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CONNECTION SPARSITY AND ORBIT STABILITY
IN DYNAMIC BINARY NEURAL NETWORKS
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Dynamic binary neural networks are recurrent type neural networks characterized by ternary connection
parameters and signum activate function. Depending on the parameters, the network can generate various binary
periodic orbits. The ternary connection parameters and signum activation function are suitable for precise
analysis and hardware implementation. First, we investigate influence of connection sparsity on stability of a
periodic orbit. As the sparsity increases, stability of a periodic orbit tends to be reinforced. As the sparsity

increases further, stability tends to be weakened and various transient phenomena exist.
Key Words : Dynamic binary neural networks, Periodic orbits, Stability
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