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Abstract: As a feed forward neural network, broad learning system (BLS) has attracted much attention because of its
high accuracy, fast training speed, and the ability to effectively replace deep learning methods. However, it is sensitive to
the number of feature nodes and the pseudo-inverse method is likely to result in the problem of over fitting for BLS mod-
el. To address the above issues, Bayesian inference and graph regularization was introduced in to the BLS model. By in-
troducing the prior knowledge for Bayesian learning, the sparsity of the weights and the stability of the model could be
effectively improved; while the graph information mining from the data could be fully considered to improve the genera-
lization ability of the model by regularization. The UCI and NORB dataset were adopted for evaluating the performance
of the proposed model. The experiment results demonstrated that the proposed graph-regularized Bayesian broad learning
system model can further improve the accuracy of classification and has better stability.
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H AT, FH N TR BEBAR Db A Hh R B
FHHA T/ HAE C A 12 S E R A 2
LN 4% (neural network, NND 1] DL AR5 B
R A A RE AR, H L IR A TR AT A% ) Bk R 2
(radial basis function, RBF) M#B1. [32H 21w
(self-organizing map, SOM) &M 3 5 25 4
% (recurrent neural network, RNN) Pl By/K2% 8
H1(Boltzmann machine, BM) ¥ i B 43 k4 2% (deep
DBN) Ul % Bl b & W 4
(convolutional neural network, CNN) B2 sk,
N T ARGE AR MIATESs, EME 2T rh Ay
KEBESEFENN, X T HA RN G 85
K H RS f i T2 il = R, X 26 ) SR
B TR AN ZE M 4% (deep neural network, DNN) ¥
Witk Ee Y,

K T AR LR, Chen C L P %A
P T 98 2% ) R4 (broad learning system, BLS),
BLS ¥4 A\ B0 WL BRFAE 2 T B S , AR )G
I AR LR B0 o 500" A P 75 B3 A, RN
FEOE RO M08 RAHIE, SR Op O ERk e 5
fan b 2 BB AR R . RIS, BLS Y &% )
J7 V20T DAAT 2850 S B0 S 7R bk o el HLAS 75 Y
FEREMINZRIT TR . 22 SCRR[13]UFB T BLS 1K
Sitke BLS MUEEAEKIINE 1 s,

Ik BLS WHNR IEAE AW Bk 5835 HAEAR]
AUk 3RS TR . B k&AM BLS
TR LA b3 K B p-Ta B E Ak sk g, Af
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belief network ,

3 BLS 52281 GE A% 5 1 b A BEAN [R] s 75 (1) 40 i) it
Yang F 25 AWM CNN A1 5028 207 (principal
component analysis, PCA) 5 BLS #4545, {15
BLS #AAEE (R r2K LIRE S 2P F. Feng S
sz NUSHERORIZ 45|\ BLS, % BLS [KIRFIE 28
ek Z BT R Ge, 1R T PRI TE R o) R
4 (fuzzy broad learning system, FBLS) . £ FBLS
A A R NS N | 7 2 ST S W o |
PEAE NUTRK FBLS N FHAEY6AR & FRL T (K T T 55
SRR W R, SARGTIEI AL, FBLS
FAT AR M FIPERE. Xu L L 25 N7 BLS
SIA DI HrHERT (Bayesian inference) , #JH Ui
Mr 2y 21 7 AR JFEAS I D T SRR 7 2, 14
R RZ AL BE 70 Jin T W 25 AP T I TE AL
(graph regularization) , HT-2J7 BLS 451 K e 45,
(N 2= A A€ TP IR DSy A e S AT 7o
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XU R ) R GE, IR LN T 2 B
B, SIS RRY], AR R A R ) R
i L A% PR T R G AR e 1 o 3R 25 NP0 BLS
FBs BR E P 1 0, JEHOE #2400 HO 55 9 2%
(elastic net) , HMWE4¢m BLS fIMsitE, [HIEME
S-S R, SRR ORI TR P [ 1
T M 45K . Yang L 25 A\ BLS 5iT#2%2)
(transfer learning) 454y, $&H T IR H G N 56 5 24
) A4 (BLS based source domain adaption,
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iR, H53ZFFmENL (support vector machine,
SVM) | tFR22>2JH1 (extreme learning machine,
ELM) . iL# 4343 #it (transfer component analysis,
TCA) % J574HLE, BLS-SDA F1 BLS-TDA 45 5
FIUERR . AEESE NN BLS NFH T 4 al vk
I, DL i) SR AN R AE I 2R BLS, 5
HoAth 140, HET BLS [ BE 4 5 A0 5 v BAT
AR PR PE. Sy R

