54 H
2021 44 A

T 2 i Vol.49 No.4
ACTA ELECTRONICA SINICA Apr. 2021

TE A 6 BR =~ LY e K o9 )
J XA T IR IR T ik

& FH B, fme T, § A
(BUM L FRHE R A TR RERRSCBE , WHTBUM 310018)

W OE. BBy R 3 7% (Alternating Direction Method of Multipliers, ADMM ) , 5 2275 & TF W] £k e /) — Ffe 4L
A 1818, 43R 2 T HAT AT AR DR AR R, 3 5 L AT A5 R s s, 15 8 — AN e BE IR T e K A Rl
ADMM #5335, FF 0 T 1E AR BR 22 ST AL, S T 3 AW SR, 0 A T B T A T B 3l R R S 90 4R
LI SRR SCER T i —— e K 3 R Fa it ADMM 347 T W SOR L. 78 GPU FHA7 I SE 4 v, B8 T e R4 1
ADMM ) IE WAL RR BR 27 ST BLERAT K GPU B LE , 3B T2 5305 10 ey BE O R A T4

KR Hldyds BIRSEIPL REE: IR T scBrmak ik

hESES:  TPIS MERFRIREE: A XEHE:  0372-2112 (2021)04-0625-06

HBF=$ URL: http://www. ejournal. org. cn DOI. 10.12263/DZXB. 20200310

A Maximally Split Generalized ADMM for Regularized
Extreme Learning Machines

HOU Xiu-cong, LAI Xiao-ping,CAO Jiu-wen
(Ariificial Intelligence Institute , Hangzhou Dianzi University , Hangzhou , Zhejiang 310018 , China)

Abstract.

squares model fitting problem is decomposed into multiple univariate subproblems that are solvable in parallel. By introdu-

By virtue of the alternating direction method of multipliers( ADMM ) , the multivariate regularized least-

cing a tunable step size to accelerate the algorithm,a highly parallel maximally split generalized ADMM ( MS-GADMM) is
developed for the regularized extreme learning machine( RELM) . The convergence condition of the MS-GADMM is estab-
lished and the computational complexity of the MS-GADMM-based RELM is analyzed. Through experiments on real-world
benchmark datasets ,the MS-GADMM is compared with a maximally split relaxed ADMM recently presented in the litera-
ture. In the GPU implementation experiments,the MS-GADMM has obtained very large GPU acceleration ratios , which dem-
onstrates the high parallelism of the proposed MS-GADMM-based RELM.

Key words: machine learning; extreme learning machine; big data; parallel learning; alternating direction method

of multipliers

1 5|§

FH T B[ )2 1 5 A 42 R 4% ( Single Hidden-Layer
Feedforward Neural Network , SLFN) iJl| 2k %) #8 FR 2% 3] #lL
(Extreme Learning Machine , ELM) """ | ] e s 114 2% )
REJ T 32 B 583 )12 SR 1T, I AR 45 28 Tl 4 sl
B )z B Y. IE WL ELM ( Regularized ELM,
RELM ) J& N4 miz AL RE ) $2 i 1 — 4> ELM 4" g, B
b 13 AR M ) PR O 2 s LM R H bR R, A

e I 191:2020-03-30 5§ il F1 1 :2020-07-10; (T4t - 2 55
SEATH « 5 A SR 3542 (No. U1909209)

AR/ M 2R i3 25 °F- J7 A T HL B /M i AR B
T o) PR ELM A — S F BRI SR, 4K
VA e L 2 (0 A 3 K, LM A7) 1 I 55 128 A7 i
St RAYPRA, FEAT/ 53 A 2O 10 e R X L R —
SRR SR8 ~ 1T TR 45/ 5048 253/
R PR ERIE , X0 B TR R 00 ) ELM EA7 IR AT A0 e , 32
T IFAT/ 53 AT ELM B8 (R 0 R 30 g 550, T
JEMEAN R, G R T R A AR

