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Abstract: Broad learning system (BLS) is a new kind of discriminative learning method proposed in recent years. It has
the characteristics of simple structure and fast training, and has been widely used in various regression and classification
problems. However, the standard BLS is derived under the Minimum Mean Square Error (MMSE) criterion, which is very
sensitive to the existence of outliers, which undoubtedly reduces the accuracy of the system. In order to improve the robust-
ness of BLS, some scholars have proposed BLS with maximum correntropy criterion (MCC) (C-BLS). Compared with the
minimum mean square error criterion, the maximum correntropy criterion contains more high-order error information, so C-
BLS has good robustness to outliers. However, considering that the default kernel function in correntropy is fixed as Gauss-

ian kernel, this is not applicable in the vast majority of cases. In this paper, the generalized correntropy with generalized

Weks HHI. 2023-06-08; &M HYJ: 2023-08-01
FETWH . EHEH RBP4 (62171388,61871461,61571374)



1958 & =

O 539 %

Gaussian density (GGD) function as the kernel function is introduced, and the generalized maximum correntropy criterion

(GMCC) is applied to BLS, and a new robust algorithm (GC-BLS) is proposed. GC-BLS can be regarded as a special case

of GC-BLS. When appropriate parameters are selected, GC-BLS will degenerate to C-BLS, which makes the new algo-

rithm at least obtain the same performance as C-BLS algorithm. In the experiment, the root mean square error is used as

the standard to test the new algorithm on regression data sets and time series data sets. In most cases, GC-BLS can achieve

smaller root mean square error than other algorithms. Experiments show that the algorithm is very stable. Simulation re-

sults validate the theoretical expectations and demonstrate the performance of the new algorithm.

Key words: broad learning system (BLS) ; maximum correntropy criterion (MCC) ; generalized maximum correntropy

criterion (GMCC) ; regression tasks
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XTI, AR 22 AR UE BLS HEAT T okatE o Jin 4 HKE
L1EEC 5 AN R A IE AL AR 25 &, A2 8- 1Y BLS
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Tab. 1 GC-BLS algorithmic flow
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ZIK%EF‘ ) l/‘/L i‘@ﬁ*ﬁi}%%(root mean square €error,
RMSE ) 2 i it bi 1 PFAG 45 B 78 mHE AT 55 L Pk
AE. b T IHbREE R A2, T T A B R A
iy A I R R 00— Ak 0 (0, D ATE I . T
1 52 55 45 R # 2 7E i 45 Intel (R) Core (TM) i5-
6200U CPU 2.30 GHz Hl 8 GB RAM Ay HL#% |1 F
pycharm 7519
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Tab.2 Time series data set

EIEITES VIERS RS (d.7)
Mackey-glass 770 330
Sunspot 1974 846 (4,1)

3.2 GC-BLSFE[EAHIEE LHIRI

A5 7E UCI (university of california irvine ) 3 #fE
Btk b Arscs . BaESBunE 4R, mF
X SR B B B S A S R,

ER I RPN NI EI 2Tk €1 RS2

Tab.3  Performance of each algorithm on time series data set

" ; . YIZRmpE]
s smE smams O e
0.0209~  0.1234~
BLS 5,1,160
(5,1,160) 0.0033 0.0007
RBLS 0.4229~  0.1306~
13,15,180
Mackey (huber) (13,15,180) 0.0080 0.0009
-glass 0.0635~  0.1233~
-BL 1,140, 2"
C-BLS (5.1,140,2) 0.0054 0.0009
1,15,100,3.5,  1.6482~  0.1083~
GC-BLS
1.5) 0.0349 0.0013
0.0871~  0.0877~
BLS (1,1,100 0.0080 0.0019
RBLS 0.5037~  0.1002~
1,1,100
Sun-  (huber) (11,100 0.0430 0.0084
spot 0.3564~  0.0891~
-BL 1,1 2}
C-BLS (3,1,100,2) 0.0205 0.0002
2.3786~  0.0834~
GC-BLS 1,1,100,3,1
( ) 0.4281 0.0001
H4 WECE
Tab. 4 Regression data set
pAEITE S JErER N MR
Abalone 8 997 427
Bodyfat 14 177 75
Cancer 30 399 171
Winequality white 11 780 333
Heart disease cleveland 13 213 91
Slump 7 73 31
yacht hydrodynamics 6 216 92
bike sharing 14 511 221
combined cycle power plant 4 1210 520

