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Deep Neural Networks as Finite-Step Hopfield Dynamics Conditions for Stable Energy Descent
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- The energy is jointly defined by the weight matrix W and the activation-induced potential ® encodes learned interactions, while the activation shapes the nonlinear energy landscape.
- Under this formulation, each layer update is interpreted not as a static mapping but as a gradient descent step on the induced energy, so network depth becomes finite-step dynamical evolution

In state space.
- This perspective shifts stability analysis from fixed-point convergence to trajectory-level behavior, where the Jacobian determines local smoothness, perturbation amplification, and whether

the forward trajectory follows monotone energy descent.
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