AZ# 5 0] 3 T ¥ ( Alternating Direction Method of



626 W T

2% B 2021 4F

Multipliers, ADMM) "> | fly F Hi At BL 347 45 Fa A B 4F
WS RE , € R Eh B T 105 5 b BRI 2% 2% > 45 450,
FE G A TR 2 STk 18 T4 ADMM 37 T fe /b —
P A, 1 ELM [ fie K43 %) ADMM 537 ( Maximally
Split ADMM , MS-ADMM ) , &> kAR 20 %5 ] 2 A8 £ 1) 5
BT AR AT R AR R R ST AT AT PEAR s S A g
AGE 153 1 5 R 3 RS 5t ADMM ( Maximally Split and
Relaxed ADMM, MS-RADMM ) , 32 &5 T Ui &5 5k J&5. SC ik
(19 PR 8 — i 2 7 Bl e R 58 T ISR 5 45
RIS HOBO 56 25, B8 T AR AT R S R B A 0
PR A3 B () 28 15 k. Sk [ 20 ] 000 9 ) 3 24 o d5 /s —3fe
T8 A5 22 AT 5 B AT Y R ) = 2 A B ik o o
IR R/ e S G A = R

SCHKL 18 ] 1) MS-RADMM v 46 1F W) £k f5 /s — 7 1]
RO TE D305 5 380 R 48 2K R R T R A Al AN
B IE U5 e /s R ) B, oK 72 4 I F 5 ADMM A 36
IO AR TR 25 4y, S BCRR S 18 S Ah, STk (18 11
Pt AR, AN B $52 G AL T ) 30 18 D0 000 R Ry )1
O, e X AL A B SORA B i

ARIHJEFT ADMM ) RELM 53, {E A4 Sk
[ 18 JHRAFAE I 0 351 5 I 2453 5% s 8, i 2 AR b 5
R BRBCE- 17 19 55 — 3 H Ar pR FIOR A0 3, FE B R LG
ff) ADMM #E %2 T G i MS-ADMM. T 4 il i {if
ADMM A x- 58357 i 251 R~ 0] 9, 15 51) MS-ADMM ) —
AN AR B K40 %)) X ADMM ( Maximally Split
Generalized ADMM ,MS-GADMM ) . 7¢ @& 7 Wit 2 )5,
W A3 IO P 3] B2 i 1 4% A I L 3 RELM 1Y
MS-GADMM. i 1o 5 o B S B0 4 b i 5 A 5
eI N A kN hatl o = RER R ST 81 € i S 3 = I S =
JEHATHE.
2 ENE/NZFEMNEEIBER MS-GADMM

B AR TR £ I

mxinf(Ax—b) +r(x) (1)

HhA=[a,,a,,,a,] R BB, b eR”
& HARE 1 x =[x, 0y, 0wy ] eRVRBRR R B 1A
i, () M AR R BRE r(x) =r (o) )+ 1y (o )2 P 1 AT
Sy IEMIE RS, SCHRL 18 ] 45 1 T MS-ADMM

o =agmin{r, (x,) + 5 lax, 2 a3 h20)

yk+l :kaﬂ (2b)
7' =arg min{f(NZ—NB) +%Np |y -z +u" | i}
(2¢)

uk+l =uk +ylr+l _zl:+1 (2d)

Horft p >0 ZIEH T, A =N"A,b =N""b 2 i B i,

w BTy WU, (20) =12, N
A IR TE WL~ T A L
min - Ax b3+ 0y fxl3 ()
3 5750 y IEREIAF S 0 AR5l )
S(Ax=b) = | Ax=b || 3.r(x) =3 %] 3(4)

K (4) R f () e r, (v MRASK(2) , Al 732 R E(3)
i MS-ADMM .
p Yl val (At +u' -7

k+1 k —
N e (32)
2 =(1+p) '[b+p(Ax"" +u')]  (5b)
uk+1 =uk +Zxk+l _zk+l (SC)
Hr,y=N"y,p=N"p, K (5a) " n=1,2,-,N.
VE B (Sa) X X B T A

%' =x,+N g, (6a)

— 12 k =T/ x_k k k
q::_p yx, +a,(Ax" +u -7") (6D)

p ¥+ la, |’
HRAFMACEREE N — BHERK ¢ =[q),
G oo gy ] AR T AR T, N A Y A
£ 23 SNTE D13 i o S S = =) | L RN & B L
K, 1k MS-ADMM 3 (5) Hf xe- U7 A9 A5 4 IR 5 AT 3, B
AL KEF a REBELRK N Y a>N "1, H
PG o =N I E A I . T o« R (5a)
Hify NS, MS-ADMM = (5) 28 A :
_p 'Yl +al (Ax +u' -7

k+1 k
X, =%, —a — — (7a)
p Y+ la, |’
= (1+p) '[b+p(Ax"" +u) ] (7b)
uk+l :uk +Axk+l _zk+l (7C>

Hp(7a)n=1,2,---,N.