ANEFHNRIMN T

SR S 1 R 0 A SR RIS 8
XTI A B R S5 S5, m B2 R 1, 286
{kon, gt B9 20 73 e 8o 11,3,5,7,9, 11,13,
15 ,11,3,5,7,9,11, 13, 15} , {100, 120, 140, 160,
180,200} . GC-BLSHIZEA AN lk,n,q,a, A}, JE
RSB o M ESE {1,1.5,2,2.5,3,3.5,4] ik
PSRN, k4 {0.5,1,1.5,2,2.5,3,3. 5,4/
hik#E. C-BLSHIZEUA G Nk, n,q, 0!, 7% 3CHR
(7], S8 o Mgk (273,271, 20, 2, 2% P e 4 .
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P RERIER NG — R IE NI 24, IENITE R KA At BLS R FILAH L, BAR GC-BLS AU ] g
TER 107 (04 A RAESBI A TS0 ANk & TS, ELERERTS /AL RMSE, 32 B
WALIEAT 200K, LLUSATEURF A O R scte IR A& M. OB Rk po P RE 22 W] 0 T HAth

gE R R S T RYEE TN, GC-BLS bR BLS I Bk

#£5 KB IEAERFEIEE LR

Tab.5 Performance of each algorithm on regression data set

UG/ S RS SR G Y25t a]/s HUNEREE S
BLS (3,1,140) 0.0279~0.0032 0.0868~0.0005
Abalone RBLS(huber) (1,15,200) 0.2889~0.0256 0.0865~0.0014
C-BLS (3,1,140, 2%) 0.0781~0.0025 0.0863~0.0008
GC-BLS (5,1,140,4,2) 2.9757~0.1052 0.0686~0.0002
BLS (1,15,140) 0.0668~0.0012 0.1239~0.0015
Bodyfat RBLS(huber) (7,1,140) 0.0339~0.0025 0.1227~0.0056
C-BLS (1,9,140,27) 0.0469~0.0003 0.1220~0.0009
GC-BLS (11,1,100,4,1) 0.0469~0.0011 0.1061~0.0010
BLS (15,1,140) 0.0060~0.0001 0.1368~0.0021
Cancer RBLS(huber) (5,3,200) 0.1587~0.0035 0.1511~0.0019
C-BLS (15,9,200, 2°%) 0.4845~0.0007 0.1329~0.0003
GC-BLS (7,11,100,1,1.5) 0.1037~0.0014 0.1316~0.0008
BLS (13,1,120) 0.0229~0.0012 0.0912~0.0005
RBLS(huber) (15,13,200) 0.3411~0.0002 0.0947~0.0013

Winequality white
C-BLS (13,1,120, 2% 0.1147~0.0005 0.0913~0.0006
GC-BLS (9,15,100,1,3) 0.4338~0.0014 0.0910~0.0002
BLS (9,11,200) 0.0715~0.0012 0.2071~0.0020
RBLS(huber) (13,15,200) 0.1099~0.0125 0.2195~0.0035
Heart disease cleveland
C-BLS (13,13,100, 2°) 0.0469~0.0032 0.2067~0.0014
GC-BLS (13,13,140,3.5,3) 1.5921~0.0458 0.2052~0.0009
BLS (13,9,180) 0.0608~0.0002 0.1446~0.0011
Shump RBLS(huber) (15,13,200) 0.1556~0.00155 0.1895~0.0025
C-BLS (5,15,120,2°7") 0.0808~0.0003 0.1417~0.0013
GC-BLS (5,15,12,1.5,3.5) 0.1017~0.0028 0.1412~0.0020
BLS (13,9,160) 0.0359~0.0011 0.1046~0.0009
RBLS(huber) (15,15,140) 0.0781~0.0022 0.1464~0.0017
yacht hydrodynamics
C-BLS (13,9,160, 2°) 0.0691~0.0010 0.1044~0.0005
GC-BLS (13,9,160,2,4) 0.1855~0.0015 0.1038~0.0007
BLS (9,7,200) 0.0519~0.0008 0.0989~0.0005
RBLS(huber) (13,15,120) 0.7919~0.0029 0.0979~0.0012
bike sharing
C-BLS (7,3,140,27) 0.0691~0.0030 0.0841~0.0009
GC-BLS (3,3,120,1,3.5) 1.3155~0.0055 0.0835~0.0015
BLS (7,7,100) 0.0403~0.0047 0.0829~0.0021
RBLS(huber) (15,15,200) 1.9830~0.0125 0.0830~0.0026
combined cycle power plant

