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A Model and Data Hybrid Parallel Learning Method for

Stochastic Configuration Networks

DAI Wei' LI De-Peng!  YANG Chun-Yu' MA Xiao-Ping'

Abstract Stochastic configuration networks (SCNs) that employ a supervisory mechanism to assign hidden-node
parameters in the incremental construction process can work successfully in building a universal approximator,
which indicates remarkable merits in simplicity of implementation, fast convergence and sound generalization.
However, an increasing amount of data makes the modeling task with SCNs a challenge. In order to improve the
comprehensive performance of neural network algorithms in large-scale data modeling, this paper proposes a hybrid
parallel stochastic configuration networks (HPSCNs) architecture by incorporating dual parallelism of model and
data. The proposed architecture consists of two SCN models with different construction methods to fast determine
the required hidden nodes. The first one is point-incremental SCN (PSCN) which uses point incremental algorithm,
and another one is block-incremental SCN (BSCN) which adopts block incremental algorithm. Besides, a dynamic
block method of sample data is established and applied for each model, which accelerates the establishment of can-
didate node pool and reduces the computational load. Comparative experiments were first conducted through large-
scale benchmark data sets and then a real-world industrial application case, indicating the effectiveness of the pro-
posed method.
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ESEASL TR IR & AT G 225 ST B A 2L
P, #4£48 SCNs (SC-IIT) !, et SCNs (BSC-
1) MR & HATHAHLAC B W 2% (HPSCNs) 43 3% &
R B BOFARYE A AR AT VR RE VT A, 17 B SE a8
£ MATLAB 2016a ¥5i Tiz17, it PC i) CPU
A5, 3.4 GHz, W17~ 16 GB RAM.

3.1 BIRHIE

4 AN [F] U ) B #E K4l : DB1 (SGEMM
GPU Kernel Performance Data Set). DB2 (Elec-
trical Grid Stability Simulated Data Set). DB3
(Mv Data Set) Ml DB4 (Pole Telecommunica-
tions Data Set) & H UCI (University of Califor-
nia at Irvine)”” #1 KEEL (Knowledge Extraction
based on Evolutionary Learning)®.

JIT i BB 4545 B LR 1. BT A K S
FATRENLIEIL 80 % HIFEANEIIZREE, 22T 20 %
YRS

3.2 EEEISELS

TERE FAL BRI B, N\ i A A I 1 3 — 1k
£ [-1, 1. EWSHEEW T
%k%{ﬁﬁﬁ Emax :300;

R EERERE Y]

Table 1  Specification of benchmark data sets
. Ja
HRR AR i tH AR FAs
DB1 14 4 241 600
DB2 12 1 10 000
DB3 10 1 40 768
DB4 26 1 14 998

%k%*ﬂ@aﬁﬁ\%& Tmax :107

BENLZEIE A € {1,10,50,100, 150,200} ;

2B 8r € {0.9,0.99,0.999, - -} ;

KBRZ%Ee = 0.1(DB1 f1 DB2), ¢ = 0.01
(DB3 Fll DB4);

ANTA] BSCN & sk AR S 5 43 ) B[ o A
Ap =1.3.5;

RINAEN GREE o LS Mo =4, 58 k IREAES
Oy BRBGE IS X (A K Lk = Lk, — LF. B 50, 100,
150, -, BARKTRIOE R WL 2.

DA, A4 =X (24) WS

4, 0< L <50

6, 50 < L <150
M = M1 (L) = 8, 150 < L < 300 (25)

®2  OECER XK RH TR

Table 2  Incremental interval length of block number
and its upper and lower bounds
LE, L, Lk,
50 50 0
100 150 50
150 300 150

NTAET AR, AP R FR IR R R BSC-T
Bk gess ) LR TR RRIE U4 R HPSCNs
A BE ATLBC B X 2% PSCN A (] i AL B X 2%
BSCN KB 5. a1 BSC-1 5 FR HAKIER TN 3
ANBEEE AT 5 HPSCN KR A ST /7274 PSCN
FUGERININ 1 ANFRE BT AL 17 BSCN & 0ER
W3 AREEN A BERHE, AIEENE
Jr AR YR Ay BT HRR

% 30 T ANEBE 50 ST S 45 R )
{EAFRAEZE (Mean4-Std). 38§ SC-IIT. BSC-I ,
I BSC-1, i LAE th, BEE PG Ay BUE R, &
FIHHEE R IR ZE e B AT BEIE A REL k& B R R,
TR [R] ¢ S, BB & p kg e gy UnT LU
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¥R a7 %

RO AL 48 SCNs W S B R0, il &
SCNs T EHE LT A L, SELEZ I8N,
ANFITFAERLZ A RS 3 A A IRRAE 2 >0 16 £ B
KV, R ZE T A BRI, AR ) RHIE R 2 B
R SRR AR gD, SR1T BSC-15 #1 BSC-1 5 7E
B UGEAR A R 58 FIPLTE, A n] s o T 80 TR
fIE (79 5) BITUAR. CHAEM SR G, BFE~
T RO T AR I T AR AL T BN R, ADAERY
T2 . H O, e R SONs J& —Fh LU
B B AR IR AT V2.