FREE (7)) S 1IE WAk B /s —3fe ] 1 (3) Y MS-
GADMM, & J& MS-ADMM X (5) (1) —>fns A2 K. IE
K A, X AN 25 SR 18 ] iy Fa st B R AL,
AL x- TR 125 K PR 7 T 9L (H SR [ 18 ]2 MUK
ax, —z,=0 BIZ G2 (HIXT YK a, x, — 2,=0 BEATHS
i) R AT B B AL IE NI O B 389k 1 5 2 GE
B A A2 E AN Oy O B, Pl 3 s st b AR 3 DA S
fR] S5 FH ) ADMM. i 338 A5 4. A SC F 32 A K -5 3
H KRRy B %, 15519 MS-GADMM,, BEi& & 4 1E
DU 500,385 5 TG I DU 1) f /s — e 4045 [ .

XFF MS-GADMM =, (7) 4 B, 4 4 F & 3L

EE1 XEEMSE o fp, IR MS-GADMM =
(7) 7 lim,_x"= x” 75 SCF sk, ) x™ — g 2 1 Ak £
N TG AL (3) [ fiRE, RD

x"=(A"A+4'1,) 'A"D
Hodr I 3R N By 545 i .

(8)



o4 M

5 < TE A PR 2 ST LI Foe R 3 A T 1) e 13k 627

HEEL 1A, R o Ml p 2B #1524, MS-GADMM 3
(7) WS A5 20 1 X7, 55 TR)EE (3 ) 25 4 R4 396 1 ik A e
e [ 9. AELAREIE I A WA SI R B30 ML B3GR T

ZH o Ml p FIHUHE.
i MS-GADMM B R UL Rkt R G
—k+1 o —k o
X - X X —X
—k+1 o = —k o (9)
u —-Uu u —u
Hrp x'=D"'x" . u" =DA"u" (10a)
D =diagid, ,d,, - ,d,| (10b)
d,=JIN"p 'Y+ a,|*]">0 (10c)
B —a(l-p)I,
Q_[GB/(H[J) (I, -a(1-p)G]/(1+p)
(10d)
B =1,-a(p 'y'D* +G) ,G=DA"AD (10e¢)

MRARLANE RS HE | Al LIS 3 B 2.
FEIE2 MS-GADMM =X,(7) 7£ “lim,_, x"=x"" % X
TS FEEE A FE R Q PRI AT AL IR .

3 EF MS-GADMM {j RELM

3.1 RELM
X F A L2853 2K md, N EAR S Tt (v,
t,),m=1,2, M| Hrhv =[v, 0,0, &P4Y
FEAERA b, =, 1,0, t,, ] & L 48 H bRk th. SLFN
A N BT BT SRS BRI g (1) A A
N v, SLEN fEREG Y 0,=[0,,,0,,, 0, 1N
0,=g(v.W+s)®, m=1,2,M (11)
Hep w=lw, ,w,, -, w, ] eR™ J& Bty 25 i 4 AUE
Me,0=00,,0,,-,0,] cR™ &4 47 s 5 By S %
PRI s =[5, 55,7,y ] eRVR Y S0 i 170 it
g, Wes) =[g(v,w +s5),,g(v,w, +s,) ]
(12)
ST m ASFEA AU B BT U . ELM A RS R
A AT W ORI B s 2 BEAIL™ A6 5 B 8 A A8 1Y,
B O & /MEF R 0 =HO 5 Hirki i T Z 1811
B2 IS 2, Horh H Ry SLEN 7 B2 fiy o 6 1
FoRWr
H=[g'(v/W+s),- g (viW+s)]" (13a)
T=[t,,t;,.t,] (13b)
SN T B SR T G 28 9 4 11432 ALk B, RELM ™ £
S/ MO Gz 22 57 77 R R B o B/ Ab i s 1 s A
B I 0. B

1 1
mino- | HO-T |} +¥ O]} (14)
Hepy'>0 R EWSHL, | - || FARBFER Frobenius

TR AR R 14) B,

(H'H+y'L) "H'T, M=N
{ (15)

H' (HH' +°1,) 'T, M<N
M RN AR KT, TR R ) i R AR R
AT H A B = AT 4589 1) MS-GADMM , > Jf:
172K RELM [n]8(14).
3.2 RELM #j MS-GADMM
O E bR T #280 %0, /B0 T =(¢, 2,
21:[ bypsty e ’tsm]reRMﬁ‘] T E"J% l ﬁ'J E%E@J

