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AI x Neuroscience
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Artificial 
Intelligence

AI for neuroscience as a: 

- tool (neuron tagging, spike sorting, 
statistical methods, DeepLabCut, …) 

- theory (neural networks as computational 
models)

Artificial 
Neural 

Networks

Machine 
learning



I - Brief history of ANNs
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Real neurons
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The “abstract" neuron
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[McCulloch and Pi.s (1943)]
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The “abstract" neuron
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- No spikes 

- No dendritic nonlinearities 

- No neurotransmitter kinetics 

- No genetic specificities (neuron classes) 

- Synaptic delays can be added
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Brain-like learning: the perceptron
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[Rosenblatt (1958)]
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Brain-like learning: the perceptron

y = H

 
NX

k=1

wkxk � b

!
[Rosenblatt (1958)]

(where y=0 or 1)

More specifically:

y = 1 if
X

wkxk � b > 0
<latexit sha1_base64="n8I35ttLpDyiv7t6SrA5P3nffN0=">AAACDHicbVC7SgNBFJ31GeMramkzGAQbw24UtFGCNpYRzAOSEGYns8mQ2dll5q5mWbK9jb9iY6GIrR9g5984eRSaeGDgcM653LnHDQXXYNvf1sLi0vLKamYtu76xubWd29mt6iBSlFVoIAJVd4lmgktWAQ6C1UPFiO8KVnP71yO/ds+U5oG8gzhkLZ90Jfc4JWCkdi4fXzhNYANI0pR7aTps6sjHD+3+oN3Hx9jFl9g2Kbtgj4HniTMleTRFuZ37anYCGvlMAhVE64Zjh9BKiAJOBRtmm5FmIaF90mUNQyXxmW4l42OG+NAoHewFyjwJeKz+nkiIr3XsuybpE+jpWW8k/uc1IvDOWwmXYQRM0skiLxIYAjxqBne4YhREbAihipu/YtojilAw/WVNCc7syfOkWiw4J4Xi7Wm+dDWtI4P20QE6Qg46QyV0g8qogih6RM/oFb1ZT9aL9W59TKIL1nRmD/2B9fkDmzyapQ==</latexit>

y = if
X

wkxk � b < 0
<latexit sha1_base64="zvYpAimBC8p8cJ6atEWeLwcrQd8=">AAACC3icbVC7SgNBFJ2Nrxhfq5Y2Q4JgY9iNghYKQRvLCOYBSVhmJ7PJkNkHM3c1YcnWNv6KjYUitv6AnX/j5FFo4oELh3Pu5d573EhwBZb1bWSWlldW17LruY3Nre0dc3evpsJYUlaloQhlwyWKCR6wKnAQrBFJRnxXsLrbvx779XsmFQ+DOxhGrO2TbsA9TgloyTHzw8sWsAEkacq9NB21VOzjB6c/cPr4GLv4AluOWbCK1gR4kdgzUkAzVBzzq9UJaeyzAKggSjVtK4J2QiRwKtgo14oViwjtky5rahoQn6l2MvllhA+10sFeKHUFgCfq74mE+EoNfVd3+gR6at4bi/95zRi883bCgygGFtDpIi8WGEI8DgZ3uGQUxFATQiXXt2LaI5JQ0PHldAj2/MuLpFYq2ifF0u1poXw1iyOLDlAeHSEbnaEyukEVVEUUPaJn9IrejCfjxXg3PqatGWM2s4/+wPj8ASHRmmg=</latexit>

Learning: iterative procedure to update {wk}
<latexit sha1_base64="NH0jNiezqS3undXQY0L64q2eqbQ=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ac0oWy2m3bJ7ibsbpQS+iO8eFDEq7/Hm//GbZuDtj4YeLw3w8y8MOVMG9f9dkpr6xubW+Xtys7u3v5B9fCoo5NMEdomCU9UL8SaciZp2zDDaS9VFIuQ024Y38787iNVmiXywUxSGgg8kixiBBsrdf38aRD700G15tbdOdAq8QpSgwKtQfXLHyYkE1QawrHWfc9NTZBjZRjhdFrxM01TTGI8on1LJRZUB/n83Ck6s8oQRYmyJQ2aq78nciy0nojQdgpsxnrZm4n/ef3MRNdBzmSaGSrJYlGUcWQSNPsdDZmixPCJJZgoZm9FZIwVJsYmVLEheMsvr5JOo+5d1Bv3l7XmTRFHGU7gFM7Bgytowh20oA0EYniGV3hzUufFeXc+Fq0lp5g5hj9wPn8AjWaPtQ==</latexit>
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Brain-like learning: the perceptron
[New York Times (1958)]
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The XOR problem
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[Minsky & Papert, Perceptrons, (1969)

Possible solution: multi-layer perceptron

but how to train them ?
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AI winter…
(more of an ANN winter)
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Backpropagation algorithm (feedforward nets)
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(1986)
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“cool kid”

0.1

1.3
.9
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.4

1.2
2.5

Goal: learn mapping vector -> vector
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Backpropagation algorithm (feedforward nets)
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ŷ
<latexit sha1_base64="UdDvA5UQtP7fLNDzsfGLDgdRdjI=">AAAB/XicbVDNS8MwHE3n15xf9ePmJTgET6Odgh6HXjxOcB+wlpGm2RaWJiVJhVqK/4oXD4p49f/w5n9juvWgmw9CHu/9fuTlBTGjSjvOt1VZWV1b36hu1ra2d3b37P2DrhKJxKSDBROyHyBFGOWko6lmpB9LgqKAkV4wvSn83gORigp+r9OY+BEaczqiGGkjDe0jb4J05gWChSqNzJWleT60607DmQEuE7ckdVCiPbS/vFDgJCJcY4aUGrhOrP0MSU0xI3nNSxSJEZ6iMRkYylFElJ/N0ufw1CghHAlpDtdwpv7eyFCkimxmMkJ6oha9QvzPGyR6dOVnlMeJJhzPHxolDGoBiypgSCXBmqWGICypyQrxBEmEtSmsZkpwF7+8TLrNhnveaN5d1FvXZR1VcAxOwBlwwSVogVvQBh2AwSN4Bq/gzXqyXqx362M+WrHKnUPwB9bnD7melgw=</latexit>

x
<latexit sha1_base64="a2QdIiOUSfJ6zgQuM+VCu0jQ/Tg=">AAAB+XicbVC7TsMwFL3hWcorwMhiUSExVUlBgrGChbFI9CG1UeU4TmvVcSLbqaii/AkLAwix8ids/A1OmwFajmT56Jx75ePjJ5wp7Tjf1tr6xubWdmWnuru3f3BoHx13VJxKQtsk5rHs+VhRzgRta6Y57SWS4sjntOtP7gq/O6VSsVg86llCvQiPBAsZwdpIQ9vOBn7MAzWLzJU95fnQrjl1Zw60StyS1KBEa2h/DYKYpBEVmnCsVN91Eu1lWGpGOM2rg1TRBJMJHtG+oQJHVHnZPHmOzo0SoDCW5giN5urvjQxHqshmJiOsx2rZK8T/vH6qwxsvYyJJNRVk8VCYcqRjVNSAAiYp0XxmCCaSmayIjLHERJuyqqYEd/nLq6TTqLuX9cbDVa15W9ZRgVM4gwtw4RqacA8taAOBKTzDK7xZmfVivVsfi9E1q9w5gT+wPn8Am6KUSg==</latexit>

W1
<latexit sha1_base64="n4XhnznCe0nTUQPpM+40UIB4K4A=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqApZTKdtEMnkzBzI5TQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE14P6IjJULBKFrJ9yOK4yDMOrOBN6hU3Zo7B1klXkGqUKA5qHz5w5ilEVfIJDWm57kJ9jOqUTDJZ2U/NTyhbEJHvGepohE3/WyeeUbOrTIkYaztU0jm6u+NjEbGTKPATuYZzbKXi/95vRTDm34mVJIiV2xxKEwlwZjkBZCh0JyhnFpCmRY2K2FjqilDW1PZluAtf3mVtOs177JWf7iqNm6LOkpwCmdwAR5cQwPuoQktYJDAM7zCm5M6L86787EYXXOKnRP4A+fzB/k4kaM=</latexit>

W2
<latexit sha1_base64="Q3/lBOolIPzBrbtNVhx4Bq1u4UI=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqApZTKdtEMnkzBzI5TQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE14P6IjJULBKFrJ9yOK4yDMOrNBfVCpujV3DrJKvIJUoUBzUPnyhzFLI66QSWpMz3MT7GdUo2CSz8p+anhC2YSOeM9SRSNu+tk884ycW2VIwljbp5DM1d8bGY2MmUaBncwzmmUvF//zeimGN/1MqCRFrtjiUJhKgjHJCyBDoTlDObWEMi1sVsLGVFOGtqayLcFb/vIqaddr3mWt/nBVbdwWdZTgFM7gAjy4hgbcQxNawCCBZ3iFNyd1Xpx352MxuuYUOyfwB87nD/q8kaQ=</latexit>