C-BLS (1,11,140, 2°7%) 0.9280~0.0108 0.0798~0.0008
GC-BLS (15,7,140,1,3.5) 2.9573~0.0526 0.0796~0.0017
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3.3 GC-BLSHIEHMESH

5454t BLS WA K it )7 X (2) A L, B 3k
KB IMA T —A B A A, % B3
E BN ROk, X AT R S, UL S
B 5 FIERAR R Sy 22 ()R 2545 ) . AT LAGAIE
A, T om0 (13) %538 1 R bR ifE BLS 1AL
R AR (2) 524 a=2,8=v/2 o Bf , GMCC #fE N3
b MCC HEN 53X 5B, GC-BLS Z /] LS 5
C-BLS FI BLS #H Y it fi o M50 i MFEAS 37 21 25
B 5 Je ), 3 Flly, Z IR 5 S AR K257,
Ko =15, —ylo EFHLT W% EEGHEGA,
18, Y v, MR, 0B 208 D 25 2 BB K, 7E A (1Y
YEFITE AR B £f 00 22 80N AT 2 B A AE VI
Yot B PR B T /N R B 3 A5 2 R R X
Y i R A AR R 52

4 it

Ry TSl e BLS X B B R MR A BOURR Y [) R, 2
% Zheng £ 111 1 C-BLS B3k , AR SCR T HE AT R
PERY S SR A S E U (GMCC) 48 H T 37 1
# BLS (GC-BLS) . GC-BLS LA BLS #5 %4 Sy L7, 8
w51 A GMCC 15 21357 i A R 5k, IR A 3l A5
AR T X 2 SRR A AT 35 ] AT E SR, AT A
il 25 P AR AR T SR B AR RS2 . FE 9 A [l I B di
L2 A )y P AR A S R, YA AR
A5 B FEL I, B Bk AR 08 HUAS 4% BLS 5 Hifth ek
R 2 YRR . BT BEIR W LB S
B2, AN SR LEFRRESEEESY
FERT, an o] @7 4 501k S 800, sl 2E I s B b 243
TS ERAE , Wi — 2548 5 R SR
T — 0098 TR

S 30k

[1] CHEN C L P, LIU Zhulin. Broad learning system: An ef-
fective and efficient incremental learning system without the
need for deep architecture [ J ]. IEEE Transactions on Neu-
ral Networks and Learning Systems, 2018, 29(1): 10-24.

[2] LI Ping, SHENG Bin, CHEN C L P. Face sketch synthe-
sis using regularized broad learning system [J]. IEEE
Transactions on Neural Networks and Learning Systems,
2022, 33(10): 5346-5360.

[3] DU Jie, VONG C M, PHILIP CHEN C L. Novel efficient

RNN and LSTM-like architectures: Recurrent and gated
broad learning systems and their applications for text clas-
sification [ J]. IEEE Transactions on Cybernetics, 2021,
51(3): 1586-1597.

[4] HAN Min, LI Weijie, FENG Shoubo, et al. Maximum in-
formation exploitation using broad learning system for large-
scale chaotic time-series prediction[J]. IEEE Transactions
on Neural Networks and Learning Systems, 2021, 32(6) :
2320-2329.