L
IHO - T | =;||H0l—tl I

ailj s:/H\:EP

(16a)

CIE =;||01||§ (16h)
BUSE I © Ayt 145 Bk 1 T U i/ — 6 31 (14, 25
0T LA UL i 0, (A2 i i
. 1 - 2 1 2 2
Hgnff’ﬂll0z—tzﬂz +?{7 ||0z”2’ [=1,2,---,L

(17)

HFFARAS 1 (1T ) AT (3 ). T 0 B STk

SR(T) AL BB Rt HJR 2 DU B 1L
MS-GADMM 41 BIGR3%E 1=1,2, -, L A 7R

Py O+ kv

k+1 K —
R S L
(18a)
yirt= h6)", m=1,2,- M (18b)
lelipimﬂ'ﬁ[ PUydh ], m=1,2,M
(18¢c)
v =y = =, ), m=1.2, M
(18d)
vt =t el o m=12,- M (18e)

k ok : : : : k
Hrp 01:[%1,921"“ ,gfw]T»y?:[yfz,ylz(u'“99/311]T’zf:[z11,

koL A»]T k_[ [
Zyps Bl S U =L Uy, Uypy 0ty

wh 1", o= v, vy, e,
Ol 1", b % k2 H =N " H 155 m AR5 n 5.

FERE], RELM () MS-GADMM %233 (18) , % -4
1=1,2, - L JESERBST I, BT 1 996 B 2 58 42 1)
FATHATEO. S m A LA X 5 0]y}, 20, u) i
T, A e bR A3 N AT 1, A 3 AR A 114
A FR T, B (18a) X n AOFEFRLL I (18b) ~ (18e) X
m FEER 2T AT BT, (B T (18b) 8y 2
FIE (18a) thE i 0f " (i 434k, (18a) 118 0) ' %
FIE of BIFTA 43, BT AXTEAS 1, AR (18) A
B AR AR 52 A ST 1Y T AR

SRT, B T7E (18a) ~ (18e) AYAE LAY, X8 1 1Y
AR AR AL, A ARG BT, 5 /E MATLAB Bf
BT GPU 347 52 8. 3747 52 BUJG , MS-GADMM (12
CRES N E IR 2N € 7 N o UE 4



628 mo T

2% B 2021 4F

ELM (508t
3.3 HEEHEERE
B AR AR PR R A A AL R SR B L d =

o' Y+ k1717 p=ad b, ,y,=(1-ap” ¥’ d;) , Hrh
p'=N"p" % 0,=t,./(1lp).B=p/(14p). #5543 HT
i, RELM f) MS-GADMM %3 %, 44> i1 3% 1% 45 (18a) F
HEARHE (18e) FUTEIATG L QMN + M + N) 7% fi ki
B L QMN +4M )YAPF SIS, IR RE 52 21T
AT R IR 0 T A b S, A BRT M+ N
F2 AR EE R M + N +4 NPR S INPsE ws
JNFSCHR[ 18 ] A MS-RADMM.

4 MEIREERSH

ARATTE S A FHEEI L EE 4 b, X RELM /iy MS-
GADMM #1745 H., I 5ASCHY MS-ADMM  J SCifik[ 18 ]
) MS-RADMM 47 REXS bb. 45 21 Hb S 38307 1) 3 14
-4 b Matlab 2017, #ifi {43 & 2 CPU 24 Intel (R) Core
(TM) i7-8700K@ 3. 7GHz, Y17 K 64GB [ & =114 #L.
5 ANEE S5 B, Gisette HEHET (2 2&,6000 4>l
FEAR 1000 A4~ FE AR ) , 20Newsgroup 41 48 (20 2,
11307 NYNZRFEAR, 7539 AR FEAR ) , USPS i 4 552
(10 25,7291 NYNZRAEA,2007 SRR A ) , NORB %
PRAED (5 25,24300 Ml Gk AR, 24300 AR FEA ) I
MNIST %4 4£@ (10 25,35000 I 2546 4%, 35000 A4~
A
4.1 st ae tb B SLIe

