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Overview
o0

BrainScaleS-2

General Architecture

m Mixed-signal
m Analog neurons and synapses
m Digital spike communication and configuration

m Accelerated emulation in continuous time (typical
speedup of 1000)

m Two general purpose SIMD processors
m High-level APls in Python based on PyNN and PyTorch

Figure adapted from Miiller et al., 2022.
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Overview
oe

BrainScaleS-2

Neuron Configuration

m 512 neurons, 256 synapses/neuron

m Adaptive exponential (AdEx) integrate-and-fire neuron
model

m Can be reduced to leaky integrate-and-fire (LIF) model
m Highly configurable and parametrizable circuits

m Possibility for user-defined plasticity rules

Figure adapted from Miiller et al., 2022.
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Single Neuron
[ J

Background

Model of a LIF Neuron

m Leaky integrate-and-fire model (LIF)

Cdl(jl(tt) - % ’ (urest - u(t)) + Isy”(t) + I(t) (1)

Figures taken from Gerstner et al., 2014.
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Login into EBRAINS

m wiki.ebrains.eu

® https://tinyurl.com/bss2nice2025
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wiki.ebrains.eu
https://tinyurl.com/bss2nice2025

Single Neuron
(o] J

Tutorial

Single LIF Neuron

® ts_00-single_neuron.ipynb

6/20



Single Neuron
(o] J

Tutorial

Single LIF Neuron

® ts_00-single_neuron.ipynb
m Key takeaways:

m PyNN module as a user-interface

m Hardware units instead of biological units
m Time acceleration factor

m Fixed-pattern variations across neurons
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AdEx Dynamics
[ 1]

Background

Neuron Model

m Adaptive exponential (AdEx) integrate-and-fire neuron model:

Cmd\iTt(t) =g - (Vi — V()
+gLATexp (Vm(tA)T_VT> )

+ lyn(t) + 1(t) — w(t),

dw(t) _
Ty = a(Vm(t) = W) — w(t), 3

w(t =ty =w(t)+b (4)
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AdEx Dynamics
oe

Background

Spiking Patterns
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Figure adapted from Billaudelle et al., 2022.
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AdEx Dynamics
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Tutorial

AdEx Neuron Dynamics

m ts_08-adex_complex_dynamics.ipynb
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AdEx Dynamics
[ J

Tutorial

AdEx Neuron Dynamics

m ts_08-adex_complex_dynamics.ipynb
m Key takeaways:

m Configurability of circuit (LIF, adaptation, exponential)
m Emulation of AdEx dynamics
m Ability to reproduce different spiking patterns
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Multi-compartment Models
@0

Background

Multi-compartment Neuron Models

Figures taken from Gerstner et al., 2014; Kaiser et al., 2022.
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Multi-compartment Models
@0

Background

Multi-compartment Neuron Models
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Figures taken from Gerstner et al., 2014; Kaiser et al., 2022.
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Multi-compartment Models
oe

Background

Multi-compartment Neuron Models
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Figure taken from Kaiser et al., 2022.
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Multi-compartment Models
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Tutorial

Setting-up Multicompartment Neuron Models

m ts_03-multicompartment.ipynb
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Multi-compartment Models
[ J

Tutorial

Setting-up Multicompartment Neuron Models

m ts_03-multicompartment.ipynb
m Key takeaways:

m Configuring neuron circuits as neuron compartments
m Defining multi-compartment neuron models
m Reproducing dendritic dynamics
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Plasticity on BrainScaleS-2
[ e}

Background

Experiment Workflow

BrainScaleS-2 ASIC
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Figures adapted from Miiller et al., 2022; Billaudelle, 2022.
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Plasticity on BrainScaleS-2
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Background

Plasticity Experiments
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Defining a timer
Recording observables every period of the timer

Execution of a plasticity rule for weight update

Figures adapted from Miiller et al., 2022; Billaudelle, 2022. 14/20



Plasticity on BrainScaleS-2
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Tutorial

Tutorial

m ts_l1l-plasticity_homeostasis.ipynb
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Plasticity on BrainScaleS-2
o

Tutorial

Tutorial

m ts_l1l-plasticity_homeostasis.ipynb
m Key takeaways:

m User-defined plasticity rule using C4++
Defining a timer for experiment control

Dynamic or static update of weights
Weight update and recording observables every period of the timer
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Machine Learning
[J
Background

Training BrainScaleS-2 in-the-loop

SNN Model
O PyTorch =L
hXt orch = * Parameter

Run Network
Topology

3 A? /" Inputs
X %
4—
jaxsnn 5,

Backward

Hardware Observables

v

Spikes / Traces

Separation between hardware experiment and PyTorch graph
— Construct PyTorch graph only after hardware observables are present
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Machine

rning

hxtorch.snn

Experiment description — API

PyTorch hxtorch.snn

HXModules Experiment
__init__
Create hardware
1 import torch.nn as mn 1 import hxtorch.snn as hxsnn experiment experiment and
2 2 forward_func Seas
3 3 exp = hxsnn.Experinent () post_process l
4 4 run
5 synt = nn 5 )
6 nrnl = nn.Re 6 ‘
7 syn2 = nn 7 syn2 = hxsnn.Synapse(exp, ...) forward post_process
8 nrn2 = nn 8 nrn2 = hxsnn.LI(exp, ... to torch.Tensor
9 9 e | ..
10 x1 = synt (input) 10 x1 = synt(input) l i l
11 x2 = nrnl(x1) i nrni (x1)
12 x3 = syn2(x2) 12 syn2(x2)
13 x4 = nrn2(x3) 13 x4 = nrn2(x3)
14 14 T T T
15 15 hxsnn.run(exp, ...)
16 16 Tensor

17 loss = £(x4) 17 loss = £(x4)

= - —» > —»
18 loss.backward() 18 loss.backward() . . . .

PyTorch graph
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Machine Learning
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Tutorial

Tutorial

m ts_12-hxtorch_snn_intro.ipynb
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Machine Learning
o

Tutorial

Tutorial

m ts_12-hxtorch_snn_intro.ipynb
m Key takeaways:

m Setting-up neurons and synapses using hxtorch
m Setting-up experiments using hxtorch
m Performing gradient descent on observables
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