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M-estimator-based robust broad learning system

GUO Weit2?t, XU Tao®

(1. Jiangsu Provincial Key Constructive Laboratory for Big Data of Psychology and Cognitive Science, Yancheng
Teachers University, Yancheng 224002, China; 2. College of Information Engineering, Yancheng Teachers
University, Yancheng 224002, China; 3. College of Computer Science and Technology, Nanjing University of
Aeronautics and Astronautics, Nanjing 210016, China)

Abstract: The broad learning system (BLS) is an accurate and efficient machine learning algorithm proposed recently,
which has shown excellent performance in classification, regression and other problems. However, the traditional BLS
takes least squares as learning criterion, which is prone to be affected by outliers and thus generates inaccurate learning
models. To solve this problem, this paper proposes a robust broad learning system (RBLS) based on an M-estimator.
Different from the BLS, the RBLS uses a robust M-estimator cost function to replace the traditional least squares cost
function in the learning model, and adopts the Lagrange multiplier method and the iteratively reweighted least squares
method to seek for an optimal solution. In the iterative learning process, the normal sample and the outlier sample will be
reversely assigned different weights according to the size of their training errors, so as to effectively suppress or eliminate
the adverse effects of the outlier residual on the learning model. Experimental results show that, as a unified robust
learning framework, the RBLS can combine different M-estimator weighting strategies and achieve better generalization
performance and robustness than the comparison algorithms.

Keywords: broad learning system; outliers; robustness; M-estimator; iteratively reweighted least squares; Lagrange
multiplier
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:HA N 1R] 3548 & brife jﬁA e 8] S48 4 bt jﬁA T 1] $A34H & ot jﬂA I 18] 4048 & by
. () #/1072 - (s) %/1072 - (s) #/1072 - (s) %/1072
Abalone
BLS (12,2,200, —2) 0.05 7.58 £0.02 (12,2,140,—1)0.02 8.83+£0.03  (2,8,40,4) 0.0210.16+0.15 (2,20,180,5) 0.06 10.34 +0.08
FBLS (2,10,78,—10)0.17 7.55+0.02 (19,5,3,—4) 0.22 8.80+0.02 (20,3,9,4) 0.13 9.52+0.06 (19,1,37,4) 0.05 9.47+0.15
Huber-RBLS  (12,2,200, —2) 0.19 7.65 +0.02 (12,2, 140, —2) 0.13 7.610.04 (14,2,160, —1)0.15 7.92+0.02 (16,2,110,—1) 0.10 8.93 +0.04

