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A Novel Stable Locally Recurrent Neural Network with
Pole Assignment Projection Approach
SUN Jian* CHAI Yi* LI Hua-Feng® ZHU Zhi-Qin*
Abstract This paper derives a new stable locally recurrent global forward (LRGF) neural network with pole assignment

projection approach. The pole in the hidden neurons of the LRGF neural network can be classified into two situations.
One case is that the pole is on the real axis, and the other case is that the pole is a conjugate complex. We divide
the dynamic hidden neuron into two parts according to the kind of the pole, so that it can avoid the complexity of the
projective computation. A weight function is used to fuse the two parts. The learning method is based on the gradient
decent approach, which has been modified to be fit for the proposed neural network. At last, the simulation is given to
demonstrate the reliability and effectiveness of the new neural network, and the complexity of the projection computation

is also be analyzed.
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Fig.1 The structure of LRGF neural network
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M B PRPRAS B A H OBRFAEE AR A 3 Y
I e;(t) — 0, BbfE: 2 L RE T ] AR AE ¢f = ¢
ot that (38) Ak (39) w4, 7E ¢} = & Y, J
X ey A ed i S HORAE, Bt LU %0 (28) 112
BOEFITik, cf KPS T ¢, AT 5 w4 28 19 25 1)
S OR. BRILAEXS b A e SN IR H 2 4
BEER, Al

|c;—cﬂ > (52)

Ferb, m o TRl g/ NE Y, N BGREAE O FOHUA.

AT PRUEFRZE W 28 (R RRE P, AR B R S8
RUETE IR B, 5 5 AR AT IR S AR S H
WA A2 LA N AN A

{kﬂ<w
3 <
|d; & hji| < 1 (54)

IR (53) F(54) o A EE LR S
MBI R (0 < o < 1), FLEUE AT AR 3 O 9 53
SE AR /NI E, (R I A  38E S BRI A A PR A2 A X
1k, o MOEUE N 2800 1. 721 4 ) BISSERAY o b
SRRE X k. A (52) ~ (54) T4, TIR W)
WSS B RRE KR B 5 A

(53)
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c; = 1psgn(cj), |cjl’ > 1)
?—ﬂ’sgf;(ci)» ¢ > v
R 4 R (55)
d; 4+ hji‘dj’ |d; + hji| > 1
_ ¥ :
\ hj_ ‘dj—i-hji’hj’ |dj+hjl|>w

D1k ¢l Al 2 7S] IR A AR OB
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Fig.4 Stable projection of the pole

4 HESHMTESG

Y BGUESE T AR s L B RS E 1 LRGE #1225 5%
A RGUER T 2 2 A n] SEPE R 0k, R TR XS L
Tl [ VL IR v A5 52 4 BE AT 3 AT RN L, I 2k
PERGER AL Ve R AT I T 2 2] S, RIS T
HE— 20 Uk B A SO H (1) R 22 I 245 AR 34, 3 K S
HR [19—20] 1R 59 7 W Fefr i 2 00 265 FHUAS ST H (1)
25 9 28 0T B FP LA ) R G AT 0@ A A 2] SR, I
YELLAE S Hr.

41 HEEZFESH

W MBS E M 4 Fe e B T IEH WA, —
PR BB (Gradient projection, GP) J5ik, 7
— e R BB (MDP) 7 vElsl Rl AR S
$E A S AL B B (PAP) 7k RILL W Fh o vk
QAR =9 IS A LI B Ui - R N LR = =)
HRIEVEAN AT, 13318 1~ 3.

MK 1~ 3 aJLUEH, L& —F IR 2 fE
W IR MG F, PAP J7iEAH%T GP it MDP
TERTE R R 2 E N, A PAP JjikE#R Y
TR, DAk T SRR R D RS
Wi, B TIR 540 T, GP ki Kot S EAE R
BENT PAP Tk, AHE NI v B ERAE R B

KUt, PAP JiiERAETH RO B2 T GP s
% PAP JyiBAE TSR EAIX T GP ik iy
RIS, B PAP U5 IL B MDP Jrikfi
PR BOE T RE, 1 GP JHEA R A BLIIRE, XAT
N PR EEG R T A ) PERE R O IR [RIIN A 2
HZ 3 AT LR 3| PAP JRiAERE X IS BB o
AIRE P2 /N T MDP Jiik. X135 T PAP J5
FAESHBOE SN, R T R e, R T
Fore PRy R FR AL f SR A

