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Abstract

The local circuitry of the mammalian brain is a focus of the search for generic computational
principles because it is largely conserved across species and modalities. In 2014 a model was pro-
posed representing all neurons and synapses of the stereotypical cortical microcircuit below 1 mm?
of brain surface. The model reproduces fundamental features of brain activity but its impact
remained limited because of its computational demands. For theory and simulation, however, the
model was a breakthrough because it is full-scale, therefore free of uncertainties of downscaling,
and larger models are less densely connected. This sparked a race in the neuromorphic comput-
ing community and the model became a de facto standard benchmark. Within a few years real-
time performance was reached and surpassed at significantly reduced energy consumption. We
review how the computational challenge was tackled by different simulation technologies and
derive guidelines for the next generation of benchmarks and other domains of science.

1. Introduction

Neuroscience increasingly depends on mathematical modeling and simulations to bridge the gap between
the properties of single neurons and the function of the entire brain [1]. Thereby, neuroscience moves
towards digital twins integrating anatomical and physiological data (e.g. using rat [2, 3] or mouse [4]
models) and enabling virtual experiments that cannot be done in organisms. A particular structure of
interest in this process is the so called canonical microcircuit [5-7] in the neocortex. The term refers to
the local cortical network, the evolutionary youngest part in the mammalian brain [8]. The microcir-
cuit is canonical in the sense that its basic architecture is conserved across species and modalities [9],
making it a natural target for the search of generic computational principles in the brain. In 2014 a

© 2026 The Author(s). Published by IOP Publishing Ltd
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Figure 1. Spiking network model of full circuitry below 1 mm? surface area of cerebral cortex serves as benchmark for neur-
omorphic technologies. The statistics (dark cyan curve) of the simulated activity (dark cyan dots) is compared to reference data
(thick yellow curve). Once sufficient accuracy is confirmed, the power measured during the simulation phase (light gray back-
ground) yields the consumed energy (dark cyan area corresponds to end point of light red curve, dark blue area indicates net-
work construction phase, dark gray idle phase). The performance benchmark result (dark cyan star) contrasts the real-time
factor (defined as the ratio of required wall-clock time and biological time covered by the model) against the required energy
(expressed as energy per synaptic event). Reproduced from [10]. CC BY 4.0 and adapted with permission from [11]. The Author
2012. Published by Oxford University Press.

model was proposed representing all the nerve cells (neurons) and all their contact points (synapses)
below the surface area of 1 mm? of cortex [11]; that is a network size of on the order of one hundred
thousand neurons and one billion synapses. Since the model is full-scale, it lifts all uncertainties about
how downscaling affects network activity present in earlier models [12]. Downscaling here refers to the
concept of reducing the number of neurons and synapses in a model for computational tractability,
while attempting to preserve the dynamics and keeping other structural characteristics like the prob-
ability of two neurons forming a connection invariant. It does not refer to representing neurons and
synapses at a finer level of description, like the level of electrical compartments or the molecular level.
The model represents four cortical layers by populations of excitatory and inhibitory leaky integrate-
and-fire model neurons (network sketch in figure 1). Due to the simplicity of its components and the
limited data available at the time, the explanatory scope of the model is limited, even though it repro-
duces basic features of cortical activity such as asynchronous and irregular spiking at biologically plaus-
ible population-specific rates. Initially the simulation results were confirmed by independent researchers
using different simulation codes [13, 14]. The model and variations thereof have been used for various
neuroscientific investigations (e.g. attention [15, 16], orientation selectivity [17], inhibitory neuron types
[18-20], network connectivity [21, 22], building block of multi-area models [23, 24], forward-modeling
of extracellular potentials [25, 26]) and as a test bed for theoretical methods (e.g. mean-field and linear
response theory [27, 28], population density models [29, 30], stochastic population equations [31, 32]).
Nevertheless, when it was first proposed, run times of several minutes were required for the simulation
of 1s of biological time, limiting the practical use of the model. A recent review [33] analyses the impact
of the model on the fields of computational neuroscience and neuromorphic computing.

The opportunity to overcome a barrier in terms of network size, and the availability of a reprodu-
cible model combined with the computational challenge of bringing down simulation time of a micro-
scopically parallel problem sparked a concrete and quantifiable race in the computational neuroscience
and neuromorphic computing communities for ever faster and more energy-efficient simulation. In
particular the frequent updates (at least every 0.1 ms of model-time in time-driven simulations) as
well as the communication and delivery of a large number of events (also called spikes) during state
propagation call for innovative solutions in hardware and software, beyond conventional approaches
in high-performance computing (HPC). A few years later, the model has been simulated on a range of
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platforms including a large-scale neuromorphic system (SpiNNaker [10, 34]), many-core CPU systems
(NEST [10, 35]) GPUs (GeNN (36, 37], NEST GPU [38, 39] and FPGAs (CsNN [40], neuroAlx [41]).
In this time span, real-time performance was reached and simulation time and energy per synaptic event
dropped by two orders of magnitude. The circuit can now be simulated an order of magnitude faster
than real time. The role of the model as a benchmark was never declared by any organization but retro-
spectively emerged over the years. The studies reproducing the work were done independently by differ-
ent laboratories, in retrospect becoming evident as a race. It is therefore time to gather the results dis-
tributed in the literature, contrast the findings and identify the advantages and bottlenecks of different
approaches. From this we derive limitations of present technology and requirements for future neur-
omorphic architectures. From the perspective of computational science we discuss what made the PD14
model successful in becoming a de facto standard benchmark for our community and what obstacles the
authors faced using the benchmark. Finally, we discuss next challenges for the simulation of large-scale
neuronal networks and characterize desired properties of next generation benchmark models.

2. Results

This work covers technologies designed for large-scale spiking neuronal network simulations. These tech-
nologies have different algorithmic approaches and include software-based simulators exploiting con-
ventional hardware and custom neuromorphic platforms. Their performance is assessed on the example
of the PD14 model [11] in terms of time to solution and energy to solution. At this point, we take it
for granted that the model is simulated at sufficient accuracy, meaning that the statistics of the simu-
lated spike data are compatible with reference data (figure 1, upper panels, for details see section 4.2.3).
Timestamps in the simulation scripts enable different execution phases to be identified and related dir-
ectly to temporally resolved power measurements. (figure 1 lower panels). Each simulation experiment
begins with a network initialization phase during which the network is constructed either directly on
the simulation system or on a host system and then transferred. The beginning of the subsequent state-
propagation phase should be considered a warm-up time because start-up transients may occur due

to initial conditions. Even though network initialization and warm-up time can consume a substantial
amount of time and energy, here we only focus on the state-propagation phase with stationary network
dynamics. We define the performance metrics as follows:

Time to solution. The real-time factor qrrr is defined as the quotient of wall-clock time Ty, (which is
also known as real time) and model time Todel (Which is the duration by which the state of the model
is advanced in time):

Tan
qRTE Troud (1)
If the real-time factor is larger than one, the simulation runs slower than wall-clock time. The reciprocal
of grrr is a measure for the speed of the calculation; the higher qulF the faster the computing system
completes the task. Ten times faster than real time could be expressed by gy = 10.

