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1 Li Misiurewicz
, Li Misiurewicz| §] .
x(t+ 1) = f(x(t)), (1)
,%(t) ER(t= 1,2, ...) fEC:R”R-
o t ) fl(x) = 1<t< p.f'(x) #x,
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(x();xl) "’axn,) *
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27 J F:77 e a €], b= F(a),c=
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T2: T C Jp
(A) p.q €S pFq
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a7 f 3 , 2
2 TCNN
s (TCNN) , TCNN
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xi(t) = fyi(t)) = 11 o2 07e (2)
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, (B=0) TONN, :
y(t+ )= F(y(t))= ky(t)+ $(y(t))+ a=- “uo* (5)
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1
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E+ 1
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Fy)= k+ of(y)(1=f(y))*
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1 E™+ k+ 1 B+ 1
l)k+ lw< @< B+ B+ b+ 1 a¢k2+ E+ T
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Chaos in Transiently Chaotic Neural Networks

RUAN Jiong, ZHAO Wei_rui, LIU Rong_song
(Department of Mathem atics, Research Center for Nonlinear Science and Laboratory
of Mathematics for Nonlinear Science, Fudan University,

Shanghai 200433, P.R . China)

Abstract: It was theoretically proved tha one dimensional transiently chaotic neural networks have
chaotic structure in sense of Li Yorke theorem with some given assumptions using that no division im-
plies chaos. In particular, it is further derived sufficient conditions for the existence of chaos in sense
of Li_Yorke theorem in chaotic neural network, which leads to the fact that Aihara has demonstrated
by numerical method. Finally, an example and numerical simulation are shown to illustrate and rein-

force the previous theory.

Key words: daotic neural networks; chaos; no division