W3
<latexit sha1_base64="MKXZ1MHLf4LVnCCgkVxgkJz0DMA=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsy0gi6LblxWsA/oDCWTZtrQJDMkGaEM/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OmHCmjet+O6WNza3tnfJuZW//4PCoenzS1XGqCO2QmMeqH2JNOZO0Y5jhtJ8oikXIaS+c3uV+74kqzWL5aGYJDQQeSxYxgo2VfF9gMwmjrDcfNofVmlt3F0DrxCtIDQq0h9UvfxSTVFBpCMdaDzw3MUGGlWGE03nFTzVNMJniMR1YKrGgOsgWmefowiojFMXKPmnQQv29kWGh9UyEdjLPqFe9XPzPG6QmugkyJpPUUEmWh6KUIxOjvAA0YooSw2eWYKKYzYrIBCtMjK2pYkvwVr+8TrqNutesNx6uaq3boo4ynME5XIIH19CCe2hDBwgk8Ayv8Oakzovz7nwsR0tOsXMKf+B8/gD8QJGl</latexit>

h1
<latexit sha1_base64="5VyRX9BDdFpLQoh1SaWxfVIMsMs=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRV0GXRjcsK9gFtCJPJpB06mYSZSaGE/okbF4q49U/c+TdO2iy09cAwh3PuZc6cIOVMacf5tiobm1vbO9Xd2t7+weGRfXzSVUkmCe2QhCeyH2BFORO0o5nmtJ9KiuOA014wuS/83pRKxRLxpGcp9WI8EixiBGsj+bY9DBIeqllsrnw8913frjsNZwG0TtyS1KFE27e/hmFCspgKTThWauA6qfZyLDUjnM5rw0zRFJMJHtGBoQLHVHn5IvkcXRglRFEizREaLdTfGzmOVRHOTMZYj9WqV4j/eYNMR7dezkSaaSrI8qEo40gnqKgBhUxSovnMEEwkM1kRGWOJiTZl1UwJ7uqX10m32XCvGs3H63rrrqyjCmdwDpfgwg204AHa0AECU3iGV3izcuvFerc+lqMVq9w5hT+wPn8A5LCT0g==</latexit>

h2
<latexit sha1_base64="PXCImp4xWSLXBIS+ZrrXrSnG3ks=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRV0GXRjcsK9gFtCJPJpB06mYSZSaGE/okbF4q49U/c+TdO2iy09cAwh3PuZc6cIOVMacf5tiobm1vbO9Xd2t7+weGRfXzSVUkmCe2QhCeyH2BFORO0o5nmtJ9KiuOA014wuS/83pRKxRLxpGcp9WI8EixiBGsj+bY9DBIeqllsrnw895u+XXcazgJonbglqUOJtm9/DcOEZDEVmnCs1MB1Uu3lWGpGOJ3XhpmiKSYTPKIDQwWOqfLyRfI5ujBKiKJEmiM0Wqi/N3IcqyKcmYyxHqtVrxD/8waZjm69nIk001SQ5UNRxpFOUFEDCpmkRPOZIZhIZrIiMsYSE23KqpkS3NUvr5Nus+FeNZqP1/XWXVlHFc7gHC7BhRtowQO0oQMEpvAMr/Bm5daL9W59LEcrVrlzCn9gff4A5jST0w==</latexit>

1.

0.

0.

y
<latexit sha1_base64="2A7DuJCvpRVdVAiUcdT84g18VK8=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmUF+4B2LJlMpg3NJEOSUcrQ/3DjQhG3/os7/8ZMOwttPRByOOdecnKChDNtXPfbWVldW9/YLG2Vt3d29/YrB4dtLVNFaItILlU3wJpyJmjLMMNpN1EUxwGnnWB8k/udR6o0k+LeTBLqx3goWMQINlZ66AeSh3oS2yubTAeVqltzZ0DLxCtIFQo0B5WvfihJGlNhCMda9zw3MX6GlWGE02m5n2qaYDLGQ9qzVOCYaj+bpZ6iU6uEKJLKHmHQTP29keFY59HsZIzNSC96ufif10tNdOVnTCSpoYLMH4pSjoxEeQUoZIoSwyeWYKKYzYrICCtMjC2qbEvwFr+8TNr1mndeq99dVBvXRR0lOIYTOAMPLqEBt9CEFhBQ8Ayv8OY8OS/Ou/MxH11xip0j+APn8wdWH5MO</latexit>

Error or “loss”: L = (y � ŷ)2
<latexit sha1_base64="NhDFBPIKZtiNqnSTN/lfSDgdlgI=">AAACBnicbVDLSsNAFJ3UV62vqEsRBotQF5akCroRim5cuKhgH9DEMplO26GTSZiZCCFk5cZfceNCEbd+gzv/xkmbhbYeuHA4517uvccLGZXKsr6NwsLi0vJKcbW0tr6xuWVu77RkEAlMmjhggeh4SBJGOWkqqhjphIIg32Ok7Y2vMr/9QISkAb9TcUhcHw05HVCMlJZ65r7jIzXCiCU3KbyAlRgeQ2eEVBKnR/e1nlm2qtYEcJ7YOSmDHI2e+eX0Axz5hCvMkJRd2wqVmyChKGYkLTmRJCHCYzQkXU058ol0k8kbKTzUSh8OAqGLKzhRf08kyJcy9j3dmR0tZ71M/M/rRmpw7iaUh5EiHE8XDSIGVQCzTGCfCoIVizVBWFB9K8QjJBBWOrmSDsGefXmetGpV+6Rauz0t1y/zOIpgDxyACrDBGaiDa9AATYDBI3gGr+DNeDJejHfjY9paMPKZXfAHxucPGP2XmQ==</latexit>
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Backpropagation algorithm (feedforward nets)
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0.43

ŷ
<latexit sha1_base64="UdDvA5UQtP7fLNDzsfGLDgdRdjI=">AAAB/XicbVDNS8MwHE3n15xf9ePmJTgET6Odgh6HXjxOcB+wlpGm2RaWJiVJhVqK/4oXD4p49f/w5n9juvWgmw9CHu/9fuTlBTGjSjvOt1VZWV1b36hu1ra2d3b37P2DrhKJxKSDBROyHyBFGOWko6lmpB9LgqKAkV4wvSn83gORigp+r9OY+BEaczqiGGkjDe0jb4J05gWChSqNzJWleT60607DmQEuE7ckdVCiPbS/vFDgJCJcY4aUGrhOrP0MSU0xI3nNSxSJEZ6iMRkYylFElJ/N0ufw1CghHAlpDtdwpv7eyFCkimxmMkJ6oha9QvzPGyR6dOVnlMeJJhzPHxolDGoBiypgSCXBmqWGICypyQrxBEmEtSmsZkpwF7+8TLrNhnveaN5d1FvXZR1VcAxOwBlwwSVogVvQBh2AwSN4Bq/gzXqyXqx362M+WrHKnUPwB9bnD7melgw=</latexit>

x
<latexit sha1_base64="a2QdIiOUSfJ6zgQuM+VCu0jQ/Tg=">AAAB+XicbVC7TsMwFL3hWcorwMhiUSExVUlBgrGChbFI9CG1UeU4TmvVcSLbqaii/AkLAwix8ids/A1OmwFajmT56Jx75ePjJ5wp7Tjf1tr6xubWdmWnuru3f3BoHx13VJxKQtsk5rHs+VhRzgRta6Y57SWS4sjntOtP7gq/O6VSsVg86llCvQiPBAsZwdpIQ9vOBn7MAzWLzJU95fnQrjl1Zw60StyS1KBEa2h/DYKYpBEVmnCsVN91Eu1lWGpGOM2rg1TRBJMJHtG+oQJHVHnZPHmOzo0SoDCW5giN5urvjQxHqshmJiOsx2rZK8T/vH6qwxsvYyJJNRVk8VCYcqRjVNSAAiYp0XxmCCaSmayIjLHERJuyqqYEd/nLq6TTqLuX9cbDVa15W9ZRgVM4gwtw4RqacA8taAOBKTzDK7xZmfVivVsfi9E1q9w5gT+wPn8Am6KUSg==</latexit>

W1
<latexit sha1_base64="n4XhnznCe0nTUQPpM+40UIB4K4A=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqApZTKdtEMnkzBzI5TQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE14P6IjJULBKFrJ9yOK4yDMOrOBN6hU3Zo7B1klXkGqUKA5qHz5w5ilEVfIJDWm57kJ9jOqUTDJZ2U/NTyhbEJHvGepohE3/WyeeUbOrTIkYaztU0jm6u+NjEbGTKPATuYZzbKXi/95vRTDm34mVJIiV2xxKEwlwZjkBZCh0JyhnFpCmRY2K2FjqilDW1PZluAtf3mVtOs177JWf7iqNm6LOkpwCmdwAR5cQwPuoQktYJDAM7zCm5M6L86787EYXXOKnRP4A+fzB/k4kaM=</latexit>

W2
<latexit sha1_base64="Q3/lBOolIPzBrbtNVhx4Bq1u4UI=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqApZTKdtEMnkzBzI5TQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE14P6IjJULBKFrJ9yOK4yDMOrNBfVCpujV3DrJKvIJUoUBzUPnyhzFLI66QSWpMz3MT7GdUo2CSz8p+anhC2YSOeM9SRSNu+tk884ycW2VIwljbp5DM1d8bGY2MmUaBncwzmmUvF//zeimGN/1MqCRFrtjiUJhKgjHJCyBDoTlDObWEMi1sVsLGVFOGtqayLcFb/vIqaddr3mWt/nBVbdwWdZTgFM7gAjy4hgbcQxNawCCBZ3iFNyd1Xpx352MxuuYUOyfwB87nD/q8kaQ=</latexit>

