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Abstract

Simulation code for conventional supercomputers serves as a reference for neuromorphic com-
puting systems. The present bottleneck of distributed large-scale spiking neuronal network sim-
ulations is the collective communication between compute nodes. Communication speed seems
limited by the interconnect between the nodes and the software library orchestrating the transfer
of data packets. Profiling reveals, however, that the variability of the time required by the com-
pute nodes between communication calls is large. The bottleneck is in fact the waiting time for
the slowest node. A statistical model explains total simulation time on the basis of the collective
distribution of computation times between communication calls. A fundamental cure is to avoid
communication calls because this requires fewer synchronizations and reduces the relative vari-
ability of computation times across compute nodes. The spatial organization of the mammalian
brain into areas lends itself to such an optimization strategy. The connections between neurons
within an area have short delays, but the delays of the long-range connections across areas are an
order of magnitude longer. This suggests a structure-aware mapping of areas to compute nodes
allowing for a partition into more frequent communication between nodes simulating a particu-
lar area and less frequent global communication. We demonstrate a substantial performance gain
on a real-world example. Our study proposes a local-global hybrid communication architecture for
large-scale neuronal network simulations as a first step in mapping the structure of the brain to the
structure of a supercomputer. We challenge the long-standing belief that the bottleneck of simu-
lation is the synchronization inherent in the collective calls of standard communication libraries.
The work provides guidelines for the energy efficient simulation of neuronal networks on conven-
tional computing systems and raises the bar for neuromorphic systems.

1. Introduction

As neuroscience uncovers the structure of the mammalian brain the field progressively demands the
construction and simulation of larger neuronal network models. Already a few decades ago anatomists
pointed out a dual universality. In the evolution of mammalian species the local cortical circuit exhibits
a high degree of conservation, but from mice to human the volume of the brain increased by three
orders of magnitude. Furthermore, in a single species, the local circuitry looks very similar independent
of whether the respective part of the brain is processing visual or auditory information, or is involved in
motor planning. Thus, there is an indication from neuroscience that larger brains have increased cogni-
tive abilities and support more flexible behaviors (Benson-Amram et al 2016, Herculano-Houzel 2017).

© 2026 The Author(s). Published by IOP Publishing Ltd
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In addition, theoretical work just concentrating on the dynamics of neuronal networks shows that down-
scaling inevitably perturbs the dynamics of neuronal networks (van Albada et al 2015). While the first
order statistics (e.g. spike rate) can easily be preserved, there are harsh limits already for the second
order statistics (e.g. correlation of spiking activity). This is relevant because the second order statistics
of neuronal activity directly interacts with mechanisms of plasticity (e.g. STDP; Bi and Poo 1998) and
learning. However, no theoretical framework is yet available explaining the expansion of capabilities of
biological brains with size. Due to this situation, until a few years ago researchers working either exper-
imentally or theoretically on the mammalian brain were regularly asked in scientific reviews why in the
face of the technical difficulties, they are not first studying the brains of arthropods (insects) or nema-
todes (worms). There are good reasons to study small brains for conceptual and applied reasons as no
mammal can fly like a fly. But since the rise of large-scale artificial neural networks, the criticism on the
study of large brains has faded. From this field comes the evidence that large-scale networks have quali-
tatively different capabilities (Berti et al 2025).

Next to the functional considerations, also brain structure can only faithfully be represented in large
models. The mammalian cortex unfolds to an, in some approximation, isotropic sheet, in the human
covering a quarter of a square meter with a thickness only in the millimeter range (Fischl and Dale 2000,
Toro et al 2008). The vertical dimension exhibits a layered structure, constituting the cortical microcir-
cuit mentioned above. The horizontal dimensions are dominated by a species-dependent space constant
of a few hundred micrometers for the connection probability between pairs of neurons (Stepanyants et al
2007, Boucsein et al 2011, Kurth et al 2025). The probability that two randomly selected neurons are
connected is low, reflecting pronounced sparsity in space. Certain species like carnivore animals or pri-
mates additionally exhibit a patchy super-structure establishing connections between farther apart neu-
rons (Voges et al 2010). This network architecture suggests a scale invariant network activity once model
size sufficiently exceeds the space constant. However, the mammalian cortex decomposes into around
a hundred areas (again, specifics are species dependent), and below the cortical sheet run long-range
shortcuts directly connecting them. These long-range connections organize the functional specificity.
Thus, even when we leave out the functionally important loops of cortex with subcortical components
like thalamus, basal ganglia, and hippocampus, cortex itself represents a hierarchical recurrent network
with at least three levels of organization. This imposes further constraints on a meaningful downscaling.
The sparsity of the mammalian brain is spatio-temporal; if there is a connection between two neurons, it
mediates only a few spikes per second. And there is evidence that even this number is overestimated as
experimental procedures have a bias towards more active neurons (Barth and Poulet 2012).

Long-range cortico-cortical connections span substantially larger anatomical distances than local
intra-area connections and therefore exhibit larger conduction delays. Experimental measurements of
response latencies to electrical stimulation report a mean axonal conduction velocity of approximately
3.5ms™! for projections between visual areas in macaque monkey (Girard et al 2001). Given that inter-
area distances can reach several tens of millimeters (Schmidt et al 2018a), the resulting spike transmis-
sion delays are on the order of several milliseconds. While local connections may exhibit a broad distri-
bution of delays that can extend into the millisecond range, their shortest delays typically remain well
below those of long-range projections. This separation of temporal scales between local and long-range
interactions provides the motivation for the partitioning and communication scheme introduced in this
work.

The idea of mapping the structural organization of neural systems onto computing architectures has
a long history in computational neuroscience and high-performance simulation. Early work on parallel
discrete-event simulation established graph partitioning as a central tool for distributing interacting enti-
ties across processors while minimizing communication overhead (Kernighan and Lin 1970, Fujimoto
1990). Such approaches were adopted in neural simulations primarily when connectivity was irregular
or network structure had to be inferred from an instantiated graph. More recently, these concepts have
also been applied to spiking neural networks, for example through hypergraph-partitioning-based neu-
ron allocation strategies (Fernandez-Musoles et al 2019). More recent simulation frameworks extend this
approach with CORTEX employing indegree sub-graph decomposition of instantiated network graphs to
enable highly parallel execution (Lyu et al 2024), and STACS using graph-based partitioning to optimize
spike communication for spatially structured networks (Wang et al 2024). In parallel, several structure-
aware approaches exploit explicit properties of cortical organization. Tiling-based methods decompose
neural tissue into spatial blocks, motivated by the locality of cortical connectivity, thereby reducing com-
munication to neighboring tiles (Kozloski and Wagner 2011, Yamaura et al 2020). Earlier still, the SPLIT
simulator demonstrated that exploiting explicit population structure and synaptic delays yields efficient
mappings of neural components to distributed hardware (Hammarlund and Ekeberg 1998). Another
early example in this direction is the modular, event-driven framework NEOSIM (Goddard et al 2001),
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which points out the role of axonal delays in organizing parallel execution. While these approaches are
often tailored to specific models or architectures, they highlight that many large-scale brain models
define modular organization and connectivity rules explicitly. Unlike graph partitioning approaches,
which aim to uncover the hidden structure of an instantiated graph, these works exploit the fact that
the modular organization of brain models is known a priori from the underlying biology and is directly
reflected in the instantiation rules used during network construction. The present work adopts the same
perspective, and extends it by exploiting not only the modular organization of the network but also the
temporal structure imposed by synaptic transmission delays to reduce the frequency of communication.
Many works in the field of neuromorphic computing pursue these principles found a quarter of a cen-
tury ago, for example through specialized hardware architectures. For neuromorphic hardware systems
such as BrainScaleS (Pehle et al 2022) and SpiNNaker (Rhodes et al 2019), where resource constraints
inherently limit the size and type of networks that can be simulated, efficiently mapping network struc-
ture onto hardware resources is crucial for achieving good performance. Extending this perspective to
conventional high performance computing (HPC) systems is the starting point of the present work.

