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Neuron dynamics
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- Simulation mimics a neuroscientific experiment
+ Response of a leaky integrate-and-fire neuron to constant current input

« Subthreshold dynamics: Tdv‘“ = (EL —
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Network connectivity
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NEST = NEural Simulation TOOl = https://www.nest-simulator.org

- Simulator for spiking neuronal networks with a focus on the dynamics, size, and structure of
neuronal systems, rather than on the exact morphology of individual neurons
« Point-neurons or neurons with few electrical compartments

« Development is driven by scientific needs in consideration of accuracy and flexibility
« Same code from laptops to supercomputers — simulation of large-scale models
« C++ core, hybrid parallelization (OpenMP+MPI), Python frontend PyNEST

nest.Create()
nest.Connect(pre, post, conn_spec, syn_spec)
nest.Simulate()

« NEST GPU: NeuronGPU became part of NEST Initiative
Tiddia, Golosio, ..., Senk, ..., van Albada (2022) Front. Neuroinform.
Golosio, Villamar, Tiddia, ..., Senk (2023) Appl. Sci.
Golosio, Tiddia, Villamar, ..., Senk (2026) Neuromorph. Comput. Eng.
« NEST Desktop: Graphical User Interface (GUI)
Spreizer, Senk et al. (2021) eNeuro,; Senk et al. (2018) Front. Neuroinform.
« NESTML Domain-specific language for neuron and synapse models

Linssen et al. (2025) Front. Neuroinform. IE ‘J JULICH
hungazentrum
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https://www.nest-simulator.org

PD14 model

74 ()

- Canonical microcircuit: basic architecture is
conserved across species and modalities
— generic computing principles of the brain

A

CKZOD

—— inhibitory

Potjans & Diesmann (2014)
Cereb. Cortex

AN

« PD14: all neurons (ca. 80,000) and synapses
(ca. 300 million) below 1 mm? of cortical surface;
reproduces basic features of cortical activity
such as asynchronous and irregular spiking at
biologically plausible population-specific rates

background ihput

A
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Building on models—a perspective for computational
neuroscience

Hans Ekkehard Plesser (©)1:2.3, Andrew P. Davison ()4, Markus Diesmann ([)2:>.6.7.* Tomoki Fukai (")8, Tobias Gemmeke (©)°,

Padraig Gleeson ()%, James C. Knight(®)!!, Thomas Nowotny ([")!!, Alexandre René (?)*?, Oliver Rhodes (), Antonio C. Roque ()%,

Johanna Senk (5?11, Tilo Schwalger () *>-'¢, Tim Stadtmann ()°, Gianmarco Tiddia (%', and Sacha J. van Albada ()?:1®

Cereb. Cortex (2025)
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« The model was conceived to provide o
A . " All Citations
neuroscience insight, 52001 mmm uses PD14
+ Became a building block of more £ 150+
advanced models, 5 100 ]
[
- Served as reference for the validation € s
of mean-field theories, 2
0
« Drove the development of methods 2014 2019 2024
for model sharing, and Year
+ Became a standard for benchmarking
of neuromorphic and conventional
systems. )30
Y US 9 uLicH
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A Collaborative Simulation-Analysis Workflow
for Computational Neuroscience Using HPC

Johanna Senk!®) | Alper Yegenoglu! ™), Olivier Amblet?, Yury Brukau?,
Andrew Davison®, David Roland Lester?, Anna Liihrs®, Pietro Quaglio®,
Vahid Rostami!, Andrew Rowley?, Bernd Schuller®, Alan Barry Stokes?,
Sacha Jennifer van Albadal, Daniel Zielasko®”, Markus Diesmann' 89,
Benjamin Weyers®”, Michael Denker!, and Sonja Griin®!°

Run a simulation of

the microcircuit
model on JUQUEEN

Run a simulation of
the microcircuit
model on SpiNNaker

High-Performance Scientific Computing, Springer (2017)

A naive question:
“If a simulation of the same neural network model is run both

on an HPC system using NEST and on the neuromorphic
hardware system SpiNNaker, are the results the same?”
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using NEST

nest:: k©)

simulated()

. high performance computing
. neuromorphic computing

.visualization

A

-

~

Transfer results to
the Collab storage

Compare results
using Elephant:
interactive (Collab) /
task-based (JURECA)

Interactive
visualization of

complex analysis

results
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PD14 benchmark
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PD14 benchmark

