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Abstract Deep stochastic configuration network (DSCN) is an randomized incremental learning model,
it can start from a small structure, increase the nodes and hidden layers gradually. As the input weights and
biases of nodes are assigned according to supervisory mechanism, meantime, all the nodes in hidden layer
are fully connected to the outputs, the output weights of DSCN are determined through the least square
method. Therefore, DSCN has the advantages of less manual intervention, high learning efficiency, strong
generalization ability. However, although the randomized feedforward learning process of DSCN has faster

efficiency, the feature learning ability is still insufficient. In the meantime, with the increase of nodes and
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hidden layers, it is easy to lead to overfitting phenomenon. When solving regression problems with noise,
the performance of original DSCN is easily affected by outliers, which reduces the generalization ability of
the model. Therefore, to improve the regression performance and robustness of DSCN, weighted deep sto-
chastic configuration networks (WDSCN) based on M-Estimator functions are proposed. First of all, we
adopt two common M-estimator functions (i.e., Huber and Bisquare) to acquire the sample weights for re-
ducing the negative impact of outliers. When the sample has a smaller training error, give this sample a lar-
ger weight, while when the training error of sample is larger, it is determined to be outlier data and give this
sample a smaller weight. The sample weight decreases monotonically with the increase of the absolute
value of the error, thus reducing the influence of noisy data onto the model and improving the generaliza-
tion of the algorithm. Meanwhile, the weighted least square method and L, regularization strategy are in-
troduced to calculate output weight vector replace the least square method. It can not only solve the noisy
data regression problems and avoid over-fitting problem of DSCN. In the second place, the model based on
L, regularization is helpful to extract sparse features and improve the accuracy of supervised learning, for
further improve the representation ability of WDSCN, a stochastic configuration sparse autoencoder
(SC-SAE) is designed, SC-SAE use the supervision mechanism of DSCN to assign input parameters, at the
same time, we adopt the L, regularization technique to objective function for getting sparse features, alter-
nating direction method of multipliers (ADMM) approach is utilized to solve the objective function for de-
termining the output weights of SC-SAE. And then, as the randomness encoding process of SC-SAE, we
can obtain the diversity of features of different SC-SAE models, consequently effective feature representa-
tion can be acquired through fusion features from multiple SC-SAE for the training of WDSCN. Finally,
experimental results on real-world datasets show that the proposed WDSCN-Huber and WDSCN-Bisquare
have higher generalization performances and regression accuracies than DSCN, SCN, and other weighted
models (e.g., RSC-KDE, RSC-Huber, RSC-IQR, RDSCN-KDE, WBLS-KDE and RBLS-Huber). But in the
meantime, the results of ablation experiment show that WDSCN with fusion sparse features which exacted
from multiple different SC-SAE models are superior to those models with fusion sparse feature. Therefore,
it is verified that SC-SAE can extract effective sparse features and improve the learning ability of weighted

models.

Keywords deep stochastic configuration network; noisy data; robustness; regression; random neural
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VAN TR PR X AL AT PR
S(©)=—
1+e

RMSE=, /%ﬁ(y,- gy (30)
i

Krf, 3, FRFEARTIRE; §,RoRFBIEE; N RN
FEARAN 4L

BRI SO0 B 5 A AT

FIT A BT s S B RR (25, 50, 75, 100} ; H
#' DSCN, WDSCN-Huber Fl WDSCN-Bisquare %15
RURE 2 MR 2 280 AEEHEF 2 250 k4
4409, 0.99, 0.999, 0.9999, 0.99999, 0.999999} F/I
{0.5, 1, 5, 10, 30, 50, 100, 150, 200, 250} i€ ; K
fBEE A/ T BEE N 100; TR 22 B N 0.001.

5 DSCN HI RDSCN-KDE Jfith i 3% B AR R
[7] , WDSCN-Huber 1 WDSCN-Bisquare 5| A T J&F
SC-SAE MM B fiE2= ] Salf, Frik2E BB,
SC-SAE RIS HE 145 SC-SAE 42 BURFIF 48 B2 M {1,
2, 3, -, 20N HEATRE. S IGRAT, WBLS-
KDE 7l RBLS-Huber ik B 5 7 55 %50 5 R 55 VR 5K
BEE{1, 2,3, -, 20} BBl P aE A7 0 a2k

W RN R, R B A LG,
DSCN. RDSCN-KDE, WDSCN-Huber 1 WDSCN-
Bisquare, WBLS-KDE #1 RBLS-Huber & T 1E
neye 75};;&?@@%{2730’ 2725’ 2720’ 2715’ 2710’ 275’
2%, MM RI S, HAABRRR S 2% S0k IE
FEE.