The speed of the calculation should not be confused with the concept of speedup. Speedup [42, 43]
refers to a ratio of two wall-clock times, namely the wall-clock time required to solve a problem seri-
ally and the wall-clock time needed to solve the same problem in parallel (e.g. by distributing the work
across multiple threads or processes): gspeedup = Twallserial/ Twallparallel-

Energy to solution. The energy per synaptic event Egy, is defined as the integrated power P (i.e. wall
socket power including communication infrastructure) over the state-propagation phase (i.e. wall-clock
time Ty.y) divided by the total number of synaptic activations in the time interval T'\oqel:

fOT‘”“ P(t)dt

2
Tmodel ' Za Na ' Kout,a *Va ( )

Esyn =

with the neuron number N, the average number of outgoing connections Koy, and the spike rate v,
per neuron of population « € {L2/3E, L2/31, L4E, L4, L5E, L5I, L6E, L61} in the PD14 model. In a sim-
ulation of ten seconds of model time our neuronal network produces approximately 2.47 million spikes
leading to approximately 9.6 billion synaptic events.
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The PD14 has become a de facto standard benchmark. In the beginning, an executable model
description was only available in the original simulation language (SLI) of the NEST code [44] and
this has been included in all versions of NEST since v2.4.0 (released in 2015). But, thanks to progress
in the community and large-scale projects, executable descriptions abstracted from a particular simu-
lation engine became available. Nevertheless, a performance result is only meaningful if a benchmark
reaches the same accuracy of the solution as the reference data. This is because generally, a lower accur-
acy can be reached with less computational effort. The neuroscientific purpose of the PD14 model is to
reproduce certain characteristics of the activity of the respective biological neuronal network. Therefore,
van Albada et al [10] define a set of measures a benchmark of PD14 needs to fulfill. A later study [45]
finds that the specified correlation measure is good enough to expose corrupted activity, but that model-
specific correlation structure is only exhibited at considerably longer simulation times. This study also
shows that the inhomogeneity of the network structure hides the distribution of synaptic weights: the
correlation measures remain identical if all weights are collapsed to the mean value of the correspond-
ing normal distribution. Retrospectively this is apparent as a mean-field theory [27] can quantitatively
reproduce the first and second-order statistics of the population activity. Thus, the characterization of
the solution does not require the simulation of a spiking neuronal network with an individual represent-
ation of all neurons and synapses. The synaptic weights can be replaced by a single value per neuron
population [45] and connections can be generated on-the-fly with a generator for pseudo-random
numbers [40]. This dramatically reduces the amount of memory a simulation engine needs to access.
Nevertheless, so far only direct simulation delivers the full distributions of the statistical measures. It
remains to the good will of the scientists to carry out the benchmark with simulation engines that are
in principle capable of representing synaptic weights as dynamical variables as required for plasticity and
learning. Spike-based plasticity rules directly interact with the correlation structure. If constraints of the
engine at hand do not allow a representation at this level of resolution, the results may still be interest-
ing but the conditions need to be declared.

The community gain of the PD14 race is attributed to various factors and a complete disentan-
glement is outside the scope of this manuscript. General-purpose approaches (i.e. simulation software
designed to support a plethora of different models and to run on different conventional CPU and GPU
based hardware systems such as NEST [44] and GeNN [46]) are compared to dedicated approaches (i.e,
neuromorphic hardware such as SpiNNaker [47] or software-hardware-model co-designs using FPGAs).
Apart from model-specific simulator advancements, some progress in case of NEST and GeNN is due
to later software versions and hardware generations which are continuously optimized independently of
the PD14 model. However, the proportion of the contributions is unclear as both are replaced in new
data points. For SpiNNaker instead, we see an improvement of the software stack only allowing better
use of the existing hardware. Generally speaking, the observed difficulty of running old software on new
hardware hampers a systematic comparison. For example, despite great efforts to adhere to programming
language and coding standards, in practice it is a challenge to run NEST versions released only a few
years ago on recent hardware. Further research may analyze why this is so difficult and what developers
of a simulation software stack and developers of benchmark models can learn to make simulation codes
and models more robust.

Table 1 and figure 2 summarize the progress of the community in increasing the simulation speed
and reducing the energy consumption of the PD14 model. The employed computing platforms are illus-
trated in figure 3. The historical account (figure 2(a)) of the real-time factor starts with a number of
initial data points in 2018. None of the studies came close to real time. The SpiNNaker system is spe-
cified for real-time performance, but shortcomings of the mapping of neurons to hardware exposed by
the study required a temporary slow down. The CPU code, already mature at the time, showed better
performance but at the highest energy consumption. GPU code for spiking neuronal networks was just
emerging and immediately took the top position in speed. A year later the SpiNNaker system reached its
specification and simulated the model in real time. In the following three years progress was harder and
breaking the real-time barrier became a psychologically important target. Finally a new GPU code came
very close and the more mature initial GPU code passed the barrier. Shortly afterwards CPU code out-
performed the GPU results and reached out into the real-time regime on a single state-of-the-art com-
modity compute node. Nevertheless this was dwarfed in the same year by an FPGA-based neuromorphic
system. A year later the rapid progress in GPU hardware enabled GPU-based systems to take the lead
again. But in the same year a new dedicated FPGA-based neuromorphic system made a jump to a sim-
ulation speed twenty times faster than real time. This achievement is substantial because present CPU
code requires a longer duration just for the communication between compute nodes.

In the real-time factor alone (figure 2(a)) the progress appears steep but continuous with the excep-
tion of a major jump due to the FPGA technology. The vertical divide at real time may indicate the
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Table 1. Performance data of considered studies. A code name disambiguates the studies and refers to the bibliography (number in

brackets). The real-time factor grrr (equation (1)) and the energy per synaptic event Egyp, (equation (2)) are the performance results
obtained with the simulation technologies characterized by simulator name, number of nodes, system specification, and the process
node as the industrial specification of the chip technology. The external drive indicates the background input used (DC or Poisson).

Process node

Study qrre Esyn (nJ)  Simulator #Nodes System (nm) External drive
vAl+18a [10] 2.465 9.941 NEST CPU 12 2 Intel Xeon E52680v3 22 DC
vAl+18b [10] 4.584 5.816 NEST CPU 3 2 Intel Xeon E52680v3 22 DC
vAl+18c [10] 20 4.4 SpiNNaker 1 6 48 x 18 x ARM-968 130 DC
KN18 [36] 1.838  0.47 GeNN 1 Tesla V100 12 Poisson
Rho+19a [34] 1 0.601 SpiNNaker 1 12 48 x 18 x ARM-968 130 DC
Rho+19b [34] 1 0.628 SpiNNaker 1 12 48 x 18 x ARM-968 130 Poisson
Gol+21 [38] 1.055 0.25 NEST GPU 1 RTX 2080 Ti 12 Poisson
Kni+21 [37] 0.7 — GeNN 1 Titan RTX 12 Poisson
Hei+22 [40] 0.25 0.284 CsNN 345 IBM INC-3000 28 Poisson
Kur+22a [35] 0.53 0.48 NEST CPU 2 2 AMD EPYC Rome 7702 7 DC
Kur+22b [35] 0.67 0.33 NEST CPU 1 2 AMD EPYC Rome 7702 7 DC
Gol+23a  [39] 0.386 0.104 NEST GPU 1 RTX 4090 5 DC
Gol+23b  [39] 0.272 0.074 GeNN 1 RTX 4090 5 Poisson
Kau+23 [41] 0.05 0.048  neuroAlx 35 NetFPGA SUME 28 DC