T SCHE USPS i1 20Newsgroup 1 >4 48 4 I, 433l
i MS-RADMM , MS-ADMM )}z MS-GADMM 475255
BT AR SO A O T I B 1 O AT M e A A SRR B
SR B A SR S BT A S A AT IRN =
10000, 245 5 37 pRACH Sigmoid BRI, 1E LS5 4
=10". FIL S HEUE N 1 7%, Hrf MS-RADMM (%
BRI SCHR [ 18 ] W 7 ik A3 B L (E, 50 ™
AN DL MS-RADMM 250 (8 4 S W) {8, 76 LR
Z UGB A B B AT S 4K

B 1K 2 2REINGaE Ry, Bk EE (@) 5
BIE (@) Z I AX 2= D, (k) fgilesih £, o

1 1
f(©) =5 [HO-T i +57 @] (19)

" J: " 5
D, (k) =|f(@)/f(O) -1] (20)
*1 =MEZINSHEIE
MS-ADMM MS-GADMM MS-RADMM
VG - -
P P a p a
USPS 0.0038 |0.0060 | 2.40 x10~* | 0.0123 | 3.109 x107*
20Newsgroup | 0.0043 | 0.0060 | 2.30 x10~* | 0.0106 |2. 8542 x 10 ~*

HIE T 2 af RIS M s A i, 78 2 SRl 4R 1,3
Tk A 2 2 Pk WL B ). MS-GADMM  fiy YL 8 EE R Y
MS-ADMM /|s ( i 28R4 3R B 280 ELBE R ), WA SCHY
B, BIAE MS-ADMM Hh 31 xe- 537 4 28 1< ] 5 1]
RS T ARG RIEEAR . 53018 1) MS-RADMM
HAEE, A S PR A W B3 3, al £ 5 /D A IR AR R 3R
PR IR A R RSO 0 i 2.

— - K5 ADMM
— - RS RIHATEADMM |
e KA1 L ADMM

AR 22 D (k)
=

20;)0 3000
AU K
1 USPSHUES b ik il

0 1000 4000 5000

— - KA HADMM
— - R AADMM |
FARARIT L ADMM

AAXHR2E D (k)
)

20(.)0 3000
R E ik
K2 20Newsgroup¥iiide [ =Rkt £k

4.2 GPU H4ThnELLE

Fi#I-5- /% NVIDIA GeForce RTX 2080Ti f4 GPU, £&
MATLAB ¥ 8% ' B gpuArray, X} MS-GADMM J; MS-
RADMM #EATHATS2IL, 16T 5 R4 1 GPU
FEFRAT N S8, Ses b, IENESEL y° =107 4 Gisette
Je USPS P/ % 4 N =20000, H: ¢ i 44 N =
30000. FEEMA &M |0 -0 || i<e || O | 4, 3
1 o =10 R ZSVFAEXT R 2. 3 2 F1H T WFP ADMM 22
¥ o BT 0 B 5 (il MATLAB o (1) 42 I8 B 4%\ 5
B 19757 B 1 A 8, 6 GPU I 38N ], 4 GPU
e A B IE) , GPU I LG % 5 4 425 TE %6 45

0 1000 4000 5000

@ K ASU H5 1 R 8085 4 (http . //featureselection. asu. edu/datasets.
php)
) K H UCHHLEs2# > %R 2 (hitp : // archive. ics. uci. edu/ml/index. php)
3K [ https://cs. nyu. edu/ ~ ylclab/data/norb-v1. 0/
>k A http://yann. lecun. com/exdb/mnist/



5 < TE A PR 2 ST LI Foe R 3 A T 1) e 13k 629

%2 ETFAEEEHN REMJISLER

EVEITES Rk EARIEL G (JE GPU) TSR] (45 GPU) GPU Jin#E Lt M43 E R %
UL Sl yiprS - 3. 48465 0.3157s 11.038 97. 8000
Gisette MS-RADMM 1126 133. 49s 1. 47025 90. 797 97. 8000
MS-GADMM 693 81.590s 0.2016s 404. 71 97. 8000
SR - 5.2349s 0. 4663s 11.226 94. 6687
USPS MS-RADMM 1123 193.92s 2.5187s 76.992 94. 6688
MS-GADMM 766 133. 82s 0. 6580s 203.37 94. 6687
SRR - 18. 6555 2. 15865 8. 6422 89. 5477
20Newsgroup MS-RADMM 1468 568. 13s 8. 6094s 65. 990 89. 5344
MS-GADMM 1000 384. 495 4. 4073s 87.239 89. 5609
TR )5 vk - 94. 3295 12.355s 7. 6349 91. 6790
NORB MS-RADMM 1945 1429. 9s 17.957s 79. 629 91. 6790
MS-GADMM 1356 1007. 6s 10. 1565 99.212 91. 6255
S0 A - 164. 765 Failure * NA 97. 8686
MNIST MS-RADMM 2812 3651. 3s 85. 6565 42.628 97.8714
MS-GADMM 1590 2068. 1s 42.383s 48.796 97.8714

