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Abstract: 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 M-estimator.
Different from 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, RBLS can combine different M-estimator weighting strategies and achieve better
generalization performance and robustness than the comparison algorithms.
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Bodyfat Huber-RBLS (4,6,40,-7)  0.02  0.19+0.03  (4,6,10,-8) 0.01 0.32+£0.05  (4,6,10,-5) 0.01 0.38£0.06  (6,20,10,-1) 0.04 1.68+0.28
Bisquare-RBLS ~ (4,6,40,-7) 0.02  0.20:0.03  (4,8,40,-5) 0.02 0.24x0.06  (4,6,30,-9) 0.01 0.23+0.06 (10,16,10,-4) 0.04 0.40+0.06
Cauchy-RBLS ~ (4,4,50,-10) 0.01 0.18+0.02  (4,8,40,-6) 0.02 021+0.04  (4,6,30,-10) 0.01 0.230.06 (10,16,10,-5) 0.04 0.39+0.06
BLS (4,14,190,2) 0.03 12.11£0.06  (4,14,190,2) 0.03 12.4140.10  (4,14,20,3) 0.02 12.66:0.15 (2,6,40,3)  0.01 12.67+0.09
FBLS (3,7,73,-1)  0.04 1206027  (3,2,72,2) 0.01 1238034  (16,3,42) 0.03 12.70£0.11 (20,3.2,2)  0.03 12.64+0.15
Cleveland 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) 0.03 12.410.10  (4,20,40,3) 0.04 12.63+0.10
Bisquare-RBLS  (4,16,90,1) 0.04 12.33+0.13  (4,12,180,1) 0.04 12.08+0.13  (4,16,140,1) 0.04 1227+0.18  (4,4,120,3) 0.01 12.63+0.20
Cauchy-RBLS  (4,16,90,1) 0.03 12.22+0.12  (4,12,180,1) 0.04 12.00£0.13  (4,12,90,1) 0.03 12.36£0.09  (4,4,120,3) 0.01 12.61+0.20
BLS (6,12,190,-1) 0.02 8.42+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 8.02+0.33  (1,10,67,-7) 0.04 10.38+0.61  (2,9,62,-4) 0.05 13.97+0.55  (3,9,31,-3) 0.06 16.46+0.51
Housing 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) 0.05 10.30+0.85  (8,4,180,-2) 0.05 10.41x0.71 (14,18,200,1) 0.14 10.64+0.41 (10,10,190,-1) 0.08 10.27+0.76
Cauchy-RBLS ~ (8,8,150,-2) 0.05 9.58+0.78  (8,8,150,2) 0.05 9.74£0.95  (18,6,120,1) 0.05 10.50£0.35 (10,4,140,-1) 0.03 10.48+0.91
BLS (16,6,200,-3) 0.02  0.50£0.02  (6,10,10,1) 0.02 5.22+0.06  (20,18,10,3) 0.05 8.27+0.06 (20,4,10,3)  0.01 12.05+0.16
FBLS (19.8,62,-6) 0.14 0.52+0.02  (2,10,17,-2) 0.07 5.26+0.09  (1,7,100,-2) 0.04 8.43+0.08 (2,2,1,2)  0.02 10.33+1.29
Mortgage 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  (10,4,140,-1) 0.05 1.06+0.04
Bisquare-RBLS (18,6,170,-3) 0.12  0.53+0.04  (16,2,200,-4) 0.08 0.57+0.07  (20,2,180,-4) 0.08 0.54£0.03  (6,10,160,-4) 0.08 0.63%0.03
Cauchy-RBLS  (18,6,170,-3) 0.11  0.49+0.04  (20,2,180,-4) 0.07 0.49+0.04  (16,6,200,-3) 0.11 0.51£0.04  (18,6,170,-3) 0.12 0.56+0.04
BLS (2,10,70,-3) 0.02 9.24+2.12  (14,18,180,3) 0.03 13.17+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 699123  (1,6,93,-7) 0.02 12.19£2.50  (15,10,52) 0.06 15.56=0.38 (12,9,5,2)  0.05 15.330.51
Pyrim  Huber-RBLS  (2,10,70,-4) 0.02 9312220  (18,2,10,-3) 0.01 11363228  (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) 0.02 11.41+0.55  (4,4,170,0) 0.01 11.40+0.77
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
BLS (4,12,200,0) 0.02 10.13£0.06  (4,18,30,4) 0.03 10.62+0.01  (2,4,50,4) 0.01 10.60+0.03  (4,12,200,5) 0.02 10.61+0.02
FBLS (5,7,79,-7)  0.05 10.16+0.09  (8,1,143) 0.01 10.83£0.04  (14,2,94,4) 0.02 10.83+0.01 (4,1,43) 001 10.83+0.05
Strike  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 10.310.08
Bisquare-RBLS  (4,8,200,-4) 0.06 10.08+0.13  (6,18,190,-2) 0.09 10.11+0.12  (4,14,200,-3) 0.08 10.11£0.16  (4,12,130,-2) 0.06 10.08+0.06
Cauchy-RBLS  (4,14,200,-3) 0.08 10.03£0.09  (4,12,150,-3) 0.06 10.02£0.11  (6,14,190,-2) 0.09 10.00£0.06  (4,12,200,-1) 0.07 9.96+0.06
BLS (6,2,160,-3) 0.01 1.93+0.02  (8,6,180,2) 0.02 5.51£0.07  (6,18,200,3) 0.04 9.8120.07  (4,14,190,4) 0.03 12.35+0.63
Weather FBLS (20,9,87,-4) 0.17  1.93+0.01 (3,10,2,-1)  0.10  5.49+0.08 (8,7,3,3)  0.10 9.28+0.31 (3,8,1,3)  0.08 9.59+0.45
Izmir Huber-RBLS ~ (6,4200,-2) 0.08 1.92+0.02  (8,6,190,-1) 0.08 1.94+0.02  (6,4,200,-1) 0.08 2.12£0.03  (8,2,180,-1) 0.08 2.54+0.06
Bisquare-RBLS  (8,4,150,-2) 0.06 1.93£0.02  (6,4,200,-2) 0.08 1.94£0.02  (6,4,200,2) 0.09 194+0.02  (6,2,130,-3) 0.05 1.9320.02
Cauchy-RBLS  (6,4,200,-2) 0.08 1.92+0.02  (6,4,200,-2) 0.09 1.92+0.02  (8,2,160,-2) 0.06 1.95+0.02  (8,2,160,-2) 0.06 1.95+0.02
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BLS (12,2,90,-4)  0.01 7.71+£0.64
FBLS (20,10,90,-4) 0.24 7.12+0.33
Mackey- Huber-RBLS (16,2,190,-10)  0.09 1.21+0.19
Glass Bisquare-RBLS (12,14,30,-7)  0.09 0.69+0.21
Cauchy-RBLS (8,8,190,-5)  0.11 0.77+0.11
BLS (10,18,10,0)  0.04 6.46+1.56
FBLS (1,9,98,-6) 0.04 5.23+0.36
Rossler  Huber-RBLS (10,18,10,-1)  0.06 2.76+0.15
Bisquare-RBLS  (12,18,10,0)  0.07 2.79+0.14
Cauchy-RBLS ~ (14,20,10,-1)  0.10 2.78+0.32
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