W3
<latexit sha1_base64="MKXZ1MHLf4LVnCCgkVxgkJz0DMA=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsy0gi6LblxWsA/oDCWTZtrQJDMkGaEM/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OmHCmjet+O6WNza3tnfJuZW//4PCoenzS1XGqCO2QmMeqH2JNOZO0Y5jhtJ8oikXIaS+c3uV+74kqzWL5aGYJDQQeSxYxgo2VfF9gMwmjrDcfNofVmlt3F0DrxCtIDQq0h9UvfxSTVFBpCMdaDzw3MUGGlWGE03nFTzVNMJniMR1YKrGgOsgWmefowiojFMXKPmnQQv29kWGh9UyEdjLPqFe9XPzPG6QmugkyJpPUUEmWh6KUIxOjvAA0YooSw2eWYKKYzYrIBCtMjK2pYkvwVr+8TrqNutesNx6uaq3boo4ynME5XIIH19CCe2hDBwgk8Ayv8Oakzovz7nwsR0tOsXMKf+B8/gD8QJGl</latexit>

h1
<latexit sha1_base64="5VyRX9BDdFpLQoh1SaWxfVIMsMs=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRV0GXRjcsK9gFtCJPJpB06mYSZSaGE/okbF4q49U/c+TdO2iy09cAwh3PuZc6cIOVMacf5tiobm1vbO9Xd2t7+weGRfXzSVUkmCe2QhCeyH2BFORO0o5nmtJ9KiuOA014wuS/83pRKxRLxpGcp9WI8EixiBGsj+bY9DBIeqllsrnw8913frjsNZwG0TtyS1KFE27e/hmFCspgKTThWauA6qfZyLDUjnM5rw0zRFJMJHtGBoQLHVHn5IvkcXRglRFEizREaLdTfGzmOVRHOTMZYj9WqV4j/eYNMR7dezkSaaSrI8qEo40gnqKgBhUxSovnMEEwkM1kRGWOJiTZl1UwJ7uqX10m32XCvGs3H63rrrqyjCmdwDpfgwg204AHa0AECU3iGV3izcuvFerc+lqMVq9w5hT+wPn8A5LCT0g==</latexit>

h2
<latexit sha1_base64="PXCImp4xWSLXBIS+ZrrXrSnG3ks=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRV0GXRjcsK9gFtCJPJpB06mYSZSaGE/okbF4q49U/c+TdO2iy09cAwh3PuZc6cIOVMacf5tiobm1vbO9Xd2t7+weGRfXzSVUkmCe2QhCeyH2BFORO0o5nmtJ9KiuOA014wuS/83pRKxRLxpGcp9WI8EixiBGsj+bY9DBIeqllsrnw895u+XXcazgJonbglqUOJtm9/DcOEZDEVmnCs1MB1Uu3lWGpGOJ3XhpmiKSYTPKIDQwWOqfLyRfI5ujBKiKJEmiM0Wqi/N3IcqyKcmYyxHqtVrxD/8waZjm69nIk001SQ5UNRxpFOUFEDCpmkRPOZIZhIZrIiMsYSE23KqpkS3NUvr5Nus+FeNZqP1/XWXVlHFc7gHC7BhRtowQO0oQMEpvAMr/Bm5daL9W59LEcrVrlzCn9gff4A5jST0w==</latexit>

1.

0.

0.

y
<latexit sha1_base64="2A7DuJCvpRVdVAiUcdT84g18VK8=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmUF+4B2LJlMpg3NJEOSUcrQ/3DjQhG3/os7/8ZMOwttPRByOOdecnKChDNtXPfbWVldW9/YLG2Vt3d29/YrB4dtLVNFaItILlU3wJpyJmjLMMNpN1EUxwGnnWB8k/udR6o0k+LeTBLqx3goWMQINlZ66AeSh3oS2yubTAeVqltzZ0DLxCtIFQo0B5WvfihJGlNhCMda9zw3MX6GlWGE02m5n2qaYDLGQ9qzVOCYaj+bpZ6iU6uEKJLKHmHQTP29keFY59HsZIzNSC96ufif10tNdOVnTCSpoYLMH4pSjoxEeQUoZIoSwyeWYKKYzYrICCtMjC2qbEvwFr+8TNr1mndeq99dVBvXRR0lOIYTOAMPLqEBt9CEFhBQ8Ayv8OY8OS/Ou/MxH11xip0j+APn8wdWH5MO</latexit>

Error or “loss”: L = (y � ŷ)2
<latexit sha1_base64="NhDFBPIKZtiNqnSTN/lfSDgdlgI=">AAACBnicbVDLSsNAFJ3UV62vqEsRBotQF5akCroRim5cuKhgH9DEMplO26GTSZiZCCFk5cZfceNCEbd+gzv/xkmbhbYeuHA4517uvccLGZXKsr6NwsLi0vJKcbW0tr6xuWVu77RkEAlMmjhggeh4SBJGOWkqqhjphIIg32Ok7Y2vMr/9QISkAb9TcUhcHw05HVCMlJZ65r7jIzXCiCU3KbyAlRgeQ2eEVBKnR/e1nlm2qtYEcJ7YOSmDHI2e+eX0Axz5hCvMkJRd2wqVmyChKGYkLTmRJCHCYzQkXU058ol0k8kbKTzUSh8OAqGLKzhRf08kyJcy9j3dmR0tZ71M/M/rRmpw7iaUh5EiHE8XDSIGVQCzTGCfCoIVizVBWFB9K8QjJBBWOrmSDsGefXmetGpV+6Rauz0t1y/zOIpgDxyACrDBGaiDa9AATYDBI3gGr+DNeDJejHfjY9paMPKZXfAHxucPGP2XmQ==</latexit>

@L
@h1

<latexit sha1_base64="55OtbiNL4JshrKUE7snRvTQ2sBY=">AAACH3icbVC7TsMwFHXKq5RXgJHFokJiqpKCgLGChYGhSPQhNVHkOE5r1Ykj20GqovwJC7/CwgBCiK1/g9NmKC1Xsnx0zr32ucdPGJXKsqZGZW19Y3Orul3b2d3bPzAPj7qSpwKTDuaMi76PJGE0Jh1FFSP9RBAU+Yz0/PFdofeeiZCUx09qkhA3QsOYhhQjpSnPvHJCgXDmJEgoihh0IqRGGLHsIc8XWJ+zQE4ifWWj3LNzz6xbDWtWcBXYJaiDstqe+eMEHKcRiRVmSMqBbSXKzYr3MSN5zUklSRAeoyEZaBijiEg3m+2XwzPNBDDkQp9YwRm7OJGhSBbudGdhXy5rBfmfNkhVeONmNE5SRWI8/yhMGVQcFmHBgAqCFZtogLCg2ivEI6QDUzrSmg7BXl55FXSbDfui0Xy8rLduyziq4AScgnNgg2vQAvegDToAgxfwBj7Ap/FqvBtfxve8tWKUM8fgTxnTX4UApII=</latexit>

@L
@h2

<latexit sha1_base64="7vpNy9ZX6L4+dswJ2HyrlwhT4TA=">AAACH3icbVC7TsMwFHXKq5RXgJHFokJiqpKCgLGChYGhSPQhNVHkOE5r1Ykj20GqovwJC7/CwgBCiK1/g9NmKC1Xsnx0zr32ucdPGJXKsqZGZW19Y3Orul3b2d3bPzAPj7qSpwKTDuaMi76PJGE0Jh1FFSP9RBAU+Yz0/PFdofeeiZCUx09qkhA3QsOYhhQjpSnPvHJCgXDmJEgoihh0IqRGGLHsIc8XWJ+zQE4ifWWj3Gvmnlm3Gtas4CqwS1AHZbU988cJOE4jEivMkJQD20qUmxXvY0bympNKkiA8RkMy0DBGEZFuNtsvh2eaCWDIhT6xgjN2cSJDkSzc6c7CvlzWCvI/bZCq8MbNaJykisR4/lGYMqg4LMKCARUEKzbRAGFBtVeIR0gHpnSkNR2CvbzyKug2G/ZFo/l4WW/dlnFUwQk4BefABtegBe5BG3QABi/gDXyAT+PVeDe+jO95a8UoZ47BnzKmv4aFpIM=</latexit>

wt+1 = wt � ⌘
@L
@w

<latexit sha1_base64="MBnyOQhP5sdtO8FkuZYkoxj6vWs="></latexit>

Gradient descent update:
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Convolutional neural networks
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David Hubel & Torsten Wiesel (Nobel prize 1981)
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Convolutional neural networks
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LeCun et al., (1989)

(1980)
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… and the ANN explosion!
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(2012)
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Meanwhile in theory labs

18

(1989)



Adrian Valente 07/10/202219

Universal approximation theorem

A feedforward neural network can, with sufficient hidden neurons and the correct set of weights, 
approximate any function f : Rn ! Rm

<latexit sha1_base64="HJWbnoEx3orWvTQlXPODOEPvnCs=">AAACCHicbVC7TsMwFHXKq5RXgJEBiwqJqUoKEoipgoWxIPqQmlA5rtNatZ3IdpCqqCMLv8LCAEKsfAIbf4PTZigtR7J0dM698j0niBlV2nF+rMLS8srqWnG9tLG5tb1j7+41VZRITBo4YpFsB0gRRgVpaKoZaceSIB4w0gqG15nfeiRS0Ujc61FMfI76goYUI22krn0YXnoc6UEQpHfjBwE9HcEZgXftslNxJoCLxM1JGeSod+1vrxfhhBOhMUNKdVwn1n6KpKaYkXHJSxSJER6iPukYKhAnyk8nQcbw2Cg9GEbSPKHhRJ3dSBFXasQDM5ndqOa9TPzP6yQ6vPBTKuJEE4GnH4UJgyZt1grsUUmwZiNDEJbU3ArxAEmEtemuZEpw5yMvkma14p5Wqrdn5dpVXkcRHIAjcAJccA5q4AbUQQNg8ARewBt4t56tV+vD+pyOFqx8Zx/8gfX1C66OmcM=</latexit>

