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A Chaotic Neural Network Model of
the Perception of Ambiguous Patterns

NATSUKI NAGAOT and HARUHIKO NISHIMURA'

Perceptual alternation of ambiguous figures is known as the phenomenon that perception
undergoes involuntary and random-like change in a circumstance the ambiguous stimulus is
kept constant. In this paper, we present a new theoretical model of the perception of am-
biguous patterns based on the chaotic neural networks with stimulus-response scheme and
investigate the nature in detail through computer simulations. The results by chaotic ac-
tivity, similar to those of psychophysical experiments, are difficult for stochastic activity to
attain to in the same simple framework. Our demonstration suggests a functional usefulness
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of the chaotic activity in the modeling of dynamic perceptual systems.
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Fig.1 Perception of the Necker cube with its two

interpretation

alternative interpretations.
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Fig.2 Pattern states of the neural network correspond

to the ambiguous figure and its interpretations in
Fig.1. White and other pixels represent the states
—1 and +1, respectively. Shaded and dotted pix-
els indicate the +1 positions which do not overlap
between {E:‘l} and {51“2}
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Fig.3 Time series of the overlap with {¢;'} and the
energy map under the stimulus {&] }.
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Fig.4 Time series of the overlap with {¢;'} and the
corresponding residence time T'.
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Fig.5 Frequency distribution of the persistent durations
T'(n) and the corresponding Gamma distribution.
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Fig.6 Dependence of the alternation rate on the stimulus
strength and the refractoriness. (N = 156 case)
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Fig.7 Dependence of the persistent duration frequency
distribution on the stimulus strength.
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Fig.8 Influence of the initial network states on the
frequency distribution of persistent durations.
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Fig.9 Dependence of the alternation rate on the stimulus
strength and the refractoriness. (N = 3 case)
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ergy map under the stimulus {£}}. In the case of
stochastic noise in Eq. (14). (Compare with Fig. 3.)
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