# i CPU BYL HINA725 1], 1847 R

SRR B O 2R IR R LP A AR, RO TE
MEMAEVFRZE T IRE T AR AL RE. w] RIE 3,
£j MS-RADMM ALt , MS-GADMM ) 3£ ALK b, iH 5
I E) . B5A GPU FFAT I ,2 Bl ADMM 5930 b
TR R . #RR A GPU AT INnid S
MS-GADMM 55 5& 4 {438 1) 7 ik T3 (8] A0 24, 78 Gi-
sette FI NORB %4l 5 -, MS-GADMM ) 155 ik 1] b 5
T4 A 5 . #E GPU R 3 R AR REAS 21 fin sk,
2 b ADMM 553 (4 i 5 b #0 BU R B 396 4 O vk R AR 22,
MS-GADMM # jin 3 kb X kb MS-RADMM K. HJ MS-
GADMM A 45 i AT

5 HitSRFIE

P2 MS-ADMM B {04k 0] R4 P Ak A28 12 53 i
P LAk ), 45 20 1 b A3k B AT R AT AR
AR, 2 1) MS-GADMM 38 5o 3 K x- 355 20 K A
T 8w T E LM CSGE . N T RELM, 5255 3% B
MS-GADMM [t 3CHk [ 18 ] f) MS-RADMM i 84 tk. GPU
TN S 36 AR A i RO L, 2% B 3k F MS-GADMM (7
RELM, H3%F MS-RADMM [ RELM H.45 W 4f () 317
PERE.

BRI SRR, A kB4 2 1) MS-GADMM %
PAFAZ BR S ) R R R FRAT T A R B A I 1)

S5 30k

[1] HUANG G B,ZHU Q Y, SIEW C K. Extreme learning

machine ; theory and applications [ J ]. Neurocomputing,
2006,70(1 -3) :489 -501.

[2] HUANG G B,ZHOU H,DING X, et al. Extreme learning
machine for regression and multiclass classification [ J ].
IEEE Transactions on Systems, Man and Cybernetics-Part
B:Cybernetics,2012,42(2) ; 513 -529.

[3] HUANG Z Y,YU Y L,GU J, et al. An efficient method for
traffic sign recognition based on extreme learning machine
[J]. IEEE Transactions on Cybernetics,2017,47 (4) :920
- 933.

(41 IVBL, TKARAR i 85 6T 0 J2 AR B 2 2T BRI ) 3 A i A5

RURO LS R B v [0 ] R 5 N T L 2017, 30
(4). 302 -313.
SUN Y,ZHANG D D, GAO J. Visual tracking via hierar-
chical extreme learning machine and local sparse model
[J]. Pattern Recognition and Artificial Intelligence,2017,
30(4) : 302 —313. (in Chinese)

(5] BN, BRI, £ —52, 45 A6 VA b bn 2 b 2 AR
FAMZ R 2 [T ] 754k, 2019, 47 (3) : 719
-1725.

CHENG Y S,ZHAO D W,WANG Y B, et al. Multi-label
learning of kernel extreme learning machine with non-equi-
librium label completion [ J ]. Acta Electronica Sinica,
2019,47(3) ;719 - 725. (in Chinese)

(6] X4 F, b Sy, R, 5. 36T KELM BE£E 4R iy
SLIRMZE IR ARG [ T]. W 72412, 2019,47(5)
1070 - 1078.

LIUJ P,HEJ Z,MA T Y, et al. Selective ensemble of



630 mo T

2% B 2021 4F

KELM-based complex network intrusion detection[ J]. Ac-
ta Electronica Sinica,2019,47 (5) :1070 — 1078. (in Chi-
nese)

(7] T3, 257, % SCIH, A5 RBUIE T i BLas 2 > Rk 20k
[I]. BRI 5 T 6E,2014,27(4) « 327 - 336.

HE Q,LI N,LUO W J et al. A survey of machine learning
algorithms for big data[ J]. Pattern Recognition and Artifi-
cial Intelligence,2014,27(4) :327 —336. (in Chinese)

[8] HE Q,SHANG T F,ZHUANG F Z, et al. Parallel extreme
learning machine for regression based on mapreduce[ J].
Neurocomputing ,2013,102 .52 - 58.

