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Goal: To analyze the synapse in quantitative detail, to enable synaptic dynamics

: UMG computational models of synaptic function.
Deeper understanding of:

* synapse function

| synaptic disease
N single-synapse computation
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link between synapse structure and function — connectomics
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Biological Synapse
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General properties: 7
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Long-term Synaptic Plasticity

Induction of Long-term Potentiation (LTP): Maintenance of LTP:
100 Hz for 1 sec or 10 Hz for 10 sec 100 ..

in Vivo
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Bliss and Lomo, 1973
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Days after induction Abraham, 2003



Early- and Late-Phase Plasticity

The synaptic welght' consists of two compongnts Clopath et al,, 2008; Barrett et al., 2009; Li
i) Early-phase weight (e.g. receptor dynamics) Kulvicius, Tetzlaff, 2016; Luboeinski & Tetzlaff,
i) Late-phase weight (e.g. synthesis of new proteins) 20212022

Early-phase weight

Splke Umes .rﬂ'._fynapse Late-phase weight
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amount

Special plasticity
conditions

Calcium
concentration

Total synaptic

weight Spike times Membrane

potential
Luboeinski & Tetzlaff, 2024



Early- and Late-Phase Plasticity

The synaptic welght. consists of two compongnts Clopath et al., 2008; Barrett et al,, 2009; Li
i) Early-phase weight (e.g. receptor dynamics) Kulvicius, Tetzlaff, 2016; Luboeinski & Tetzlaff,
i) Late-phase weight (e.g. synthesis of new proteins) 2021 2022
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Early- and Late-Phase Plasticity

Synaptic weight (%)
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The synaptic weight consists of two components
i) Early-phase weight (e.g. receptor dynamics)

Only calcium-based plasticity

early

decayN hrs
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—T Synaptic weight = Early-phase weight-
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Synaptic weight (%)

Clopath et al., 2008; Barrett et al., 2009; Li,
Kulvicius, Tetzlaff, 2016; Luboeinski & Tetzlaff,

i) Late-phase weight (e.g. synthesis of new proteins) 20212022
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Luboeinski & Tetzlaff, 2021, 2022




Synaptic weight (%)

Functional Implications
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Luboeinksi & Tetzlaff, 2021
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Mean synaptic weight (%)
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About 20% stronger synaptic
weights several hours after
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Synaptic weight (%)
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Functional Implications

=
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2k neurons with about 400k synapses resulting to
more than 1.2m coupled DEQ to be calculated with
timescales from ms (spikes) to hrs (late-phase)

m.. J Cell assembly

/
Late-phase weight ]

Early-phase weight

Time (h)

v' Consolidation or stabilization

of memory representations

Luboeinksi & Tetzlaff, 2021

Mutual information
compared to learning

v" Automatic improvement of
memory representations

Luboeinksi & Tetzlaff, 2021
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Neuromorphic Implementation of Multi-timescale Plasticity

BrainScaleS-2 Implementation

Goal: Utilizing the accelerated calculation of

CMOS-based Implementation

Goal: Obtain a hardware system that is optimized to

neuronal dynamics by BrainScaleS-2 to enable

e

In cooperation
with
Schemmel lab
(A. Atoui, J.
Kaiser, et al.)

UNIVERSITAT
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ZUKUNFT
SEIT 1386

long-term investigations of
memory dynamics, being
relevant for neuroscience
and medicine
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“Precision” of components

“memory of a neuron”

neuron type
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Testing Neuronal Heterogeneity in RNNs

different levels of

Same network
architecture, with
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Testing Neuronal Heterogeneity in RNNs

i Heterogeneity Level
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Testing Neuronal Heterogeneity in RNNSs

6 -
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Golmohammadi & Tetzlaff, 2024, arXiv
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By varying the task parameters, we
obtained in total 435 different tasks.



The Influence of Heterogeneity on Task Performance
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The Influence of Heterogeneity on Task Performance

Rate-coded Neurons Spiking Neurons
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eterogeneity improves Performance across
yperparameters
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Heterogeneity enriches the information processing
capacity of neural networks

prominence
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The Influence of the
Heterogeneity Distribution

Experimental data  Computational Model
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Heterogeneity vield Energy-efficient Networks
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Heterogeneity vield Energy-efficient Networks
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The Dynamic, Heterogeneous, Multi-timescale Chip?

Dynamic Chip

Dynamic System
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