KXo X AR A 22 5, 3R 3 WA B 22 b it
A7 17534
42 SWERSH

WDSCN-Huber, WDSCN-Bisquare FIF{ X b
IEAE 5 A ESCEEE 0SR20 ) WL
4~3k 8.

= (29)
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*3 JZREEFUSH

6 10 fhiEBIZE Concrete $iE 4 _E 89N M4 e

S R fl-;U!IJ 1k ﬁfﬁ‘fbﬁfﬁk z'.ﬁj*gwﬁu

gL 2 R ST
SCN 7] x x V
RSC-IQR 2% x x N
RSC-Huber 2% x x ~
RSC-KDE "7 x x y
DSCN 2 J x \/
RDSCN-KDE ¢ x/ x N
WBLS-KDE J \(SAE) x
RBLS-Huber % N V(SAE) x
WDSCN-Bisquare d \(SC-SAE) N
WDSCN-Huber d \(SC-SAE) N

e AR T LG, ASCh DSCN fil RDSCN-KDE 3
JIENAE, SCER[221F0 SCRR[26] 4K 3 K .

AT L 7 R B B (RMSE)

Bk
0 10%  20%  30%  40%
SCN 1" 0.0882 0.0982 0.1039 0.1051 0.1080
RSC-IQR % 0.0923 0.0923 0.0996 0.1057 0.1115
RSC-Huber 2% 0.0875 0.0939 0.0995 0.1036 0.1100
RSC-KDE 1" 0.0909 0.0946 0.0987 0.1007 0.1066
DSCN 22 0.0805 0.0927 0.0967 0.0999 0.1006

RDSCN-KDE P 0.0788 0.0833 0.0889 0.0930 0.0948
WBLS-KDE P! 0.0829 0.0873 0.0921 0.0958 0.0996
RBLS-Huber 4 0.0827 0.0861 0.0909 0.0954 0.1001
WDSCN-Bisquare 0.0750 0.0788 0.0838 0.0909 0.0953

WDSCN-Huber 0.0748 0.0799 0.0835 0.0890 0.0941

F 7 10 MIEBRIZE Stock BIEE _ERYMR M AR
R[] B B 75 R B MR (RMISE)

F= 4 10 #iEBIFE Abalone #iE & AR 1 AE Pk 0 10%  20%  30%  40%
ok AN L M 7R I R (RMISE) SCN [ 0.0318 0.0483 0.0518 0.0554 0.0618

0 10%  20%  30%  40% RSC-IQR 2% 0.0349 0.0361 0.0398 0.0462 0.0557

SCN M 0.0762 0.0780 0.0785 0.0783 0.0808 RSC-Huber 2 0.0340 0.0391 0.0436 0.0478 0.0544
RSC-IQR 2% 0.0780 0.0773 0.0776 0.0779 0.0778 RSC-KDE "7} 0.0352  0.0386 0.0417 0.0479 0.0513
RSC-Huber 2 0.0768 0.0772 0.0763 0.0761 0.0783 DSCN 2 0.0290 0.0437 0.0477 0.0517 0.0559
RSC-KDE " 0.0783 0.0779 0.0782 0.0775 0.0775 RDSCN-KDE P 0.0297 0.0340 0.0370 0.0409 0.0447
DSCN 22 0.0754 0.0762 0.0769 0.0760 0.0773 WBLS-KDE ¥ 0.0321 0.0369 0.0395 0.0417 0.0458
RDSCN-KDE 2 0.0759 0.0750 0.0764 0.0765 0.0771 RBLS-Huber ¥ 0.0320 0.0351 0.0388 0.0430 0.0485
WBLS-KDE % 0.0756 0.0751 0.0759 0.0760 0.0764 WDSCN-Bisquare 0.0290 0.0314 0.0348 0.0396 0.0448

RBLS-Huber 4 0.0752 0.0747 0.0754 0.0754 0.0758
WDSCN-Bisquare 0.0736 0.0740 0.0743 0.0744 0.0754