h Tk AL K 43 2R e ) Rz AL e
ASCAE BLS A F, R DU S b 1) 1 D) 44 (]
5T BLS, & bk Pl 0 A0 i) DL 7 6 i
222 R4 (graph-regularized Bayesian broad learning
system, GBBLS) . it 5| A UL rffbr!' s>+,
e HE L RO 23 23 A v AR S B Ak o, i AN
MR IATIE, 76— R AR A Rk S T
P 1A )N P IE AR ) 32 2 A R
W25 SRR LT 458, AEh G R B N BE 2 1
2, TTRE— PR M R R A RE ) o AR HY
(1) GBBLS BLAYGINT i SEBEH LA G A R A
i B Y BURFAIE SRR 52 s B SR AR SR RS i =
WL 214 B 2 OB A BT ZA0 4610, I HAEAL
AR PR 5 580 4 A1 8 A T DN 2 R4 A1 ) v i 93
ET AT BT ZERIEAR 1 ARG R T INGRFEAT
CEROEE e/ R N R REAT A G R U
¢ JE R B 4y 7L (Laplace approximation) !
FOBHJE AT, ot TR AR R A B £ ) 6 4>
ATHEATAL TR I I 3873410 PR Y3 E A A A A

AR FEANRW T 25 1114 BLS
(R EZEE R, JEKs DU HERT S I\ BLS; 25 2 157E
UU307 55 5 2% 3] 245 (Bayesian broad learning sys-
tem, BBLS) [3EAl EASINE WAL, 5 3 53k
UCI #4461 NORB #i#li 42 %) GBBLS HEATTEREDE
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B, BN X 2k n AEFIEWOE R AL 2
Z=(Z2,,Z,,,Z,] . BFARET RAERE Z, 305 2 -

Z =¢(XW,+p,),i=12,.n (D

b, @) RFFERC i3, W, S BEN IR AL IFIRL
AR, B, S BEHIATEA A I

L, RHIE 2 Z ik R 2 PR S ek Bt — 20
YR, 1928582 H=[H H,,-- H . 585
TR H i

H =£(ZW, +B,).j=12,.m (2)

Horfr, &0 RAEMBIT R EL W, BN LT
IEATHRE, B, BN I S .
M BLS MM AR R A Y =AW , Hrh
A =[Z, H], EWFFIEZE Z FIsRJZ H PR
MIFERE . W ks A B B 2 Y AU R
AT, VB0 [ PRI T SR R, KR
W =argmin(| ¥ — AW | +A| W [})=
(4,74, +21) AT¥ 1)
b, ANIENESEL T e,
1.2 AEREFI ARG DTN R
ANFET BLS FRl b & A E SRR W, AE5]
N UL 2 J5, BLS dlxd DIt S 38w .
Je TR T I DU, RN REAHS AT
BB AT MO S R FAE, MR p(r| x) 2
TR 50 AT o DRI T A5BLAR B

p(r|w,Axi)=Hi;la(Ax,w)r" [I—O'(Ax,w)}lirl 4)

L, o() A Sigmoid PR
1
l+e ™"
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FREEs w=[w,wy,w,., 1 o X T w PR TR
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p(wiy)=T17 Fe (D

