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TRANSITION FROM FIXED POINTS TO PERIODIC ORBITS
IN DYNAMIC BINARY NEURAL NETWORKS
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A dynamic binary neural network is a simple two-layer network with a delayed feedback. The network is

characterized by signum activation function parameters, connection parameters, and integer threshold

parameters. Depending on the parameters and initial value, the network can generate various binary periodic

orbits and fixed point. The dynamics is represented by a digital return map on a set of lattice points. we

considered transition from a target basic periodic orbit to a set of fixed points and a target basic periodic orbit to

a periodic orbit with period 2. Performing elementary numerical experiments, we have found two typical

patterns.
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