Activity data Accuracy confirmation

<7
7 4 [

Neuron ID
Activity
statistics

\/

C&T00

N
C Performance data Benchmark result
CATOD +

bavkground input

-
= exctatory £ Real-time factor
—— inhibitory © _Wall-clock time

g S Model time

One model, g E *

many technologies ©

(CPU, GPU, FPGA, custom ...) & >

Wall-clock time Energy / synaptic event

- Simulation result: spike times of each neuron over biological model time
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ity data

1V1

Act

precise

SpiNNaker

NEST

grid-based NEST

time (s)

time (s)

time (s)

van Albada, Rowley, Senk et al. (2018) Front. Neurosci.
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PD14 benchmark

Activity data Accuracy confirmation

7 4 1,

Neuron ID
Activity
statistics
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(\‘f\m 9 Model time
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8 Performance data Benchmark result
CAOD +

BRI

bavkground iput

L Real-time factor
—; ooy H _Wall-clock time
o b ~ Model time
z g
One model, & B *
many technologies ©
(CPU, GPU, FPGA, custom ...) & >
Wall-clock time Energy / synaptic event

« Simulation result: spike times of each neuron over biological model time
«+ Accuracy confirmation: statistics of simulated activity is compared to reference data
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Accuracy confirmation
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van Albada, Rowley, Senk et al. (2018) Front. Neurosci.
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PD14 benchmark

Activity data Accuracy confirmation

7 4 1,

Neuron ID
Activity
statistics
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8 Performance data Benchmark result
CAOD +

BRI

bavkground iput

— 3 Real-time factor
—; oy H _Wall-clock time
g "q') ~ Model time
One model, & g *
many technologies ©
(CPU, GPU, FPGA, custom ...) & >
Wall-clock time Energy / synaptic event

+ Most neuromorphic benchmarks: metric is accuracy to solve a particular task,
here: accuracy is starting point
+ Performance data: power consumption and wall-clock time
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Performance data
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van Albada, Rowley, Senk et al. (2018) Front. Neurosci.
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Energy per synaptic event

E B fOTwall P(f) dt
e Tinodel * 2o Na * Kout,a * Vi

- PD14 model:
ca. 1 billion synaptic events
per second of model time
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®  NEST network construction

! . NEST state propagation,
b compute nodes

., NEST state propagation,
~ compute nodes + IB switch

Performance Comparison of the s B "' © oo o ChiNakerstate propagation
Digital Neuromorphic Hardware reattime
SpiNNaker and the Neural Network
Simulation Software NEST for a
Full-Scale Cortical Microcircuit
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time (s)
=
Y
I
/

. S o
Il‘ ...;

o
=
5)

power (kW)
=
>

Sacha J. van Albada™, Andrew G. Rowley?, Johanna Senk', Michael Hopkins?, 107
Maximilian Schmidt*?, Alan B. Stokes?, David R. Lester?, Markus Diesmann™**® and
Steve B. Furber?

o
"
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Front. Neurosci. (Section: Neuromorphic Engineering) (2018) 2 X
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« NEST ca. 2.5 (4.6) times slower than real time g -
« Energy per synaptic event: 10.0 (5.8) uJ T R
~ o N ,:7
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PD14 benchmark

Activity data Accuracy confirmation
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One model, & g *
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(CPU, GPU, FPGA, custom ...) & >
Wall-clock time Energy / synaptic event

+ Most neuromorphic benchmarks: metric is accuracy to solve a particular task,
here: accuracy is starting point

+ Performance data: power consumption and wall-clock time

« Benchmark result: time and energy to solution

US ¢y JiLicH

17/42



Benchmark results
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+ Inonly a few years:
simulations became

two orders of magnitude faster and

two orders of magnitude more energy efficient

« Authors of independent research studies came
together to write a review article
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Benchmark results: Initial data
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vAl+18: van Albada et al. (2018) Front. Neurosci.
SpiNNaker 1

VAl+18c

Socket level

MANCHESTER.
he Unive ¢

System level
NN IN S

@) JULICH
NEST J
VAI+18a
vAI+18b

NSNS

NN N

SNTN N

« Established CPU code shows highest energy cost
« SpiNNaker meets accuracy, but with slowdown

KN18: Knight & Nowotny (2018) Front. Neurosci.
GeNN
KN18

UNIVERSITY

« Emerging GPU code outperforms
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Benchmark results: Real-time barrier
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Rho+19: Rhodes et al. (2019) Philos. Trans. R. Soc. A.