WDSCN-Huber 0.0293 0.0317 0.0349 0.0385 0.0425

%8 10 #iEEI7E Mortgage $iR & B9 14 g8

WDSCN-Huber ~ 0.0736 0.0741 0.0744 0.0744 0.0746
. AN L 7S R Bl R (RMSE)
#=5 10 FEBEAE Wizmir BUEE LAV 1 AE i 0 10%  20%  30%  40%
. ASTH] A 7R M E (RMSE) SCN 171 0.0053 0.0229 0.0292 0.0379 0.0436
Rk 0 10%  20%  30%  40% RSC-IQR % 0.0055 0.0072 0.0085 0.0105 0.0152
SCN [ 0.0193 0.0295 0.0350 0.0452 0.0507 RSC-Huber ! 0.0054 0.0092 0.0104 0.0136 0.0194
RSC-IQR 2% 0.0185 0.0194 0.0204 0.0210 0.0228 RSC-KDE ! 0.0055 0.0081 0.0095 0.0122 0.0164
RSC-Huber 2% 0.0194 0.0202 0.0210 0.0222 0.0255 DSCN 0.0048 0.0156 0.0185 0.0198 0.0222
RSC-KDE " 0.0185 0.0195 0.0203 0.0223 0.0231 RDSCN-KDE ' 0.0048 0.0060 0.0077 0.0094 0.0120
DSCN 221 0.0185 0.0226 0.0240 0.0254 0.0268 WBLS-KDE P*! 0.0049 0.0063 0.0074 0.0094 0.0111

RDSCN-KDE 24 0.0180 0.0182 0.0190 0.0196 0.0212
WBLS-KDE P*! 0.0178 0.0188 0.0191 0.0200 0.0219
RBLS-Huber P* 0.0177 0.0183 0.0189 0.0205 0.0241
WDSCN-Bisquare 0.0172 0.0172 0.0178 0.0183 0.0196

WDSCN-Huber 0.0173 0.0173 0.0179 0.0184 0.0196

W FR 4~3R 8 WAG, FEMERT LA 0% 1% i
T, ACEHA WDSCN 7E Abalone., Wizmir.
Concrete Fll Mortgage %5 4 NHIEE F IS T L4
H . 7E Stock ¥, WDSCN-Bisquare i PEfE

RBLS-Huber 4 0.0049 0.0064 0.0081 0.0113 0.0156
WDSCN-Bisquare 0.0047 0.0059 0.0073 0.0088 0.0110
WDSCN-Huber 0.0047 0.0061 0.0074 0.0089 0.0109

F1 DSCN AR, oM fcdE, BB T 38 b A7 AF ail
A i WDSCN 38 FHFJ6 5% (8 19 B i [l 9 45 Hs 4.
Bifi 2 V11 25 B0 46 vh s E B ) R BT 4R R, SCN
H1 DSCN A3 1 BEAF AR B W I, U AR
Rz AR 2 Z BB B E A RZ . SR, AR SCHE
[ 2 Flh WDSCN B RUAEAS [ M H A5 1) 5 A58
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Bl

L
&

i 2023 4E

SIS T RAFEEAL, BB MR LB, T
IR I IEARBEAL, TGRSR T %W, #
fe AR R R A

SRR, i#adX) 3 FASA] M-estimator PR
i) WDSCN, WDSCN-Huber 1 WDSCN-Bisquare 2
Pl AU Y REAS 45 =y DSCN BEAYf)& #E:, FLEEZEAS
(] M 7 L) T 18 I s B b AR B A S S, o
WDSCN-Bisquare U5 17 W45 8 (&35 &
#5459 ). WDSCN-Huber #4513 WifEL5 R ( &If
GIEAESE R ) - AR LR ST S5 R4S, FEME S [
124 30%H1 40%Hf, WDSCN-Bisquare HUi5 4 ¥
FEZE R (I A fE45 K ), WDSCN-Huber 35453 8
WEAESE R (FIFP RS ), WHMEELTF
Bisquare PR%X, Huber pRETHE S XT 15 25 K B FEA HEA T
TAL, FififE MRS LB R 2, A e e A e
4.3 HEASLIE

T U R AR A R, AR HEAT T I A
528, Hiep WDSCN-Bisquare #1 WDSCN-Huber 1
F R LARAR; WDSCN-Bisquare*#il WDSCN-Huber*
KASCHR[17, 19, 20, 26 E AT X, H AR
SC-SAE #EATHR B FRAE 2% ( Ay ik 22 AR A 3 40
A, RECT IENfE S %0 ); WDSCN-Bisquare** |
WDSCN-Huber** il J7 xCF1 WDSCN-Bisquare ,
WDSCN-Huber #f[d] , {HA R H] SC-SAE #47#i i 4
fiE2z 2], HARSCEG S5 5 WL 9~3 13,

