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grg'g”x—y”, lxll = Jx'x x€ R N
)
(RNN) :
T‘:l—;c:_ x+ Projo(x- a."E(x)), (A)
>0 a> 0 RNN .
i Q E(x) \ RNN(A)
Q ; , Lips-
chitz
RNN
1 RNN
2 RNN 3
4
1 RNN(A)
11 Projo( *) :
(i) y€ Q Vx € A, [Proje(x) - x] [Proje(x) - y] <O.
(ii) Projo(*) A , Vx,y € # : llProjo(x)- Projo(y) Il <
lx- y Il
i y € # dig’(y, Q) , Vy € #
Sydist’(y, Q)= 2(y - Proja(y)),
dist(y, Q) y Q .
dist(y. @ = minlly - x Il = lly~ Projo(y) Il
3 f(t) €C[0, + oo [0, + oo) . limf(1)
= 0.
( [11])
RNN(A)
1 xo € 7', RNN(A) X0 , x0€Q
X0 Q.
[8] 2 .
s E(x) Q 5 A X E Q,
E(x) 2A.
(A) :
1 E(x) €EC'(A), ¢ # , x0 € Q  RNN(A)
X0

1, RNN(A) , [0, ¢t ), 1
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+ oo , i, t2,0< 1< t2< t+,

L% +dE(x(t))
E(x(n)) = E(x(12)) = - ;LZ[T o ]dt h
v - )T

SE(x(1)) (- x(t)+ Projo(x(1) - a"E(x(1)))) =
~ Ll (1) - Projo(x(1) = aE(x(1))) 117+
(Projo(x(1) - a."E(x(1))) -
(x(1)— a"E(x(1))))"(Projo(x(1) - a"E(x(1))) - x(1)) <
- la lx(t)= Projo(x(1) - a."E(x(1))) II% (2)
(2) , (1) 1.
(D (2,
E(x(t1)) - E(x(t2)) 2
%J lx(1)— Projo(x(1)— aE(x(1))) I"di> 0.
0< t< t+ ,E(x(t)) : A, x€ QE(x) 24
x(t) € Q Vi €/0,1+ ), : 0< t1< t2< t+,
E(x(11)) - E(x(12)) <E(x0)— A= M.

J lx(1) - Projo(x(t)- a-"E(x(t))) II*dt < TaM. (3)
lx(t)- x(12) Il = LT ﬁzT—xd%ldz <

Hj'F x + Projo(x(1) = aE(x(1))) [lae <

%{J = x+ Projo(x(1) = a-'E(x(1))) ”zdt}l/z'{ﬁdt} " (4)

(3) (4,
lx(t)- x(t2) Il < % [12— 11 (5)
t+ , (5) t 7t {x(z)} 7 Cauchy . . limx(¢)
x(t) L+ . i+ ,x(t) L> tx,
[0, t~) s tx =+ 00,
RNN(A) x € Q ( E(x) Q
), (A) x(t) : , [8] [9]

F(x)=- x+ Projo(x- a.-"E(x)), RNN(A)
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F(x) , , (A) F(x)=0
(x)
S E(x) Lipschitz
2 E(x)€Ec(A) o A , x0€ Q “E(x) @
Lipschitz , F(x) RNN(A) x(t, xo) 0, (xo0 ),
Lm F(x(1,x0)) = 0. (6)
SE(x) Lipschitz , M M
I “E(x) Il <M, (7)
x,x,x2 € Q
| “E(x1)- “E(xy) I KM llxi= x5 Il (8)

F(t)= WF(x(t)) W= llx(t)= Projo(x(t) - a.-"E(x(t))) I’ 1 €0, + o).

Limf(t) = 0. (9)

(3) tr =+ o ( 6170 1+ o9:
J:)o}(t)dt <= M. (10)
(10) 3, f(t) : , f(t) [0, + o) Lipschitz
1( i), 1 (7, t> 0
lx(t)- Projo(x(t) - a."E(x(t))) Il <
Nx(t)- (x(t)- a"E(x(¢))) Il <ad, (11)
x'(¢) Il <(a/TM, t, 1> 0
lx(t)- x(1) Il K(V/ M | t1- 121 . (12)