®1 GP LS R E T

Table 1  Computational complexity analysis of GP
. —Br TIR, ZFr TIR,
T
IEZ N 5 NI BN EmK T
2T F 1 1 1 3 3 3
W B 1 2 1.5 2 5 3.5
plIrER R 1 1 1 2 2 2
Tkl 1 1 1 2 2 2
syl 4 5 4.5 9 12 10.5
2 MDP FikiH S I T
Table 2 Computational complexity analysis of MDP
B —Br IIR B IIR
T2
52N 5 NI AN BRSO P
ZAEF 1 2 1.5 2 3 2.5
WE A 0 1 0.5 0 2 1
kvt 5 0 2 1 0 16 8
Ferkhit 5 0 1 0.5 0 16 8
A 1 6 3.5 2 37 195
* 3 PAP FiRIMHEEIREST
Table 3 ~Computational complexity analysis of PAP
. T TIR ZFr TIR,
P25
IEZNE 5 NI & AN K P
AT 1 2 1.5 1 4 2.5
W BRAE 0 1 0.5 0 2 1
Ikt 0 0 0 0 1 0.5
FeiEit 0 0 0 0 6 3
SR 1 3 2 1 13 7

A ASRAR SR Y PR W G B RRUE 1) LRGF
AR R 2 [ 2 STV SR, X HL S SOk [18] 11—
15 i oS Ui o VR B AT B S % e U
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e PEah AR S B EUT T 2K
y(k) = Ary(k — 1) + Agy(k — 2) +
Biu(k — 1) 4 Bou(k — 2) (57)

R, A = 0.374861, A, = —0.367879, B, =
0.200281, B, = 0.140827. &7 RLEM M N EHE A
IESZE S HEFH, BAREAN uw(k) A

mk
i — <
s1n(25)7 k <250
1, 250 < k <500
u(k) = -1, 500 < k < 750

mk wk mk
3sin | — Asin | — .6sin | —
0351n(25)+0 sm<32)—|—0651n(10)7

750 < k < 1000
(58)

h AR = iR g BERE TT VR FE I, 40 A (7]
AN B JE AP TCAE AN [R5 ) BN, DA R AH R 2
TR HAT AN A B RS A E TT i 3 0 384T T
SEEG ERAR. %L Visual studio 2010 C+4 4
e, 7£ PC P& F (2G WAF, Intel E6550 CPU) ig
AR, HAGRIG 25 Rk 4 FoR (R s 24
i 10 WRSZHJE B ISE ). Hoh v W B2 el
TCNEL, v o WBREMETCHIF IR, nmax Ry KISk
RHL.

#4 SRR L

Table 4 Computational performance comparison
. A FsE BT (s)
2 I 245 I
GP MDP PAP
v=4, r=2, nmax = 500 2.217 2.374 2.254
v=_8, r =2, nmax = 500 3.977 4.011 3.591
v =16, r = 2, nmax = 500 6.914 6.923 6.717
v =28, r =2, nmax = 5000 40.233  40.245  39.142
v=_8, r=2, nmax = 10000 79.312 78.272  78.092

MF 4 Ho vr CUE ) AE A 1R B8 52 07 V10
LRGF #1225 () 2k vk 55 1 ) 18 2 REAH ], 15
FE Gk BRI o] LUE A PAP J5 v BT {e 3%
TR R, EES F M A3 s T R A
HIE, PAP Jrikih 2 4% 5 B, 7ERRE T il
4, 8,16 I, H KA 0.1~0.2 FPHIZE5]. 02 S IREK
WE N 5000 WS H A KL 1 FPrgzEnl. ik
& GP 7k, tHEFER 5K & MDP k. BT
i PAP J7 LI A FH 1) ey 350 8h 25 i 48 9 4% 541
F GP Fl MDP J7 7k [ fh £6 W 4 S5 R BT AT TR
HEAI PR W 28 0T 58 A2 BEAN AL, 4k Bk, A
PEH ) PAP shSM & M52 2N T3 T

GP 7714 MDP 777 1) LRGF #H£8 k4%.
42 HMEHTRFEER

g IOAEIE A S L E AR E 1 LRGE 8 2555
LM E RGN IEIRRE ), URTEEIE Y] -
PR EEPE R RO, X B RS T PAP J7i A1
MDP J5i:() LRGF 128 /0 48 X 21 R G0tk ATiE U
3. HFAESCHR [14] FSCHER [20] X GP Tk
A MDP J7ik3HT T VEA 0 L R AT, S0 T 4
LRGF #4 & rh{fi [l MDP J5 14§ 1540 48 WY 28 £F
2 2@ DL SO B v Re LL A GP 7 VA AL,
PRl X L HU6) PAP 77580 MDP 5 VA5 L3847 B
FEZTR Ay Kb, MR 4.1 TR A s &R
FEETR SR TG UIE A SCHE H PR RS2 1 28 ) ¢ A5 780 o) 28 )
BRGNRITEE ). J M2 W24 R Gk
N AT T R N (R T B8 T, A4 B A 1 sh A& i
PR 528 4.1 T ITATE. X 50K R 400 3 HUE
KRS

y(k) = Awy(k —1) + Asy(k —2) +
By (u(k —1) +e(k—1)) +
Bs (u(k — 2) + e(k — 2)) (59)

K, e(k) € [-0.2,40.2) ARG k B2 &
g s b (k) 50 (58) AL ittt A A
Pic B R E ) LRGF A28 M 4% (1 B2 2 e N s e
h A, PRSI 2 2 S T IR AR (e 58 k-

1) FAFAMZICH TR WIAR SR E A
0;

2) TABRZIEICA T B; WHE A O;

3) BB EINE T I SR A TIR 840 AR A
gk —0.2 1 40.2;

4) BB AP T0 N I LS B S TIR 50 1
WS e 0.1 + 0.14;

5) K Ba 2 2 o TIR i AR R K08 N
[—0.5, +0.5] FLIIBHHLEL;

6) HF A 20 I 25 (1) BT A AUAE e E A [—0.1, 4-0.1]
LENINGYIRA®

7) TBETE LI 45 P 1R T U R AR N TSR
BN 1, NwE N 0;

8) PR SH ¢ WEN 0.9, n WEN 0.05.