Witk 9~k 13 1§, WDSCN-Bisquare #

#9 6MIEATE Abalone HIESE £ AN 1EAE
ARSI He e R I PERE (RMSE)

NN
0 10% 20% 30% 40%
WDSCN-Bisquare*  0.0750 0.0753 0.0753 0.0756 0.0766
WDSCN-Huber* 0.0746 0.0751 0.0762 0.0756 0.0760
WDSCN-Bisquare** 0.0753 0.0757 0.0759 0.0761 0.0766
WDSCN-Huber** 0.0747 0.0750 0.0761 0.0750 0.0762
WDSCN-Bisquare 0.0736 0.0740 0.0743 0.0744 0.0754
WDSCN-Huber 0.0736 0.0741 0.0744 0.0744 0.0746

%= 10 6 FEBIAE Wizmir BIEE _E a9 M AE
R e 7 R R B (RMSE)

A7
0 10% 20% 30% 40%
WDSCN-Bisquare* 0.0180 0.0182 0.0189 0.0198 0.0208
WDSCN-Huber* 0.0179 0.0190 0.0196 0.0205 0.0215
WDSCN-Bisquare** 0.0179 0.0185 0.0191 0.0194 0.0206
WDSCN-Huber** 0.0182 0.0185 0.0189 0.0196 0.0203
WDSCN-Bisquare 0.0172 0.0172 0.0178 0.0183 0.0196
WDSCN-Huber 0.0173 0.0173 0.0179 0.0184 0.0196

=11 6 #IEEIFE Concrete $4E & A0 14 g
TR He A T A I BE (RMISE)

(RS
0 10% 20% 30% 40%
WDSCN-Bisquare*  0.0784 0.0831 0.0915 0.0942 0.1005
WDSCN-Huber* 0.0767 0.0828 0.0868 0.0937 0.0948
WDSCN-Bisquare** 0.0772 0.0826 0.0876 0.0916 0.0996
WDSCN-Huber** 0.0790 0.0833 0.0876 0.0919 0.0967
WDSCN-Bisquare 0.0750 0.0788 0.0838 0.0909 0.0953
WDSCN-Huber 0.0748 0.0799 0.0835 0.0890 0.0941

=12 6FEBIE Sock HIBE F AR M RE
R[] e e 7 R R P RE (RMSE)

RPN
0 10% 20% 30% 40%
WDSCN-Bisquare*  0.0294 0.0328 0.0379 0.0432 0.0492
WDSCN-Huber* 0.0291 0.0349 0.0397 0.0433 0.0483
WDSCN-Bisquare**  0.0305 0.0324 0.0366 0.0417 0.0472
WDSCN-Huber** 0.0307 0.0333 0.0362 0.0412 0.0447
WDSCN-Bisquare 0.0290 0.0314 0.0348 0.0396 0.0448
WDSCN-Huber 0.0293 0.0317 0.0349 0.0385 0.0425

%= 13 6 MIRAIE Mortgage E3ESE £ 14 A8
ASTR] He A R B IR BE (RMSE)

(IR
0 10% 20% 30% 40%
WDSCN-Bisquare*  0.0047 0.0062 0.0078 0.0098 0.0113
WDSCN-Huber* 0.0045 0.0073 0.0093 0.0110 0.0134
WDSCN-Bisquare** 0.0047 0.0060 0.0076 0.0088 0.0111
WDSCN-Huber** 0.0049 0.0063 0.0078 0.0089 0.0109
WDSCN-Bisquare 0.0047 0.0059 0.0073 0.0088 0.0110
WDSCN-Huber 0.0047 0.0061 0.0074 0.0089 0.0109

WDSCN-Huber 7 Abalone. Wizmir. Concrete Al
Stock HHUSERAREE R ; 7E Mortgage $dli g, 1
ALK 0 i, WDSCN-Huber*figflt; M L5 N
40%M, WDSCN-Huber** il WDSCN-Huber /.