[9] WANG Y Q,DOU Y,LIU X W, et al. PR-ELM; Parallel
regularized extreme learning machine based on cluster[J ].
Neurcomputing ,2016,173 ;1073 - 1087.

[10] XUME, £ 248, BUE AL, 55, BT Spark AR 2 > HL

EIFATARBESEL T ] LR, 2017 ,44(12) 233 - 37.
LIU P,WANG X K,HUANG Y H,et al. Study of ELM
algorithm parallelization based on Spark [ J ]. Computer
Science ,2017,44(12) :33 —37. (in Chinese)

[11] CHEN C,LI K L,OUYANG A J,et al. GPU-accelerated
parallel hierarchical extreme learning machine on Flink for
big data[ J]. IEEE Transactions on Systems,Man and Cy-
bernetics ;: Systems ,2017 ,47 (10) ;2740 - 2753.

[12] BOYD S,PARIKH N,CHU E et al. Distributed optimiza-
tion and statistical learning via the alternating direction
method of multipliers[ J]. Foundations and Trends in Ma-
chine Learning,2011,3(1) .1 - 122.

[13] GOLDSTEIN T,0’ DONOGHUE B,SETZER S. Fast al-
ternating direction optimization methods[ J]. SIAM Jour-
nal on Imaging Sciences,2014,7(3) ;1588 - 1623.

[14] YANG J F,ZHANG Y. Alternating direction algorithms
for [, -problems in compressive sensing[ J]. SIAM Journal
on Scientific Computing,2011,33(1) ;250 —278.

[15] WANG H H,GAO Y,SHI Y H,et al. Group-based alter-

nating direction method of multipliers for distributed linear

&=

BREHE L, 1995 FEETFTINRFM, WA
BUM L PR R B S b2 B R A= iR 585
] A LA 2
E-mail ; cindy_hxc@ 163. com

classification [ J |]. IEEE Transactions on Cybernetics,
2017,47(11) :3568 —3582.

[16] WANG H,FENG R B,HAN Z F, et al. ADMM-based al-
gorithm for training fault tolerant RBF networks and se-
lecting centers[ J ]. IEEE Transactions on Neural Networks
and Learning Systems,2018,29(8) :3870 —3878.

(17] #ARE G, 24, Berh g, 5. JE T 50747 ADMM 3K fiff

IR BRI A A [T ] 541, 2019,47 (11)
2392 — 2398.
HU Y Y,LUO Q,DUAN Z Y, et al. Time-frequency anal-
ysis based on partly parallel ADMM solving spectral pur-
suit problem[ J]. Acta Electronica Sinica,2019,47 (11):
2392 -2398. (in Chinese)

[18] LAI X P,CAO J W,HUANG X F, et al. A maximally
split and relaxed ADMM for regularized extreme learning
machines| J]. IEEE Transactions on Neural Networks and
Learning Systems,2020,31(6) ;1899 - 1913.

(19] sRar s, it e -, & Uk, 1E A6 R 2% > Bl £ 55 Bk

PSSR T5 Ty e 13 [ 0] BECRG15 N A 6, 2019,
32(12): 1107 - 1115.
ZHANG L J,LAI X P,CAO J W. Multi-partition relaxed
alternating direction method of multipliers for regularized
extreme learning machine [ J ]. Pattern Recognition and
Artificial Intelligence, 2019,32 (12) 1107 - 1115. (in
Chinese)

(20] ELABER, MGG, duifd fo. — 4k FIR JE IR 2 R B/ —

Fe BT d5c K3 Rl st ADMM B35 [ T]. L5244k,
2020,48(3) : 510 -517.
MA M Y,LAI X P,MENG H L. A maximally split and
relaxed ADMM for constrained least-squares design of
two-dimensional FIR filters[ J]. Acta Electronica Sinica,
2020,48(3) :510 - 517. (in Chinese)

[21] ANTSAKLIS P J,MICHEL A N. A Linear Systems Prim-
er[ M]. Boston, MA , USA ; Birkhéuser,2007.

BT (EEIEE) 59,1965 44 TILW
N, B BN B B R 2 R, 1 A
Uil SRS 5 10 D9 A T i KT 0 B A i
L
E-mail; laixp@ hdu. edu. cn