= an
XD A y=0n7 70yl NESEL
N A A Ry EIRIRZGABR, Bk
S SR AR B 2
P("|?7AX)=Jp(FIW,Ax)p(w|y)dw (8)
AR (8) A% H IR AR AT p(r |y, 4,) 1)
Gy LR B p(rly, A, ) B, BT E p (I
fH. 1E0k, BT EE R p(riw, A,) p(wly) FIHE.
WA = e A T, KA p(riw, 4,) B p(wly) 4
WL AT, TR p(riw, A, ) p(wly ) B35 2 = i
o)A, AR R AR K AR, FAR AR .
S8 SO EBUR R 3 J
J=1n(p(r|w,Ax)p(w|y))=

v 1 (9
D [rIns, +(1—r[)ln(1—s,.)]—5wTFw+c

i=1

o, s, =0(A,w), I =diag(y), diag(")FR EUE
FEXT M2k DI C R &, o AHEHIN. XHER
FBHJR 2Rt AL S 5w o R (9) 2050 w sk
—M SR M S e My

¢=%=Z(ri—si)Am.—I‘w=Ax (r—s)-Iw (100
i=1
oJ
v=—_-=-(4/04.+T) (11

Hord, 0 KX BE,
5,(1=5,)si=1,2,-,N .

M w AR IE A -

w., =W, —Ww'e (12

o, w BRI w , w,, RRHHE R w .

AL, E Ay B 0 LR 45 B p(riw, A, )
(W)~ Nwoo ™) s wy, A8 BHJE A5 42
) w A

WIG, Wl (8) MW BUIAGAUSR N, (p) HEAT
SR A«

M Em T EREA

Nee () =In(p(r|y.4,) =

1 o (13)

—E[Nln(2n)+ln|E|+R E'R]

H, E=Q+ATA', R=Aw+Q'(r-s).
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pl (14) 1331
1 _ -1
yl?ew — yzk‘//kk ( 15)
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FTw Ay 91a6ME, A0 . X aD
L 2> X A5 HATIAER, HEy KSiE
e e, s REE K. wma, B E S
Howalr NxX (5D, BInIBIREA S T340
MR CPED

2 ETEENERMHEREESR S RS

45 BLS AR S Wi il 72 v 2 il A s
LTS R P SN S e W A= < P S = B AN e R N 4
TEWGII, il 22 0 28 R 70 B B 4 e OR AR 25080 1) SR
S, R R ANFEA R, AT AT
Ae AT AL SR . A SR 2 2% Sk [19]
N FER Cintrinsic graph) 7E BBLS H 5| A KI5 B
WTEE e IE — R Y (LD D, &
FE—E R L] LS R [ ZRAEAS 2 [a) AR s 5
FIHZC (200 A33IEIENLIT Ey: B4 Eg M
1A% R 55 R RT R T s LA A5 JEO0 a0 R R w7 sk
TR . 785075 FEEH K R i — Bk Al e — e R
A Y (R B TR WU AL S8 BLS ek (b1
R, B B FEAS LA S5 MR i g o DALt
BTG IE NGBS, A SCH A Bl J LA iy
15 B EE WA I AR B SR i g, W)X (9O
X ER R E J N

N
J:Z[VI. Ins, +(1—rl.)ln(l—sl.)]—%le"w—/lGEg +c
i=1
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b, 2, WIEWSEL, E, W ENAET.
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SE SO FHERE D, XL EIITTER D, W
D, =>V, (18)
HH VA D ] 15 7 3% 47 R (graph Laplacian
matrix) L, :
L=D-V (19)
JUESE
E ,=s'L,s (20)
BEIFFREER L (16) FFA w R— 34 @
%D:Bﬁ?ﬁiﬁ v:
p=A; (r—s)-Iw—-1,4;QLs QD
y=—(4/04,+T+D,) (22)
X 22> F, D =Gety, (Lss')+
(S,L,s)+QL, , S,=Get,, (s@(-s) ,
mo%Tmﬁ%%me?ﬁmﬁﬁﬁ%

ey, FMAEESZERL QD o A2,
FREEA S 1 A LR, R RT AR A R4 T

dlag

1R A o

GBBLS M4t 2 pw, HEEmEDE 1
FiR o

BiE 1 AT EIE Nk ) DU 5 5 24 ) Bk
(GBBLS).