S AERWE 5 s, WK 5 mTRLE S, R
WAL B AR E 0 LRGE A 4, {EMEah& RS
BN /AR AT S I DL Re A R A T T

Kl 6 R 7 535 4K PAP VA1 MDP (1)
LRGF &M 4% (g UT i 2257 fli k. ti 6 fi
K7 Al & W, (] PAP 20 N 245 27 SIS &
HHL. f# /] MDP () LRGF #48 R 2878 25 50 K%
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Fig.5 The results of linear dynamic system modeled by
stable LRGF neural network with pole

assignment approach
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Fig.6 The curve of sum-squared error between the linear
dynamic system and the stable LRGF neural

network with pole assignment approach
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Fig.7 The curve of sum-squared error between the linear
dynamic system and the stable LRGF neural
network with MDP approach
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Table 5 The values of weight functions of IIR with real

pole in hidden neurons

[y L2 B A B A
H—AHZ I 1
HARE I 0
M TT 0
FPUMETT 1

4.3 FEMMNTRFEER

TEAEZRME R G IE T 15 B0 L, [RIFE SR FH 2
T PAP J77:M1 MDP J57%H) LRGF 148 M 2554 5)
BRGEM. T30k (18] F1 [21] 44 MDP
JER GP 5 T v g, JREGUE T T
MDP J5 ¥ [P 4 25 W 45 1 2% > 38 1 RS0 5 AR
T RH GP Hikmmh g mgs. Kk, 1 A
PAP J5iEM MDP J7i41 LRGE 48 W 28 3547 %F
Pt AR 23 10 Al 26 1 2 A 0 G s 50 B R Sk [ STk
[22], HARAY DL R 2243 T FERIA:
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Yp(K)yp(k — Dyp(k — 2)u(k — 1) [y,(k — 2) — 1] + u(k)

yp(k + 1) =

L+y2(k—1)+y2(k—2)

+e(k) (60)

R, e(k) € [-0.2,4+0.2] HRGAE k B 2K &
i s, I w(k) 5250 (58) ZE R N B . B
MR EFE I LRGF A4 48 BaZ 4 2 e AN B A
4. WIESEIR IS 4.2 W doe . seat g R
8~ 10 FIix.
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Fig.8 The curve of sum-squared error between the
non-linear dynamic system and the stable LRGF neural

network with pole assignment approach
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Fig.9 The results of non-linear dynamic system modeled

by stable LRGF neural network with pole assignment
approach
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Fig.10 The curve of sum-squared error between the

non-linear dynamic system and the stable LRGF neural
network with MDP approach
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The values of weight functions of IIR with
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WP R G AT U5 3, JFATHI AR S5 R 6 T 10
@aﬁ%%m LRGF 28 P 4605 51 R GeiE i, thst
S35 I SCHR [19—20] o (R97E A5 2108 U 44 28 00 265
éﬁﬁ)ﬂﬂ%ﬁ?ﬁﬂ% ST 2% 2], LR i =
BNASPREE 2% (127 5] S 5 .

S LI AL AR S HO

1) i HBH: 2.06 ohms;

2) i jE: 0.000238 H;

3) R HLBIAE R 60/(406 x 2 x ) V /rad;
4) BERUEH: 0.0235 N-m/A;
5) HritE: 1.07E—6kg-m?;

6) FUMFLE: 12E—7 N-m-s/rad.

HBIL ) 1 7 2 () o e 0 e 2 B 4
TR R 1/10.07TE—6kg-m?, #Es$z ge it
PEZ %N 100 N/mm, FHJE N 0.001 N-m-s/rad. XK
HI PID 428t 4 2 ] AL e e, FpL o R e 1)
MNMETH

u(k) = 3sin(2r x 1.7t) + 3sin(2r x 1.1t — g) +

3sin(2r x 0.3t + g) (61)

P RO B AR S ()R8 I 4% () B3 5 i 28 Je A B0
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Fig.11 The results of DC motor control system

modeled by hybrid recurrent neural network and stable

LRGF neural network with pole assignment approach
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Fig.12 The curves of sum-squared error of the hybrid
recurrent neural network and the stable LRGF neural

network with pole assignment approach
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Fig. 13 The results of DC motor control system
modeled by global recurrent neural network and stable

LRGF neural network with pole assignment approach
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