5 it [A ¥, WDSCN-Bisquare** , WDSCN-
Huber** A1 [t F WDSCN-Bisquare* fil WDSCN-
Huber* B A PERE R A , 78 MM H &, WDSCN-
Bisquare**fl1 WDSCN-Huber**HUf% 16 WK et
(& IFH eSS 5 ), WDSCN-Bisquare* il WDSCN-
Huber* it 11 R AEL R (& IF0 iS5 R ), 3
BT 6% T ANAY 2R HAH H T @ 3 A BE A% T - M
AR L A1 MR 75 71 T S e

25 EAr T A SCRTINA )y 2 H 5L T SC-SAE
) I AR U B2 B il T 1 R T A e Ak 3 MR 7 4
W, PEm A B
44 REMKRIE

R BT H AY WDSCN-Bisquare #1 WDSCN-
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Huber #5785 A AR CBIRL 2 (W] 9 B 35 25 5, BEHR
A4~ 8 P 10 AMEAVEA R M S LR Y 5 AL
PEAE B9 R 22 9517 Friedman F1 post hoc Nemenyi
K728 Hodr i Bk S0 25 LAY Friedman A2 56
255 p A/ T 0.05, ULHISCIR S SRR e B
25, k4, WDSCN-Bisquare 1 WDSCN-Huber £
55 %F LA A Y post hoc Nemenyi {25 P46 56 45 1
m=E 14 s, NFE 14 \TLLE N, B RDSCN-KDE

4, WDSCN-Bisquare 1 WDSCN-Huber 5% 5 H ¢
ARG R ES /N T 0.05, TEIAHE AR A S
HAAERIAE 5% 4 25 P K SF A7 2 vE 22 5

T ERE IR AR, FESC S, kS RDSCN-
KDE i &, AHI T IERMS 5. ek, RE
WDSCN-Bisquare Il WDSCN-Huber i %! 5 RDSCN-
KDE BERURNAETE i 25 5%, (HUE g2 R T
RDSCN-KDE.

T 14 BEMERE

SCN RSC-IQR RSC-Huber RSC-KDE  DSCN RDSCN-KDE WBLS-KDE RBLS-Huber
WDSCN-Bisquare 0.001 0.001 0.001 0.001 0.001 0.244 0.013 0.023
WDSCN-Huber 0.001 0.001 0.001 0.001 0.001 0.383 0.029 0.048

45 ZHISHh

Rt — A B R AR R R A A b, AR UCT

( UCI Machine Learning Repository ) "BEGEFR & H,

J~ ( Combined Cycle Power Plant, CCPP ) #{#E X Ff,
J /N L B A T RN

IZEAREERE TR TG KT 2006 4:~2011
AEIA] Y 9568 AMNFEAKE , £ B G/ (134 %
HLREE . PSR Ty . AR . F S HE
REZFH 4 MReiEZ s, HpREE 181 C
~37.11 ‘CZ[a], ¥REE%E JI7E 992.89~1033.30 mbar 2
6], AR EEAE 25.56%~100.16%2 8], S E 20
Fl 25.36~81.56 CM K #f. /NI B8 i 76
420.26~495.76 MW Z[H].

BT U S AR AR A B S 4.2
A, SRR 75%RBEA AR IR B, 25%
BYREAS 5 A R 3 %% , WDSCN-Huber, WDSCN-
Bisquare FIAHSEXT LA ILAE CCPP %4k 4 L - F- 44
W35 22 43 L 3% 15.

Wit 15 144, WDSCN-Bisquare 1 WDSCN-
Huber XF TEA G & LT /N i i 4 o 300
SRR FH X A%, WDSCN-Huber PRETE
fE. Hidr, & MR LG R 3m, /R4 RDSCN-
KDE 5| A T IENWLFEnE, B & 2 E0R 5 m,
A ELF RSC-KDE HEREFETHA L. WDSCN- Bis-
quare F1 WDSCN-Huber >k HI# it 8 1iE 52 %5 fil -
5 WDSCN AR T R 4 (4 Fou il 4 g 5 4 e k|
HE— 2 BIE T R S A S

Zi ik, WDSCN REWSAE %O FH T 1E % £
S8 BR AL T | JET M-estimator PRZHIAF IE )

(D UCI Machine Learning Repository, https:/archive.ics.uci.edu/
ml/index.php

15 10 #iiRBIfE CCPP #iB&E Loyt 1 At
R[] e A5 e 7 R R R (RMSE)