BN BUEED=(X.Y}, X HMAFEA, ¥

FEASKS L RIRRAS: , L2 (R iR FEA K
B0 PRI ST RN o
Wt BEFEARTNIE Y, B8

N
e U (K143 5Kk
fEn .

)

WANERX T FHERZ

LARHEAL I AREA X
2fori=1,2,---,ndo
3.BENRIIR W, F1 B,

4R (D THRARE ST AR Z,
SAARNRE)R Z =2,,Z,,+,Z,]

6.end for

7.forj=1,2,---,m do
8.BENLYILG L W, 1 B,

9 MM (2) THELIESRAY AR H
1043218458 H =[H,,H,,---,H, ]
11.end for

12438 A, =[Z,H], 15 VU HERT R A
BBAIHSE Ly 0, w i 0 4Lk RE
14 R (19) TR R R I kR L,
15.for k=1,2,---,its do
16.FH: QD WH T
178 (22) WH Sy

I8 A (12) BHrw

19 A AL (16D THE LR ki £ T
20.1f XFEUSR BRI J ANk then
21.break

22.end if

23.end for

24 R (15D By

25 AP 15 5 24

26.until y WS

27.Y . =argmax(A W)

pre
28.p=sum(¥, ==Y)/len(¥)
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S0l I 20K RS i PR 5 TR VPG GBBLS $1%
FERL RS AT I I PR fig o St rh, BBLS!'™. BLS.
DU FR 2% 2 Bl (Bayesian extreme learning ma-
chine, BELM) P13 Ik 55 GBBLS £kt AT
PEREXT LG ZEAS R PESE L GBBLS %
HEJZ2 IS HOR B it 2 b 851 SRR AN B, TR
T8 IG5 S AN K, R GBBLS Fl M1 AR
L. T S 47E R T Intel-i5 1 1.60 GHz
CPU H1 8 GB WAEMTHENL FigdT, HAFFE N
MATLAB R2018a.
31 BUR&ENE

SR T SR NORB Bl 7E UCK
w5 B AR e B s R R B LRI 1) 10 N5
e (L s 5 AN BB M 5 N2 0K %
), BN 1.

=1 UCI H1# 10 MREEER

b EITE S FEAEA FHEHUA A
Breast Cancer 683 10 2
Climate Model 540 18 2
Fertility 100 10 2
Liver Disorders 345 6 2
King-Rook 3196 6 2
Forest 523 27 3
Glass 214 10 6
Segmentation 210 19 7
Seeds 210 7 3
Wine 178 13 3

NORB #dlifE & 3D PHARG IR IEELE,
EMAFEIRISEERT 50 NPEEA T8, XL H 5
JETE. NME. EHL R WG HEed iR
HERAT 2 ANEARNL. 6 FOARRIRDERSAE 9 M
A EERN 18 M. RFIEEG A 32x32%x2
B, WGAERMBRGE b e & TR 5 A
545, NORB HAE M /5L 3 s
3.2 EiRMEREITM

o5 2 W GBBLS BB R EE T 2K 1.
FEZ PRI, SR RO RS A i xSk Y,
232 SR [32]5% W O RS A5 b LAt U7 322 R B 4 1
SPAORE FERSCR . RIS R A 3 HAL XRHIE .
55 3.2.1 R H UCL #1110 MR 4ER NORB %4
PiAE 4 W% GBBLS. BBLS. BLS 1 BELM 4TVl
Gr, HRGHERRAE B > HRE B VEAG Fa bR 26

3.2.2 HELREE GBBLS HIHFAE T A FREAE & 1A%
AN SERE b, B T A A, R
GBBLS {EAN R B 45 LR A e YEAR AL 1 100

& ¢ A7
o+ o %
3 I~ - -
@ Hr W % O
» ¥ ) - 4 |
» $ i) - z
4 1 % b ©v
4 +4 & o )