(of compact support)

Meanwhile in theory labs
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Remaining problem: variable-length inputs

20

So far we consider inputs that can be mapped to vectors in Rn
<latexit sha1_base64="A3ccaimGM/Q6WGTAicDDTYX+9Hs=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmUV+4DOWDJppg3NZEKSEcrQ33DjQhG3/ow7/8ZMOwttPRA4nHMv9+SEkjNtXPfbWVldW9/YLG2Vt3d29/YrB4dtnaSK0BZJeKK6IdaUM0FbhhlOu1JRHIecdsLxTe53nqjSLBEPZiJpEOOhYBEj2FjJ92NsRmGY3U8fRb9SdWvuDGiZeAWpQoFmv/LlDxKSxlQYwrHWPc+VJsiwMoxwOi37qaYSkzEe0p6lAsdUB9ks8xSdWmWAokTZJwyaqb83MhxrPYlDO5ln1IteLv7n9VITXQUZEzI1VJD5oSjlyCQoLwANmKLE8IklmChmsyIywgoTY2sq2xK8xS8vk3a95p3X6ncX1cZ1UUcJjuEEzsCDS2jALTShBQQkPMMrvDmp8+K8Ox/z0RWn2DmCP3A+fwBGb5HW</latexit>

What about: 

- text 

- sound 

- video 

- time series…
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Recurrent neural networks (RNNs)
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Example: sentiment analysis

Objective: learn a mapping sequence -> vector

Film à voir pour dormir.
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Recurrent neural networks (RNNs)
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Example: sentiment analysis

Objective: learn a mapping sequence -> vector

Film à voir pour dormir.

h1
<latexit sha1_base64="5VyRX9BDdFpLQoh1SaWxfVIMsMs=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRV0GXRjcsK9gFtCJPJpB06mYSZSaGE/okbF4q49U/c+TdO2iy09cAwh3PuZc6cIOVMacf5tiobm1vbO9Xd2t7+weGRfXzSVUkmCe2QhCeyH2BFORO0o5nmtJ9KiuOA014wuS/83pRKxRLxpGcp9WI8EixiBGsj+bY9DBIeqllsrnw8913frjsNZwG0TtyS1KFE27e/hmFCspgKTThWauA6qfZyLDUjnM5rw0zRFJMJHtGBoQLHVHn5IvkcXRglRFEizREaLdTfGzmOVRHOTMZYj9WqV4j/eYNMR7dezkSaaSrI8qEo40gnqKgBhUxSovnMEEwkM1kRGWOJiTZl1UwJ7uqX10m32XCvGs3H63rrrqyjCmdwDpfgwg204AHa0AECU3iGV3izcuvFerc+lqMVq9w5hT+wPn8A5LCT0g==</latexit>
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Recurrent neural networks (RNNs)
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Example: sentiment analysis

Objective: learn a mapping sequence -> vector

Film à voir pour dormir.

h2
<latexit sha1_base64="PXCImp4xWSLXBIS+ZrrXrSnG3ks=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRV0GXRjcsK9gFtCJPJpB06mYSZSaGE/okbF4q49U/c+TdO2iy09cAwh3PuZc6cIOVMacf5tiobm1vbO9Xd2t7+weGRfXzSVUkmCe2QhCeyH2BFORO0o5nmtJ9KiuOA014wuS/83pRKxRLxpGcp9WI8EixiBGsj+bY9DBIeqllsrnw895u+XXcazgJonbglqUOJtm9/DcOEZDEVmnCs1MB1Uu3lWGpGOJ3XhpmiKSYTPKIDQwWOqfLyRfI5ujBKiKJEmiM0Wqi/N3IcqyKcmYyxHqtVrxD/8waZjm69nIk001SQ5UNRxpFOUFEDCpmkRPOZIZhIZrIiMsYSE23KqpkS3NUvr5Nus+FeNZqP1/XWXVlHFc7gHC7BhRtowQO0oQMEpvAMr/Bm5daL9W59LEcrVrlzCn9gff4A5jST0w==</latexit>



Adrian Valente 07/10/2022

Recurrent neural networks (RNNs)
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Example: sentiment analysis

Objective: learn a mapping sequence -> vector

Film à voir pour dormir.

h3
<latexit sha1_base64="ABAOx/rhLsZjoy7JqqkFTkgk0lM=">AAAB+XicbVBPS8MwHP11/pvzX9Wjl+AQPI12E/Q49OJxgpuDrZQ0TbewtClJOhhl38SLB0W8+k28+W1Mtx5080HI473fj7y8IOVMacf5tiobm1vbO9Xd2t7+weGRfXzSUyKThHaJ4EL2A6woZwntaqY57aeS4jjg9CmY3BX+05RKxUTyqGcp9WI8SljECNZG8m17GAgeqllsrnw891u+XXcazgJonbglqUOJjm9/DUNBspgmmnCs1MB1Uu3lWGpGOJ3XhpmiKSYTPKIDQxMcU+Xli+RzdGGUEEVCmpNotFB/b+Q4VkU4MxljPVarXiH+5w0yHd14OUvSTNOELB+KMo60QEUNKGSSEs1nhmAimcmKyBhLTLQpq2ZKcFe/vE56zYbbajQfrurt27KOKpzBOVyCC9fQhnvoQBcITOEZXuHNyq0X6936WI5WrHLnFP7A+vwB57iT1A==</latexit>
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Recurrent neural networks (RNNs)
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Example: sentiment analysis

Objective: learn a mapping sequence -> vector

Film à voir pour dormir.

h4
<latexit sha1_base64="z+7UzjRhd1SnXwkXFiiBL/BE6f8=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBFclaQWdFl047KCfUAbwmQyaYdOJmFmUiihf+LGhSJu/RN3/o2TNgttPTDM4Zx7mTMnSDlT2nG+rY3Nre2d3cpedf/g8OjYPjntqiSThHZIwhPZD7CinAna0Uxz2k8lxXHAaS+Y3Bd+b0qlYol40rOUejEeCRYxgrWRfNseBgkP1Sw2Vz6e+03frjl1ZwG0TtyS1KBE27e/hmFCspgKTThWauA6qfZyLDUjnM6rw0zRFJMJHtGBoQLHVHn5IvkcXRolRFEizREaLdTfGzmOVRHOTMZYj9WqV4j/eYNMR7dezkSaaSrI8qEo40gnqKgBhUxSovnMEEwkM1kRGWOJiTZlVU0J7uqX10m3UXev643HZq11V9ZRgXO4gCtw4QZa8ABt6ACBKTzDK7xZufVivVsfy9ENq9w5gz+wPn8A6TyT1Q==</latexit>

ŷ
<latexit sha1_base64="MIQRtRNu2AtbSlq9aOk2tkcIifM=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGC/YA2lM120y7dbMLuRAihP8KLB0W8+nu8+W/ctjlo64OBx3szzMwLEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJ3czvPHFtRKweMUu4H9GREqFgFK3U6Y8p5tl0UKm6NXcOskq8glShQHNQ+eoPY5ZGXCGT1Jie5ybo51SjYJJPy/3U8ISyCR3xnqWKRtz4+fzcKTm3ypCEsbalkMzV3xM5jYzJosB2RhTHZtmbif95vRTDGz8XKkmRK7ZYFKaSYExmv5Oh0JyhzCyhTAt7K2FjqilDm1DZhuAtv7xK2vWad1mrP1xVG7dFHCU4hTO4AA+uoQH30IQWMJjAM7zCm5M4L86787FoXXOKmRP4A+fzB7MPj84=</latexit>

positive

negative
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Unrolled computation graph

Film à voir pour dormir.

h4
<latexit sha1_base64="z+7UzjRhd1SnXwkXFiiBL/BE6f8=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBFclaQWdFl047KCfUAbwmQyaYdOJmFmUiihf+LGhSJu/RN3/o2TNgttPTDM4Zx7mTMnSDlT2nG+rY3Nre2d3cpedf/g8OjYPjntqiSThHZIwhPZD7CinAna0Uxz2k8lxXHAaS+Y3Bd+b0qlYol40rOUejEeCRYxgrWRfNseBgkP1Sw2Vz6e+03frjl1ZwG0TtyS1KBE27e/hmFCspgKTThWauA6qfZyLDUjnM6rw0zRFJMJHtGBoQLHVHn5IvkcXRolRFEizREaLdTfGzmOVRHOTMZYj9WqV4j/eYNMR7dezkSaaSrI8qEo40gnqKgBhUxSovnMEEwkM1kRGWOJiTZlVU0J7uqX10m3UXev643HZq11V9ZRgXO4gCtw4QZa8ABt6ACBKTzDK7xZufVivVsfy9ENq9w5gz+wPn8A6TyT1Q==</latexit>

ŷ
<latexit sha1_base64="MIQRtRNu2AtbSlq9aOk2tkcIifM=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGC/YA2lM120y7dbMLuRAihP8KLB0W8+nu8+W/ctjlo64OBx3szzMwLEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJ3czvPHFtRKweMUu4H9GREqFgFK3U6Y8p5tl0UKm6NXcOskq8glShQHNQ+eoPY5ZGXCGT1Jie5ybo51SjYJJPy/3U8ISyCR3xnqWKRtz4+fzcKTm3ypCEsbalkMzV3xM5jYzJosB2RhTHZtmbif95vRTDGz8XKkmRK7ZYFKaSYExmv5Oh0JyhzCyhTAt7K2FjqilDm1DZhuAtv7xK2vWad1mrP1xVG7dFHCU4hTO4AA+uoQH30IQWMJjAM7zCm5M4L86787FoXXOKmRP4A+fzB7MPj84=</latexit>

