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Singular Value Decomposition and Gradient Descent in Linear Multi-Layer Neural Networks
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Abstract: Multilayer linear neural networks, in which each layer consists solely of linear transformations, are mathematically

equivalent to a single linear transformation. Nevertheless, when trained with gradient descent, the learning dynamics of

multilayer and single-layer formulations differ, leading to distinct solutions. This study examines the effects of introducing

multiple linear layers on the learning process and explores the underlying relationships between these formulations.
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