Bisquare-RBLS (12, 2,200, —2) 0.21
Cauchy-RBLS (12,2,200, —2) 0.20

7.83£0.02

7.67£0.02 (12,2, 140, —2) 0.13

(12,2,90,—3) 0.08 7.77£0.03

(12,2,90, —3) 0.08 7.65+0.04

7.62£0.03 (14,2,160,—1)0.15 7.69 £ 0.02

(12,2,140,—2) 0.13 7.61 +0.03
(18,2,170,—1) 0.18 8.24+0.04

Basketball
BLS (14,4,20,—1) 0.01 7.484+0.28 (2,6,180,1) 0.01 7.714+0.10 (18,20,10,3) 0.03 8.55+0.11 (18,14,10,3) 0.03 8.854+0.19
FBLS (1,6,1,—10) 0.02 6.87+0.05 (1,9,1,—10) 0.03 7.26+0.11 (1,1,9,—4) 0.011034+0.26 (1,1,57,—5) 0.0112.224+0.54
Huber-RBLS  (14,4,20,—1) 0.01 7.56 +0.29 (16,16,10,0) 0.03 7.58 +0.26 (18,20,10,2) 0.04 8.294+0.06 (12,18,10,2) 0.03 8.38 +0.09
Bisquare-RBLS (16, 14,10, —1) 0.03 7.63 £0.24 (16,16,10,0) 0.03 7.63 +£0.20 (6,4,10,—1) 0.01 7.734+0.15  (4,4,40,0) 0.01 7.54+0.25
Cauchy-RBLS (14,4,20,—1) 0.01 7.604+0.30 (16,16,10,0) 0.03 7.554+0.23 (8,14,10,0) 0.03 8.174+0.24 (18,18,10,2) 0.03 8.264+0.08
Bodyfat
BLS (4,6,10,—10) 0.01 0.474+0.04 (20,4,10,0) 0.01 4.934+0.28 (6,20,20,1) 0.03 8.754+0.39 (18,18,10,1) 0.0313.47+£0.15
FBLS (20,8,79,—4) 0.07 0.46+0.05 (7,10,86,—1) 0.06 4.934+0.19 (2,10,56,—1) 0.04 8.844+0.65 (1,10,76,—2) 0.03 12.99 £ 0.40
Huber-RBLS  (4,6,40,—7) 0.02 0.194+0.03 (4,6,10,—8) 0.01 0.3240.05 (4,6,10,—5) 0.01 0.384+0.06 (6,20,10,—1) 0.04 1.68 4+0.28
Bisquare-RBLS (4,6,40,—7) 0.02 0.20+£0.03 (4,8,40,—5) 0.02 0.24£0.06 (4,6,30,—9) 0.01 0.23+0.06 (10,16,10,—4) 0.04 0.40 4 0.06
Cauchy-RBLS (4,4,50,—10) 0.01 0.18+0.02 (4,8,40,—6) 0.02 0.21+0.04 (4,6,30,—10) 0.01 0.23+0.06 (10,16,10,—5) 0.04 0.39 +0.06
Cleveland
BLS (4,14,190,2) 0.03 12.11 £0.06 (4,14,190,2) 0.03 12.41 £0.10 (4,14,20,3) 0.0212.66+0.15 (2,6,40,3) 0.01 12.67 £0.09
FBLS (3,7,73,—1) 0.0412.06+£0.27 (3,2,72,—2) 0.01 12.38+0.34 (16,3,4,2) 0.0312.70+0.11 (20,3,2,2) 0.0312.64+0.15
Huber-RBLS  (2,10,50, —1) 0.02 12.21 £0.16 (4,12,90,1) 0.03 12.06 =0.11 (4,12,90,1) 0.0312.41 +£0.10 (4,20,40,3) 0.04 12.63 £0.10
Bisquare-RBLS (4,16,90,1) 0.0412.334+0.13 (4,12,180,1) 0.04 12.08 +0.13 (4,16,140,1) 0.0412.27+0.18 (4,4,120,3) 0.01 12.63 £0.20
Cauchy-RBLS  (4,16,90,1) 0.0312.224+0.12 (4,12,180,1) 0.0412.004+0.13 (4,12,90,1) 0.0312.36£0.09 (4,4,120,3) 0.0112.61+0.20
Housing
BLS (6,12,190,—1) 0.02 8.424+0.24 (20,2,200,0) 0.01 10.21 +0.39 (20,2,140,1) 0.01 14.21 +0.30 (16,10,190,2) 0.02 16.59 +0.31
FBLS (19,9,56,—3) 0.09 8.024+0.33 (1,10,67,—7) 0.04 10.38 £0.61 (2,9,62,—4) 0.0513.974+0.55 (3,9,31,—3) 0.06 16.46+0.51
Huber-RBLS  (8,8,150,—2) 0.05 8.73 £0.52 (12,2,200, —2) 0.05 9.23+0.69 (20,12,80,1) 0.08 10.80 +0.42 (18,8,200,1) 0.10 11.38 £0.48

Bisquare-RBLS (8, 8,130, —3) 0.0510.30 4+ 0.85 (8,4, 180, —2) 0.0510.41 +0.71
Cauchy-RBLS (8,8,150,—2) 0.05 9.58+0.78 (8,8,150, —2) 0.05 9.74 £0.95

(14, 18,200, 1) 0.14 10.64 & 0.41 (10, 10, 190, —1) 0.08 10.27 & 0.76
(18,6,120,1) 0.0510.50 +0.35 (10,4, 140, —1) 0.03 10.48 = 0.91

Mortgage
BLS (16,6,200, —3) 0.02 0.50 £0.02 (6,10,10,1) 0.02 522£0.06 (20,18,10,3) 0.05 8.27£0.06
FBLS (19,8,62,—6) 0.14 0.524+0.02 (2,10,17,—2) 0.07 526 £0.09 (1,7,100,—2) 0.04 8.43 £0.08
Huber-RBLS  (18,6,170,—3) 0.11 0.49 £0.04 (14,2,140,—4)0.04 0.55+0.04 (20,2,180,—3)0.07 0.59 + 0.02
Bisquare-RBLS (18, 6,170, —3) 0.12 0.53 4+ 0.04 (16,2,200, —4) 0.08 0.57 +0.07 (20,2, 180, —4) 0.08 0.54 +0.03
Cauchy-RBLS (18,6,170,—3) 0.11 0.494+0.04 (20,2,180, —4)0.07 0.49+0.04 (16,6,200,—3)0.11 0.51+0.04

(20,4,10,3) 0.01 12.0540.16
(2,2,1,2)  0.0210334+1.29
(10,4, 140, —1) 0.05 1.06 = 0.04
(6,10, 160, —4) 0.08 0.63 £ 0.03
(18,6,170,—3) 0.12 0.56 +0.04

