Dissociating spatial frequency reliance from adversarial robustness
advantages in neurally guided deep convolutional neural networks
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1. Neural guidance increased reliance on both LSF and the human channel, but
explicitly biasing models towards these bands, alone or in combination, failed to
reproduce the robustness gains or human-like representational geometry.
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Probing SF reliance using adversarial perturbations3: we

computed perturbations’ Fourier power spectrum, summed energy
within concentric radial bins, E(r) = Zl(u,v)ler(u, v), and then
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normalized the result, E(r) = s E(r O estimate the relative reliance 2. Spatial-frequency reliance shifts are emerging properties of learning more brain-
on each frequency band (cycles/image, cpi). We then compared these \ ’ like representations, but not a sufficient explanation for robustness.
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