a b c
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101 . . -
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Figure 2. Progress of the community in reduction of time to solution and energy consumption for the PD14 model. Colors group
hardware architectures and shapes indicate algorithmic approach (legend). Abbreviations in panels further disambiguate indi-
vidual studies. (a) Ratio between time passed on wall-clock and stretch of time covered by the model (real-time factor) versus the
year of publication in semi logarithmic representation. (b) Real-time factor as a function of energy per synaptic event in double
logarithmic representation. Dashed line from fit through all data points with a slope of one. (c) Real-time factor versus process
node in double logarithmic representation. Dashed line from fit through CPU and GPU data points with a slope of two. Citations
of studies and values are given in table 1.

psychologically important barrier motivating further publications. Figure 2(b) shows the time required
to reach the solution as a function of the energy required by the different systems to complete the task.
The double-logarithmic representation reveals an overall power-law decline. While energy consumption
dropped by two orders of magnitude, the simulations became two orders of magnitude faster. The graph
does not segregate technologies but data points are rather organized by the time of publication.
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Figure 3. Sketches of computing platforms. Diagrams illustrate the major computational building blocks and the commu-
nication architecture of a particular system required during the simulation phase. Compare with columns ‘4 Nodes” and
‘System’ in table 1. Same color scheme as in figure 2. NEST CPU uses compute nodes with two CPU sockets each. The first
study (vAl+18a/b) uses a compute cluster with Infiniband switch. The second study uses two point-to-point connected nodes
(Kur+-22a/b). NEST GPU and GeNN simulations run on single GPUs. SpiNNaker uses a router and 18 low-power cores per
socket, with sockets embedded in a mesh routing fabric with 6 links per socket, enabling an extensible system facilitating mul-
ticast communication between cores. The presented studies using SpiNNaker both used this architecture, with variations in how
the cores were configured to perform neural processing, and small variations in the overall size of the systems. CsNN uses the
IBM INC-3000 system which consists of 16 PCB’s (INC-cards), each hosting 27 reconfigurable SoC nodes. The whole INC-3000
system consists of 432 FPGA nodes which are connected by a three-dimensional mesh. neuroAlx uses a cluster of 35 FPGAs con-
nected with overlayed long hop topologies as an extension to mesh-like network topologies. BrainScale$S uses a circuit-switched
on-wafer network for spike communication between the 384 ASICs per wafer.

Figure 2(c) shows the real-time factor over process node. Even though the communication hardware
and other system-specific components are not resolved, this representation reveals a clearer trend and at
the same time a separation of dedicated hardware architectures from the conventional CPU and GPU
architectures. Let us assume that while reducing process node, manufacturers increase the number of
transistors and keep the chip area constant, thereby also conserving the power consumption; keeping
the power density constant is known as Dennard scaling [48], though such scaling has been increasingly
inapplicable to digital processing systems beyond the 65nm technology node [49]. If neuromorphic code
keeps up with the increased parallelization [50] enabled by the growing number of transistors, the real-
time factor should drop linearly with the number of transistors. The latter, however depends quadrat-
ically on process node. Following this argument we expect in the double-logarithmic representation of
figure 2(c) the real-time factor to decline with a slope of two in dependence of process node. This holds
well for the conventional CPU and GPU technologies even though the impact of the whole system used
is disregarded in this argument. The argument also explains the slope of one in the dependence of real-
time factor on energy per synaptic event observed in figure 2(b). If a technology completes the task in
half the time, only half of the energy is required under the assumption of a constant power density. The
dedicated architectures based on the SpiNNaker chip and FPGAs deviate from this trend. The expect-
ation on a dedicated hardware is that for comparable process node it outperforms code executed on
a conventional computing architecture. Initially the SpiNNaker system (vAl+18c) suffered from a sub-
optimal mapping of PD14 onto the hardware. But already at this time performance was better than the
one predicted for CPU and GPU based systems at this large process node. Conversely, starting from the
vAl+18c data point and projecting performance with a slope of two down to the process node of the
conventional competitors at the time (vAl+18a/b) also exposes the superior performance of the design.
With improved software a dramatic step down in real-time factor became possible (Rho+19) while pro-
cess node remained unchanged. The architecture is competitive with conventional architectures using
an order of magnitude smaller process node. Furthermore, a prediction starting at (Rho+19) with a
slope of two down to smaller process nodes outperforms all recent CPU and GPU systems. The same
is true for the FPGA-based systems. They already started out in the range of the best real-time factors
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(Hei+22). A system of generic FPGA boards with customized communication and selective optim-
ization in hardware description language (HDL) yielded a step down in real-time factor by an order

of magnitude while the process node remained the same (Kau-+23). With the optimized software the
SpiNNaker and FPGA based systems fall on the same projection for decreasing process node. Following
the trend of the conventional architectures for further reductions in process node it seems difficult to
reach grrr = 0.1 without major progress in algorithms. Applying the same projection with a slope of two
to the SpiNNaker and FPGA architectures, however, grrr = 0.01 seems indeed plausible.

The reduction by two orders of magnitude in simulation time since the beginning of the race enables
the community to investigate plasticity and system-level learning in a full scale model where neurons are
supplied with the natural number of synapses. This increase in simulation speed is of practical relevance
for the number of simulation experiments a researcher can do per day, because the biological processes
unfold over minutes and hours. Trivial parallelization is often not a cure here, because only the result of
a simulation gives the insight and inspiration for the next one. On a more societal level, the energy costs
and respective CO; footprint of simulating the PD14 model are reduced.

Unless a neuromorphic system needs to interact with the real world in a closed loop [51], it is worth
to strive for even faster and more energy efficient simulations. For the use as a neuroscience research
tool, which requires a high degree of flexibility, 100 x faster than real-time is desirable and seems to be
compatible with present day conventional semiconductor technology. This was also concluded in a pre-
vious pilot project (Advanced Computing Architectures (ACAs), www.fz-juelich.de/en/aca; e.g. [52, 53]).
For the PD14 this may constitute the next milestone for the community.

For conventional CPU and GPU technology, research is ongoing on improving the codes for multi-
node systems. But for 100 x the time available for an update step of 0.1 ms is already shorter than the
latency of an older Infiniband interconnect (5 us), and close to the latency of a modern one (0.5 us).
The progress on more densely integrated single nodes, however, is steady and the success of strong-
scaling on multi-GPU nodes is largely unexplored. In this respect, the booster nodes of the upcom-
ing JUPITER [54] exascale computer at Juelich equipped with four NVIDIA GH200 Grace Hopper
Superchips are an exciting next target for CPU as well as GPU code. However, GPU codes typically need
to launch multiple kernels during each simulation timestep to ensure correct synchronization and each
launch incurs a fixed latency (a minimum of 2.5 us was measured on an NVIDIA DGX-1 system [55]).
Therefore, as for example GeNN launches four kernels per timestep when simulating PD14, this launch
latency alone limits ggrr to around 0.1.

