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The space of functions parametrized by a fixed neural network architecture has been called ’neuromanifold’ by
Amari. Its geometry governs network training and learning, but is extremely difficult to understand. However,
neural networks can be approximated by polynomial ones, for which the understanding of neuromanifolds is
more tractable by borrowing tools from algebraic geometry. In particular, the polynomial setting allows for
a mathematical comparison of various network architectures such as MLPs, CNNs, or self-attention networks.
We compare their parameter symmetries, as well as the singularities of their neuromanifolds and their effect
on training and generalization. A concrete understanding of the neuromanifold facilitates the study of the loss
landscape as the latter is the graph of the loss function over the neuromanifold. We illustrate this by comparing
the critical points of polynomial networks in the big-data regime with the overparametrized setting.
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