SpiNNaker 1
Rho+19

+ SpiNNaker reaches its real-time specification

Gol+21: Golosio et al. (2021) Front. Comput. Neurosci.; Kni+21: Knight et
al. (2021) Front. Neuroinform.; Gol+23: Golosio, Villamar, Tiddia et al. (2023)
Appl. Sci.

NEST CPU

NEST GPU, GeNN
Gol+21, Kni+21, Gol+23 e

9) 0

INFN ‘orsisee’

 Conventional technologies approach and
surpass real-time: new GPU code,
sub-realtime on one us
commodity CPU
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Benchmark results: FPGAs

101 4

100 4

Real-time factor grrr

1072
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Hei+22: Heittmann et al. (2022) Front. Neurosci.
CsNN

Hei+22
INC-Card

IJ JULICH

INC-3000 Machine Forschungszentrum
e

+ Procedural connectivity

Kau+23: Kauth et al. (2023), Front. Comput. Neurosci.
neuroAlx
Kau+23

RWTHAACHEN
UNIVERSITY
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« Jump to 20x faster than real-time
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Semiconductor technology
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Lessons learned: Benchmarking recipe

Model reference https://github.com/INM-6/microcircuit-PD14-model
External drive State whether DC or Poisson is used
Initial conditions Amended initial conditions: distribute membrane potentials normally with

population-specific mean and variance

Warm-up time Discard the initial 500 ms of model time from the data to be analyzed

Simulation duration Accuracy: Tyodel = 15 min, performance: Tpo4e1 > 108

Repeated Average across ten random seeds

simulations

Spike recording Accuracy: yes, performance: no

Accuracy Compute distributions of 1) single-neuron firing rate (FR), 2) coefficient of

variation (CV) of the inter-spike intervals (ISI), and 3) short-term spike-count
correlation coefficients (CC), and compare with reference data

Performance Measure real-time factor grrr and the energy per synaptic event Esyn (include
all contributions necessary for running the simulations at the power outlet)

US  ¢)JiLicH
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https://github.com/INM-6/microcircuit-PD14-model

Model reference - https://github.com/INM-6/microcircuit-PD14-model

Model description Performance benchmarking

S | | | |

[Z: [ 0.0545 [ 0.0269 [ 0.0257 [ 0.0022 [ 0.06

[ & T 0.0156 | 0.0066 | 0.0211 | 0.0166 | 0.05 Accuracy confirmation Benchmark result

7o [0.0364] 0.0010 | 0.0034 | 0.0005 | 0.02

= 5| Reattime actor
Jeuron z & — _Wall-clock time

Name | Value Description H 2 =™ Modeltme
0 “50mV spike threshold K 3 *
E —65mV resting potential ¢
im 10ms membrane time constant
[ 250 pF membrane capacitance Obsenatle Energy / synaptic event
R, o/ MO | membrane resistance

‘Wall-clock time

Model implementation Publications

L. Cumlative number of Gitations per year
pip install . Blue: Uses PD14.

Al Crations
- Uses P01

from microcircuit import network

from microcircuit.network_parans import default_net_dict as net_pars
from microcircuit.sin_params inport default_sin_dict as sin_pars

from microcircuit.stinulus_parans import default_stim_dict as stim pars

nodel = network.Network(sin_pars, net_pars, stin_pars)
model.create()

model . connect () e?t :
model.simulate(1000) GLUILEE0)

ol =i
w2z a0 o208 200 o202 204 02
vear

New data points of performance benchmarks are welcome!

US 9 iLick
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https://github.com/INM-6/microcircuit-PD14-model

Lessons learned: Benchmarking recipe

Model reference https://github.com/INM-6/microcircuit-PD14-model
External drive State whether DC or Poisson is used
Initial conditions Amended initial conditions: distribute membrane potentials normally with

population-specific mean and variance

Warm-up time Discard the initial 500 ms of model time from the data to be analyzed

Simulation duration Accuracy: Tyodel = 15 min, performance: Tpo4e1 > 108

Repeated Average across ten random seeds

simulations

Spike recording Accuracy: yes, performance: no

Accuracy Compute distributions of 1) single-neuron firing rate (FR), 2) coefficient of

variation (CV) of the inter-spike intervals (ISI), and 3) short-term spike-count
correlation coefficients (CC), and compare with reference data

Performance Measure real-time factor grrr and the energy per synaptic event Esyn (include
all contributions necessary for running the simulations at the power outlet)
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https://github.com/INM-6/microcircuit-PD14-model

Specificity of validation measures

27/42

T=10s
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T=15min

p(a.u.)
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p (a.u.)

p(a.u)

g

p(a.u)

p(a.u)

p(a.u.)