Backpropagation through time

h3
<latexit sha1_base64="ABAOx/rhLsZjoy7JqqkFTkgk0lM=">AAAB+XicbVBPS8MwHP11/pvzX9Wjl+AQPI12E/Q49OJxgpuDrZQ0TbewtClJOhhl38SLB0W8+k28+W1Mtx5080HI473fj7y8IOVMacf5tiobm1vbO9Xd2t7+weGRfXzSUyKThHaJ4EL2A6woZwntaqY57aeS4jjg9CmY3BX+05RKxUTyqGcp9WI8SljECNZG8m17GAgeqllsrnw891u+XXcazgJonbglqUOJjm9/DUNBspgmmnCs1MB1Uu3lWGpGOJ3XhpmiKSYTPKIDQxMcU+Xli+RzdGGUEEVCmpNotFB/b+Q4VkU4MxljPVarXiH+5w0yHd14OUvSTNOELB+KMo60QEUNKGSSEs1nhmAimcmKyBhLTLQpq2ZKcFe/vE56zYbbajQfrurt27KOKpzBOVyCC9fQhnvoQBcITOEZXuHNyq0X6936WI5WrHLnFP7A+vwB57iT1A==</latexit>

h2
<latexit sha1_base64="PXCImp4xWSLXBIS+ZrrXrSnG3ks=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRV0GXRjcsK9gFtCJPJpB06mYSZSaGE/okbF4q49U/c+TdO2iy09cAwh3PuZc6cIOVMacf5tiobm1vbO9Xd2t7+weGRfXzSVUkmCe2QhCeyH2BFORO0o5nmtJ9KiuOA014wuS/83pRKxRLxpGcp9WI8EixiBGsj+bY9DBIeqllsrnw895u+XXcazgJonbglqUOJtm9/DcOEZDEVmnCs1MB1Uu3lWGpGOJ3XhpmiKSYTPKIDQwWOqfLyRfI5ujBKiKJEmiM0Wqi/N3IcqyKcmYyxHqtVrxD/8waZjm69nIk001SQ5UNRxpFOUFEDCpmkRPOZIZhIZrIiMsYSE23KqpkS3NUvr5Nus+FeNZqP1/XWXVlHFc7gHC7BhRtowQO0oQMEpvAMr/Bm5daL9W59LEcrVrlzCn9gff4A5jST0w==</latexit>

h1
<latexit sha1_base64="5VyRX9BDdFpLQoh1SaWxfVIMsMs=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRV0GXRjcsK9gFtCJPJpB06mYSZSaGE/okbF4q49U/c+TdO2iy09cAwh3PuZc6cIOVMacf5tiobm1vbO9Xd2t7+weGRfXzSVUkmCe2QhCeyH2BFORO0o5nmtJ9KiuOA014wuS/83pRKxRLxpGcp9WI8EixiBGsj+bY9DBIeqllsrnw8913frjsNZwG0TtyS1KFE27e/hmFCspgKTThWauA6qfZyLDUjnM5rw0zRFJMJHtGBoQLHVHn5IvkcXRglRFEizREaLdTfGzmOVRHOTMZYj9WqV4j/eYNMR7dezkSaaSrI8qEo40gnqKgBhUxSovnMEEwkM1kRGWOJiTZl1UwJ7uqX10m32XCvGs3H63rrrqyjCmdwDpfgwg204AHa0AECU3iGV3izcuvFerc+lqMVq9w5hT+wPn8A5LCT0g==</latexit>

h0
<latexit sha1_base64="ga+ObzgchcqYJENH8Eg73JIp5dw=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRV0GXRjcsK9gFtCJPJpB06mYSZSaGE/okbF4q49U/c+TdO2iy09cAwh3PuZc6cIOVMacf5tiobm1vbO9Xd2t7+weGRfXzSVUkmCe2QhCeyH2BFORO0o5nmtJ9KiuOA014wuS/83pRKxRLxpGcp9WI8EixiBGsj+bY9DBIeqllsrnw89x3frjsNZwG0TtyS1KFE27e/hmFCspgKTThWauA6qfZyLDUjnM5rw0zRFJMJHtGBoQLHVHn5IvkcXRglRFEizREaLdTfGzmOVRHOTMZYj9WqV4j/eYNMR7dezkSaaSrI8qEo40gnqKgBhUxSovnMEEwkM1kRGWOJiTZl1UwJ7uqX10m32XCvGs3H63rrrqyjCmdwDpfgwg204AHa0AECU3iGV3izcuvFerc+lqMVq9w5hT+wPn8A4yyT0Q==</latexit>

Wrec
<latexit sha1_base64="+G7nmYsIhOoUlR5xo10E3u/OqwA=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRV0JUU3LisYB/QhjCZTtqhk0mYmRRKyJ+4caGIW//EnX/jpM1CWw8MHM65lzn3BAlnSjvOt1XZ2Nza3qnu1vb2Dw6P7OOTropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6X3h92ZUKhaLJz1PqBfhsWAhI1gbybftYYT1JAizXu5nkpLct+tOw1kArRO3JHUo0fbtr+EoJmlEhSYcKzVwnUR7GZaaEU7z2jBVNMFkisd0YKjAEVVetkieowujjFAYS/OERgv190aGI6XmUWAmi5xq1SvE/7xBqsNbL2MiSTUVZPlRmHKkY1TUgEbMHKv53BBMJDNZEZlgiYk2ZdVMCe7qyeuk22y4V43m43W9dVfWUYUzOIdLcOEGWvAAbegAgRk8wyu8WZn1Yr1bH8vRilXunMIfWJ8/I/qT+Q==</latexit>

Wrec
<latexit sha1_base64="+G7nmYsIhOoUlR5xo10E3u/OqwA=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRV0JUU3LisYB/QhjCZTtqhk0mYmRRKyJ+4caGIW//EnX/jpM1CWw8MHM65lzn3BAlnSjvOt1XZ2Nza3qnu1vb2Dw6P7OOTropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6X3h92ZUKhaLJz1PqBfhsWAhI1gbybftYYT1JAizXu5nkpLct+tOw1kArRO3JHUo0fbtr+EoJmlEhSYcKzVwnUR7GZaaEU7z2jBVNMFkisd0YKjAEVVetkieowujjFAYS/OERgv190aGI6XmUWAmi5xq1SvE/7xBqsNbL2MiSTUVZPlRmHKkY1TUgEbMHKv53BBMJDNZEZlgiYk2ZdVMCe7qyeuk22y4V43m43W9dVfWUYUzOIdLcOEGWvAAbegAgRk8wyu8WZn1Yr1bH8vRilXunMIfWJ8/I/qT+Q==</latexit>

Wrec
<latexit sha1_base64="+G7nmYsIhOoUlR5xo10E3u/OqwA=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRV0JUU3LisYB/QhjCZTtqhk0mYmRRKyJ+4caGIW//EnX/jpM1CWw8MHM65lzn3BAlnSjvOt1XZ2Nza3qnu1vb2Dw6P7OOTropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6X3h92ZUKhaLJz1PqBfhsWAhI1gbybftYYT1JAizXu5nkpLct+tOw1kArRO3JHUo0fbtr+EoJmlEhSYcKzVwnUR7GZaaEU7z2jBVNMFkisd0YKjAEVVetkieowujjFAYS/OERgv190aGI6XmUWAmi5xq1SvE/7xBqsNbL2MiSTUVZPlRmHKkY1TUgEbMHKv53BBMJDNZEZlgiYk2ZdVMCe7qyeuk22y4V43m43W9dVfWUYUzOIdLcOEGWvAAbegAgRk8wyu8WZn1Yr1bH8vRilXunMIfWJ8/I/qT+Q==</latexit>

Wrec
<latexit sha1_base64="+G7nmYsIhOoUlR5xo10E3u/OqwA=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRV0JUU3LisYB/QhjCZTtqhk0mYmRRKyJ+4caGIW//EnX/jpM1CWw8MHM65lzn3BAlnSjvOt1XZ2Nza3qnu1vb2Dw6P7OOTropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6X3h92ZUKhaLJz1PqBfhsWAhI1gbybftYYT1JAizXu5nkpLct+tOw1kArRO3JHUo0fbtr+EoJmlEhSYcKzVwnUR7GZaaEU7z2jBVNMFkisd0YKjAEVVetkieowujjFAYS/OERgv190aGI6XmUWAmi5xq1SvE/7xBqsNbL2MiSTUVZPlRmHKkY1TUgEbMHKv53BBMJDNZEZlgiYk2ZdVMCe7qyeuk22y4V43m43W9dVfWUYUzOIdLcOEGWvAAbegAgRk8wyu8WZn1Yr1bH8vRilXunMIfWJ8/I/qT+Q==</latexit>

Wout
<latexit sha1_base64="iPAzFRg3r/b6lZNFV6ED/8kxUE8=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRV0JUU3LisYB/QhjCZTtqhk0mYmRRKyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2Nza3qnu1vb2Dw6P7OOTropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6X3h92ZUKhaLJz1PqBfhsWAhI1gbybftYYT1JAizXu5ncapz3647DWcBtE7cktShRNu3v4ajmKQRFZpwrNTAdRLtZVhqRjjNa8NU0QSTKR7TgaECR1R52SJ5ji6MMkJhLM0TGi3U3xsZjpSaR4GZLHKqVa8Q//MGqQ5vvYyJJNVUkOWhMOVIx6ioAY2YpETzuSGYSGayIjLBEhNtyqqZEtzVL6+TbrPhXjWaj9f11l1ZRxXO4BwuwYUbaMEDtKEDBGbwDK/wZmXWi/VufSxHK1a5cwp/YH3+AFGalBc=</latexit>

