
We	find	that	a	normatively	derived	
learning	rule	implies	a	particular	adaptive	
learning	rate	that	improves	stability	of	
readout	weights	for	reservoir	computing.
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How	can	a	synapse	know	how	to	set	its	strength	without	knowing	the	others’?

	The	Problem:	local	learning	in	the	brain

solution:

➡	Hypothesis:	synapses	optimally	integrate	
estimates	of	the	others’	weights	to	infer	their	own

wi(t+ 1) = argmax
w

logP (w⇤
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locally	available	data

⇡ wi(t) + �2
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given	the	information	locally	available,	estimate	the	strengths	
of	the	others	and	use	this	to	estimate	your	own

Q.	How	can	this	improve	learning	in	a	recurrent	network?

	Setup:	reservoir	computing	

I(t)

⌧ ẋ = �x+ J�(x) + uz + I

‣	every	synapse	has	access	to	global	supervisory	error	signal
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‣	synapse	i ’s	model	of	other	synapses:

‣	this	implies	Gaussian	likelihood:

‣	Gaussian	posterior	yields	simple	learning	rule:
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	Faster	learning 	Improved	‘generalization’

learning	rate					uncertainty∝
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Conclusions

The	Bayesian	plasticity	hypothesis	
provides	a	general	framework	for	
formalizing	normative	principles	of	
synaptic	plasticity	
- 	extension	to	Dale’s	law1	
- 	learning	recurrent	weights2	
- 	spike-based	learning	rules3	
- 	heterosynaptic	plasticity	
- 	dendritic	branching
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