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spike-timing dependent plasticity

long-term depression short-term facilitation
long-term potentiation short-term depression

neuronal

synaptic scaling adaptation

intrinsic plasticity neuromodulation

structural plasticity

neurogenesis how do they interact?
how do they shape neural circuits?
how do they shape neural codes?
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SORN: self-organizing
recurrent neural network
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readout

Lazar, Pipa, Triesch (2009) Frontiers
in Computational Neuroscience 3:23

Andreea Lazar

Gordon Pipa
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« Populations of coupled excitatory and inhibitory threshold units
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Plasticity Mechanisms

 Binarized STDP:

AW E(t) = nstop (xi(t)x;(t — 1) — xi(t — 1)z;(2)) X

+1

* [ntrinsic plasticity:

T (t+ 1) = T (t) + mp (z:(t) — Hip) bl

e Synaptic scaling:

WEE®1) — WEE(t Zn” ) Q,O



A first test:
* input: six symbols (a-f) alternating randomly

 activity after self-organization is sparse and irregular
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Homeostasis is important!

 abolishing intrinsic plasticity or synaptic normalization
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Without intrinsic plasticity or synaptic normalization
pathological activity patterns develop!



Counting Task

* |nput sequences are random alternations of two words:

e abb....bbbc
> n repetitions of middle letter
e edd....dddf

* training in two phases:

* reservoir -~

e readout
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Counting Task

* |nput sequences are random alternations of two words:

e abb....bbbc
> n repetitions of middle letter
e edd....dddf

* training in two phases:

* reservoir e

e readout

a)
b
How will the network =
learn to represent
these input sequences?

linear
readout
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Random Reservoir
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Random reservoir
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train for one-
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linear
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Performance

SORNSs outperform static
reservoirs
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Spontaneous Activity

e Cortex exhibits patterned spontaneous activity [Tsodyks et al.,
1999; Kenet et al., 2003; Fiser et al., 2004; Ringach 2009]

e Following repetetive presentation of a visual stimulus,
spontaneous activity shows similarity to evoked response [Han
et al., 2008]

e Spontaneous activity might represent the prior in a Bayesian
inference sense [Berkes et al., 2009; Fiser et al., 2010]

p(r) = p(r|s)p(s)




Spontaneous activity patterns
match evoked activity

O evoked responses to a sequence of letters

spontaneous activity
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Spontaneous activity patterns
reflect input statistics
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Preliminary Work:
Statistical Inference?

- s AXXXXXMBXXXXXNAXXXXXMAXXXXXMBXXXXXNAXXXXXMAXXXXXMAXXXXXM: - -

e 2 input words:

SAXXXXXM® (75%), ... .

BXXXXXN® (25%)
AOAAA ‘AA Al
A @
@ A A

e readout trained to predict M~
vs. N’

e test: instead of ‘A" or B’, show
mixtures of the two, e.g.,
20% "A"and 80% B’
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Network Self-Organiztion

Dynamics/
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Reservoir Computing

e class of recurrent neural network architectures utilizing a
Jreservoir’ with fixed random connectivity (review: Lukosevicius
& Jaeger, 2009)

e examples: Echo State Neworks (Jaeger, 2001); Liquid state
machines (Maas et al., 2002)

e fading memory property, separation property
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e class of recurrent neural network architectures utilizing a
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