(5] AL, 804 AR LM 32 Bl M A 4 1l (Y Bl BIL 5 1L v

A - A% U8 B 5k (D). {5 7 AR B, 2020, 36 (6) -
984-990.
ZHU Yingying, ZHAO Haiquan. Random Fourier feature
kernel filtered-x LMS algorithm for nonlinear active noise
control system [J]. Journal of Signal Processing, 2020,
36(6) : 984-990. (in Chinese)

[6] JIN Junwei, PHILIP CHEN C L. Regularized robust
broad learning system for uncertain data modeling [J].
Neurocomputing, 2018, 322: 58-69.

(7] ZHENG Yunfei, CHEN Badong, WANG Shiyuan, et al.
Broad learning system based on maximum correntropy cri-
terion [J]. TEEE Transactions on Neural Networks and
Learning Systems, 2021, 32(7): 3083-3097.

(8] ZFREN, 1215 . 2T M-estimator I E-RETE %2 RS
[J]. il 5Pk, 2023, 38(4): 1039-1046.

GUO Wei, XU Tao. M-estimator-based robust broad
learning system [J]. Control and Decision, 2023, 38
(4): 1039-1046. (in Chinese)

(9] B4, BRZEIK . ) SCR S AR DGR 19 38 1 D 5

AR, 2021, 37(8): 1378-1383.
ZHAO Haiquan, CHEN Yida. Generalized maximum to-
tal correntropy adaptive filtering algorithm [J]. Journal of
Signal Processing, 2021, 37(8) : 1378-1383. (in Chi-
nese)

[10] R, B4 . BT B IR G AH DGR HE U (1 3 5l 1
PR ] 5S4, 2020, 36(6): 942-947.
SONG Pucha, ZHAO Haiquan. Active noise control algo-
rithm based on maximum mixture correntropy criterion [7].
Journal of Signal Processing, 2020, 36 (6) : 942-947. (in
Chinese )

[11] CHEN Badong, XING Lei, ZHAO Haiquan, et al. Gener-
alized correntropy for robust adaptive filtering [J]. IEEE
Transactions on Signal Processing, 2016, 64(13) : 3376-
3387.

[12] ERDOGMUS D, PRINCIPE J C. An error-entropy mini-



o511 H

B4 A5 BT SRR AR HE U 1) FEJE 2 ) R G0 1963

[13]

[14]

[15]

[16]

[17]

mization algorithm for supervised training of nonlinear
adaptive systems [J]. IEEE Transactions on Signal Pro-
cessing, 2002, 50(7): 1780-1786.

CHEN Badong, ZHU Yu, HU Jinchun. Mean-square con-
vergence analysis of ADALINE training with minimum er-
ror entropy criterion [J]. IEEE Transactions on Neural
Networks, 2010, 21(7): 1168-1179.

ALGHAMDI M A, PETRUSEL A, SHAHZAD N. Cor-
rection: A fixed point theorem for cyclic generalized con-
tractions in metric spaces[ J]. Fixed Point Theory and Ap-
plications 2012, 2012(1): 122-122.

CHEN Badong, WANG Jianji, ZHAO Haiquan, et al.
Convergence of a fixed-point algorithm under maximum
correntropy criterion[ J]. IEEE Signal Processing Letters,
2015, 22(10): 1723-1727.

HERAVI A R, ABED HODTANI G. A new robust fixed-
point algorithm and its convergence analysis [ J]. Journal of
Fixed Point Theory and Applications, 2017, 19(4) : 3191-
3215.

CHEN Badong, XING Lei, WANG Xin, et al. Robust

learning with kernel mean p-power error loss [J]. IEEE

Transactions on Cybernetics, 2018, 48(7): 2101-2113.

[18] GUO Yu, WANG Fei, CHEN Badong, et al. Robust

echo state networks based on correntropy induced loss

function[J ]. Neurocomputing, 2017, 267: 295-303.

EEEN

BEE 197449 M AL
B 2C I K2 R LR B A, A
S, EBRF T I G A
TR L,

E-mail: hqzhao@swjtu. edu. ¢n

Bt 2 Y ,1997 AL A, PO
RS KA R TR B o8 2L R 9SO
) B BE 2 2] R GG L H IR
E-mail: 17695794976@163. com