With the field of dedicated hardware for neuronal simulations growing rapidly over the past years,
conventional HPC platforms continue to serve as an essential reference benchmark, offering greater flex-
ibility at potentially lower cost. Work by Kurth et al (2022) demonstrates that, for a biologically realistic
cortical microcircuit model, conventional HPC-based neuronal simulations keep pace with specialized
neuromorphic systems such as SpiNNaker (Rhodes et al 2019) in terms of both real-time performance
and energy efficiency (see Senk et al 2026 for a review). These results highlight the importance of fur-
ther developing methods to exploit the full potential of conventional hardware in large-scale neuronal
network simulations.

This history of three decades of investigation on the efficient partitioning of the graph represent-
ing a neuronal network begs the question why none of the results is realized in production simula-
tion code (set aside the general difficulty to operate scientific software as infrastructure; Gewaltig and
Cannon 2014, Hocquet et al 2024, Plesser et al 2025). Initially the computational load of propagating the
dynamical state of the neurons and synapses and the effort in routing the spikes on a compute node was
just so high that communication was not the bottleneck. Furthermore, the past two decades have been
dominated by the study of essentially random local networks where each neuron has some probability
to establish a synapse with any other neuron. It is only now that network models have become large
enough to expose the non-local hierarchical architecture of the brain. The combination of these two fac-
tors, powerful compute nodes and large structured networks, entices us to revisit the idea of effectively
mapping the structure of the neuronal network onto the structure of the computing system. The idea is
not to derive an algorithm for the most general connectivity graph, but a scheme that provides advan-
tage for the brain models presently under study.

Distributed large-scale spiking network simulations on HPC systems use the MPI standard (Message
Passing Interface Forum 2021), which enables multiple independent processes to communicate across
compute nodes in a distributed-memory environment. Each MPI process (independent parallel worker
with separate memory space) is responsible for a subset of neurons, allowing the simulation to scale
beyond the resources of a single compute node. Each MPI process employs multi-threading to harness
all cores of a compute node efficiently. Such simulations typically advance in discrete time steps and
require periodic global exchange of spikes to preserve causality. The global minimum synaptic trans-
mission delay dpin determines how far the simulation can progress independently on each MPI process
before communication is required (Morrison et al 2005). We refer to this interval with fixed length din
as a simulation cycle figure 3. Each cycle consists of three phases: deliver, which applies incoming spikes
to local neurons; update, which advances neuronal states and generates spikes; and collocate, which col-
lects emitted spikes for communication. At the end of each cycle, all processes exchange spikes via a col-
lective MPI operation in the communicate phase.

Over the past decade, the dominant performance bottleneck of the simulation cycle has shifted
repeatedly as simulation technology evolved. Early versions of code for the distributed simulation of
spiking neuronal networks employed MPI_Allgather (), causing spike communication to dominate
runtime (Lansner and Diesmann 2012). The introduction of directed spike communication based on
MPI_Alltoall()—a collective MPI operation in which each process sends a distinct message to every
other process—substantially reduced communication costs, and spike delivery emerged as the dominant
bottleneck across a wide range of network sizes (Jordan et al 2018). Subsequent optimizations targeting
spike delivery (Pronold et al 2022a, 2022b) again shifted the balance, rendering communication a limit-
ing factor.
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Figure 1. Strong-scaling of the multi-area model of macaque visual cortex (MAM) in the ground state. (a) Real time factors,
defined as wall-clock time normalized by simulated model time, stacked for each phase of the simulation (legend). All simu-
lations cover Tpo4e = 10s of biological time. Error bars (at line resolution) indicate variability across three simulations using
different random seeds. (b) Real time factor of communication phase extracted from panel (a) including synchronization.
Dashed curve marks time attributed to pure MPI communication, as estimated from MPI benchmarks (see figure 4) for a
Tmodel = 10 simulation and average buffer sizes per target rank of 1408, 837, 514, 317 bytes reported by the simulations in
(a) using 16,32,64, 128 MPI processes, respectively. All data obtained on SuperMUC-NG using NEST version 3.6.

Figure 1(a) reports the strong-scaling performance of all mentioned simulation phases on the exam-
ple of a multi-area model of macaque visual cortex (MAM; Schmidt et al 2018a, 2018b). While simula-
tion phases such as neuronal update and spike delivery scale reasonably well with the number of com-
pute nodes, as expected, the graph reveals spike communication as the primary bottleneck. A common
assumption is that the communication cost arises mainly from the volume of data exchanged between
nodes or by network latency, i.e. the time until the first byte of a message arrives. However, standard
MPI benchmarks (figure 1(b)) show that both, the pure data transfer time and the intrinsic latency of
the collective communication, are substantially lower than the communication time observed in the
actual large-scale network simulations. This discrepancy reveals that neither bandwidth limitations nor
MPI latency are the primary bottleneck in our case. Instead, we find that the dominant contribution
to spike-communication time is synchronization overhead. This originates from the variability across
compute nodes in completing the simulation cycle. Already Fernandez-Musoles et al (2019) point out
synchronization as one of the key performance bottlenecks of distributed large-scale spiking neuronal
networks. These findings suggest that considerable performance headroom remains untapped, and that
optimizing communication schemes in distributed neuronal simulations is both necessary and feasible.

In this work, we present a novel approach that rethinks neuron distribution and communication
between compute nodes. By reducing synchronization overhead, we achieve a substantial reduction in
communication time. Furthermore, we show that these improvements extend beyond communication
itself, also accelerating subsequent phases such as spike delivery.

The presented conceptual and algorithmic work is part of our long-term collaborative project to pro-
vide the technology for neural systems simulations (Gewaltig and Diesmann 2007). Preliminary results
have been presented in abstract form (Lober et al 2024a, 2024b).

