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Question: Can we understand feature learning in 2-layer neural networks trained with GD?

We present a solvable, minimal yet expressive high-dimensional regression task that captures feature learning in 2-layer NN, with quadratic activation and quadratic
target function. Even under simple assumptions on the data structure, our setting is rich enough to observe several non-trivial phenomena, such as:

Feature learning: We show that the 2-layer NN outperforms linear and kernel methods.

Induced regularisation: We show that £, regularisation on the weights w of the network can be interpreted as a nuclear norm regularisation for the matrix wwl,
iImplying that the learned weights are effectively those of the narrowest neural network that can fit the data, favouring more compact features.

Spectral structure: We predict analytically the spectrum of the learned weight matrix, which aligns with the phenomenology observed in practice.

Interpolation peak: We predict analytically an interpolation peak in the test error.
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3. Learning curves s* o wlw., 2-layer NN with m* = x*d hidden units and x* = 02. 4. Sketch of proof:
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