K3 NORB $dls 8155 92451

3.2.1 AFEIHAE

& UCI F11) 10 M -4k GBBLS.
BBLS. BLS. BELM g fEAEfZ, % T GBBLS.
BBLS #1 BLS, K& 075, [ e 8 am 1y
MU FEANECR 1, 76 20 NGB AR IRAIE T RUOND
FEAETT SAERE (Nm) FIBGSRT S (Ne) [N
XIT BELM, 1E 20 Wik $ed A 1) Ba5E)= 5 55 (Hn)
N, AR 2,

M2 nIEH, R RENL GRS AN
#£) , GBBLS %34T BLS 1 BELM. [
T Fertility 30445, GBBLS 7EH: 4% 4 A /0 24l
£ FRUHERR ST BBLS. fEZ 03 mt (5
5 MNECE4E) . #HEE BLS il BELM, GBBLS 7EHE
Ty A — & ¢ s, 15 BBLS AL, GBBLS
B T 1t Segmentation ZHEAEMNI 73 FKE L= 0.9%
AN, FEH AR 2 B S EIRMER R 41 BBLS £5°T-
g LRTA, IS InE EAG) BBLS I 4E A2l
AR D), MTEZ R ISR .

7t NORB ¥4 4 AT SER I, 24 T b ik 5
i, A LA NORB #4442 ) vh 43 ] BE AL
1 000 5KEGA RS A 5 000 sk EHUEAEA T 5
R, FENBR L UIZRAE J5 36 42 1) NORB Hds 4 44
3 T IREN L 200 TR EMRZLRE A 1 000 5K B AL
APIMREE . fEAR KSR T, % GBBLS. BBLS.
BLS 1 BELM [f#Effi* . [# ¢ GBBLS. BBLS FlI
BLS [RARFAE ™ s B AR AR 1 R0 10, [R]INHR
PRI SR B 1, BRI
AN, SER AR WK 3.
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2 ZIERTE UCT HRY 10 NIRE DRERRE
. GBBLS £ BBLS Z2:%{ BLS ¥ BELM 23
R HERf R Nf Nm  Ne TR Nf Nm  Ne HERf R Nf Nm  Ne LR % Hn
Breast Cancer 79.59% 8 1 6  7891% 2 6 6  7891% 2 5 7 7415% 10
Climate Model 94.44% 5 4 13 9%4.07% 5 6 8 1222% 2 3 19 91.85% 15
Fertility 91.22% 8 1 13 91.22% 9 3 1 3684% 8 2 18 80.7% 5
Liver Disorders  69.83% 6 10 4 6871% 6 10 2 53.07% 1 4 7 65.92% 7
King-Rook 96.03% 9 9 8 95.96% 10 5 8  9495% 10 7 18 91.94% 20
Forest 91.5% 5 3 6 91.5% 3 8 1 36.29% 1 1 4 90.35% 20
Glass 92.79% 10 10 3 9279% 10 10 3 8649% 8 7 8  83.78% 12
Segmentation 90.9% 8 2 7 90% 8 3 2 90% 3 5 15 8091% 20
Seeds 96.36% 10 8 1 96.36% 10 8 1 9227% 1 7 1 94.55% 9
Wine 100% 5 10 5 100% 5 10 5 100% 5 8 3 96.94% 12
%3 ZHEEZE NORB & AR A . GBBLS HI#ERfi#EL BLS Bg{%, {HZ&LL
- — BBLS i 0.27%, il T EIERAG AT BBLS
p— oo 11 R4 4 7 THT 1 e 47 T o
BBLS o1 55% 322 AR MR
BLS 02.01% % GBBLS. BBLS #1 BLS [{AE M EEA 40T, [Hl5e
BELM a1 RS KHERERRFGE S S ANECH 10, R

M 3 A EH, GBBLS. BBLS fil BLS [#ERf
ZIILE 91%LL b, T BELM HIUERIE LA 68.61%,
BLS 7 NORB ##ig4E FRIMLF5, 1 BELM W&

FERERANECH 1, BRGNS 3 Fh
BOLEA RS Ak, g5 4 .