2. Results

On conventional hardware, simulations of large-scale recurrent spiking networks with bio-plausible
synaptic densities and transmission delays are bottlenecked by spike routing (figure 1). The routing in
such distributed simulations requires, first, the exchange of spikes among all compute nodes and, second,
the local delivery of spikes to their target synapses and neurons. In the case that spikes are exchanged
using blocking collective MPI communication, each MPI call introduces a synchronization barrier. This
entails waiting times due to variations in processing times between MPI processes. To address this bottle-
neck, we introduce a structure-aware communication scheme that exploits the separation of delay scales
between intra- and inter-area connections. By decoupling fast local interactions from slower long-range
communication, the proposed approach reduces synchronization frequency without affecting the tem-
poral resolution of spikes. Spike delivery is inherently irregular: it is unpredictable which neurons emit
spikes in any given simulation cycle, and the local target synapses of any two neurons typically reside
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Figure 2. Conventional and structure-aware simulation scheme illustrated for an example multi-area model. Neurons of three
areas (middle) are color coded in blue, red, and green. Synaptic transmission delays are significantly shorter within areas than
between areas; here, the minimum delays are 0.1 ms and 1.0 ms, respectively. The minimum delay between any pair of neurons
represented on two different MPI processes dictates the communication interval for the exchange of spikes between the pro-
cesses. In conventional simulation technology, neurons are distributed across MPI processes and threads according to a round-
robin scheme (left) to balance workload. Therefore, network structure can not be exploited, and global MPI communication

is required every 0.1 ms. The structure-aware distribution scheme (right) maps areas to MPI processes, increasing the required
interval for global communication to 1.0 ms. Brain outline in background by Gordon Johnson via Pixabay (https://pixabay.com).

in different memory locations. The local target synapses of a single neuron, however, are laid out con-
secutively in memory, allowing a spike to reach several targets in a row. Previous work established that
cache efficiency in the spike-delivery phase depends critically on the number of target synapses each
neuron has on the local process and thread: the more local targets, the better the cache reuse (Pronold
et al 2022a, 2022b). When scaling up simulations, targets are increasingly spread out, and each spike
finds ever fewer local targets per process and thread. As a consequence target synapses are increasingly
likely to lie in uncached memory, resulting in irregular memory access. To recover cache-efficiency, the
new structure-aware scheme aggregates intra-area synapses on a single compute node, thereby increasing
target locality.

This study investigates to what extent a structure-aware approach alleviates these bottlenecks in sim-
ulations of multi-area models. Section 2.1 introduces the proposed simulation strategy. Sections 2.2
and 2.3 develop theoretical models of why the structure-aware approach reduces synchronization times
and spike-delivery times, respectively. These models rest on simplifying assumptions that are not fully
satisfied in practice and should therefore be understood as providing qualitative mechanistic insight into
the expected performance gains rather than exact quantitative predictions. Finally, section 2.4 presents
benchmarking results obtained with our reference simulation code NEST comparing the conventional
and the structure-aware simulation strategy.

2.1. Structure-aware simulation strategy

Conventionally, simulation codes balance computational workload by distributing neurons and their
incoming synapses across MPI processes and threads in a round-robin fashion disregarding neuronal
populations (Morrison et al 2005, Migliore et al 2006). For the specific case of a multi-area simulation,
this structure-agnostic approach entails that the short synaptic transmission delays within areas enforce
frequent global MPI communication in order to maintain causality (figure 2). The structure-aware dis-
tribution strategy, in contrast, maps areas to MPI processes. This allows for a reduction in global MPI
communication taking advantage of the minimum inter-area synaptic delay d™" being significantly

longer than the overall minimum delay dp;,. Henceforth, we constrain inter-area delays in such a way
that 4™ is a multiple of dp;, and let

min
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Figure 3. Conventional and structure-aware simulation flow. Flow chart of the iteration over S simulation cycles highlighting
differences between the conventional simulation strategy (pink shaded arrow) and the structure-aware strategy (cyan shaded
arrows). For every simulation cycle, each MPI process first delivers incoming spikes from the MPI receive buffer to their local
target neurons (blue box). Second, each process updates all process-local neurons (red box). And third, it collocates new spikes
in the MPI send buffer (yellow box). In the conventional simulation scheme, every simulation cycle terminates with a global MPI
communication of spikes (left green box). In the structure-aware scheme, most cycles terminate with a process-local exchange of

inter
D= dmin

dmin

define the integer ratio between these two minimum delays.

2.1.1. Simulation flow

To evolve a model network for biological time Tiodel, the simulation needs to go through

(1)

S = Todel/dmin simulation cycles (figure 3), where we assume Tyo4e to be a multiple of dyy;,. Each sim-

ulation cycle consists of three consecutive phases:

Deliver Each MPI process delivers spikes from its receive buffer to the corresponding local target
neurons.
Update Each MPI process propagates the state of its local neurons, which includes the detection

of threshold crossings and where applicable, the buffering of emitted spikes in the process-
local spike register (Plesser et al 2007). The temporary buffering enables the operation of

threads free of barriers (see figure SI1 in Vogelsang et al 2026).

Collocate Each MPI process transfers newly emitted spikes from the local spike register to the MPI

send buffer and prepares them for communication with other processes.

In conventional simulation technology, all MPI processes globally communicate spikes after every
simulation cycle s. In case of a blocking collective MPI communication, this requires all MPI processes

6



10P Publishing

Neuromorph. Comput. Eng. 6 (2026) 024024 M Lober et al

- |

\% | 128 MPI ranks

A, 600 - | 64 MPI ranks

38 I . 32 MPI ranks

“ I . 16 MPI ranks

g 4004 |

g ]

o |

g 2004 |

2 |

<) a

s ' -

S 0 K:— I I I I
0 1 2 3 4 5

buffer size per target rank (kB)

Figure 4. MPI collective performance for increasing message sizes. Time required for a single MPI_Al1ltoall() call (average
over 1000 calls) as a function of buffer size when using the OpenMPI library on SuperMUC-NG, shown for increasing num-
bers of MPI processes as indicated in legend. Dashed vertical lines indicate the typical buffer sizes per target rank for the MAM-
benchmark (see section 4.2), with ~130, 000 neurons per MPI rank, simulated with the conventional (pink) or structure-aware
(cyan) strategy.

to synchronize. The structure-aware simulation strategy, however, only requires global communication
after every Dth cycle, and a local exchange of spikes suffices for all other cycles. Batching long-range
spikes over D cycles does not affect the temporal resolution of spike transmission or the resulting net-
work dynamics. Each spike is placed into the neuron-local ring buffer (section 4.1) of its target neuron
with the correct remaining transmission delay upon arrival, ensuring that it contributes to state propa-
gation at precisely the correct point in simulated time regardless of when it was communicated between
processes. The local communication is a technicality left to the MPI library; it needs to efficiently swap
local send and receive buffer. In the following, communication comprises both data exchange and syn-
chronization overhead unless stated otherwise. For both simulation strategies, after every spike exchange,
a new simulation cycle starts, and each process delivers incoming spikes from the MPI receive buffer to
their local target neurons.

2.1.2. Communication cost and scaling

Communicating spikes only every Dth cycle in the structure-aware strategy implies communicating
D-times more data at once. However, collective MPI communication benchmarks on SuperMUC-NG
(figure 4) demonstrate that the time required for a single MPI_Alltoall() operation scales sublin-
early with the message size in the relevant range. As a result, aggregating spikes over multiple simula-
tion cycles and sending them in a single communication step is expected to lead to a net reduction in
communication time despite the increased data volume per call. For example, for 128 MPI processes and
assuming a delay ratio of D = 10, the benchmarks predict a reduction in data-exchange time by 86 %.
The distinct jumps occurring for 64 and 128 MPI processes likely reflect switches within the OpenMPI
library (Gabriel et al 2004) between different collective communication algorithms.

Besides reducing global MPI communication, the structure-aware distribution scheme aggregates all
synapses between neurons of the same area on a single MPI process and thereby effectively increases the
average number of local target synapses per neuron, which enables a more cache-efficient delivery of
spikes.

Section 4.1 describes implementation details of our reference code NEST and the necessary changes
to the code enabling the structure-aware simulation strategy. Section 2.4 provides benchmarking results
of multi-area model simulations with NEST for both the conventional and the structure-aware strategy,
in particular also the contributions of deliver, update, collocate, communicate, and synchronize to the
overall runtime. Let us now explore the stochastic nature of the synchronization problem.