SpiNNaker 1 uses a relatively old semiconductor technology, 130 nm bulk CMOS, which should
be taken into consideration when reviewing energy performance, but further highlights the import-
ance of overall system architecture on optimizing execution speed of spiking neural network simula-
tions. The successor chip, SpiNNaker 2 [56], has been developed using a more up-to-date technology
(22 nm FDSOI) and is expected to deliver around a 10 X improvement in functional density and energy-
efficiency. As established above, extrapolating the FPGA architecture with a slope of two shows that
100 x is in reach of reasonable process node sizes. Critical is of course a corresponding communication
architecture [52].

There is a convergence of general purpose computational architectures and dedicated neuromorphic
hardware in the sense that in conventional systems the parallelism becomes ever more fine grained.

For the PD14 model for example, each of the 128 cores of the compute nodes used here [35] is just
responsible for some 700 neurons. It remains to be seen how far this abundance of hardware can be
exploited for further strong scaling. The structures in present day chips are orders of magnitude smal-
ler than the respective structures in biology and the switching times are accordingly shorter. Therefore
electronics can profit from techniques like busses and multiplexing to compensate for the lack of cables.
Nevertheless, the optimal system is not necessarily one where one circuit takes care of a single neuron.
The BrainScaleS architecture (figure 3 and section 4.1.7) exploits the microscopically parallel nature of
neuronal networks to the extreme. Each neuron is emulated using its own analogue circuit and achieves
grrr = 0.0001 by mapping the full network to a single wafer-size chip. At present only a downscaled ver-
sion of PD14 fits onto the system [57], therefore the data are not included in figure 2. Progress in the
combination of analog and digital hardware as well as mapping software may change this.

Projecting the linear dependence of the FPGA architecture in figure 2(b) to grrr = 0.01 would lead
to an energy consumption per synaptic event of approximately 10nJ. BrainScaleS already reaches the
same order of magnitude (12n]J) for the downscaled version of PD14. This is three orders of mag-
nitude lower than the value found in the initial studies in 2018, but still five to six orders away from
the amount required by nature (19—7601], see [10]).

Since the PD14 model was initially developed with a focus on neuroscience, there were uncertainties
about model and simulation parameters to be used for benchmarks. For example, whether to use DC
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or Poisson input as external drive may affect the performance and is therefore indicated in table 1. We
identify the choice of initial conditions, treatment of a warm-up time, simulation duration, repeated
simulations, and spike recording as further settings that are inconsistently handled across the studies
involved and influence comparability (for details see section 4.1). In fact, the effect of certain model
and simulation parameters on network activity and compute requirements was only exposed one at a
time as byproduct of the unstructured community effort. To pool the gained insights and provide the
missing instructions we here compile a Benchmarking recipe (section 4.2) with recommendations for
future benchmark simulations including a model reference with detailed simulator-independent model
documentation.

Most of the studies used different, hand-crafted model implementations suited to their simulators.
Developing and testing these implementations is a laborious and error-prone task. With the bench-
marking recipe proposed here, we aim to facilitate obtaining and porting the reference implementation
and conducting the benchmarking experiments. Additionally, they highlight a number of snares imped-
ing the communication between researchers and increasing the difficulty of comparing the results. To
further simplify developing and using such benchmarks, a common language similar to the simulator-
independent language PyNN [58] with backends for different systems as well as shared definitions for
the measured quantities and a unified verification and validation workflow with distinguished reference
data could be instrumental for the community. Another challenge lies in unifying benchmarking tools
for running simulations and comparing results, addressing inherent but often overlooked issues in per-
formance benchmarking [59].

3. Discussion

The race is ongoing but the goals to achieve a simulation speed one hundred times faster than real time
and to rationalize the comparison of different architectures comes into sight. As the number of compu-
tational elements converges towards the number of neurons it seems as if the von-Neumann bottleneck
widens even for conventional computing systems.

Finding challenging benchmarks remains relevant for the validation of dedicated neuromorphic com-
puting systems. The construction of such a system is justified if it outperforms in some measure the
conventional mass produced CPU and GPU based systems equipped with the best possible software.
Fundamental limitations showing the superiority of neuromorphic approaches in strong-scaling or weak-
scaling scenarios would give confidence and guidance for technology development.

The unfolding race highlights conditions enabling and motivating such a community wide bench-
marking effort but also exposes obstacles in interpreting the benchmark definitions and initial weakness
in the metrics for the verification of the simulation results.

Unlike other benchmarks in the area of brain-inspired computing, our metrics for comparing the
performance of different approaches are not addressing the accuracy achieved in solving a particular
task. It is already part of the verification of a certain system and a precondition that a minimal accur-
acy is met. The actual comparison is on the time it takes to reach the solution (at required accuracy)
and the energy consumed.

The proposed benchmarking recipe (section 4.2) is a step towards more consistent benchmark runs.
Porting the model to a new hardware or software environment, however, remains a challenging task due
to the inherent complexity of benchmarks [59] that requires in-depth understanding of the model struc-
ture, dynamics, and the respective computing platform. Together with the model reference we publish
the recipe as a living document such that the guidelines can be improved or extended if further uncer-
tainties emerge. We also include the code to generate the performance figure (figure 2) such that new
data can be included.

We believe that the insights on the conditions for the success of the study and the origins of dif-
ficulties are not specific to our field computational neuroscience but generic for benchmarking in
computational science. The benchmarking recipe condenses this knowledge. In short, it highlights the
importance of a well-documented model description with a reference implementation and simulation
instructions.

Network initialization can require substantial amounts of resources, especially when exploring vari-
ous parameters. The authors believe that the software stacks of the studies reviewed here are not yet
mature enough for meaningful comparisons. Therefore our investigation concentrates on the phase of
state propagation. The longer the stretch of biological time covered by the model, the more is the com-
plete time to solution dominated by the state propagation phase. Nevertheless, with maturing software
stacks future work should also include the time and energy required for network construction.
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Since the PD14 model’s conception, new data sets have emerged, expanding our neuroscientific
understanding of cortical microcircuits. While model revisions could incorporate additional insights (e.g.
target-type specific innervation preferences depending on whether a neuron is excitatory or inhibitory
[60], distinct interneuron types and short-term plasticity [20], and point-neuron vs. multi-compartment
neurons [4]), they are not discussed here as they would not significantly alter the computational load.
Still we argue for a transparent and systematic tracking of model revisions as done with the PD14 model
within the NEST code over the past ten years and from now on in a self-contained model reference
(section 4.2.1) repository.

