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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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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

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

* H\JMA«» ‘( ”US; ovg WGQ CGwmae 'F( ot

]ugow\ax / 0\ v O W 1A

* CN(\) i(‘us:ous cotat -C'(‘ow\

ErvOr MU Al g QL;O\—\




. ’.Psﬂcb\ c?\ﬂ,jS;C s - M-KD

@ O-\'L\U' sHPF we -Ye)
. ’quﬂsle\.ﬁos o —FM"ZI