2.2. Theoretical analysis of synchronization
The structure-aware simulation strategy reduces the number of required global MPI communications
in distributed simulations of multi-area models by a factor of D (see equation (1) for definition).
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Wallclock time

Figure 5. Graphical intuition of the predicted reduction in overall synchronization time and thus overall runtime in a multi-area
model simulation. Illustration of S = 10 simulation cycles on M = 32 MPI processes when using the structure-aware simu-
lation strategy (bottom) instead of the conventional strategy (top). All timing data is artificial and generated for illustration
purposes. Wallclock time spent per simulation cycle is color coded: deliver (blue bars), update (red bars), and collocate (yellow
bars). The exchange of spike data between MPI processes (communicate) is assumed to be taking up minimal time (green bars).
The conventional strategy requires global communication after every simulation cycle. In case of collective blocking MPI com-
munication, this entails synchronization (gray bars), which means that the process taking longest for the cycle requires all other
processes to wait. The structure-aware strategy requires the same wallclock times per simulation cycle but reduces the number
of global communications by a factor of D (equation (1)); here we assume D = 10. This allows for the 10 cycles to be simulated
without intermittent synchronization and thus levels out variations such that the overall synchronization times are lower than
the sums of the corresponding per-cycle synchronization times in the conventional case.

Correspondingly, in case the collective communication is blocking, MPI processes also synchronize D
times less often. This reduction in the number of required synchronizations potentially decreases overall
synchronization time and thus runtime (figure 5), which in the following we explain with the help of a
theoretical model. For all m € M MPI processes and s € S simulation cycles, we assume that cycle times
are governed by a normal distribution (figure 6(a)) with mean p and standard deviation o:

s ~ N (1,07 . 2)

The conventional simulation strategy requires synchronization after every cycle. Disregarding data
exchange, the total runtime therefore amounts to the sum of maximum cycle times over all S cycles:

S
on =y max{t . (3)
s=1

Approximations of order statistics and more specifically expected maxima for different sample sizes are
available in the literature, for example, Blom (1958) introduces an approximation for small sample sizes.
With increasing sample size drawing values from the tails of the normal distribution becomes more
likely, and hence the expected maximum increases. Applied to the runtime estimate of equation (3),
this means that with increasing number of MPI processes M, we expect larger maximum cycle times
(figure 6(a)) and thus an increase in overall runtime.

When using a structure-aware simulation strategy, each MPI process goes through D cycles and only
after every Dth cycle all processes synchronize. The overall runtime amounts to

S/D

»Ef,flc = Zmax{th}fn/;l ’ (4)
=1
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Figure 6. Theoretical analysis explaining the advantage of the structure-aware strategy over the conventional strategy in simula-
tions of multi-area models. (a) Probability distributions underlying the theoretical model of synchronization times. Distributions
of cycle times for the conventional strategy (pink curve) and lumped cycle times for the structure-aware strategy (cyan curve)
with standard deviations indicated by light pink/cyan bands, as well as respective distributions of maxima per (lumped) cycle
assuming M = 128 (solid dark pink/cyan) and M = 64 (dotted) MPI processes. Dashed vertical lines indicate the upper 3.5 %
quantile of the cycle time distributions for M = 128 processes, respectively. (b) Predicted fraction of irregular memory access to
synapses in the spike-delivery phase in simulations of multi-area models as a function of number of MPI processes for the con-
ventional (pink) and the structure-aware strategy (cyan) and for Ty = 48 (solid lines) and Ty = 128 (dashed lines) threads per
MPI process. Weak-scaling scenario assuming Ny = 130,000 neurons per process and Ky = 6000 synapses per neuron. Equally
sized areas of Ny neurons and equal amounts of Kijt™ = K" 22 3000 intra-area and inter-area synapses are assumed for the
structure-aware case.

where

ID

tm,l = Z tm,s- (5)

s=(I-1)D+1

denotes the lumped cycle times. Throughout this study, we use the terms cycle times and lumped cycle
times interchangeably in the context of the structure-aware strategy to refer to t,, ;. According to the cen-
tral limit theorem (CLT), mean and variance of the initial normal distribution (equation (2)) are scaled
by a factor of D such that

tm1~N (Dp,Do?). (6)

The CLT argument applies only under the independence assumption which section 2.4.1 shows to be
violated due to persistent serial correlations in per-process cycle times. Under this independence assump-
tion, the lumped cycle times are expected to be D times larger than the original cycle times but only
with a /D times larger standard deviation (figure 6(a)). The ratio of the coefficients of variation of the
two distributions

Cvstruc 1
C/conv =5 (7)
VD

quantifies that the structure-aware strategy reduces relative dispersion from the mean by 1/+/D. This
directly translates into an expected decrease in overall synchronization time by this factor in the follow-
ing way. The expected overall runtimes can be expressed as

S
E[T50] = > [max {6, 1L,
s=1

S
= ZIH-fMU
s=1

= Su + Séyo, (8)
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in the conventional case and

S/D
E[T8] = YOE [max {6}, |
I=1
S/D
= ZD;L +&uVDo

I=1

= Sp+ Sty ©)

1
\@0
in the structure-aware case. In both cases, the expected maximum is defined by the factor &y, which
indicates how many standard deviations away from the mean it is located. The factor £y, depends on
the number of MPI processes M and can be approximated (e.g. Blom 1958). The left summand Sy in
equations (8) and (9) corresponds to the expected contributions of deliver, update, and collocate to the
overall runtime. These contributions cancel out in the difference of the expected runtimes leaving the
right summands:

1

vD

which correspond to the contribution of synchronize to the overall runtimes. The ratio of the expected
overall synchronization times is just

]E[ onv] _E[ truc] — SgMO'_SfM

wall wall

a, (10)

B[] studpe

E|Tgm|  Stwo

(11)

Ely

This theoretical prediction provides a first idea of the savings in synchronization time achievable with

a structure-aware simulation strategy. In particular, since % declines rapidly, we conclude that the
structure-aware approach is already effective for small ratios D of minimum inter-area synaptic delay
to overall minimum delay (equation (1)), while little more can be gained by further increasing D. This
derivation assumes fully independent consecutive cycle times. In the opposite limiting case of full corre-
lation between all D consecutive cycle times of a given MPI process, the lumped cycle time Dt has stan-
dard deviation Do (law of functions of a random variable, Papoulis and Pillai 2002) and thus the same
coefficient of variation as the original distribution, yielding a ratio of E[Ty ¢ |/E[THMY ] = 1.

For concrete cycle-time measurements obtained in benchmarking simulations (section 2.4), it is pos-
sible to estimate the expected interval of the per-cycle maxima. To this end, we let pj, | ) define the
probability for a cycle time to fall within the interval [g,4+00) of the cycle-time distribution. For each
simulation cycle, the probability of drawing the maximum cycle time from this interval is

max M

Plgroc) =1 (1= plg+00)) (12)

given a specific number of M MPI processes. For a simulation with M = 128 MPI processes, this means,
for example, that the upper 3.5% of the cycle-time distribution contribute approximately to the upper
99% of the resulting distribution of per-cycle maxima. Or vice versa, the upper 99% of the per-cycle
maxima are expected to fall within the interval containing the upper 3.5% of measured cycle times
(figure 6(a)).

