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Learning in recurrent neural networks is challenging
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Structure in the connectivity

e Somato-somatic connections
e Sparse & fixed scaffold

e Somato-dendritic connections

Latent

e Dense & learned
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Structure in the neurons

e Dendrite (Current based input)
C(m,vij = —g1V + Zj w%enrj

e Soma (Conductance based input)

Cinutt = —g1tt + gden (v — w) + 3 wi7"r (B — u)
1

= 1 +exp(a(b—u))

r= ¢ (u)

e Local error correcting learning rule
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Latent

Visible

The ELiISe model

Teacher
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Learning to play Fur Elise
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Network recovers from disruption

9)el SULILJ

suru ndimngp

97el SULIl]

2501.75

2500.75

suru ndinQ

2001.25

t s



ELiSe The team

Kristin Volk Laura Kriener Arno Granier Timo Gierlich

e Pre-print

Federico Benitez Walter Senn Mihai A. Petrovici

Funding
-\

D
\§

Human Brain Project

e Capo-caccia workshop

Funded by the
European Union

IrSWiss National
Science Foundation



Behaviour arises out of complex sequences of neural activity.
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