H & 4 741, Bk T £ Breast Cancer #1 Wine %
AN, BLS i) dmiEffi% 55 BBLS Fl GBBLS

70% Fe_ 5 100% 90% 70% 96.0%
o\ ¢ T 800 | OOBEEEOCRY o500 | ox ®
80%f 70% L 60% | 95.5%r \%\ \y
d |
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@ 500 | & 40%[ #40% | £ 450 £94.5%r
0
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20% 0% 150, 94.0%|
o o
1 1 100/ 1 0, 1 L
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R AN A BRI S B WA AU BRI AN A IR AN A
(a) Breast Cancer (b) Climate Model (¢) Fertility (d) Liver Disorders (e) King-Rook
100% 95% 90% 100% 0% = 5E5aad
§ [}
80%[ 90%-9/O@po &9 85% 1 @ pa? /P 95% [ oB BT C ey 0%
o o
5 60%[ Eon 85% I e e 90% ke 80%r
S ) E80% & g
£ 40% & 80% B 4 850 - £ 70%
75%|
20% 5% ’ 80% | 60%f
70% . 0 . /| . .
0 30 100 0 30 00 1% 30 o0 %g 30 100 9%g 50 100
By A B Ay A BT R AU B A B AT A B
(f) Forest (g) Glass (h) Segmentation (i) Seeds (j) Wine
g
[~ BLS -o-BBLS —& GBBLS |

B4 HBERIZE UCT R H 10 AN S B rgsoe v
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HFSS, eI R+ BBLS 1 GBBLS (15
e T BLS. fE4i K2 8R4, BBLS
H1 GBBLS )5 e AERf H AL AL s LT AH
o LWRE - HRABILZEZHERE T, 5
BLS #HEt, GBBLS #1 BBLS VA 2 75 B i 5
AN RIS P PRIFAEAR N A 7K~ o BB B i1 A
AN, GBBLS Al BBLS fE& N #i s FiK
HER R AR JE AR RFFAE 3% LN, S
GBBLS A1 BBLS #ltt, BLS 7F % 3 #a 45 L kA%
AR 3R K. F AT WL, B 3 5 T A A 2
F3Ghn, BLS WML AIE, FHZ MR
B, DA HEAf % BRI B8l . T BBLS 7114
948 T 50 1 11 e R v M 8 R R A R DN
BE— DB UE T UL 4 W 7E 22 /% BLS ik LS Bl %
F¥E m BLS vz ALRE D) 5 A S RIE,
GBBLS 7E R FERR 5 (1) 70 R FE (1) 364k L, BEAS 4
£ BBLS J A7 (1 & e 1

4 HRIE

AICHG DU SHE AR Ak [ 5 )N BLS Hr,
P&t — bl 3 T O U0 A g DL i B R A ) R G
GBBLS, i &fthfiftvk 7 kst BLS AR iR ful A 1),
H4Em T BLS B SERE . DUMHER o] UG,
THETH IR 3 A, B bR A B IE A
RN GRS PN AE /AP IRE Y A =S WL RNE Y ey
B Z IR A UCT 11 10 M SR
NORB #i#ia 8 FXIBRIGAT T EEREPEAL, sS4l Rk
B, GBBLS HA5 BBLS #FMARCME, [FIRLEHAE
% EALT BBLS. fEJGEMIMEST TAET, Rk
FH A PR AR TR AR AR S A7 R 2= 1) B LS it
B, S HUHBY RN AR 2 B AR Rl G 4.

S 3

(1] sk#h. N LR GEHENJR IR B I AR[T]. B AR 5 EOR AR,
2019, 1(1): 4-6.
ZHANG B. Artificial intelligence is entering the post deep-learning
era[J]. Chinese Journalof Intelligent Science and Technology, 2019,
1(1): 4-6.