2.3. Theoretical analysis of spike delivery

Delivering a spike to its first target synapse on a specific MPI process and thread typically entails access
to a memory location that is not yet cached, whereas subsequent target synapses are then sequentially
accessed. The following theoretical analysis allows us to predict the fraction of first-synapse accesses in
multi-area model simulations for the conventional and the structure-aware strategy.

We consider multi-area networks of N neurons, each neuron with an average number of Ky incom-
ing synapses. We assume that the simulation is carried out using M MPI processes, each running Ty
threads, resulting in T = M Ty, threads in total. Ny = N/M and N7 = N/T denote the process-local and
thread-local number of neurons, respectively.

10
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Conventionally, neurons are distributed across processes and threads in a round-robin fashion. The
probability that a neuron has at least one target on a specific thread is given by

Prarget = 1 — (1 — 1/N)NT (13)

where all neurons are considered potential source neurons, and hence, 1/N is the probability to draw a
specific neuron as source. When a neuron emits a spike, it needs to reach on average Ky synapses dis-
tributed across prargec T threads. Hence, the fraction of irregular memory access to synapses in the spike-
delivery phase is just

onv __ ptarget T
irr - T KN (14)

for the conventional round-robin distribution scheme.

For the structure-aware strategy, we distinguish between the intra-area synapses, which are all hosted
by the same MPI process as the source neuron, and the inter-area synapses, which are hosted by the
remaining M — 1 MPI processes. For simplicity, we assume equally sized areas of Nj; neurons and equal
amounts of K™ = Kilf intra-area and inter-area targets per neuron. The probability that a neuron has
at least one intra-area target on a specific thread on the MPI process hosting the area is given by

pintme =1 — (1 - 1/Ny) V™ (15)

with the probability 1/Nj, of drawing a specific neuron of the area as source. For inter-area targets, the
probability

: ,‘Kinv!er
Pl = 1= (1=1/(N=Ny))""™, (16)

considers the remaining N — N); neurons as potential sources. The fraction of irregular memory access

to the intra-area synapses distributed across pit'afg;t Ty threads of the MPI process hosting the area

amounts to piit, Ty /Ky"™. For the inter-area synapses distributed across the piatee, Ty (M — 1) threads,

the fraction of irregular memory access is p';g;;t Ty (M — 1) /K. Combining the two yields the fraction
of irregular memory access to synapses in the spike-delivery phase

ac _ Pt T+ ple, Ty (M — 1) )

ur KN

for the structure-aware distribution scheme.

A comparison of the fractions of irregular access predicted for the conventional round-robin distri-
bution scheme and the structure-aware scheme in a weak-scaling scenario reveals an advantage of the
structure-aware strategy, which grows with the number of MPI processes and threads (figure 6(b)). At
M = 16 MPI processes, the fraction of irregular access to synapses in the spike-delivery phase is still sim-
ilar for both strategies. However, at M = 32 MPI processes the structure-aware strategy shows a reduc-
tion in irregular access by 12% for Ty = 48 threads and 29% for Ty = 128 threads compared to the
conventional strategy. At M = 128 processes, the theory predicts an even larger reduction by 37% for
Ty = 48 and 43 % for T); = 128.

2.4. Benchmarking results

The above theoretical analyses predict a gain in performance for the spike routing in distributed
simulations of multi-area models. This applies to both the synchronization required for the regular
spike exchange between compute nodes (section 2.2) and the subsequent node-local spike delivery
(section 2.3). To evaluate these predictions, we use two network models throughout the benchmark-
ing experiments: the multi-area model of macaque visual cortex (MAM; Schmidt et al 2018a, 2018b)
and the MAM-benchmark, a simplified variant of the MAM with homogeneous area sizes and con-
stant firing rates designed for controlled scaling experiments (see section 4.2 for details). To this end,
we have incorporated the structure-aware simulation strategy (section 2.1) in our reference simulation
code (section 4.1), which allows us to compare conventional and structure-aware scheme in a consistent
setting.
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Figure 7. Performance comparison of conventional and structure-aware simulation strategy. Simulations of the MAM-
benchmark with overall minimum delay dyin = 0.1ms and minimum inter-area delay 4™ = 1ms on SuperMUC-NG using

one MPI process and Ty = 48 threads per compute node. Ny = 130,000 neurons per pl?glcess with Ky = 6000 synapses per
neuron are simulated for T,,4¢ = 10 biological time. (a) Weak-scaling experiment increasing the number of areas with the
number of MPI processes M, such that the total number of areas corresponds to M. Real time factor as a function of number

of MPI processes for the conventional (left) and structure-aware (right) case with contributions of different simulation phases
(legend). Black error bars indicate variability across three runs. (b) Distribution of cycle times for the conventional strategy (top,
pink) and lumped cycle times for the structure-aware strategy (bottom, cyan) for a simulation with 128 MPI processes (seed
654). Arithmetic means are 1.6 ms (conventional) and 13.0ms (structure-aware); shaded bands indicate the standard deviations.
Dashed vertical lines mark the upper 3.5 % quantile each distribution. Lighter curves show the kernel density estimates of all
cycle times, darker curves the per-cycle maxima across MPI processes (D = 10 times increased horizontal scale for the structure-
aware case).

2.4.1. Weak scaling

First, we analyze the behavior of the two simulation strategies under weak scaling (figure 7(a)) using
the MAM-benchmark, where the minimum inter-area delay of diﬂgf" = 1ms is D = 10 (equation (1))
times larger than the overall minimum delay of dpyin = 0.1 ms. The real time factor increases from 9.4
at M = 16 MPI processes to 22.7 at M = 128 (slope 0.12) in the conventional case but only from 8.5 to
15.7 (slope 0.06) in the structure-aware case. Hence, the structure-aware approach not only achieves an
overall reduction in runtime by up to 30% but also shows a more favorable scaling behavior than the
conventional strategy. Consistent with the theoretical analysis, the performance improvement is due to
speed ups in the spike-delivery and communication phase, where the latter includes both data exchange
and synchronization. We observe the largest gain at M = 128 MPI processes, where spike-delivery time
reduces by 25% when using the structure-aware instead of the conventional scheme, data-exchange time
reduces by 76 %, and synchronization time reduces by 48 %.

The theoretical analysis of spike delivery predicts 37 % less irregular memory access for a MAM-
benchmark simulation with the structure-aware strategy with M = 128 MPI processes and Ty = 48
threads per process compared to the conventional approach (section 2.3). The weak-scaling experiments
demonstrate that this does not translate one-to-one into a reduction in spike-delivery time. However,
as theoretically predicted (figure 6(b)), spike delivery increasingly benefits from the structure-aware
approach under weak scaling. In the conventional case, the target synapses of each neuron are ever more
distributed across MPI processes and threads, until eventually all targets are fully dispersed. Cache effi-
ciency of spike delivery decreases accordingly. In the structure-aware case, on the other hand, only the
inter-area target synapses increasingly spread out under weak scaling, while the intra-area targets remain
on the same MPI process. This retains cache efficiency for the intra-area spike delivery, which explains
the observed performance advantage over the conventional simulation strategy.