Besides, the complexity of the brain calls for complementary benchmark models with different bio-
logical detail and computational demands such that large-scale neuromorphic hardware systems will not
be optimized for only a single model type. The benchmark considered here represents the smallest build-
ing block of the part of the mammalian brain responsible for higher brain functions. The strong-scaling
scenario has exposed the characteristics of the hardware systems and their limits. It is now time to bring
the weak-scaling scenario into perspective. For our research field this means capturing larger parts of the
brain at the same level of resolution. One way of achieving this is not to increase the surface area of a
model of a single cortical area, but to consider interconnected patches of surfaces in several areas. This is
neuroscientifically of interest because it relates the activity in local circuits to the global dynamics of the
brain. The workflows for porting a neuronal network between computing platforms are now established.
This should make it easier to carry out and compare benchmarks for other, more advanced, networks
models. An example is a multi-area model of the visual system of macaque monkey using an adapted
version of the PD14 model for each of the 32 areas represented [61]. This model can already be simu-
lated with NEST CPU [23], NEST GPU [62], and GeNN [63] but speed is far from real time. Another
model adaptation incorporating distance-dependent connectivity has not been simulated on other sys-
tems than NEST CPU vyet [64].

More detailed neuron models and slow processes like long-term plasticity, system-level learning,
and development increase the computational costs of any model. Thus, at the scale of PD14 we will
face longer simulation times than predicted by the data shown here, and plastic processes still cannot
be studied in larger models even with state-of-the-art simulation engines. Another challenge therefore
consists in devising and maturing additional representative benchmark models which require differ-
ent metrics for evaluating the accuracy. It is here where benchmarks concentrating on time to solution
and energy to solution converge with benchmarks concentrating on the performance in fulfilling a func-
tion [65].

Much like the supercomputing community has learned that a useful benchmarking suite needs to be
multi-disciplinary for a multi-purpose system (see for example [54]). At the same time not all bench-
marks are of relevance for all systems. A chip for edge computing has a different area of application than
a chip designed to simulate a cortical network. The field of neuromorphic computing needs to map out
its application domain and arrive at a consistent set of benchmarks [65]. The optimal application area
of a given approach can then be characterized as a particular territory on this map.

Computational neuroscientists and simulation system developers symbiotically benefit from diversity
in both the types of neuronal network models studied and the simulation technologies developed. On
the road towards understanding the brain and at the same time making use of the gathered knowledge
to advance technology, we realized the importance of points of convergence for different disciplines to
come together and learn from each other through rigorously defined and executed performance bench-
marks. Accepting the effort and extra complexity of using a real-world benchmark instead of a synthetic
benchmark, sometimes also called mini-app, has the advantages of reducing the danger that important
characteristics are overlooked and that the relevance of the benchmark is not in question. We hope that
the experiences shared here advances computational science beyond the neuroscience domain.

4. Methods

4.1. Technology and study details

Here we elaborate on the different technologies and respective studies contributing to the race. We start
with a general introduction to each system with main references, links to website and source code if
available, and design goals. Regarding implementation languages we distinguish between the user inter-
face and low-level components. The hardware is described as either the conventional target processor

or a custom architecture; for an overview refer to figure 3. We also specify the parallelization model for
software and hardware if applicable. A characterization of the employed spiking neural network simu-
lation strategy includes the sequence of steps (e.g. code generation, compilation, network construction,
and state propagation), but also details on algorithms and numerics. Each section concludes with details
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on power measurement. These brief simulator profiles are by no means complete as some approaches
are the results of decades of development and user experience. Features only touched upon may be the
support for certain neuron and synapse models or plasticity mechanisms, or scalability with respect to
network size. Our focus is on aspects that differentiate PD14 performance results on different systems,
assuming that simulations achieve a sufficient accuracy. Where applicable, we highlight what we have
learned from a computational point of view by contributing to the race. Following the generic intro-
ductory paragraphs, we provide details on the particular PD14 results, i.e. the data points depicted in
figure 2, complementary to the performance data and system specifications in table 1. For the complete
study descriptions, we refer to the original publications.

With the maturation of the model specification, the studies employ two different sets of initial con-
ditions (section 4.2.2.2) resulting in statistically identical network activity but differing in the transient
activity: the original initial conditions used in [11] and amended initial conditions suggested in [34].

4.1.1. NEST CPU
NEST [44] is a simulation software for spiking neural networks exploiting conventional CPU-based
HPC infrastructure. NEST is written in C++, uses OpenMP [66] and MPI [67] for parallelization, and
has a Python user interface PyNEST [68, 69] (website: www.nest-simulator.org, source code: https://
github.com/nest/nest-simulator). The code represents numerical values in double-precision floating-point
format, and solves sub-threshold dynamics with exact integration [70]. The network construction and
simulation phase are natively executed in direct succession and both parallelized across all resources
of the same system. In the studies considered here, power of NEST simulations is measured with rack
Power Distribution Units (PDUs), remotely reading the active power of the compute notes under load
approximately once per second.

The race encouraged NEST developers to exploit the microscopic parallelism of the neuronal dynam-
ics on many-core CPUs, including minimizing the number of barriers and employing thread-parallel
memory allocation [71].

4.1.1.1. vAl+18 [10]

The study compares the accuracy and performance of NEST and SpiNNaker simulations by execut-

ing a custom PyNN [58] code of the PD14 model with NEST 2.8 [72] using the original initial con-
ditions. Simulations cover a duration of Tiedel = 10s and record spikes. The subsequent analysis con-
siders the complete simulation phase and compares grid-based simulations with precise spike timing [73,
74] as a control of accuracy. In search for the optimal hardware configuration, the study carries out a
strong-scaling experiment on an HPC cluster with 32 compute nodes (two CPUs per node). The sys-
tem achieves the minimum ggrr (vAl+18a) on twelve compute nodes, and the minimum Egy, (vAl+18b)
including an estimate for the network switch on three nodes.

4.1.1.2. Kur+22 [35]

This work adapts the publicly available PyNEST [68] code of the PD14 model for benchmarking and
uses the amended initial conditions. Runs of NEST 2.14.1 [75] cover a duration of Tpde = 10s follow-
ing a warm-up time of 0.1s, and do not record neuronal activity. A strong-scaling experiment scans a
system of two HPC nodes with two CPUs per node hosting 64 cores each for optimal performance. The
simulations reach the minimum ggyp (Kur+22a) on two point-to-point connected fully utilized nodes
and the minimum E,,, (Kur+22b) already on one fully utilized compute node.

4.1.2. NEST GPU

NEST GPU [38, 62] is an open-source simulator designed to simulate large-scale spiking neuron net-
works. Originally developed under the name NeuronGPU, it is now part of the NEST Initiative e.V.
(source code: https://github.com/nest/nest-gpu). The simulator is written in CUDA-C++ and supports
multi-GPU simulations through MPIL. Moreover, it provides a Python interface, which closely mirrors
that of the original NEST CPU code, allowing researchers to define neurons, connections, and synapse
properties using similar commands.