(b)

()

21 21 2 21 2t 201
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= sumogate
T + T + + + T t + T T
” € N 4 4 € a
t T + U T + T L e L B - s
se /’\\s\_ se si se st
+—F +—+ g + y , + +— o+
L ) ‘ 5 m Km ] m
0 20 o 10 2 05 To o5 1o 002 0 002 008002 0 002 0.04
FR (spikes/s)  FR (spikes/s) ov ov cc
(e) (f)
T — T T T
21 21 21e 2131 2 01
— reference
= surogate
+—t ——t y + g y
r aE a a a 4 @
= +—= + + y +
st /l\\sw /J se s s 5
+—F +—F 4 + y y
6 N 6t 6 6 o
L L R L -
o 1 2 o 0 2 o5 o o5 10 o oo 0 oo
FR (spikes/s) R (spikes/s) ov ov cc cc

- Surrogate data by randomizing
spike times

« Role of observation duration
(convergence of distributions)

Dasbach, Tetzlaff, Diesmann & Senk (2021) Front.
Neurosci.
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Lessons learned: Benchmarking recipe

Model reference https://github.com/INM-6/microcircuit-PD14-model
External drive State whether DC or Poisson is used
Initial conditions Amended initial conditions: distribute membrane potentials normally with

population-specific mean and variance

Warm-up time Discard the initial 500 ms of model time from the data to be analyzed

Simulation duration Accuracy: Tyodel = 15 min, performance: Tpo4e1 > 108

Repeated Average across ten random seeds

simulations

Spike recording Accuracy: yes, performance: no

Accuracy Compute distributions of 1) single-neuron firing rate (FR), 2) coefficient of

variation (CV) of the inter-spike intervals (ISI), and 3) short-term spike-count
correlation coefficients (CC), and compare with reference data

Performance Measure real-time factor grrr and the energy per synaptic event Esyn (include
all contributions necessary for running the simulations at the power outlet)

US  ¢)JiLicH
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https://github.com/INM-6/microcircuit-PD14-model

Connectivity vs. synapse parameters

Sufficiently heterogeneous in-degrees — firing statistics can be preserved even if all synaptic weights are
replaced by the mean of the weight distribution

Fixed total number Fixed in-degree
T T T T T T
— 2/3E 2/31 —_ 2/3E 2/31
S mm reference S mm reference
o —Npins =1 & —Noins =1
Q Q Neins =2
—~ - 4E 41
B ]
s s
o =
,
- - E
S ]
s s
[oR o
- - 6E 6l
S 3
& L
o Q
0 10 20 0 10 20 0 5 100 5 10

FR (spikes/s)  FR (spikes/s) FR (spikes/s) FR (spikes/s)

Dasbach, Tetzlaff, Diesmann & Senk (2021) Front. Neurosci
Are the accuracy metrics sufficient?
In the spirit of the model, all synapses need to be represented (to allow for plasticity). 11§

UNIVERSITY
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Connectivity details matter for dynamics!

B Random, fixed out—degre_e

100 100 =
80 ' %
a a
= 60 = 60
e <]
3 40 3 404 :
Kin=2 .
1 20 20 A ¥ : 2
s
1 o 1 w1 2
550 ESO 1
2 025 825 2
2 20 : ; : . & o ; ; : —el 2
400 600 800 0 2550 400 600 800 0 2550
4 Time (ms) Rate (1/s) Time (ms) Rate (1/s) 2

- Higher inter-neuron variability in networks connected with fixed out-degree
compared to fixed in-degree

Senk et al. (2022) PLOS CB
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RESEARCH ARTICLE

Connectivity concepts in neuronal network
modeling

Johanna Senk®'*, Birgit Kriener?, Mikael Djurfeldt®, Nicole Voges®*, Han-Jia Jiang® *°,
Lisa Schiittler:°, Gabriele Gramelsberger®, Markus Diesmann" 7%, Hans E. Plesser("°,

Sacha J. van Albada®'®

PLOS CB (2022)

+ Review:
Which connectivity structures do computational neuroscientists use in their models?
Which terminology do they use to describe these models?
« Ambiguity:
Left-out details about mathematical concepts and assumptions, algorithmic implementations, or
parameterizations are common and hinder reproducibility.
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Systematic description of connectivity concepts