Pyrim
BLS (2,10,70,—3) 0.02 9.24+2.12 (14,18,180,3) 0.0313.17£0.37 (16,4,150,3) 0.01 12.94+£0.53 (14,2,120,3) 0.01 13.27+£0.43
FBLS (3,4,84,—5) 0.02 6.99+1.23 (1,6,93,—7) 0.0212.19+2.50 (15,10,5,2) 0.0615.56£0.38 (12,9,5,2) 0.0515.33 +0.51
Huber-RBLS  (2,10,70, —4) 0.02 9.31+2.20 (18,2,10,—3) 0.01 11.36 £2.28 (8,6,130,2) 0.01 12.65+0.64 (14,18,180,3) 0.04 13.03 £0.31
Bisquare-RBLS (2,12, 10, —5) 0.02 9.90+2.70 (4,6,180,0) 0.01 11.56 +0.72 (4,8,190,0) 0.0211.41£0.55 (4,4,170,0) 0.01 11.4040.77
Cauchy-RBLS (2,10,70,—9) 0.02 9.66 +1.86 (18,2,10,—3) 0.01 10.56 +-2.84 (16,4,100,0) 0.01 11.77+0.57 (4,14,190,0) 0.03 11.50 £ 1.43

Strike
BLS (4,12,200,0) 0.0210.13£0.06 (4,18,30,4) 0.0310.62+£0.01 (2,4,50,4) 0.0110.60+£0.03 (4,12,200,5) 0.0210.61£0.02
FBLS (5,7,79,—7) 0.0510.164+0.09 (8,1,14,3) 0.0110.834+0.04 (14,2,94,4) 0.0210.83+0.01 (4,1,4,3) 0.0110.83 +0.05
Huber-RBLS (4, 14,180, —3) 0.06 9.99 +0.08 (4,10, 120, —2) 0.04 10.01 £ 0.07 (4, 14,200, —1) 0.07 9.97+0.04 (6,16,190,1) 0.08 10.31 +0.08

Bisquare-RBLS (4, 8,200, —4) 0.06 10.08 4= 0.13 (6, 18,190, —2) 0.09 10.11 £ 0.12 (4, 14,200, —3) 0.08 10.11 £ 0.16
Cauchy-RBLS (4, 14,200, —3) 0.08 10.03 4= 0.09 (4, 12, 150, —3) 0.06 10.02 £ 0.11 (6, 14,190, —2) 0.09 10.00 = 0.06

(4,12,130, —2) 0.06 10.08 == 0.06
(4,12,200, —1) 0.07 9.96 +0.06

Weather [zmir

BLS (6,2,160,—3) 0.01 1.93+£0.02 (8,6,180,2) 0.02 5.510.07 (6,18,200,3) 0.04 9.81 4 0.07
FBLS (20,9,87,—4) 0.17 1.93+£0.01 (3,10,2,—1) 0.10 54940.08 (8,7,3,3) 0.10 9.28 +0.31
Huber-RBLS  (6,4,200, —2) 0.08 1.9240.02 (8,6,190, —1) 0.08 1.94 +0.02 (6,4,200, —1) 0.08 2.12 = 0.03

Bisquare-RBLS (8,4,150, —2) 0.06 1.93 £0.02
Cauchy-RBLS  (6,4,200, —2) 0.08 1.924+0.02

(6,4,200, —2) 0.08 1.94 % 0.02
(6,4,200, —2) 0.09 1.9240.02

(6,4,200, —2) 0.09 1.94 % 0.02
(8,2,160,—2) 0.06 1.95 +0.02

(4,14,190,4) 0.03 12.350.63

(3,8,1,3)  0.08 9.5940.45
(8,2,180,—1) 0.08 2.54 % 0.06
(6,2,130,—3) 0.05 1.93+0.02
(8,2,160,—2) 0.06 1.95 4 0.02




% 4 H 5 B F: A T M-estimator 89 & #5525 2 4% 1045
4 RERTEFIIBIEE A 88 —— Huber-RBLS
Bisquare-RBLS
I} 1] F7 37 WERFEA  WRFEA BRHEANE (d,7) —— Cauchy-RBLS
Mackey-Glass 1000 500 8 a7, 1)
Rossler 1500 500 13 (1,95

o TR B A A A () 3 270 B 4, 40 il Ao
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FSEI8 S50k B 5 5 3.1 3 e M ), &R 31
s P2 U 2H A R0 IR 2 R I R 8] (1)~ 354 Tt
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#*5 EMEZERBFTISIEE LN
WIZRET B F00iK RMSE

JlZx X RMSE
ZHHE HFE) M £ hrdEE
(s) (107°)

I 18] 41 A7

BLS (12,2,90,—4) 0.0l  7.714+0.64

FBLS (20,10,90, —4) 024  7.1240.33

M(a;key' Huber-RBLS  (16,2,190, —10) 0.09  1.2140.19
s Bisquare-RBLS (12, 14,30,—7) 0.09 0.69 +0.21
Cauchy-RBLS  (8,8,190,—5) 0.1l  0.7740.11

BLS (10,18,10,0)  0.04  6.464+1.56

FBLS (1,9,98,—6)  0.04 5234036

Rossler Huber-RBLS (10,18,10,—1)  0.06 2.76 +£0.15
Bisquare-RBLS  (12,18,10,0)  0.07  2.7940.14
Cauchy-RBLS  (14,20,10,—1) 0.10 2784032
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