The PD14 model size is too small to take advantage of the massive parallelism available at modern
data centers, which offer researchers thousands of GPUs simultaneously. Yet, this model has been instru-
mental for investigating bottlenecks in single-GPU simulations, fostering the development of efficient
algorithms for different simulation phases.
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4.1.2.1. Gol+21 [38]

This study presents the prototype library NeuronGPU, verifies the code in terms of simulation res-

ults, and validates performance by implementing the PD14 model and comparing with NEST CPU and
GeNN using the amended initial conditions. The simulations span Tyedel = 10s with an additional 1s
warm-up time at the beginning of each simulation to avoid startup transients. Spikes emitted after the
first 1s of activity are recorded for verification, whereas the recording was disabled to assess the library
performance. Simulations are performed on Tesla V100 and GeForce RTX 2080Ti GPU cards, with the
latter being the one with minimum qgrrr (Gol+21). For the purpose of the present review, we revisit the
configuration of Gol+21 and estimate Ey, for the same workstation and software versions by measur-
ing the wall socket power during the simulation phase. An earlier estimate of energy consumption for an
analogous configuration, but only taking the GPU power consumption into account, comes from [41].

4.1.2.2. Gol+23a [39]

The study presents a novel runtime network construction method for NEST GPU, enabling the execu-
tion of this phase entirely on the GPU hardware. In this framework, the PD14 is employed both for
benchmarking and verification purposes. Regarding benchmarking, simulations are run for Ty = 10's
with an additional warm-up time of 0.5s at the beginning of the simulation, amended initial condi-
tions were used, and spike recording is disabled. The study performs the benchmarking on both data
center and consumer GPUs (i.e. Tesla V100, Ampere A100, GeForce RTX 2080Ti, and GeForce RTX
4090). Among the different GPU hardware systems, the GeForce RTX 4090 achieves the minimum ggrg
(Gol+23a). Here, we revisit the configuration of Gol+23a and estimate Egy, for the simulation codes and
the workstation specified in [39].

4.1.3. GeNN

GPU enhanced Neuronal Networks (GeNN) [46] is a C++ library for generating efficient GPU kernels
in CUDA or HIP for spiking neural network simulation (website: https://genn-team.github.io, source
code: https://github.com/genn-team/genn). In more recent versions, this library is exposed to Python
as PyGeNN [37]. GeNN is designed to be highly flexible, and one of the key enablers of this flexibil-
ity is that all neuron and synapse models are specified in a C-like language (GeNNCode), which can
be written directly in Python model descriptions. While GeNN supports data-parallel training of spik-
ing machine learning models across multiple GPUs using NCCL [76], its current focus is performance
on single GPUs. Spiking neural network simulations in GeNN comprise a code generation stage, com-
pilation of generated C++ and CUDA/HIP code, followed by network initialization and simulation.
Network initialization can largely be offloaded onto the GPU. Users of GeNN define neuron dynamics
in terms of an update procedure for a timestep, meaning that the model definition already encompasses
both the underlying differential equations and the numerical solver.

4.1.3.1. KN18 [36]

This study presents extensions to GeNN that support heterogeneous dendritic delays and on-GPU
initialization of state variables and connectivity (specified in GeNNCode). The authors benchmark a
C++ implementation [77] of the PD14 model on GeNN 3.2.0 [78] and a variety of GPU hardware
(Jetson TX2, GeForce GTX 1050Ti, Tesla K40c and Tesla V100). The simulations use the original ini-
tial conditions, record all spikes, and the external drive consists of Poisson spike trains, directly delivered
to each neuron. The benchmarks cover the duration of Tye4e = 10s and separately assess the wall clock
time required for initialization and state propagation. The authors record the power usage over time at
the main socket and report energy to solution as well as energy per synaptic event. The fastest simula-
tion is achieved on the V100 (KN18). The investigation did not have physical access to the V100 system
and therefore estimates power consumption by subtracting the GPU power reported by nvidia-smi on
the K40-based system and adding the values for the V100.

4.1.3.2. Kni+21 [37]

This study presents a new Python frontend to GeNN (PyGeNN) as well as a new GPU-side spike record-
ing system. In order to demonstrate the benefits of the new spike recording system and show that
orchestrating simulations from Python has minimal performance overhead, the researchers benchmark
GeNN 4.4.0 [79] on some newer GPU hardware (GeForce GTX 1650, Jetson Xavier NX and Titan RTX)
using a new PyGeNN implementation [80] of the PD14 model. The initialization strategy and external
drive are the same as in KN18. Simulations cover the duration of Tpo4e = 15 and assess the wall clock
time required for state propagation while recording all spikes. The fastest simulation is achieved on the
Titan RTX (Kni+21).
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4.1.3.3. Gol+23b [39]

In the context of [39], the NEST GPU team considers GeNN as a reference and performs analogous
benchmarks with GeNN 4.8.0. Also for GeNN, the study achieves the best performance on the GeForce
RTX 4090. Revisiting the earlier work we estimate Ey,, (Gol+23b) using the same workstation as in [39].

4.1.4. SpiNNaker

SpiNNaker [47] is a neuromorphic hardware platform designed to run spiking neural network simula-
tions in biological real-time (source code: https://github.com/spinnakermanchester). This highly-parallel
architecture uses low-power ARM-968 cores running at 200 Mhz, with 64KB local data memory and

32 KB local instruction memory, and 32-bit fixed-point calculations. Thus, there is no hardware support
for floating-point operations. SpiNNaker chips made of up to 18 such cores are organized into boards

of 48-chips which can be connected together. The biggest SpiNNaker machine built to date consists of
over 1-million cores operating as a single machine. SpiNNaker machines execute spiking neural net-
work simulations using the PyNN interface and sPyNNaker [81], and SpiNNTools [82] software APIs

for facilitating problem description, partitioning, mapping, execution, and results extraction. To meas-
ure energy use in the studies considered here, a wall-socket power meter monitors an entire SpiNNaker
system: SpiNNaker boards, communications switch, power supplies, and cooling fans. The meter used

to profile PD14 simulations provides a reading accurate to 0.01 kWh, with measurements taken at the
beginning and end of simulations via software controlled readings. The authors subsequently convert this
energy to solution into energy per synaptic event by dividing by the total number of synaptic events, and
assuming constant power consumption throughout the simulation period [10, 34].

Efforts to run the cortical microcircuit model have led to significant developments in the SpiNNaker
software tool chain, and the PD14 model is now run regularly, in real-time and using the Poisson-drive,
as part of the SpiNNaker software integration tests. This ensures that this model and others of a similar
nature can be run on all future versions of the SpiNNaker software, demonstrating the lasting impact
of the PD14 model on SpiNNaker development. The model has also helped inform the design of the
successor system, SpiNNaker2 [56], which is expected to deliver around a 10x improvement in functional
density and energy-efficiency.

4.1.4.1. vAl+18c [10]

This study reports the first successful execution of the PD14 model on SpiNNaker. The architecture was
originally designed to run networks with 1 ms timesteps in real-time, however the authors demonstrate
that to accurately model the dynamics the PD14 model requires a simulation timestep of 0.1 ms. While
this validation was a key achievement, the resulting computation requires a slow-down of the machine to
a real-time-factor of 20, due to the way the software environment maps the PD14 model to the hard-
ware. The simulations use the original initial conditions as well as both DC (vAl+18c) and Poisson
drive, and gather energy and wall-clock time across: preprocessing, execution, and the extraction of res-
ults and subsequent post processing. The investigations highlight issues of the original software stack
with the speed of loading data onto, and saving data from, SpiNNaker. This inspired development work
enabling generation of synaptic data in parallel on the cores of the machine prior to execution, speed-
ing up the loading process by several orders of magnitude, and significantly reducing the host memory
requirements.