0< 1< ta<+ o9 :
| f(t1)= f(t2) 1 =1 [x(t1)- Proja(x(t1) - a-"E(x(t1)))+
x(12) - Projo(x(t2) — a."E(x(12)))]"[x(t1) -
Projo(x(t1) - a-"E(x(t1))) -
x(12) + Projo(x(12) — a."E(x(12)))] | S
[ Wx(t1)= Projo(x(t1)— a."E(x(t1))) Il +
lx(t2) = Projo(x(t2)— a."E(x(t2))) ][ Nx(t1)- x(t2) Il +
IProjo(x(t1)- a."E(x(11))) - Proja(x(t2)— a-"E(x(t2))) ] <
2al [2 1l x(t1)— x(t2) I+ all “E(x(t2))- “E(x(t1)) ll] <
2 (2+ o) (/M | ti— 12l . (13)
(13) (11) 1( ii) (8) (I2).
f(t) Lipschitz

min £(x), s.t.x € Q ()
E(x) . E(x) €CY(A) . x €A, ac A
Q= 7, S .
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x(t) , 2 x(t) . ,
RNN(A) .
Q" = {x € QI E(x) 2E(x" ), Vx € @ Q°= {x"’ € 7' F(x°) = (}, Q'
(14) , @ F(x) ( RNN(A) )-
/8] 1, o Q Q , Q" c o
(A) , x(t) . x(t)
1 7 F(x) (no zero_at_infinity) , B
>0 &> 0, lx Il 2B NF(x) Il 2 ¢.
(6), F(x) ; (A) x(t)
(A)
3 F(x) , 2
(1) (A) ( quasiconvergence) ,
Jim dist(x (1), &)= 0, (15)
dist(*, ) 2
(ii) o . RNN(A) . x €«
limx(t) = x.
(i) Q° . RNN(A)

—

(1) , tn + ©© 6> 0, n,
dist(x( tn), Q) > 6. (16)
F(x) , x) . {xpz,

—

limx(tn) = x. k™ot T+ oo F(x) (6), F(x)=
lmF(x(t)) =0, x € . dist(x(tn ), Q°) T 0k oo (16)
( 11) (15)7 X E Q tn _)+ oo, lin;lox(tn) = X. tliIEX(t)

—

Zx, Q° , r> ON>0 ot 400 i B(x,r) x
. T )
(a) B(x.3r/2) N o= {x}:
(b) x(ta) € B(x,7r);
(&) x(tn) € B(x,1r/2).

N

t,,,l/,l g oo, x(t) ) ln, + ©°
x(i) €B(x,r)= B(x,r/2),
, n dist(x(tn), Q) Zdist(x(tn), x) Z1/2, (15)
( i) o={x), (i, x€ Q limx(1)= x, RNN(A)
2 RNN(A)
RNN(A) (implicit comple-

mentarity problem, ICP)
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x € Q
{s.t. gi(x) 20, Fi(x) 20 g(x)*Fi(x)= 0, (17)
Qc A , g F: 7" A . Q= A g(x)=x  F(x)=
Mx+ bM € 7" b€ 7, (17) , LCP(M, b); Q= A,
g(x)=x F(x) , (17) , NCP(F).
(17)
[12~ 14]_

2 #:R xR R,
Pla,b)= 0 ©a 20, b 20 a*b= 0 (18)
b .
g(x)= (gi(x)), F(x)= (Fi(x)),
Hgi(x), Fi(x))
D(x) = : : (19)
N gn(x), Fu(x))
(17) Q D(x) = 0,

{min E(x)= 5 Il agx) II%

(20)
s.t. x € Q.
d(a,b)= (a- b)°— a*l al- bl b1, (21)
Ha,b) :
a—d’%—blz 2 a- b)-2|a|,a—¢%—“: 2b-a)- 21 bl . (2)
E(x)( (21) ) :
SE(x)= S O(x)c D(x)= [a(x)*g(x)+ b(x) “F(x)]* ¥x), (23)
~g(x) ~F(x) g(x) F(x)
a(x)= diag(2(gi(x)- Fi(x))— 21 gi(x) | )11, -
b(x) = diag(2(Fi(x) - gi(x)) - 21 Fi(x) 1)1
4 Q , g(x), O(x): A~ A,
3 , BNN(A) xo€ Q x(t)
(1) limdist(x (1), @)= 0
(i) o , x €« limx(t) = x;
(i) o . RNN(A) .
Q , g(x) F(x) “g(x) - F(x) Q :
1, (A) x0 € Q x(t) x(t) C Q  x(t)
3

