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Brightness visual illusions

Color visual illusions
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c} White illusion

d)} Luminance grad.
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Figure 14: Accumulated spectra of eigenfunctions decomposed in their intrinsic color space and weighted by eigenvalues. Limited frequency
resolution is due to the fact that this result comes from small 16 x 16 image blocks. This may give rise to artifacts in the spectra.
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A. Gomez, J. Malo, et al. (2019) "Visual lllusions also deceive Convolutional Neural Networks: Analysis and Implications".
Submitted to Vision Research https://arxiv.org/abs/1912.01643
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i . Zhang Tao
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nature FOCUS | PERSPECTIVE
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A deep learning framework for neuroscience

Blake A. Richards"23442* Timothy P. Lillicrap ©3542, Philippe Beaudoin’, Yoshua Bengio'43,

Systems neuroscience seeks explanations for how the brain implements a wide variety of perceptual, cognitive and motor tasks.
Conversely, artificial intelligence attempts to desigh computational systems based on the tasks they will have to solve. In artifi-

cial neural networks, the three components specified by design are the objective functions, the learning rules and the architectures
tures. With the growing success of deep learning, which utilizes brain-inspired architeciures, these three desighed components
have increasingly become central to how we model, engineer and optimize complex artificial learning systems. Here we argue
that a greater focus on these components would also benefit systems neuroscience. We give examples of how this optimization-
based framework can drive theoretical and experimental progress in neuroscience. We contend that this principled perspective

on systems neuroscience will help to generate more rapid progress.

NATURE NEUROSCIENCE | VOL 22 | NOVEMBER 2019 | 1761-1770 | www.nature.com/natureneuroscience



@ PlgeusSien & CONCLUS'ONS

X Focuvs on Hie ob;ec‘\i\lc. '(U“'C"'“G“‘Si [—H«e /'ijh quS'Liem)




@ PlgeusSien & CONCLUS'ONS

3% Focus on Hue biective {vmctigus’ [4-k¢ “why” qugsjrieu.)

¥ CNN .b':ﬁw'mcss § coloe illusious ento couns [om OOl iy

(wb\ﬂ%\/cr Jrk\ wzl IS SQ%("X Qwoujh>
MK & L1 1992

2 Lﬂr‘vf\rb X< H'-(o |§
X Car,uQ-c‘wv uZH/L lo)fvte\ OV\?Q"F"HWLD' MM"\’ZVLC%Z 2‘40\0 20\9

I X Il]ug(a*\s rm lAUWLOrMS Wa.:) Cowy R (\’Iow oYV ud -l’acl‘