4.1.4.2. Rho+19 [34]

This study reports improvements to the SpiNNaker software stack to enable SpiNNaker to run the PD14
model in biological real time. It should also be noted this is a hard real-time solution, where every

0.1 ms simulation time-step was computed in 0.1 ms wall-clock time. This was achieved through revi-
sions to the model itself, updating the initialization to reduce the number of neurons initialized with
membrane potential state above threshold (leading to the amended Initial conditions (section 4.2.2.2)),
and hence reducing excessive spike firing in the first timestep of the simulation, which had previously
compromised the hard real-time compute requirements. Additional updates include revisions to the way
computation is mapped to the SpiNNaker architecture, taking inspiration from previous research [83,
84], to enable parallelization of spike processing, a fundamental processing bottleneck in the study
above [10]. Additional modifications improve synchronization of the SpiNNaker cores to ensure cor-
rect processing of the model, and include spike coloring to identify delays of spikes being transmitted
across the machine with the smaller timesteps in use. As a result the study reports simulations with a
real-time factor grrr =1 for both DC (Rho+19a) and Poisson (Rho+19b) drive, where energy measure-
ments extend over 12 hours of wall-clock time—an up-time with a consistent simulation never before
achieved with SpiNNaker.
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4.1.5. CGsNN

CsNN specifies a simulation architecture that can be prototypically mapped to an FPGA cluster as a
hardware substrate. For CsNN, here the IBM INC-3000 system serves as the hardware platform. The
IBM INC-3000 system consists of 16 PCB’s (INC-cards, size 56 cm x 35 cm), each hosting 27 recon-
figurable Xilinx ZYNQ XC7Z045 SoC nodes. The whole INC-3000 system consists of 432 FPGA nodes
which are connected by a three-dimensional mesh. Earlier work already looked at single FPGAs (e.g.
[85]). The IBM system, however, was initially part of the IBM General Artificial Intelligence project,

in which networks of non-spiking neurons were investigated. It was then shown that this FPGA cluster
architecture can also be used to advantage for the simulation of large-scale networks of spiking neurons.

4.1.5.1. Hei+22 [40]
This study completely expresses the system architecture of CsNN in a high-level programming language
and maps the specification to FPGA logic using high-level synthesis tools. This design flow enables the
implementation and characterization of a large number of architecture variants as part of a broad design
space exploration. The authors employ the framework to characterize different advanced ODE solv-
ers in terms of their performance, with the perspective of integrating more realistic neuron and syn-
apse models as used in PD14. Non-linear equations arise, for example, when considering bio-realistic
conductance-based synaptic couplings, AdEx neurons [86], Izhikevich neurons [87], or a non-linear
membrane dynamics based on ion channels. In particular, all arithmetic operators are implemented in
single-float precision. The work also extends the concept of procedural connectivity [88, 89] to the rep-
resentation of synaptic connections with the attributes of synaptic weight and delay. Instead of storing
synaptic parameters in a memory system, the algorithm derives all connection parameters at runtime by
addressing individual seeds. The authors propose dedicated random number generators for the sampling
from arbitrary distribution functions for the runtime-efficient online generation of synaptic parameters.
The approach maps the connectivity of PD14 to a highly parallel near-memory computing architecture
with a high compression factor and rapid look-up of individual connections.

In the simulation, the authors parameterize online generators for the network generation in such
a way that they exactly reproduce the detailed connection statistics of the genuine PD14 model. The
algorithm not only reproduces network densities but also the properties of synaptic multiples (multiple
connections between pairs of neurons [90]). The study avoids initial transients by determining the ini-
tial conditions for the membrane potentials, synapse states, and the delay buffers from the steady-state of
a prior test simulation. Manufacturer data sheets provide first worst-case estimates of energy consump-
tion for CsNN [41]. For the present review, we revisit the original configuration and determine energy
consumption in simulations covering an interval of Tyo4el = 15min (Hei+22).

4.1.6. neuroAlx

neuroAlx is a simulation platform for computational neuroscience, comprising a cluster of 35

FPGAs [41]. Its development was driven by identifying key requirements of such a system: flexibility,
observability, scalability and replicability. The study first analyzes the computational properties of bio-
logical networks of spiking neurons in the human brain. This results in an application-specific archi-
tecture for tackling the three key bottlenecks limiting the performance of previous platforms: computa-
tion, memory and communication [41]. Firstly, to solve the computational bottleneck, neuroAlx imple-
ments two separate solutions for computing neuronal state updates at extremely low latencies: a dedic-
ated register-transfer level design for prevalent neuron models like leaky integrate-and-fire, and the cus-
tom neuron processor architecture nAIXt [91]. Secondly, the architecture tackles the memory bottleneck
by directly accessing off-chip memory bypassing any processor cores and with latency hiding techniques
like prefetching synapse data. Thereby, the system avoids latency overheads (beyond the technical limita-
tions of the underlying memory modules). Thirdly, regarding the communication bottleneck, the authors
introduce overlayed long hop topologies [52] as an extension to mesh-like network topologies. Their key
features are symmetric connections between distant network nodes to minimize the maximum number
of hops needed to communicate spike messages. The study combines long hops with a customized rout-
ing algorithm and deadlock prevention [92], a condensed version of the Go-Back-N ARQ flow control
protocol and a synchronization scheme ensuring minimum latency.

The resulting platform can replay simulations and produce bit-equivalent results, while exhibiting
spiking behavior statistically equivalent to simulations in NEST. First analyses additionally confirm weak
and strong scaling properties. Future iterations of neuroAlx will further increase its performance and
applicability, by building on newer FPGAs, and introducing support for (three-factor) plasticity rules and
a user-friendly cloud interface with NEST/NESTML integration.
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4.1.6.1. Kau+23 [41]

The work introduces the neuroAlx FPGA cluster and demonstrates its performance on relevant neural
network sizes using the PyNEST PD14 model [68] with NEST v3.3 [93] as a reference. This code
includes the original initial conditions and uses DC input to drive activity. For comparability, the study
uses the same generated connectome for simulations on neuroAlx and an HPC cluster. Finally, a simu-
lation covering a duration of Tydel = 15 min assesses performance, where it discards the first second to
ignore transient activity. All spikes are recorded and transmitted to a host computer to verify the result-
ing dynamics using second-order statistics like inter-spike intervals (with spike recording on neuroAlx
incurring no performance hits). neuroAlx achieves the minimum ggrr by using the entire cluster of 35
FPGAs. The authors estimate Egy, by measuring the power consumption of individual FPGAs during
simulation using current clamps at the wall socket and verify results against data reported by the internal
power management units.

4.1.7. BrainScaleS

The physical implementation of neuron and synapse dynamics in analog microelectronic circuits

can offer significant advantages in energy efficiency and speed compared to numerical simulation.
BrainScaleS-1 [94] is a mixed-signal wafer-scale accelerator (implemented in 180 mm CMOS) for plastic
spiking neural networks providing high-speed model dynamics and energy-efficient operation. A multi-
layered software stack [95] provides automated conversion between user-defined experiments in the
high-level description language PyNN and the neuromorphic substrate.