[2] TH. B S HESEFS ). K EE, 2020, 6(4): 69-80.
YU F. Research on the next-generation deep learning framework[J].
Big Data Research, 2020, 6(4): 69-80.

[3] BROOMHEAD D S, LOWE D. Radial basis functions, multi-variable

functional interpolation and adaptive networks[R]. 1988.

[4] KOHONEN T. Self-organized formation of topologically correct
feature maps[J]. Biological Cybernetics, 1982, 43(1): 59-69.

[5] ELMAN J L. Finding structure in time[J]. Cognitive Science, 1990,
14(2): 179-211.

[6] ACKLEY D H, HINTON G E, SEJNOWSKI T J. A learning algorithm
for boltzmann machines[J]. Cognitive Science, 1985, 9(1): 147-169.

[71 HINTON G E, OSINDERO S, TEH Y W. A fast learning algorithm for
deep belief nets[J]. Neural Computation, 2006, 18(7): 1527-1554.

[8] YANN L, YOSHUA B. Convolutional networks for images, speech,
and time-series[J]. The Handbook of Brain Theory and Neural Net-
works, 1995: 255-258.

[9] FEME. KBNS RAV LRI KEE, 2015, 1(1):
35-54.

HUANG Y H. Research progress on big data machine learning sys-
tem[J]. Big Data Research, 2015, 1(1): 35-54.

[10] AET. NTHEBEHINARD]. BRER 2% 5BREM, 2019, 1(1): 1-3.
ZHENG N N. The new era of artificial intelligence[J]. Chinese Journal
of Intelligent Science and Technology, 2019, 1(1): 1-3.

[11] IMCAR, BRIZL 2 R R AR LA 2% ST IR A T DG BERL 2% ) L[],
A1k 23R, 2020, 46(7): 1301-1312.

SUN C Y, MU C X. Important scientific problems of multi-agent deep
reinforcement learning[J]. Acta AutomaticaSinica, 2020, 46(7):
1301-1312.

[12] CHEN C L P, LIU Z L. Broad learning system: an effective and effi-
cient incremental learning system without the need for deep architec-
ture[J]. IEEE Transactions on Neural Networks and Learning Systems,
2018, 29(1): 10-24.

[13] CHEN C L P, LIU Z L, FENG S. Universal approximation capability
of broad learning system and its structural variations[J]. IEEE Trans-
actions on Neural Networks and Learning Systems, 2019, 30(4):
1191-1204.

[14] B K, BREAR. 2 TR p- B s I 240 BB S
NI, 2019, 32(1): 51-57.

ZHENG Y F, CHEN B D. Least p-norm based broad learning sys-
tem[J]. Pattern Recognition and Artificial Intelligence, 2019, 32(1):
51-57.

[15] YANG F. A CNN-based broad learning system[C]//Proceedings of
2018 IEEE 4th International Conference on Computer and Communi-
cations. Piscataway: IEEE Press, 2018: 2105-2109.

[16] FENG S, CHEN C L P. Fuzzy broad learning system: a novel neu-
ro-fuzzy model for regression and classification[J]. IEEE Transactions
on Cybernetics, 2020, 50(2): 414-424.

[17] AP, FRE, A0RF, 5. BET RO 08 5 2 SRR I O6 R K i 1t
T[N, P TR, 2020, 27(11): 2016-2022.

LIR Z, GUO L, LI B P, et al. A photovoltaic power prediction method
based on fuzzy broad learning system[J]. Control Engineering of Chi-
na, 2020, 27(11): 2016-2022.

[18] XU L L, CHEN C L P, HAN R Z. Sparse Bayesian broad learning
system for probabilistic estimation of prediction[J]. IEEE Access,
2020, 8: 56267-56280.

[19] JIN J W, LIU Z L, CHEN C L P. Discriminative graph regularized
broad learning system for image recognition[J]. Science China Infor-
mation Sciences, 2018, 61(11): 112209.

[20] BIR, XM, SHKEE, 4. BT SRR A Z RS BRL A
HRERGHIR, 2019, 14(1): 150-157.