Win
<latexit sha1_base64="IZgXoz9/SHtXabN5kpsfKI2GeCg=">AAAB+HicbVDLSsNAFL3xWeujUZduBovgqiRV0JUU3LisYB/QhjCZTtqhk0mYmQg15EvcuFDErZ/izr9x0mahrQcGDufcy5x7goQzpR3n21pb39jc2q7sVHf39g9q9uFRV8WpJLRDYh7LfoAV5UzQjmaa034iKY4CTnvB9Lbwe49UKhaLBz1LqBfhsWAhI1gbybdrwwjrSRBmvdzPmMh9u+40nDnQKnFLUocSbd/+Go5ikkZUaMKxUgPXSbSXYakZ4TSvDlNFE0ymeEwHhgocUeVl8+A5OjPKCIWxNE9oNFd/b2Q4UmoWBWayiKmWvUL8zxukOrz2zD1Jqqkgi4/ClCMdo6IFNGKSEs1nhmAimcmKyARLTLTpqmpKcJdPXiXdZsO9aDTvL+utm7KOCpzAKZyDC1fQgjtoQwcIpPAMr/BmPVkv1rv1sRhds8qdY/gD6/MHYoaTjA==</latexit>

Win
<latexit sha1_base64="IZgXoz9/SHtXabN5kpsfKI2GeCg=">AAAB+HicbVDLSsNAFL3xWeujUZduBovgqiRV0JUU3LisYB/QhjCZTtqhk0mYmQg15EvcuFDErZ/izr9x0mahrQcGDufcy5x7goQzpR3n21pb39jc2q7sVHf39g9q9uFRV8WpJLRDYh7LfoAV5UzQjmaa034iKY4CTnvB9Lbwe49UKhaLBz1LqBfhsWAhI1gbybdrwwjrSRBmvdzPmMh9u+40nDnQKnFLUocSbd/+Go5ikkZUaMKxUgPXSbSXYakZ4TSvDlNFE0ymeEwHhgocUeVl8+A5OjPKCIWxNE9oNFd/b2Q4UmoWBWayiKmWvUL8zxukOrz2zD1Jqqkgi4/ClCMdo6IFNGKSEs1nhmAimcmKyARLTLTpqmpKcJdPXiXdZsO9aDTvL+utm7KOCpzAKZyDC1fQgjtoQwcIpPAMr/BmPVkv1rv1sRhds8qdY/gD6/MHYoaTjA==</latexit>

Win
<latexit sha1_base64="IZgXoz9/SHtXabN5kpsfKI2GeCg=">AAAB+HicbVDLSsNAFL3xWeujUZduBovgqiRV0JUU3LisYB/QhjCZTtqhk0mYmQg15EvcuFDErZ/izr9x0mahrQcGDufcy5x7goQzpR3n21pb39jc2q7sVHf39g9q9uFRV8WpJLRDYh7LfoAV5UzQjmaa034iKY4CTnvB9Lbwe49UKhaLBz1LqBfhsWAhI1gbybdrwwjrSRBmvdzPmMh9u+40nDnQKnFLUocSbd/+Go5ikkZUaMKxUgPXSbSXYakZ4TSvDlNFE0ymeEwHhgocUeVl8+A5OjPKCIWxNE9oNFd/b2Q4UmoWBWayiKmWvUL8zxukOrz2zD1Jqqkgi4/ClCMdo6IFNGKSEs1nhmAimcmKyARLTLTpqmpKcJdPXiXdZsO9aDTvL+utm7KOCpzAKZyDC1fQgjtoQwcIpPAMr/BmPVkv1rv1sRhds8qdY/gD6/MHYoaTjA==</latexit> Win

<latexit sha1_base64="IZgXoz9/SHtXabN5kpsfKI2GeCg=">AAAB+HicbVDLSsNAFL3xWeujUZduBovgqiRV0JUU3LisYB/QhjCZTtqhk0mYmQg15EvcuFDErZ/izr9x0mahrQcGDufcy5x7goQzpR3n21pb39jc2q7sVHf39g9q9uFRV8WpJLRDYh7LfoAV5UzQjmaa034iKY4CTnvB9Lbwe49UKhaLBz1LqBfhsWAhI1gbybdrwwjrSRBmvdzPmMh9u+40nDnQKnFLUocSbd/+Go5ikkZUaMKxUgPXSbSXYakZ4TSvDlNFE0ymeEwHhgocUeVl8+A5OjPKCIWxNE9oNFd/b2Q4UmoWBWayiKmWvUL8zxukOrz2zD1Jqqkgi4/ClCMdo6IFNGKSEs1nhmAimcmKyARLTLTpqmpKcJdPXiXdZsO9aDTvL+utm7KOCpzAKZyDC1fQgjtoQwcIpPAMr/BmPVkv1rv1sRhds8qdY/gD6/MHYoaTjA==</latexit>

Win
<latexit sha1_base64="IZgXoz9/SHtXabN5kpsfKI2GeCg=">AAAB+HicbVDLSsNAFL3xWeujUZduBovgqiRV0JUU3LisYB/QhjCZTtqhk0mYmQg15EvcuFDErZ/izr9x0mahrQcGDufcy5x7goQzpR3n21pb39jc2q7sVHf39g9q9uFRV8WpJLRDYh7LfoAV5UzQjmaa034iKY4CTnvB9Lbwe49UKhaLBz1LqBfhsWAhI1gbybdrwwjrSRBmvdzPmMh9u+40nDnQKnFLUocSbd/+Go5ikkZUaMKxUgPXSbSXYakZ4TSvDlNFE0ymeEwHhgocUeVl8+A5OjPKCIWxNE9oNFd/b2Q4UmoWBWayiKmWvUL8zxukOrz2zD1Jqqkgi4/ClCMdo6IFNGKSEs1nhmAimcmKyARLTLTpqmpKcJdPXiXdZsO9aDTvL+utm7KOCpzAKZyDC1fQgjtoQwcIpPAMr/BmPVkv1rv1sRhds8qdY/gD6/MHYoaTjA==</latexit>

Williams & Zipser (1989), and others…
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Example application: seq2seq
Sutskever at al., 2014
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Example application: seq2seq
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Example application: seq2seq
Sutskever at al., 2014

Le chapeau vert de mon père
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Theoretical underpinnings
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Universal approximation theorem II

RNNs learn mappings from a sequence to a vector or another sequence.

Provided sufficient hidden neurons and the correct weights, an RNN can approximate with arbitrary precision 
any dynamical system on  (of compact support). Equivalently, an RNN can approximate with arbitrary 
precision a finite automaton (ie. it is a universal computation machine).

Rn
<latexit sha1_base64="A3ccaimGM/Q6WGTAicDDTYX+9Hs=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmUV+4DOWDJppg3NZEKSEcrQ33DjQhG3/ow7/8ZMOwttPRA4nHMv9+SEkjNtXPfbWVldW9/YLG2Vt3d29/YrB4dtnaSK0BZJeKK6IdaUM0FbhhlOu1JRHIecdsLxTe53nqjSLBEPZiJpEOOhYBEj2FjJ92NsRmGY3U8fRb9SdWvuDGiZeAWpQoFmv/LlDxKSxlQYwrHWPc+VJsiwMoxwOi37qaYSkzEe0p6lAsdUB9ks8xSdWmWAokTZJwyaqb83MhxrPYlDO5ln1IteLv7n9VITXQUZEzI1VJD5oSjlyCQoLwANmKLE8IklmChmsyIywgoTY2sq2xK8xS8vk3a95p3X6ncX1cZ1UUcJjuEEzsCDS2jALTShBQQkPMMrvDmp8+K8Ox/z0RWn2DmCP3A+fwBGb5HW</latexit>

Kenji Doya, Universality of fully-connected recurrent neural networks, 1993
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My father’s green hat
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My father’s green hat

+

Bahdanau, Cho, Bengio, Neural machine translation by jointly learning to align and translate, ICLR 2015
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My father’s green hat

+

Bahdanau, Cho, Bengio, Neural machine translation by jointly learning to align and translate, ICLR 2015

ct =
X

j

↵tjxj

<latexit sha1_base64="Ib9c5+D6bMgUuFASAOwKAwNH5MA=">AAACFnicbVDLSsNAFJ34rPVVdelmsAhuLEkVdKMU3LisYB/QhDCZTtppJw9mbsQS8hVu/BU3LhRxK+78G6dtBG09MHA451zm3uPFgiswzS9jYXFpeWW1sFZc39jc2i7t7DZVlEjKGjQSkWx7RDHBQ9YADoK1Y8lI4AnW8oZXY791x6TiUXgLo5g5AemF3OeUgJbc0rEdEOh7fkozF/AFtlUSuANsExH3iZvCIPsJ3GfuwC2VzYo5AZ4nVk7KKEfdLX3a3YgmAQuBCqJUxzJjcFIigVPBsqKdKBYTOiQ91tE0JAFTTjo5K8OHWuliP5L6hYAn6u+JlARKjQJPJ8c7qllvLP7ndRLwz52Uh3ECLKTTj/xEYIjwuCPc5ZJRECNNCJVc74ppn0hCQTdZ1CVYsyfPk2a1Yp1Uqjen5dplXkcB7aMDdIQsdIZq6BrVUQNR9ICe0At6NR6NZ+PNeJ9GF4x8Zg/9gfHxDVfEoB4=</latexit>