The observed reduction in data-exchange time is not immediately intuitive. Although the structure-
aware strategy performs global communication D = 10 times less often than the conventional approach,
each communication operation transmits ten times more data. The MAM-benchmarks are, however, in
line with the above MPI_Alltoall() benchmarks (figure 4) demonstrating that the combined latency
and data-exchange time increases sublinearly with the message size. Consequently, sending fewer but
larger messages as in the structure-aware strategy is more efficient than sending many smaller ones. The
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achieved 76 % reduction in data-exchange time for the MAM benchmark at M = 128 processes is broadly
consistent with the 84% reduction predicted from the MPI benchmark.

The theoretical prediction of a 68 % reduction in synchronization time (section 2.2) also exceeds the
measured improvement of 48 %. To explain the deviation from the theory, we inspect the measured cycle
times in the simulations of the MAM-benchmark (figure 7(b)). The cycle time distributions are shown
for a single seed, as figure 7(a) exhibits negligible variability across seeds and each run already yields
~10° samples per process, producing stable statistics. The distribution of measured cycle times in the
conventional case is bimodal showing a major-mode peak around 1.62ms next to a minor-mode peak
around 1.90ms. The longest recorded cycle time is 18.35ms. In the structure-aware case, we also observe
a bimodal distribution with a major-mode peak at 13.0ms and a minor-mode peak at 16.62ms; the
longest cycle time is 29.66 ms. The main body of the structure-aware distribution is shifted by a factor
of approximately 8.1 with respect to the conventional distribution, and the ratio of the respective arith-
metic means is 8.0. This value is smaller than the theoretically predicted shift of D = 10 (equation (6)),
which we attribute to the 24 % shorter delivery phase in the structure-aware scheme. Moreover, as
predicted, the relative dispersion from the mean is significantly smaller in the structure-aware case
(CVtrue = 0.040) than in the conventional case (CV oy = 0.056), which accounts for the observed reduc-
tion in synchronization time. However, the ratio of the coefficients of variation of the two distributions
(0.71) falls between the theoretical bound of 1/v/D = 0.32 derived under the assumption of fully inde-
pendent consecutive cycle times (equation (7)) and the bound of 1.0 derived under the assumption of
fully correlated consecutive cycle times. This reflects the presence of partial serial correlations in the
cycle times of individual MPI processes. The temporal evolution of per-process cycle times (figure 13
in appendix) reveals that processes are not only systematically faster or slower on average but also exhibit
extended phases of elevated or reduced cycle times that may persist over several thousand cycles.

Based on the measured cycle-time distributions, the theoretical analysis predicts that the upper 99 %
of the per-cycle maxima are located between 1.80ms and 18.35ms in the conventional case and between
13.70ms and 29.66ms in the structure-aware case (equation (12)). In fact, only the upper 91% (con-
ventional) and 84 % (structure aware) fall within the predicted interval. The theory assumes the cycle
times of individual processes to be fully uncorrelated. However, this is not the case for the measured
cycle times (see figure 13 in appendix). MPI processes often concertedly take longer or shorter time to
go through specific simulation cycles.

On the other hand, the measured 91% (conventional) and 84 % (structure aware) of the per-cycle
maxima do not stray too far from the theoretical 99 %. This means that the corresponding upper
3.5% of the measured cycle times do not typically coincide in the same cycles but dominate individual
cycles—otherwise, they would not prevail the per-cycle maxima distributions. The upper 3.5% mainly
comprise the minor-modes of the recorded cycle times. These large cycle times are unrelated to changes
in spiking activity as the MAM-benchmark does not exhibit different activity modes. Unraveling the
source of the occasional large cycle times is however not within the scope of this study. Whenever these
extremes influence isolated simulation cycles of individual processes, the structure-aware strategy can
mitigate their impact on synchronization time.

2.4.2. Effect of heterogeneity

In all of the above simulations, MPI processes handle the same workload in terms of area size and spike
rate, not only in the conventional case but also when using the structure-aware strategy. This is due to
the homogeneous network configuration. Besides, the minimum delay ratio of D = 10 imposes a lower
bound of 4™ = 1ms on the delays between areas given the overall minimum delay of diin = 0.1ms.
We now assess the robustness of the structure-aware scheme to heterogeneous conditions. To this end,
we analyze the performance of simulations of the MAM-benchmark with a fixed size of 64 areas using
M = 64 MPI processes and compute nodes for a set of controlled parameter variations (figure 8).

In two separate experiments, we investigate the effect of, firstly, different area sizes, and secondly, dif-
ferent per-area spike rates. Area sizes and spike rates are drawn from normal distributions, respectively,
where the standard deviations increase but the means are fixed and correspond to the M = 64 case of
the weak-scaling experiments (figure 7(a)). To interpret the effect on the different simulation phases, we
need to consider that in the reference implementation, synchronization time accounts for the variabil-
ity across MPI processes (section 4.1). If one MPI process is systematically slower than the others in the
update, collocate, or deliver phase, for example, due to hosting the largest area, it will throughout the
simulation make the other processes wait in the synchronization phase.

With increasing variability in area size, the overall runtime also increases (figure 8(a)). The individ-
ual update times of the MPI processes correlate with the more and more uneven amounts of local neu-
rons. However, as expected, this imbalance is not reflected by an increase in the averaged update time
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Figure 8. Effect of inter-area variability and delay on the performance of the structure-aware simulation strategy. Simulation of
the MAM-benchmark on SuperMUC-NG using M = 64 MPI processes and compute nodes with one area per process. Color
scheme, and benchmarking configurations as in figure 7 unless otherwise stated. Real time factor as a function of (a) variability
in area size with a fixed mean area size of 130,000 neurons, (b) spike-rate variability across areas with a fixed mean rate of 2.5
spikes per second, and (c) ratio D of minimum inter-area delay to fixed overall minimum delay diin = 0.1 ms. Area sizes and
spike rates are drawn from normal distributions with coefficients of variation CVrea size and CVipike rate» respectively. Each data
point represents the average over three independent sampling seeds. Gray dashed lines indicate the parameter values correspond-
ing to the MAM in figure 9.

but in the synchronization time. The measured real time factors also increasingly vary across runs. This
is because, for larger standard deviations of the underlying normal distribution, the 64 sampled area
sizes of a specific simulation run are more likely to misrepresent the distribution.

For the investigated regime of low spike rates with less than 10 spikes per second, a higher spike-
rate variability only moderately affects synchronization time and thus overall runtime (figure 8(b)). We
infer from this that the MPI processes hosting the more active areas do not spend significantly more
time going through a simulation cycle than the processes hosting the less active areas. This means that
detecting the spikes of the process-local neurons and buffering them in the spike register are not the
most time-consuming steps of the update phase. The collocate phase contributes little to the overall run-
time to begin with, such that an elevated local spike rate on some MPI processes can not introduce a
major workload imbalance between processes. For the deliver phase, we need to distinguish between the
delivery of intra-area spikes and inter-area spikes to their process-local targets. The MPI processes host-
ing the more active areas have an increased workload compared with the less active ones in the intra-
area spike delivery. Yet, the effect on synchronization time is moderate. Intra-area spike delivery is less
critical for performance than inter-area spike delivery as the latter is considerably more demanding in
terms of memory access (section 2.3). However, as the mean spike rate is fixed in this experiment, the
increase in spike-rate variability does not substantially change the total number of spikes that each area
receives from the other 63 areas. This limits the impact on synchronization time.