JIA C, LIU H P, XU X Y, et al. Multi-modal information fusion based
on broad learning method[J]. CAAI Transactions on Intelligent Sys-
tems, 2019, 14(1): 150-157.



5513 B AR BT IR0 DU 58 S5 2T R 5 - 117

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

AR, IR, V5, S5 JET lasso T elastic net f5E Y S R4
99 2% S5 K R J7 R3], BRI 5 N, 2020, 37(12): 2543-2550
CHU F, SU J M, LIANG T, et al. Sparsity method for network struc-
ture of broad learning system based on lasso and elastic net[J]. Control
Theory & Applications, 2020, 37(12): 2543-2550.

YANG L, SONG S J, CHEN C L P. Transductive transfer learning
based on broad learning system[C]//Proceedings of 2018 IEEE Inter-
national Conference on Systems, Man, and Cybernetics (SMC). Pisca-
taway: IEEE Press, 2018: 912-917.

FE, GTPLR. FEREAE ) RGEE RE M N ). AR
iR, 2019, 35(7): 267-272, 54.

LIW, YU Z L. Application of broad learning system in discrimination
of mushroom toxicity[J]. Modern Food Science and Technology, 2019,
35(7): 267-272, 54.

SORIA-OLIVAS E, GOMEZ-SANCHIS J, MARTIN J D, et al.
BELM: Bayesian extreme learning machine[J]. IEEE Transactions on
Neural Networks, 2011, 22(3): 505-509.

LUO J H, VONG C M, WONG P K. Sparse Bayesian extreme learn-
ing machine for multi-classification[J]. IEEE Transactions on Neural
Networks and Learning Systems, 2014, 25(4): 836-843.

BISHOP C. Pattern recognition and machine learning[M]. New York:
Springer, 2006.

DIRKSE S P, FERRIS M C. A pathsearch damped Newton method for
computing general equilibria[J]. Annals of Operations Research, 1996,
68(2): 211-232.

BANERIJEE K S. Generalized inverse of matrices and its applica-
tions[J]. Technometrics, 1973, 15(1): 197.

KHAN M M R, ARIF R B, SIDDIQUE M Q B, et al. Study and ob-
servation of the variation of the variation of accuracies of KNN, SVM,
LMNN, ENN algorithms on eleven different datasets from UCI ma-
chine learning repository[C]//Proceedings of 2018 4th International
Conference on Electrical Engineering and Information & Communica-
tion Technology. [S.l.:s.n.], 2018: 124-129..

LECUN Y, HUANG F J, BOTTOU L. Learning methods for generic
object recognition with invariance to pose and lighting[C]//Proceedings
of 2004 IEEE Computer Society Conference on Computer Vision and
Pattern Recognition. Piscataway: IEEE Press, 2004.

DEBNATH R, TAKAHIDE N, TAKAHASHI H. A decision based
one-against-one method for multi-class support vector machine[J].
Pattern Analysis and Applications, 2004, 7(2): 164-175.

LI R, WANG X D, LEI L, et al. Probabilities modeling of multi-class
based on relevance vector machine[C]//Proceedings of 2016 12th
World Congress on Intelligent Control and Automation. Piscataway:
IEEE Press, 2016: 2755-2759.

HEH BT

BRME (1984- ), 5, it BEpeafs
SRHEEBCR 2B, 325 o N T
BRe REE FERLS . FGRAEL,
RGN o

R (1999- O, B, RS R
FoRZEBeAE e, FEARS5 1 Rl
RIEE 2]

MR (1968 ), &, M, BEAEE
SRFABARE BRI, T A
TR SRR G PR

R (1978— O, B, 4, SRR
BRI AR, EERRT AT AR AL
B ) T K N

R (1959- ) , 5, L, BRMeliEb
Bit:, IEEE Fellow, AErG# T K25
RBlag 5 TRE2EB b, F T 7 8 5 R
REG5EHL PR RAREE. TAR
4. Bkl