FH R] () 45 7 0T LA L 9% HPSCNT « HPSCNG Al
HPSCN; . NFER, A SCH 777 m] LASRAS B4 1)
LEAMEfRE, EDAHEE T SC-III A1 BSC-I, HPSCNI 1
HPSCN A% R IE A Y 45 0 B B0 [R] B ik — 20 s 2D
FERASLT R, JER R 2

1) e AT @ A H 303 5 P 5w I 6] 25 3R
S g s I 1V T 7SV E A O =V il L
B R EE AR ST R 7 vk F 20 (23) B G 30 B
FH A AUE, EIRRRRE FRR T T SUsiEH
H4H;

2) AERIEATIE L %R PSCN 5 BSCN
MUSZHB R D @, 56 B AT IEARE B BRI R E
NS 2. Hodh ) HPSCNs 1) BSCN SR B
WE R X, BB S E; PSCN X H
s BB A A 3R, AT AE R R B B R BR  E
S BB AT I R S A Ak T kAR IR

NT VAR 2R A ERE, B 3 A AR AE
XEAEAE DB1-DB4 BT E] (¢) FARR & 245 A
(D). Hp, t M LH— b Z (0, 1], HERR
Xof RV REFRAR IS 0 1 L. W 7E DB1 @ BT 4
W, SC-TIT AH B A SR I ke, 3 ¢ 36 9 959>
9 1. BSC — I Fr s 9 sl 2, H L X453 4)
N 1RAR, SHOEBAR, YEREELT. B, HIE 3 AT LA
G, ASCHTHIRA AT & S NE R AR

HPSCN; (Hsmmomaom. i 0.98
HPSCN} 0287000787000.28 073

®3 AFRFEMERLE

Table 3  Performance comparison of different algorithms
Hlnk ik #(s) k L
SC-III 24.35 £1.69 164.40 £ 7.76 164.40 + 7.76
BSC—I3 12.60 £1.21  69.20 £ 3.03 207.60 £+ 9.09
BSC—I5 9.41 +1.33 44.00 +3.24  220.00 £ 16.20
Bl HPSCN}  3.48+0.38  12240+£8.02  122.40 +8.02
HPSCN} 3.03 £0.28 63.40 £+ 4.16 162.80 + 7.90
HPSCN; 2.96 £0.19 45.00 4+ 2.83 215.00 £9.71
SC-III  26.97+254  300.00 +14.18  300.00 + 14.18
BSC—I3 14.66 £1.33 120.40 £3.98 361.20 +11.93
DB2 BSC—15 11.01 £1.07 78.80+£2.91  394.00 & 14.87
HPSCN;  7.22+£0.95 239.30 £ 14.55  239.3 £+ 14.55
HPSCN;  5.47+0.33 12350 £3.34  301.90 + 10.99
HPSCN}  4.39 +£0.42 81.80 £3.74  378.60 &+ 16.54
SC-III 18.04 £2.15 106.60 + 3.36 106.60 £ 3.36
BSC—I3 896 +1.21 39.80 £ 2.28 119.40 + 6.84
BSC—I5  6.81 £0.55 25.20 £1.10 126.00 £ 5.48
DB3 HPSCN}  3.45+£0.24 97.00 £ 2.65 97.00 £ 2.65
HPSCN} 2.05 +£0.13 41.20 £2.17 106.40 + 4.39
HPSCN; 1.88 £0.12 25.00 £1.22 121.00 £ 6.44
SCIII 9164034 161.20 £2.56  161.20 + 2.56
BSC—I3  3.79+£0.68 54.20 £+ 0.84 162.60 £ 2.51
BSC—1Is  2.59+0.13 33.40 £ 0.89 167.00 + 4.47
B HPSCN] 4.23 +£0.13 154.80 + 2.59 154.80 + 2.59
HPSCN;  2.01+0.13 59.00 £ 2.00 162.60 £ 2.41
HPSCNé 1.36 £0.11 34.20 £1.09 166.20 £ 3.03

gt tEne, H HPSCN] i fE.
3.3 BRI 5EE

AR H /2, HPSCNS B AR BT 75 B[] fe /bR
Bk E T REE B, &R s
5. N T B FEASFIBTE X A SR iR I 5

0.1 OSSN . o N
0.21 IOV oo NN s

HPSCN! NOSINoBssm 042055077 0.30 MINOSONEN o4 IIEDEEEE 3o

BSC-I, MOHEOMIR00 T 0.51 1.00
BSC-I, o620 094 064 0.92
SC-IIT O oGEm 1.00 0.66
0 1.00 2.00 3.00
¢ =L t L
DB1 DB2
B3 ARIFEE

048  |NTEOONEN 033 NN 5

s o; D

1.00 N T 1.00 I !
4.00 5.00 6.00 7.00
t =L t 174 By
DB3 DB4
ZEE M RELLEL

Fig.3  Comparison of comprehensive performance of different algorithms
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M, FA'1E X HPSCNs HIA &M (Effectiveness,
Eff):

nlL
Fff=— x1 2
ff nL+nRx 00 % (26)

Horb nL 1 nR 43 3 B EAC PSCN F1 BSCN
TR B AR Y S H A, T Eff IEEE T nL.

