science and Technology,Shanghai 200237, China

Shanghai Smart Energy Engineering Technology Research Center,Shanghai 200237, China

Abstract In the era of intelligence,continuous autonomous learning and optimization need to be carried out on the big data plat-
form,and the first step of continuous autonomous learning is data enhancement. This paper proposes a broad learning method
based on cascaded enhancement nodes, which provides a new data enhancement method for continuous autonomous learning on
big data platform.and makes it possible for subsequent evolutionary optimization on the basis of learning architecture. Classical
broad learning is a typical feedforward neural network,which is not suitable for modeling dynamic time series. In this paper,the
feedback structure is introduced into the traditional broad learning system,which makes the enhancement nodes have memory and
retains part of the historical information. In feature extraction, phase space reconstruction is used to extract more essential {ea-
tures of the data. At the same time,a weight factor is introduced to assign different weights to each sample according to its contri-
bution to model during training,so as to eliminate the interference of noise and outliers to the learning process and improve the
robustness of the algorithm. Experimental results show that the proposed algorithm is effective.

Keywords Broad learning, Time series prediction, Weight factor,Data enhancement
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Table 1  Setting of experimental parameters
Series Methods Parameters
ELM Number of hidden nodes:
) 500,1000
n=5,k=10,h=60,5s=0.8,
CFBLS .
Rossler c=2X10""
series BLS n=>5,k=10,h=60,5=0.8,
- c=2x10"%
n=>5,k=10,h=60,5=0.8,
WCEBLS Y,
c=2X10""°
ELM Number of hidden nodes:
o 200,1000
n=50,k=10,h=100,5=0.8,
CFBLS T
Lorenz c=2X10 *°
series BLS n=50,k=10,h=100,5=0.8,
N c=2x10"%
n=>50,k=10,Ah=100,5=0.8,
WCEBLS ”s
c=2X10 *°

5.2 EWERSHIF

T ARAE S = o H - FE 8 17, F I #E Lenovo Shen-
teng 6800 HPCC LA 2L E Ak i M A IR 55 #% 7 &5 s 115541,
EEA 1 AEEEI AR 8 AT A AT A
THA 2. AGHz B DU AL FEZF LA K 24 GB TR 1] . IR 55
P IE TR EEME R 8 N Red Hat Enterprise Linux 7, 3£ 5 19
A AE 20 Python 3. 7. AP AEIEEE FISIE T TR 7
X E R Y 8 YR i i (8] 3 %1 Bl Lorenz #1 Rossler B[] 7
G LA B I T K S H I RE B RCHE AT T L RIE T
WCEBLS #8147 &t

T IO vh i 2 B R DR IR AT T A B U R B HE
R B b R A AE 7S 43 A (e 7 (e~ N0, 2)) , i 75 bR B0 BK
I8 AT A SRR R B . 53 A0 8 A SO T 5 PR 2 2T L
(Extreme Learning Machine, ELM) Hl BLS 3 17 # ] %t 1 .
TR FPEBE HY 3 A dE b ok A A - 105 LR 22 (RMSE) |7 1 4
X E A iR 22 (MAPE) CEB 4 iR 22 (MAE) . B 4 45T
Hi WCEBLS 7% 4 i) Rossler 1 Lorenz B} 8] J3 51 14 75 0 il £k
MRz Mgk, o LIFE L Lorenz J5 51 5 I A 4 X 158 25 1417
oA X Tk EF WCEBLS B 78 43 Hili 2 3] Lorenz IR 1l &
Gifzh 5. BRI % T Rossler J§ 31 FI0 i 75, 35 26 5 o] 45 K
B 26 % 1% 2% AR KL 3X & B Rossler [ 51 14 85 {4 Bk BR 3% 15 14 .
TE A BT AL B b, BT 48 WCEBLS 38758 T i I (0 45 57
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Fig. 4 Prediction curves and error curves generated by WCEBLS for Rossler-x(¢) . y(2) ,2(¢) and Lorenz-x(z),y() ,2(2)
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Table 2 Prediction results of step £+ 1 in Rossler series
Methods RMSE MAPE MAE
x y z x v z x y z

ELM(200) 0.2378 3.1684 0.5572 0.3945 1.0568 0.1130 0.2134 3.1445 0.1418
ELM(1000) 0.0070 0.0069 0.0043 0.0091 0.0020 0.0060 0.1681 0.0233 0.0255
BLS 3.3601 0.6144 0.8085 1.0286 0.0551 0.0824 0.5565 0.1640 0.1034
WCEBLS 0.0043 0.0028 0.0017 0.0067 0.0019 0.0057 0.0019 0.0015 0.0017
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Fig. 6 Test results of testing data with different algorithms
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Fig. 7 Prediction results of each algorithm on gas data set
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Table 3 Prediction results of step t+1 in Lorenz series
RMSE MAPE MAE
Methods
T v z x ¥ z x y =

ELM(200) 0.0252 0.0076 0.0776 0.0432 0.0119 0.0032 0.0247 0.0075 0.0750

ELM(1000) 0.0072 0.0080 0.0047 0.0038 0.0048 0.0027 0.0074 0.0083 0.0053

BLS 0.2570 0.4784 0.6740 0.2370 0.4413 0.0117 0.1354 0.2800 0.2755

WCEBLS 0.0003 0.0005 0.0003 0.0003 0.00046 0.0002 0.0010 0.0015 0.0009
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