Finally, in a third experiment, we systematically vary the minimum delay ratio D (equation (1)) to
assess how the performance of the structure-aware scheme depends on the degree of separation between
intra- and inter-area delay distributions (figure 8(c)). As the minimum delay is fixed at dpi, = 0.1ms,
increasing D raises the lower cutoff for inter-area delays to d’;‘ﬁ;‘ = D - dp;,. This constrains the hetero-
geneity of inter-area delays, but it allows us to decrease the frequency of global spike communication
(section 2.1). For D = 1, global spike exchange occurs after every simulation cycle, matching the commu-
nication frequency of the conventional scheme. Even in the absence of any minimum delay separation,
the structure-aware scheme still outperforms the conventional one (see figure 7(a) at 64 MPI processes
for reference), as the improved cache efficiency of the structure-aware neuron distribution reduces spike-
delivery time regardless of the communication scheme. Communication time decreases rapidly when
increasing the ratio to D = 5. This is due to a decrease in both synchronization time and data-exchange
time. The gain in performance is less pronounced when further increasing the ratio to D = 10, and it
becomes negligible for larger values of D > 10. The above weak-scaling experiments show that the theo-
retical analysis (section 2.2) does not allow for exact quantitative predictions of the observed reduction
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Figure 9. Performance comparison of conventional and structure-aware simulation strategy for a real-world network model

on two HPC systems. Simulations of the multi-area model of macaque visual cortex (MAM) in the ground state using M = 32
MPI processes and one process per compute node on (a) SuperMUC-NG with Ty = 48 threads per process and (b) JURECA-
DC with Ty = 128 per process. Color scheme and black error bars for three runs as in figure 7. Left and right bars in each panel
show the real time factor for the conventional and the structure-aware strategy, respectively. Middle bars show the real time fac-
tors when using a structure-aware distribution scheme for neurons and synapses but conventional global communication every
dmin = 0.1 ms. Dashed lines highlight the change in spike delivery time from the conventional to the structure-aware neuron
distribution scheme.

in synchronization time when using the structure-aware simulation strategy instead of the conventional
scheme (section 2.4.1). However, the qualitative prediction that the structure-aware scheme is most effec-
tive for small minimum delay ratios (equation (11)) is confirmed by the rapid decrease in synchroniza-
tion time for small values of D < 10 observed in this experiment. Taken together, these results provide
insight into the applicability of the structure-aware approach across different network configurations.
The communication benefit requires a meaningful separation of delay scales, whereas the delivery benefit
of the structure-aware neuron distribution persists even when no such separation exists.

2.4.3. Real-world network model

The MAM-benchmark allows us to analyze the performance of multi-area model simulations with the
conventional strategy and the structure-aware strategy under controlled conditions. It generates stable
workload under weak scaling (section 2.4.1) and enables selective changes to the network configuration
to systematically study the effects on different simulation phases (section 2.4.2). To evaluate the potential
benefits of the structure-aware approach for day-to-day research, we now compare the two simulation
strategies for a real-world network model (figure 9)—the multi-area model of macaque visual cortex
(MAM). Section 4.2 summarizes the properties of both MAM and MAM-benchmark.

We analyze the performance of simulations of the MAM in its ground state on two HPC systems,
SuperMUC-NG as well as JURECA-DC (section 4.3), where besides differences in processor type, avail-
able memory, and interconnect, JURECA-DC offers more cores per node than SuperMUC-NG. Next
to the conventional and the structure-aware simulation strategy, we test a third strategy, which repre-
sents an intermediate step between the two. This intermediate strategy distributes neurons across MPI
processes in a structure-aware way (section 4.1.1) but carries out conventional global communication
every dmin = 0.1ms. This exposes whether the observed effects of the structure-aware simulation strat-
egy on different simulation phases are due to the neuron-distribution scheme or the reduction in global
communication.

On both systems, the structure-aware neuron distribution alone leads to a reduction in spike-delivery
time that even exceeds the improvement predicted by the theoretical model for irregular synapse access
(section 2.3). This is because the theoretical model assumes a homogeneous connectivity, with equal
probabilities for intra- and inter-area connections. In contrast, the MAM is based on experimental con-
nectivity data and exhibits inhomogeneities including a higher proportion of intra-area connections,
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Figure 10. Per-process cycle time analysis for simulations of the MAM underlying the results shown in figure 9. (a) Violin plots
of the distribution of total cycle times across MPI processes for simulations using the conventional (pink) and structure-aware
(cyan) strategy on SuperMUC-NG and JURECA-DC. (b) Total cycle time per MPI process as a function of area size for the
structure-aware strategy on SuperMUC-NG, with total spike count per area encoded by marker color.

which amplifies the reduction in irregular synapse access for local connections in structure-aware sim-
ulations. The gain in spike-delivery performance, however, is accompanied by an increased synchroniza-
tion time. As expected from the heterogeneity of the network, there is an unbalanced computational load
across the MPI processes. This imbalance is not visible in phases such as delivery, update and colloca-
tion, where values are averaged over MPI processes, but manifests directly in the longer synchroniza-
tion phase. The synchronization phase is reduced again when using the fully structure-aware strategy
that separates short and long range communication, yet remains larger than that of the conventional
approach.

The high synchronization time is consistent with our observations for the structure-aware scheme on
the MAM-benchmark (figure 8(a)), where increasing heterogeneity in area size and spike rate leads to
an increase in synchronization. The impact of spike rate heterogeneity is expected to be stronger in the
MAM than in the MAM-benchmark (figure 8(b)), as the latter employs a simplified neuron model that
produces spikes at a constant rate without propagating membrane potentials (see section 4.2 for more
details). In contrast, the state update of the integrate-and-fire neurons in the MAM is more sensitive to
variations in firing activity across areas and over time. As a result, both structural heterogeneity (area
size) and dynamical heterogeneity (neuronal activity) contribute to the elevated synchronization time
observed for the structure-aware scheme in the biologically more realistic model.

On both machines, differences in neuron count and neuronal activity directly translate into varying
cycle times of the MPI processes for the structure-aware simulation strategy. Figure 10 provides a direct
visualization of this load imbalance at the per-process level. On SuperMUC-NG the distribution of cycle
times across MPI processes is substantially broader for the structure-aware scheme than for the conven-
tional scheme, consistent with the larger synchronization times observed on the system (figure 9(a)).

On JURECA-DC, the distributions of the two schemes are of comparable width, consistent with the
similarly small difference in synchronization times observed (figure 9(b)). The cycle time of each MPI
process on SuperMUC-NG correlates with both the size and the total spike count of the area it hosts
(figure 10(b)). Since these two quantities are themselves correlated in the MAM—larger areas naturally
produce more spikes in total—the individual contributions of structural and dynamical heterogeneity

to the load imbalance cannot be fully disentangled from this data alone. The process hosting the largest
area with the highest spike count, which is area V1 in the MAM, exhibits the largest average cycle time,
whereas the process hosting the smallest area with the fewest spikes shows the shortest. In the MAM, V1
hosts 53 % more neurons and generates approximately 68 % more spikes than the network-wide aver-
ages. On SuperMUC-NG, this translates into a 24 % longer average cycle time for the corresponding MPI
process compared to the mean across processes, and a 94 % larger total cycle time for the process host-
ing the largest area compared to the one hosting the smallest. On JURECA-DC, the same differences in
area size and spike count result in only a 7% longer cycle time and a 54 % larger total cycle time differ-
ence between the most and least loaded processes. This indicates that JURECA-DC, with its higher core
counts and greater per-node computational capacity, is less sensitive to workload imbalance, leading to
smaller synchronization penalties.