4.1.7.1. Sch+-25 [57]

The study implements the PD14 model on a single BrainScaleS-1 wafer-scale module, featuring 196k
AdEx neuron circuits and 43 M plastic conductance-based synapses. The authors adapt the model to
fit the hardware’s properties, including down-scaling to accommodate the biological fan-in following
the approach outlined in [12]: in particular, the number of synapses in the PD14 model is greater than
the number of available synapses on the silicon substrate. In addition, biological fan-in, or connection
density, requires BrainScaleS neuron circuits to be combined, thereby decreasing the number of avail-
able model neurons per wafer module. The modified model represents the external drive by DC cur-
rent. Additionally, the work replaces the original current-based synapse model to match the substrate’s
conductance-based dynamics. This adaptation process, transitioning from a numerical model to a neur-
omorphic implementation, is non-trivial, but promises order-of-magnitude improvements in energy
efficiency and latency compared to conventional software simulation as well as hardware-accelerated
numerical simulation. For the down-scaled model implementation running at a real-time factor of
grrr = 0.0001 the system achieves a peak rate of 162 x 10 spikes per second and an upper bound of
Eqyn < 0.012 ).

4.2. Benchmarking recipe

The joined experience of the individual studies (section 4.1) reviewed here suggests guidelines for the
evaluation of the performance of computing systems using the PD14 model as a benchmark. The steps
to be taken are: 1) to obtain the reference model from a reliable source, 2) to implement a simulator-
specific algorithmic interpretation of the model, 3) to achieve sufficient accuracy, and finally 4) to assess
performance in terms of time and energy to solution (compare with figure 1). Here we elaborate on the
reasoning behind simulation and parameter recommendations and provide a checklist in table 2.

4.2.1. Model reference

The original neuroscientific publication introducing the PD14 model and describing the data integration
process as well as the neuroscientific conclusions is [11]. However, on the basis of the progress of the
community in the formal description of neuronal network models since the first publication of PD14
(including the scientific case for large-scale brain simulations [1], connectivity concepts [90], and the
modeling language NESTML [96]) and the results of the present study, we recommend to use the novel
model reference: The open access web site https://github.com/INM-6/microcircuit-PD14-model provides
a detailed, implementation-agnostic mathematical description of the model, as well as a documented
PyNEST reference implementation. The repository also collects the performance results of this study and
supports the inclusion of new data points as they become available.
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Table 2. Checklist with recommended model and simulation parameters for the PD14 model.

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: Tiodel = 15 min, performance: Tpogel > 108

Repeated simulations ~ Average across ten random seeds

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 Egy, (include all contributions necessary for running
the simulations at the power outlet)

4.2.2. Model and simulation parameters

4.2.2.1. External drive

In the PD14 model, each neuron receives input spikes from an independent Poisson process with a
population-specific rate. This rate is parameterized by a global base rate multiplied by a population-
specific in-degree. According to the original study [11], the Poisson input can be replaced by a DC input
corresponding to the mean current delivered by the Poisson input (see their figure 7) without comprom-
ising the accuracy of the network activity statistics. While Poisson input might be biologically more real-
istic, DC input is less computationally expensive and avoids the dependence of the performance data

on the efficiency of the implementation of the random number generators. Some studies considered in
this review use Poisson and others DC input as stated in table 1. We recommend to clearly state which
external drive is used for performance comparability.

4.2.2.2. Initial conditions

Simulating neurons firing at higher rates (also temporarily) requires more communication and is, for
event-driven algorithms, therefore computationally more expensive than at lower rates. The dynamics of
the PD14 model are mostly stable with only weak fluctuations in global and per-neuron firing rates [45].
Convergence speed into this state is determined by initial conditions. The original study [11] uses nor-
mally distributed initial membrane potentials with the same mean and standard deviation for all pop-
ulations. Here we recommend to distribute initial conditions with the population-specific means and
variances of the stationary network state after initial transients have decayed [97]. The present work calls
this set of parameters the amended initial conditions. The stable network states resulting from the two
sets are statistically identical. While avoiding transient activity with high firing rates, population-specific
distributions of initial membrane potentials also ensure fast convergence to the stable state.

4.2.2.3. Warm-up time

To avoid analyzing data from initial transients in the dynamics of the model, we recommend discarding
a warm-up time of 500 ms. This holds for both the statistical analysis of spike data and the measurement
of simulation speed.

4.2.2.4. Simulation duration

The specificity of verification measures relies on the observation duration. For an investigation of this
relationship on the example of the PD14 model see [45]. Simulation times need to be large enough to
distinguish model specific spike correlations from spurious correlations of independent spike trains of
finite length. To assess accuracy, we recommend simulating for a biological time of Tjyo4e1 = 15min. To
assess performance, we recommend simulating for at least Typode0 = 10s. An increased speed of the sim-
ulation requires a longer stretch of biological time covered by the model to keep the time it takes the
computing system to complete the simulations large enough for reliable measurements of wall-clock time
and energy consumption.
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4.2.2.5. Repeated simulations

The PD14 model is a highly irregular system and the network activity is evaluated on a statistical level.
Random numbers are involved in drawing connections during network construction, initializing mem-
brane potentials, and possibly providing Poisson input during the simulation. We recommend averaging
simulation results across at least ten random seeds to gain statistics across a range of microscopically dif-
ferent network instantiations and dynamics. In addition, we also recommend repeating simulations for
performance measurements to account for fluctuations in the computing system.

4.2.2.6. Spike recording

Recording spike data to files or transfer of the data to a companion job is required for accuracy assess-
ment. A simulation engine may buffer spikes locally and only write them to files after a data limit has
been reached. Consequently, the performance of the simulation may depend on the stretch of time
covered by the simulation. To disentangle the performance of the simulation engine from the perform-
ance of analysis backends, we suggest not to record spikes when assessing the performance.

4.2.3. Accuracy

We recommend a statistical comparison of the obtained spike data to reference data created by a trusted
simulation code. The distributions of single-neuron firing rate (FR), distributions of coefficient of vari-
ation (CV) of the inter-spike intervals (ISI), and distributions of short-term spike-count correlation coeffi-
cients (CC) should be computed. For details, refer to [45, Sec. 2.3.1] and see also [98]. Demonstrating
the visual overlap of these distributions with the reference is the minimum requirement. Computing
scores to quantify the match of the distributions is appreciated such as Kullback—Leibler divergence,
Kolmogorov-Smirnov test, or the Earth Mover Distance.

4.2.4. Performance

Time to solution and energy to solution should be assessed by the real-time factor and the energy per
synaptic event, respectively. For definitions, see the beginning of section 2. In general, we recommend
that power measurements account for the total system power: all contributions necessary for running

the simulations measurable at the power outlet. This definition excludes additional potential energy costs
stemming, for example, from keeping the computing system at a stable temperature. While important for
assessing the true cost for the operator of a computing facility, it is a not required to assess the power of
the different systems in a pragmatic and comparable fashion.
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