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Background

Hebbian Learning: Firing together, wiring together

STDP rule: Excitatory neurons
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Experiments
EPSC: Excitatory Postsynaptic Current
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Background

Hebbian Learning: Firing together, wiring together

STDP rule: Inhibitory neurons
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Experiments Computation model

The inhibitory STDP rule is in contrast to excitatory one, which displayed an asymmetrical STDP time window.

D’amour, J. A., & Froemke, R. C. (2015). Inhibitory and excitatory spike-timing-dependent plasticity in the auditory cortex. Neuron, 86(2), 514-528.
Vogels, T. P.,, Sprekeler, H., Zenke, F., Clopath, C., & Gerstner, W. (2011). Inhibitory plasticity balances excitation and inhibition in sensory pathways 5

and memory networks. Science, 334(6062), 1569-1573.



Background

STDP rule
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Synaptic plasticity: synapses change based solely on the activity of their presynaptic and postsynaptic
counterpart (synapse-specific process)

Song, S., Miller, K. D., & Abbott, L. F. (2000). Competitive Hebbian learning through spike-timing-dependent synaptic plasticity. Nature neuroscience,
3(9), 919-926.
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Is synaptic plasticity rule a synapse-specific process?
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cortex. Neuron, 86(2), 514-528.
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Consider influence of distance between synapses

(i) =exp ['E(Am’])) HNE > [__ %k)) ” Al

i: Undergoing synapse
j: Neighboring synapse

S E® = % % E©exp|-1(292)] {

iek ieEjeE ! 2 &

NE keE I 2 g

- 50 Zexp[-3(22) |

jeE ik | 2% @ Ne ker | 2% @

~ Ng Y E(t), for Ng > 1.
JjeE

Synapse-specific filtered NMDA current

dE(t) .
T = (6) — 8nmpa (OHNvpa (U() [u(f) — Envpal
Excitatory input, E  |E(D = ka (U DEL(D)
cE

PRE;1p, POSThet, POST, 1p: eligibility trace (firing rate estimates)
Aprp, Anet» Arrp: learning rate (strictly positive)
PREgpike, POSTgpie: firing time

i '__(Ax(zk)) ]

S exp-3(2L2) |

Ng: number of excitatory synapse

LD = Pe(E(0.10): S0, Spose (D)
2
= {[Aurex! OB = Ane o (O(E D) | Spose(®
l(t)
~AumoYes O OO} exp | -(2)'].
Excitatory synapse update

with distance consideration

Awg = ¢i(E, I: PRE, POST)

= [A vrp (PRE 1p) (P oS Tspike) E

—-A het (P 0S Thet) (P oS Tspike) EQ
—Avtp (POSTy1p) (PREgpie ) We |

xexp[—(li*)y]

LTP (pre-before-post)

heterosynaptic

LTD (post-before-pre)

inhibitory control,

Original excitatory synapse

update

12




Consider influence of distance between synapses
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Point-neuron: LIF neuron with after-hyperpolarization (AHP) current and conductance-based synapses
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Two-layer neuron: LIF neuron and the dendrite as a leaky integrator
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where a;isthe passive dendritic attenuation of the dendritic com-
partmenti,
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with i, being aconstant steady state held at thesomaand i; being
theresulting steady state at the dendritic compartmenti. The cou-
pling between soma and the dendriticcompartmentiisafunction
of distance as follows:
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where d.is aparameter that we fitted from experimental data from
ref. 45 (Fig. 6¢). We used this fitted parameter to approximate the dis-
tance tothe somain Fig. 6fand Extended DataFigs. 6 and 7 according
tothesoma-dendrite coupling strength used in our simulations.
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Point-neuron: LIF neuron with after-hyperpolarization (AHP) current and conductance-based synapses
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Neuron 3

Stimulus patterns
w

1,000 trials

20 Hz

1s

* Individual neuron responses ranged from small firing rate deflections to large, transient events during or after
the delivery of the stimulus that could last several seconds

* Similar to real neural recordings of sensory activity and motor production in mammals
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Take-away Message

Motivation:
Analyzing co-dependency between different connection types.

Results:
1. The resulting model explains how inhibition can gate excitatory plasticity while neighboring excitatory—excitatory
interactions determine the strength of long-term potentiation.

2. The interplay between excitatory and inhibitory synapses can account for the quick rise and long-term stability of a
variety of synaptic weight profiles, such as dendritic clustering of co-active synapses.

3. In recurrent neuronal networks, co-dependent plasticity produces rich and stable motor cortex-like dynamics with
high input sensitivity.
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Thanks for your attention!




Supplementary

The pair-based STDP rule of 19.10 can be implemented with two local variables,
i.e., one for a low-pass filtered version of the presynaptic spike train and one for the
postsynaptic spikes. Suppose that each presynaptic spike at synapse j leaves a trace x;,
i.e., its update rule is

dy; __% f
== o 2 —t! 19.12
o = +§‘,8(r ), (19.12)

where r{ is the firing time of the presynaptic neuron. In other words, the variable is
increased by an amount of one at the moment of a presynaptic spike and decreases
exponentially with time constant 7, afterward. Similarly, each postsynaptic spike leaves
atrace y;

dyi _ _ ¥ o
e T_+§,5(t ). (19.13)

The traces x; and y; play an important role during the weight update. At the moment
of a presynaptic spike, a decrease of the weight is induced proportional to the value of
the postsynaptic trace y;. Analogously, potentiation of the weight occurs at the moment
of a postsynaptic spike proportional to the trace x; left by a previous presynaptic spike,

dwyj/dt = —A_(wij)yit) X 8(t —t]) + Ay (wij)x; (1) X 8(e —1]) . (19.14)

i s
The traces x; and y; correspond here to the factors exp(—|As|/zs) in 19.10. For the
weight dependence of the factors A_ and A, one can use either hard bounds or soft

bounds; see Eq. (19.4).

Gerstner, W.,et. al. (2014). Neuronal dynamics
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