Senk et al. (2022) PLOS CB
32/42

Random, fixed in-degree with multapses
Symbol: K;,, M
CSA: p, (K)M(Ng x N;)
Definition: Each target node in 7 is connected to K;,, nodes in S randomly chosen with
replacement.
N; is the number of source nodes from which exactly K;, connections are drawn with equal
probability p = 1/N; for each of the N, target nodes t, € 7. The in-degree distribution is by
definition P(K) = d ;. . To obtain the out-degree distribution, we observe that because
multapses are allowed, drawing N, times K, ; = Ki,, from § is equivalent to drawing N,K;,,
times with replacement from S. This procedure yields a multinomial distribution of the
out-degrees K,,; of source nodes 5 € S[75], ie.,

P(Koyy =Ky Koy, = Ky
(VKDL e o
prm if Y5 K =NK, (14)
0 otherwise

The marginal distributions are binomial distributions

P(K,,; = K) = B(K|N,K,,1/N,). (15)

out
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Living reference
Connectivity concepts in NEST simulator documentation

Mathematical detalls: Random, fixed In-degree with multapses -

PRy = K) = BK|NKin, 1/N,)

https://nest-simulator.readthedocs.io/en/stable/synapses/connectivity_concepts.html#

connectivity-concepts .
US ¢y JiLicH
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https://nest-simulator.readthedocs.io/en/stable/synapses/connectivity_concepts.html#connectivity-concepts
https://nest-simulator.readthedocs.io/en/stable/synapses/connectivity_concepts.html#connectivity-concepts

Graphical notation for network diagrams

Network node Annotation
Node class Connectivity concept
Individual unit ] g°"°e"‘ -
ne-to-one
Population D All-to-all Q2
Explicit connections X
Node type Pairwise Bernoulli P
Generic node D Random, fixed total number Negn
Random, fixed in-degree Kin
Excitatory neural node A Random, fixed out-degree Kout
Constraint
Inhibitory neural node O Autapses allowed A
Stimulating device node O ’I\D/IrL(j)I}:iabpii:(si allowed /{j\;{{
Recording device node /7 Parameterization
Constant parameter w
Network edge Distributed parameter w ~D
Deter Further specification
Deterministic Functional dependence ()
Probabilistic | _____
Example
Edge type p

Generic edge

<Concept> <Constraint>
[s] {7]

<Parameterization>

Excitatory edge —>
Inhibitory edge —0
Directionality

Unidirectional

Bidirectional >

Senk et al. (2022) PLOS CB

34/42
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NEST Desktop
NEST Simulator GUI adopts proposed graphical notation

é EBRAINS Services News Support

NEST Desktop

Construct neuronal networks and explore EDITOR

network dynamics with the NEST Simulator GUI -

Spreizer, Senk, Rotter, Diesmann & Weyers (2021) eNeuro
Living reference:

https://nest-desktop.readthedocs.io/en/latest/user/usage-advanced/network-graph.html
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https://nest-desktop.readthedocs.io/en/latest/user/usage-advanced/network-graph.html

ARTICLE workflows

| TomTetzlaff®?, Johanna Senk®?5 & Stephan Thober(®?

OPEN': Metadata practices for simulation

© José Villamar®*2™, Matthias Kelbling(®»?, Heather L. More(®»*, Michael Denker(®?,

Scientific Data (2025)
A —eeeeeeeeeeeeee
7 ol 0
9
- %. ,@ Vs
(AN AN
- ) |
2 LN
HEDN!
i~ 6
CAC
- 00

—— excitatory
—— inhibitory

36/42

Neuronal
activity data

System info,
performance
measures

Data
annotation

Metadata
parsing &
structuring

Firing rates,
RNG seeds,
computing platforms

Annotated

Real time factors,
RNG seeds,
computing platforms

Real time factor

Firing rate

Toatl/Tmodel

(spikes/s)
o e o ®
L

Verification

RN e N K D D
Neuronal populations

Performance

[
o« o
L

0.5

+ 4 across-trial (RNG) variability

RTX 3070 V100
Ti-M

A100 RTX 4090

Computing platforms
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Next: more complex dynamics and slow processes