X

j

↵tj = 1

<latexit sha1_base64="/QoSoPYj9KRmX/JUwYIoecOOnHQ=">AAAB/3icbVBNS8NAEN34WetXVPDiZbEInkpSBb0oBS8eK9gPaELYbLfttrtJ2J0IJfbgX/HiQRGv/g1v/hu3bQ7a+mDg8d4MM/PCRHANjvNtLS2vrK6tFzaKm1vbO7v23n5Dx6mirE5jEatWSDQTPGJ14CBYK1GMyFCwZji8mfjNB6Y0j6N7GCXMl6QX8S6nBIwU2IeeTmUwwB4RSZ8EGQzG+Aq7gV1yys4UeJG4OSmhHLXA/vI6MU0li4AKonXbdRLwM6KAU8HGRS/VLCF0SHqsbWhEJNN+Nr1/jE+M0sHdWJmKAE/V3xMZkVqPZGg6JYG+nvcm4n9eO4XupZ/xKEmBRXS2qJsKDDGehIE7XDEKYmQIoYqbWzHtE0UomMiKJgR3/uVF0qiU3bNy5e68VL3O4yigI3SMTpGLLlAV3aIaqiOKHtEzekVv1pP1Yr1bH7PWJSufOUB/YH3+APlBlWY=</latexit>

↵tj 2 [0, 1]
<latexit sha1_base64="MwCs6obkn9Ez9zyyPHIBTBW2uRU=">AAAB/3icbVBNS8NAEJ3Ur1q/qoIXL4tF8CAlqYKepODFYwX7AUkIm+22XbvZhN2NUGIP/hUvHhTx6t/w5r9x2+agrQ8GHu/NMDMvTDhT2ra/rcLS8srqWnG9tLG5tb1T3t1rqTiVhDZJzGPZCbGinAna1Exz2kkkxVHIaTscXk/89gOVisXiTo8S6ke4L1iPEayNFJQPPMyTAQ4yfT9GHhPItU+R4wflil21p0CLxMlJBXI0gvKX141JGlGhCcdKuY6daD/DUjPC6bjkpYommAxxn7qGChxR5WfT+8fo2Chd1IulKaHRVP09keFIqVEUms4I64Ga9ybif56b6t6lnzGRpJoKMlvUSznSMZqEgbpMUqL5yBBMJDO3IjLAEhNtIiuZEJz5lxdJq1Z1zqq12/NK/SqPowiHcAQn4MAF1OEGGtAEAo/wDK/wZj1ZL9a79TFrLVj5zD78gfX5A036lPY=</latexit>

with

Le chapeau

output network
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My father’s green hat

+

Bahdanau, Cho, Bengio, Neural machine translation by jointly learning to align and translate, ICLR 2015

ct =
X

j

↵tjxj

<latexit sha1_base64="Ib9c5+D6bMgUuFASAOwKAwNH5MA=">AAACFnicbVDLSsNAFJ34rPVVdelmsAhuLEkVdKMU3LisYB/QhDCZTtppJw9mbsQS8hVu/BU3LhRxK+78G6dtBG09MHA451zm3uPFgiswzS9jYXFpeWW1sFZc39jc2i7t7DZVlEjKGjQSkWx7RDHBQ9YADoK1Y8lI4AnW8oZXY791x6TiUXgLo5g5AemF3OeUgJbc0rEdEOh7fkozF/AFtlUSuANsExH3iZvCIPsJ3GfuwC2VzYo5AZ4nVk7KKEfdLX3a3YgmAQuBCqJUxzJjcFIigVPBsqKdKBYTOiQ91tE0JAFTTjo5K8OHWuliP5L6hYAn6u+JlARKjQJPJ8c7qllvLP7ndRLwz52Uh3ECLKTTj/xEYIjwuCPc5ZJRECNNCJVc74ppn0hCQTdZ1CVYsyfPk2a1Yp1Uqjen5dplXkcB7aMDdIQsdIZq6BrVUQNR9ICe0At6NR6NZ+PNeJ9GF4x8Zg/9gfHxDVfEoB4=</latexit>

X

j

↵tj = 1

<latexit sha1_base64="/QoSoPYj9KRmX/JUwYIoecOOnHQ=">AAAB/3icbVBNS8NAEN34WetXVPDiZbEInkpSBb0oBS8eK9gPaELYbLfttrtJ2J0IJfbgX/HiQRGv/g1v/hu3bQ7a+mDg8d4MM/PCRHANjvNtLS2vrK6tFzaKm1vbO7v23n5Dx6mirE5jEatWSDQTPGJ14CBYK1GMyFCwZji8mfjNB6Y0j6N7GCXMl6QX8S6nBIwU2IeeTmUwwB4RSZ8EGQzG+Aq7gV1yys4UeJG4OSmhHLXA/vI6MU0li4AKonXbdRLwM6KAU8HGRS/VLCF0SHqsbWhEJNN+Nr1/jE+M0sHdWJmKAE/V3xMZkVqPZGg6JYG+nvcm4n9eO4XupZ/xKEmBRXS2qJsKDDGehIE7XDEKYmQIoYqbWzHtE0UomMiKJgR3/uVF0qiU3bNy5e68VL3O4yigI3SMTpGLLlAV3aIaqiOKHtEzekVv1pP1Yr1bH7PWJSufOUB/YH3+APlBlWY=</latexit>

↵tj 2 [0, 1]
<latexit sha1_base64="MwCs6obkn9Ez9zyyPHIBTBW2uRU=">AAAB/3icbVBNS8NAEJ3Ur1q/qoIXL4tF8CAlqYKepODFYwX7AUkIm+22XbvZhN2NUGIP/hUvHhTx6t/w5r9x2+agrQ8GHu/NMDMvTDhT2ra/rcLS8srqWnG9tLG5tb1T3t1rqTiVhDZJzGPZCbGinAna1Exz2kkkxVHIaTscXk/89gOVisXiTo8S6ke4L1iPEayNFJQPPMyTAQ4yfT9GHhPItU+R4wflil21p0CLxMlJBXI0gvKX141JGlGhCcdKuY6daD/DUjPC6bjkpYommAxxn7qGChxR5WfT+8fo2Chd1IulKaHRVP09keFIqVEUms4I64Ga9ybif56b6t6lnzGRpJoKMlvUSznSMZqEgbpMUqL5yBBMJDO3IjLAEhNtIiuZEJz5lxdJq1Z1zqq12/NK/SqPowiHcAQn4MAF1OEGGtAEAo/wDK/wZj1ZL9a79TFrLVj5zD78gfX5A036lPY=</latexit>

with

Le chapeau

output network

controller RNN

{↵t+1,j}
<latexit sha1_base64="71jAnN0/1mNJBdERtHpGzfjADHk=">AAAB+3icbVBNS8NAEN3Ur1q/Yj16CRZBUEpSBT1JwYvHCvYDmhAm2027drMJuxuxhPwVLx4U8eof8ea/cdvmoK0PBh7vzTAzL0gYlcq2v43Syura+kZ5s7K1vbO7Z+5XOzJOBSZtHLNY9AKQhFFO2ooqRnqJIBAFjHSD8c3U7z4SIWnM79UkIV4EQ05DikFpyTerbuYCS0bgZ+rUOXvI3dw3a3bdnsFaJk5BaqhAyze/3EGM04hwhRlI2XfsRHkZCEUxI3nFTSVJAI9hSPqacoiI9LLZ7bl1rJWBFcZCF1fWTP09kUEk5SQKdGcEaiQXvan4n9dPVXjlZZQnqSIczxeFKbNUbE2DsAZUEKzYRBPAgupbLTwCAVjpuCo6BGfx5WXSadSd83rj7qLWvC7iKKNDdIROkIMuURPdohZqI4ye0DN6RW9GbrwY78bHvLVkFDMH6A+Mzx+qSpQu</latexit>
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Bahdanau, Cho, Bengio, Neural machine translation by jointly learning to align and translate, ICLR 2015

Xu et al. 2015
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Attention-based mechanisms: Transformers
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Vaswani et al. 2017
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2015 2020
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2022 [Thoppilan et al.]
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Applications and recent years
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[Radford et al. 2015] [Rombach et al. 2021]
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Things we didn’t have time to talk about
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- The technical versions of RNNs (LSTMs, GRUs, etc) 

- Reinforcement learning (see book by Sutton & Barto) 

- Explosion in network size (scaling laws) 

- Self-supervised learning…



II - Back to neuroscience

49
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David Marr’s levels of analysis
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• Computations

• Algorithms

• Implementations

what is solved ?

what sequence of operations are used ?

how are they executed on biological hardware ?