7S

0 10%  20%  30%  40%
SCN M 0.0535 0.0555 0.0558 0.0565 0.0569
RSC-IQR % 0.0541 0.0548 0.0549 0.0551 0.0556
RSC-Huber 2% 0.0543 0.0549 0.0552 0.0557 0.0556
RSC-KDE !"! 0.0542 0.0546 0.0549 0.0552 0.0558
DSCN 2 0.0540 0.0823 0.1244 0.1722 0.2190
RDSCN-KDE ¢ 0.0528 0.0545 0.0544 0.0550 0.0555
WBLS-KDE [ 0.0532  0.0532 0.0537 0.0540 0.0550

RBLS-Huber ¥
WDSCN-Bisquare
WDSCN-Huber

0.0518 0.0520 0.0527 0.0532 0.0539
0.0510 0.0515 0.0520 0.0526 0.0530
0.0510 0.0514 0.0519 0.0524 0.0529

AW 5] A28 T R0 137 A e
5 %3RiE

ARSCER X5 A S8 (B A AN 2 E5 [0 0 )
P T HT M-estimator PR AYINAL IR BE BEHLAC &
M2, HH WDSCN R ZANAN[a] 1 AL AC & 6
H4ihS 4% ( SC-SAE ) BAMNLIE IR S Ak H-al &, IF
1 KEEL [EEEE BT T LK 500E. 250458
ZFW], LT Huber Al Bisquare JIACHI IF W Ak 5 W% 1
WDSCN  REfE A 850 4b B[] M 75 L A51) B9 AS At 5080
AT, sofik DSCN RS HBEHLACE . XTIl 2k
AR 558 1717 S B A AR A AL PR REAR L A 4Bl 5 A ]
B, MItLF DSCN. SCN. RSC-KDE, RSC-IQR,
RSC-Huber . RSCN-KDE . BLS-Huber f1 BLS-
Bisquare A5 #1518 HA 0TS ) a9 PERE. 5 ]A]
B, THALSEIEE IR, 5 ARMBFIER WDSCN
T B> SC-SAE FRAFHR H A58 A 5 A T & 19 1]
KRS RS, BOUE T T SC-SAE $2BUSHE I Fl-& 104
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Background

Stochastic configuration network (SCN) is an incre-
mental neural network, It assigns the input weights and bi-
ases of nodes in hidden layer according to supervision
mechanism. Deep stochastic configuration network (DSCN)
is a deep version of SCN, it can start from a small structure,
increase the nodes and hidden layers gradually. All the
nodes in hidden layer are fully connected to the outputs, the
output weights of DSCN are determined through the least
square method.

However, although the randomized feedforward lear-
ning process of DSCN has faster efficiency, the feature
learning ability is still insufficient. In the meantime, with
the increase of nodes and hidden layers, it is easy to lead to
overfitting phenomenon. When solving regression problems
with noise, the performance of original DSCN is easily af-
fected by outliers, which reduces the generalization ability
of the model.

Nowadays, the existing research of robust stochastic
configuration network (RSCN) and deep stochastic con-
figuration (RDSCN) mainly focus on the weight mode, ig-
nore the risk of over-fitting and lack of feature learning
ability. Aiming at enhancing uncertain data regression ac-
curacy and robustness of DSCN, weighted deep stochastic
configuration networks (WDSCN) based on M-Estimator
functions are proposed. First of all, we adopt two commonly
M-estimator functions (i.e., Huber and Bisquare) to acquire
the sample weights for reducing the negative impact of out-
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liers. Meanwhile, the weighted least square method and L,
regularization strategy are introduced to calculate output
weight vector replace the least square method. It can not
only solve the noisy data regression problems and avoid
over-fitting problem of DSCN. In the second place, for fur-
ther improve the representation ability of WDSCN, a sto-
chastic configuration sparse autoencoder (SC-SAE) is de-
signed, SC-SAE use the supervision mechanism of DSCN to
assign input parameters, at the same time, we apply the L,
regularization technique to objective function for getting
sparse features, alternating direction method of multipliers
(ADMM) approach is utilized to solve the objective function
for determining the output weights of SC-SAE. And then, as
the randomness encoding process of SC-SAE, we can obtain
the diversity of features through different SC-SAE models,
consequently effective feature representation can be ac-
quired through fusion features from multiple SC-SAE for
the training of WDSCN. Finally, experimental results on
real-world datasets show that the proposed WDSCN-Huber
and WDSCN-Bisquare have higher generalization perfor-
mances and regression accuracies than DSCN, SCN and
other weighted models (e.g., RSC-KDE, RSC-Huber, RSC-
IQR, RDSCN-KDE, WBLS-KDE and RBLS-Huber).
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