Feed-forward connections

A Initial connections. C Feed-forward connections
onn. probs Weights A Eliminations
Sour [r— G - 15
Comerated mput) =1 oaoozsosomsu o0 008 o016 g v WTRTIIY o 16 »
. 5 ‘.*H#umulmmaumuwdmﬂ 1)
o -0
7 200
Feed forward - <
connections £ 100
. 2
£ 6 0~
Target layer § 100 200 300 400 500 60.0
(Neurons) Lateral 22
connections g Time (s)
£
< - B Formations
- 15
o . . ~ 0 622 6 6226 g
S pe xdisplacem x-displacem. g
o
POsiti, 15 o o
D Lateral connections T
£ 200
Conn. probs. Weights g
— 2
T— fr— N
04 08 000 008 016
10 100 200 300 0.0 500 60.0
Time (5)
# c Connections per neuron
g ® - 100 25 - —
] Y
> 10 g
- so g®
‘ v —
@ in-degree (mean) Out-degree (mean) 0 K=2mm0hm
15 R s e In-degree (mean + std) — Out-degree (mean + std)
o
6226 6226
o ° © » 100 200 300 400 50.0 60.0
x-position x-displacem. x-displacem Tty

Refinement of a topographic map using a structural plasticity rule with activity-dependent and
activity-independent contributions

Knight, Senk & Nowotny (2026) Neuromorph. Comput. Eng. ' i
us  9Jutict
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Next: larger models

Multi-area model: 32 vision-related areas of macaque monkey

Local connectivity

« Model development and NEST
Popuation saes simulation:
Grrer Schmidt et al. (2018) PLoS Comput. Biol.

« GeNN (procedural connectivity):
Knight & Nowotny (2021) Nat. Comput. Sci.

« NEST GPU:

Tiddia, ..., Senk, et al. (2022) Front. Neuroinform.
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Next: larger models

Mesocircuit: spatially organised cortical network model

spiking activity

PR ER R
* o e o o o
. * o o
ot
00005:5:5:,.,0'025
2282838 E 0000
e85
gHgnsiengnens 002
® o o o o o o
4siie s s 10 1000 1050 1100
1mm time (ms)
e 1
.11 CCaaeir CCusp
+ 4x4 mm?, 3.2 million neurons, soos. e _smusossoom
11 B . 203 03 o=
7.7 billion synapses : : ¥ o o
ooor]. , :
- Distance-dependent connectivity [
g 0.1
« Weak spike-train correlations oo
but highly coherent local field potentials .|
across space B Pt BT B B
. US ¢y JiLicH
Senk, Hagen, van Albada, Diesmann (2024) Cereb. Cortex onrvenaiTy Forschungszentrum
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NEST GPU on its path to exascale

Number of synapses (x101?) Number of synapses (x10%?)
1.9 1.3 1.9

a 03 0.6 1.0 1.3 2.6 b o3 0.6 1.0 2.6
GML 0 Sim. 175
—4— GML1 Sim.
18 GML 2 Sim.
s —4— GML 3 Sim. 150
= GML 3 Sim. _
E 16 w/out spike recording 125
ks) —
2 3
214 |‘E 100
c =
S 3
¥ 7
g 12
s 50
<10
25
8 o]
128 256 384 512 768 1024 128 256 384 512 768 1024
Number of GPUs Number of GPUs
32 64 96 128 192 256 32 64 96 128 192 256
Number of nodes Number of nodes
Golosio, Tiddia, Villamar, ..., Senk (2026) Neuromorph. Comput. Eng. IE 'J JUL'CH
Golosio, Villamar, Tiddia, ..., Senk (2023) Appl. Sci. UNIVERSITY Forschungszentrum
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Take home message

+ Neuroscience needs
« the representation of all neurons and synapses to simulate correlation structure and plasticity,
« significantly faster than real-time simulation for slow processes like learning, and
« technologies capable of simulating larger and more complex models than PD14.

« Neuromorphic computing needs
« clear requirements from neuroscience and
« astrong theoretical foundation on a conceptual and algorithmic level.

« Structuring the unstructured community effort has shown:
+ A model meant to help understand the brain became a de facto standard benchmark
» There is a large and complementary potential of different simulation technologies to act as
research tools for neuroscience and beyond!

+ Outlook:
+ Downscaled PD14 model: BrainScaleS already reaches grrr = 0.0001 at Esyn < 0.012 ]
(Sch+25: Schmidt et al. (2025) NICE)
but still 5-6 orders of magnitude away from biology...
» Ongoing efforts at University of Sussex, Jiilich Research Centre and many other places to form neuromorphic
communities, jointly defining and advancing the field of neuromorphic computing.
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Thank you!
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