# 4103k 7 HPSCNs 1 BSCN & AN [A] £h 58
Ap BB IRATIE L. FTLLE ) 4T DB1-DB4,
BEE Ay BIHM, Eff BFIBUE RN, WA, =10
i, HPSCNi, [ Eff i fk, M PSCN A |2k %
THAABBIATRER. Kk, RS K%EE
PEBE, ] HPSCNs #E47 K @, H BSCN
B sE I Ay € {1,2,3}) .

3.4 Tz

Y T 77 vk B AE SR — BB b A, ST DA
BEHLLE T B BEALN T 45 7K B R4 G WL I R vk
FESH N, CABE AL i 1 R R AR Y S
W2 se i 5 6 B0 R AR 20 000 YITZRAE A A
5 000 MAFEA, W ER L% e = 0.05, T Ay =3,
HARLIOZS HOE [F] LRSI 0

R4 FRYE AR R

Table 4  Performance comparison of algorithms with
different block sizes
Hd b Bk nR nL Eff (%)
HPSCN] 61.3 61.1 49.9
HPSCN} 63.8 22.4 26.0
DB1 HPSCNé 52.8 12.6 19.3
HPSCN} 42.5 2.5 5.6
HPSCN}, 24.2 0.6 2.4
HPSCN] 119.2 120.1 50.2
HPSCN} 115.0 56.4 32.9
DB2 HPSCN} 99.2 24.3 19.7
HPSCN} 74.2 7.6 9.3
HPSCN7, 44.6 0.4 0.9
HPSCN; 48.4 48.6 50.1
HPSCN} 40.8 23.4 36.4
DB3 HPSCN} 33.6 7.6 18.4
HPSCN} 24.0 1.0 4.0
HPSCNji, 13.6 0.2 14
HPSCN{ 7.3 7.5 50.0
HPSCN} 64.2 29.4 314
DB4 HPSCNé 51.8 7.2 12.2
HPSCN} 33.0 1.2 3.5
HPSCNj, 17.0 0.2 1.1

K 4 FPE 5 4355 AT HPSCN s f B s &
B AR TR PR SR P A E T . I 4 AT
W RN R FE B8 7 v A B IR SIUSOR
HAEBIR R B IRENRETF IR IIE TR AT
8T M %L, X BEALEL 500 AN IR 48 i @ i 2%
(Al 5 Frow), IWH AT UG RS R 4 i S L S
AWMLy, AT DL B AR RS PR A A i

VB SapgiSre =
o o o
[N} w = ~

o
=

o
o
o
.
=
o b
—
o
—
o

B4 R St £
Fig.4  Convergence curve of HPSCNs

AN, AP 5 AT ET, B ST B AORLRE N B AR
RULE I B ) BERG BE I, G ABEINT ()L PR, IO 2 45 44 1)
BB BRIz EeE; Eff = 25.0 %, Horb A2 )
RIEE ML (PSCN). 45 il He s &R 4% (BSCN) 71
BRI AR S B o o 3 A0 9, BEEAAR A B
BREIERE. TER B, LR kR 20
AR R R T s A N R PR 4 B D R AR L, AR
SCRTHE 73 N 2 H At B0 4 0 22 1) Tk 241
o RS ERAS EAT R B. [RI I TR 22 kR B A
BF, 3B AT LA FE AT T At b SR, DASR 2 )
.

4 HEE

ASCIET BENLEC B P H T — R A 5 i
TRA AT RIER 22 SV SEBRBUE 1 B A R
E{£4; SCNs M8 SCNs M b, A 7 ik
KRBTSR, 325 7 RIER R, Fr
Rz EREN, HAFREEsLBl, BA R mseH
&, 481, HPSCNs HEARHE PSCN Al BSCN (1)
B ZE R BEET G 5, 7E BSCN SRR Z AT &
PIEOUR, SRR T 3G 07T A He by g T AN T4
REHE. T 0wt B hs 2 gt — DR mEkm
e VERE, InEF Nt HPSCNs A BY (A ik, @57
IR 2 4058 L EN; 75 R B Bed & SCNs Hlis
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Fig.5 Approximation performance of HPSCNs
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