1982
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David Marr’s levels of analysis through ANNs
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• Computations

• Algorithms

• Implementations

what is solved ?

what sequence of operations are used ?

how are they executed on biological hardware ?

specified by engineers

Two scales: 

- learning algo 

- learned solution

Not so biologically 
plausible…
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ANNs, season 2
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Neuroscience ANNs

inspires

provides models ?
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Application to vision
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Initial insights on visual processing: 

- done through a hierarchy of cortices 

- increasingly complex receptive fields 

- detecting similar features at different positions (translation invariance)

Invention of convolutional neural networks
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Understanding vision through hand-crafted features

54

[Olshausen & Field, 1997]

Standard model:

r(s) = f(s; ✓)
<latexit sha1_base64="95pUMqSa6RnODO4FbzSFOsSJaVY=">AAAB/HicbVDLSsNAFJ3UV62vaJduBovQbkpSBQURim5cVrAPaEOZTCft0MkkzNwIIdRfceNCEbd+iDv/xuljoa0HLhzOuZd77/FjwTU4zreVW1vf2NzKbxd2dvf2D+zDo5aOEkVZk0YiUh2faCa4ZE3gIFgnVoyEvmBtf3w79duPTGkeyQdIY+aFZCh5wCkBI/XtoirrCr7GQVlf4R6MGJBK3y45VWcGvErcBSmhBRp9+6s3iGgSMglUEK27rhODlxEFnAo2KfQSzWJCx2TIuoZKEjLtZbPjJ/jUKAMcRMqUBDxTf09kJNQ6DX3TGRIY6WVvKv7ndRMILr2MyzgBJul8UZAIDBGeJoEHXDEKIjWEUMXNrZiOiCIUTF4FE4K7/PIqadWq7lm1dn9eqt8s4sijY3SCyshFF6iO7lADNRFFKXpGr+jNerJerHfrY96asxYzRfQH1ucPCUOTFw==</latexit>

e.g. combinations of Gabor filters:
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ANN: let the model build itself
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2014

Model:

r(s) = f(net(s); ✓)
<latexit sha1_base64="evykyTOLSP45x4bB3CpqiYSLx1s=">AAACEHicbVA9SwNBEN3z2/gVtbRZDGLShLsoKIgg2lhGMCokIext5pIle7vH7pwQjvwEG/+KjYUitpZ2/hs3H4UaHww83pthZl6YSGHR97+8mdm5+YXFpeXcyura+kZ+c+vG6tRwqHEttbkLmQUpFNRQoIS7xACLQwm3Ye9i6N/eg7FCq2vsJ9CMWUeJSHCGTmrl903RlugpjYoNnYBhqI1iMWQKcOCcE9rALiArtfIFv+yPQKdJMCEFMkG1lf9stDVPY1DIJbO2HvgJNjNmUHAJg1wjtZAw3mMdqDs6XGqb2eihAd1zSptG2rhSSEfqz4mMxdb249B1xgy79q83FP/z6ilGx81MqCRFUHy8KEolRU2H6dC2MMBR9h1h3Ah3K+VdZhhHl2HOhRD8fXma3FTKwUG5cnVYODufxLFEdsguKZKAHJEzckmqpEY4eSBP5IW8eo/es/fmvY9bZ7zJzDb5Be/jG9R+m9g=</latexit>
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Explaining IT cortex with ANNs
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[Yamins et al 2014]
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Explaining IT cortex with ANNs
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Procedure: 
1) train ANN on a behavioral task 
2) compare ANN unit responses to real neural responses 
3) compare that fit to alternative models (hand-crafted); to different network architectures / learning rules…

Note: the ANN was only trained behaviorally, not to match neural responses!
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Insight 1: hierarchical learning in models and brains
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[Yamins & DiCarlo 2016]
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Insight 2: link between behavioral performance and neural fits
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[Schrimpf et al 2020]
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Insight 3: recurrence improves neural fits
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[Kietzmann et al., Recurrence is required to capture the representational dynamics of the human visual system, 2019]
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Application: neural control
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[Bashivan, Kar, DiCarlo, Neural population control via deep image synthesis, 2019]

1) Train ANN on behavioral task. 
2) For each real neuron, find corresp. artificial neuron. 
3) Create image that maximally drives the artificial 

neuron. 
4) Check effect of that image on real neuron.
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Application: neural control
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[Bashivan, Kar, DiCarlo, Neural population control via deep image synthesis, 2019]
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Critiques
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•  We replace a big, complicated thing by another big, complicated thing

➡   Yes, but the second one is in silico, and might be easier to understand.

•  The brain does not learn by backpropagation.

➡   Yes, but still relevant to understand neural function post-learning 
➡   Plus, different training algorithms can be tried on ANNs and compared with brain data.

[A. Saxe, If deep learning is the answer, then what is the question ?, 2021]



II - Temporal computations

64
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Decision-making tasks
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Cognition and RNNs

66

[Mante, Sussillo et al., Context-dependent computations by recurrent dynamics in prefrontal cortex, 2013]
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N1
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N1

N2

N3

N4, N5, …

“neural state space” 
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69

N1

N2

N3

N1

N2

N3

N4, N5, …
motion

color

“neural state space” 
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State space analysis
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N1

N2

N3

N1

N2

N3

N4, N5, …
mode 2

mode 1

[Yuste, Nat Rev Neuro, 2015] 

[Gallego et al., Neuron, 2017]

“neural state space” 
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State space analysis: the Mante task
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Find 3 axes: 

- color 

- motion 

- choice

m
ot

io
n 

co
nt

ex
t

co
lo

r c
on

te
xt

Ok but how ??

[Mante, Sussillo et al., Context-dependent computations by recurrent dynamics in prefrontal cortex, 2013]



Adrian Valente 07/10/2022
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[Mante, Sussillo et al., Context-dependent computations by recurrent dynamics in prefrontal cortex, 2013]
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What would an RNN do ?
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[Mante, Sussillo et al., Context-dependent computations by recurrent dynamics in prefrontal cortex, 2013]

➡  Very similar dynamics as the monkey brain
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Notion of dynamical systems
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Two formulations:

Discrete Continuous

xt+1 = f(xt, ut)
<latexit sha1_base64="V8AvZ6c9oQIbacttjLKQ9Dt46/I=">AAAB/nicbVDLSgNBEJyNrxhfq+LJy2AQIkrYjYJehKAXjxHMA5JlmZ3MJkNmH8z0SsIS8Fe8eFDEq9/hzb9xkuxBEwsaiqpuuru8WHAFlvVt5JaWV1bX8uuFjc2t7R1zd6+hokRSVqeRiGTLI4oJHrI6cBCsFUtGAk+wpje4nfjNRyYVj8IHGMXMCUgv5D6nBLTkmgdDN4VTe4yvsV8aunCGExdOXLNola0p8CKxM1JEGWqu+dXpRjQJWAhUEKXathWDkxIJnAo2LnQSxWJCB6TH2pqGJGDKSafnj/GxVrrYj6SuEPBU/T2RkkCpUeDpzoBAX817E/E/r52Af+WkPIwTYCGdLfITgSHCkyxwl0tGQYw0IVRyfSumfSIJBZ1YQYdgz7+8SBqVsn1ertxfFKs3WRx5dIiOUAnZ6BJV0R2qoTqiKEXP6BW9GU/Gi/FufMxac0Y2s4/+wPj8AflXlDM=</latexit>

dx

dt
= f(x(t), u(t))

<latexit sha1_base64="NN75E853pHZDg06OCfhJbFHPsIk=">AAACBnicbVDLSgMxFM34rPU16lKEYBFakDJTBd0IRTcuK9gHtEPJZDJtaOZBckdahq7c+CtuXCji1m9w59+YtrPQ1gP3cjjnXpJ73FhwBZb1bSwtr6yurec28ptb2zu75t5+Q0WJpKxOIxHJlksUEzxkdeAgWCuWjASuYE13cDPxmw9MKh6F9zCKmROQXsh9TgloqWsedXxJaOoNx6kHY3yF/eKwCKVTnOhe6poFq2xNgReJnZECylDrml8dL6JJwEKggijVtq0YnJRI4FSwcb6TKBYTOiA91tY0JAFTTjo9Y4xPtOJhP5K6QsBT9fdGSgKlRoGrJwMCfTXvTcT/vHYC/qWT8jBOgIV09pCfCAwRnmSCPS4ZBTHShFDJ9V8x7ROdC+jk8joEe/7kRdKolO2zcuXuvFC9zuLIoUN0jIrIRheoim5RDdURRY/oGb2iN+PJeDHejY/Z6JKR7RygPzA+fwDSIpdk</latexit>

An RNN is a dynamical system !  (a brain too ?)

Other examples of dynamical systems: 
-  a ball in a gravitational field - planets - climate

"Given for one instant an intelligence which could comprehend all 
the forces by which nature is animated and the respective positions 
of the beings which compose it, if moreover this intelligence were 
vast enough to submit these data to analysis, it would embrace in 
the same formula both the movements of the largest bodies in the 
universe and those of the lightest atom; to it nothing would be 
uncertain, and the future as the past would be present to its eye.” 

Pierre-Simon de Laplace
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Flow fields
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(aka phase portraits)
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Long-term behavior of dynamical systems

76

Fixed points Periodic behavior Chaotic behavior

> 3 dimensions

[Steven Strogatz, Nonlinear dynamics and chaos] 
[Vyas et al., Computation through neural population dynamics, 2020]
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Reverse-engineering RNNs
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Flip-flop task:

[Barak & Sussillo, Opening the black-box: low-dimensional dynamics in high-dimensional RNNs, 2013]
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Reverse-engineering RNNs
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[Barak & Sussillo, Opening the black-box: low-dimensional dynamics in high-dimensional RNNs, 2013]
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- distributed computation machines 

- use low-dimensional dynamics 

- exhibit hierarchical computations

BRAINS ANNs

synergies
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To summarize
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- distributed computation machines 

- use low-dimensional dynamics 

- exhibit hierarchical computations

BRAINS ANNs

Much simpler to analyse!
Still m

ore powerful understanding

innovation
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Possible insights
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•  Which architecture leads to more similarity with brain recordings ? 

•  How does structure/connectivity relate to computations ? 

•  Are biological constraints a consequence of computational requirements ? 

•  Are some learning algorithms more similar to biological observations ?
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Underlying arguments
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•  If you want to understand the brain, start by (supposedly much simpler) ANNs ! 
•  Cognition should be understood at the level of networks, not single neurons 
•  No tedious handcrafting needed

In favor

Critiques

•  Learning is completely different 
•  ANNs live in a “tiny world” and optimize very specific objectives



Questions ?
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