4, Q , (A)
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Q Q Q, o)
. (17)
; , Q
D) Q* Sze )
2 (17) Q (A) 0
(i) @ c o
(i) O C int Q(int Q Q ) xC€ O, Tdx) ,
Q" = o
(i) x €9, x € Ox")= 0. SE(xT )= Sarxt )T
D(x" ), SE(x" )= 0 Projo(x - a."E(x"))= Projo(x” )= x . ,x €
(i) x° € Q° x° Q , x°= Projo(x°— a."E(x°)),
SE(x) = 0. S D(xC) , P(x°) = 0. xt € Q.
x €0 RN , x (17) . ,
Liapunov .
5 x Q x (17) ., x  RNN(A)
Liapunov
, x" RNN(A) . o(x) AR
,b(x)= det" d(x" ) A2 ) A:{xe T b(x) 1> (}
7 . x Emend, x ., A, A caANq
x €47, T o(x) . x€a’ x Zx x €47 D(x) =
Dx" )+ Ox) (x-x )= TDx) e (x-x ). x-x Z0 S d(x)
, O(x) 20, x €0, 2( i), x€A4"  x Zx' x
€0 ,x"  RNN(A)
, E(x) RNN(A) A Liapunov : A
E(x')=0, x€A4° x#Zx ,E(x)> 0. dE(x(t))/dt <0 A"
dE(x(1))/dt = 0 x(t)= x . 1 (2).
di%uu < %lnx(t)— Proja(x(t) — o E(x(1))) II* <o.
x~ RNN(A) ,
dELELL) g ¥(1) €47 x(1) Zx.
, X RNN(A)  Liapunov ,
3
( ,oa=T=1)

1 Minimize

E(x) = exl+x2_larctan(x1+ x2— 1)2, (D)
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x € Q= {xeyf?}lxl 20, x2 >(}. (26)
N N . Q* = Qe:
{xE Ql w1+ x2= 1} lim [[F(x) Il =+ o0 i= 12 3(1) .
xo € Q x(t) Q°. 1(a)
5 I / [ A A A A Y
R A A A A
4 ://////’,/,///
N A e
A T
3 o //// / // ////
/ N R
X2 X7 ’] /////////////,//'//:/:/:/
21/////////,,/'/7////,
[/////////,,"':///////,
TN S SR
l,//{*f:://:; e
)
0 1 2 3 4 5
x1 X1
(a9 1 (by 2
1
(%1, %2 )
2 Minimize
a1 2 2 2
E(x) = """ ‘arctan(x1+ x2— 1)+ cos(xi+ x3)T, (27)
x € 0= {x € Zlx 2012 >(}. (28)
o = {(0.1).(10)} o= o U{06503 0.6503). 3(ii),
RNN(A) x0 € Q 1(b) :
, xo € Q RNN(A) (A)
- RNN(A)
(Kojima Shindo nonlinear complementarity test problem! ")
3
3xT+ 2wixa+ 2x3+ x3+ 34— 6
2+ xi+ w2+ 1003+ 24— 2
g(x)=x, F(x) = .
(x) ) 3xi+ wiva+ 202+ 203+ 94— 9
x%+ 3x%+ 2%3+ 3x4— 3
= (J6/2001/2) X = (1,030, 1 (
F(x )= (0,2+6/2,0,0)), 2 ( F(x )= (03,04)). 2
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2.0

1.5

1.0

xi

4.0

3.5

3.0

2.5

Xi

X3

x4
0.5
%2
0
x3
-0.5 : : L -0.5 L : :
0.1 0.2 0.3 0.4 0.1 0.2 0.3 0.4
t t
(a) (2,1,0.5,2), (J6/2,0,0,1/2) (b (2,1,4,2), (1,0,3,0)
2

2 2
3x1+ 2x1x2+ 2x2+ x3+ 3964— 6

2 2
2x1+ X1+ x2+ 3x3+ 2x4— 2

x)=x, F(x) = .
8(x) (x) 3x%+ x1x2+ 2x%+ 2x3+ 3x4- 1

x%+ 3x%+ 2x3+ 3x4—- 3

x" = (/6/2,0,0,1/2)( F(x")= (0,2+./6/250).

’ onQ N

) Liapunov . ,
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Recurrent Neural Network Model Based on Projective
Operator and Its Application to
Optimization Problems

MA Runing"?, CHEN Tian ping”
(1. Department of Mathematics, Nanjing University of Aeronautics and Astronautics,
Nanjing 210016, P.R . China ;
2. Institute of Mathematics, Fudan University, Shanghai 200433, P. R. China)

Abstract: The recurrent neural network(RNN) model based on projective operator is studied Differ-
ent from the former study, the value region of pragjective operator in the neural network which they
study was a general closed convex subset of n demensional Euclidean space and it wasn t a compact
convex set in general, that is, the value region of prgjective operator was probably unbounded. They
prove that the network has a globa solution and its solution trajectory converges to some equilibrium
set whenever objective function satisfies some conditions. After that, the model was applied to contin-
uously differentiable optimization and nonlinear or implicit complementarity problems. In addition,

simulation experiments confirm the efficiency of the RNN.

Key words: recurrent neural nework model;, projective operator; global convergence; optimization;

complementarity problem