Overall, the results obtained on JURECA-DC follow the same qualitative trends as on SuperMUC-
NG, but simulations are faster due to the larger number of hardware threads per node and the more
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recent processors. For all simulation strategies, the update, delivery, and communication phases are
shorter than on SuperMUC-NG. Spike collocation time remains comparable across both systems, as
this phase is executed by the master thread and does not benefit from additional threading. In con-
trast to SuperMUC-NG, the update phase for the simulations using a structure-aware neuron distribu-
tion is faster than for the conventional scheme, suggesting that additional architectural differences, such
as cache size or memory bandwidth, influence computation. As predicted by the theoretical analysis in
figure 6(b), the benefit of the structure-aware neuron distribution increases with the number of available
hardware threads. Consequently, the reduction in delivery time achieved by the structure-aware strate-
gies is more pronounced on JURECA-DC than on SuperMUC-NG. Together, these effects result in a net
speed-up of the fully structure-aware strategy compared to the conventional approach by 42 %.

Opverall, the results demonstrate that for a model as unbalanced as the MAM, the fully structure-
aware strategy outperforms the conventional approach on high-capacity hardware, while performing
comparably when the individual nodes struggle with the computational load of an area.

3. Discussion

The present work investigates how structural and temporal properties of large-scale network models can
be exploited to improve the efficiency and scalability of distributed spiking neuronal network simulations
on conventional HPC systems. We show that MPI synchronization dominates spike communication as
the number of MPI processes increases. Pure MPI data transfer accounts for only a minor fraction of
the overall cost. The work introduces a structure-aware simulation strategy that combines a neuron dis-
tribution aligned with the modular organization of multi-area networks and a communication scheme
exploiting synaptic transmission delays. Consistent with the proposed theoretical analysis of simulation
performance, we find that the new strategy substantially reduces spike delivery and synchronization
overhead, with the magnitude of the improvement depending on network heterogeneity and hardware
characteristics.

Confining brain areas to individual compute nodes is the precondition for exploiting the delays of
long-range connections in the communication between nodes. The disadvantage is that this destroys the
load balancing of the conventional round-robin distribution over compute nodes. As a consequence,
compute nodes hosting brain areas with a larger number of neurons or higher activity have a higher
computational load than other compute nodes. In each communication cycle, all nodes have to wait
until these heavily loaded nodes have completed their tasks. Thus, when the nodes of an HPC system
struggle with the load the neuronal network imposes on cache or memory bandwidth, the additional
compute time inflicted by the imbalance may be larger than the gain of the structure-aware communica-
tion scheme. A simple scaling argument is sufficient to explain this scenario. If the times for the deliver
and update phase are large, also their variability across nodes is large in absolute terms. A small rela-
tive increase in imbalance can therefore shadow the gain by fewer synchronizations. The comparison
of SuperMUC-NG and JURECA-DC in figure 9 demonstrates the effect. This observation is compati-
ble with the low costs of communication in a prototype multi-GPU code for the same network model
(Tiddia et al 2022). Here, bottlenecks are such that the GPUs drain their inputs and finish almost at the
same time independent of the respective load.

The MAM is an established model in neuroscience and still a challenging benchmark for most neu-
romorphic computing systems. Its modular organization, with a separation between local (intra-area)
and long-range (inter-area) connectivity, makes it particularly suitable for evaluating structure-aware
communication strategies. At the same time, it lies at the current limit of large-scale simulation capabil-
ities, and even modest extensions remain difficult for existing neuromorphic platforms. Despite its suc-
cess in simultaneously explaining a range of neuroscientific observations the model exhibits known limi-
tations. In particular, the meta-stable state most compatible with nature is reached by a certain setting of
a coupling parameter that cannot be explained in the scope of the model. While the model nicely repro-
duces aspects like the distribution of spikes rates and the power spectrum of neuronal activity, the meta-
stable state still comes with an excess of spike synchrony on a fine time scale in some cortical areas. The
need to occasionally communicate and process a massive amount of synchronous spikes puts an unnat-
ural stress on any computing system. In the structure-aware distribution of neurons this increases the
imbalance, while in the round-robin scheme, the synchronous neurons are distributed over all nodes.
The present work therefore concentrates on the ground state of the network for the price that it under-
estimates the natural variability of spiking activity over time. While the use of the MAM constrains the
range of network architectures considered, it provides a well-established and highly relevant bench-
mark. Importantly, our results obtained with the more general and abstract version of the MAM—the
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MAM-benchmark—indicate that the proposed approach is not limited to strongly modular systems.
Performance gains persist even when the separation between inter- and intra-area delays is reduced,
suggesting that improved locality alone can be beneficial. This points toward a broader applicability to
networks with weaker structure or more homogeneous delay distributions. An improved version of the
MAM that explains the coupling parameter and removes excess synchrony is presently under investiga-
tion (Pronold et al 2024). Once established, this model or future variants may replace the original MAM
as a benchmark.

The MAM-benchmark model used in this study enables systematic evaluation of our algorithm
across a wide range of network sizes (figure 7) while maintaining constant activity levels, as well as con-
trolled parameter variations. Its strong-scaling characteristics are comparable to the MAM under the
conventional simulation scheme (see figure 12). However, the simplified neuron model of the MAM-
benchmark differs from standard integrate-and-fire neurons in that its update cost is largely indepen-
dent of spiking activity. As a consequence, it does not capture workload imbalances arising from het-
erogeneous firing rates, which significantly influence synchronization and performance in the MAM
(section 2.4.3). In this respect, the MAM-benchmark does not fully expose the performance implications
of the structure-aware scheme for more biologically realistic models, although it remains a valuable tool
for controlled scalability studies.

Previous work has demonstrated that substantial scalability gains can be achieved by tailoring simu-
lation strategies to specific structural properties of neural networks. Tiling-based approaches that enforce
strong spatial locality show good weak scaling performance for regular, spatially local networks, but are
difficult to generalize to heterogeneous multi-area models with dense long-range connectivity (Kozloski
and Wagner 2011, Yamaura et al 2020). Earlier structure-aware frameworks such as the SPLIT simula-
tor (Hammarlund and Ekeberg 1998) showed that exploiting explicit population structure and synaptic
delays can also yield efficient parallel execution and was successfully used for neuroscience projects for
a number of years. Some of the ideas were later transferred into the MUSIC communication library
(Djurfeldt et al 2010). More recently, CORTEX (Lyu et al 2024) has demonstrated impressive perfor-
mance at extreme scale by redesigning the simulation framework and close hardware co-design. From
this embedding of our work into the literature of the last three decades it is apparent that authors con-
structed algorithms primarily motivated and guided by their own neuroscientific needs and interests.
This is good because it ensured that practically relevant solutions emerged. Instruments were not build
for their own sake but for achieving concrete scientific insights. These specializations may have ham-
pered the transfer of the technologies into generic simulation code. However, the sustainable develop-
ment of scientific codes was subject to probably more important sociological and financial problems
discussed elsewhere (Aimone et al 2023, Hocquet et al 2024, Plesser et al 2025). The present work takes
a middle-ground. Our reference implementation is done in the framework of an established generic
simulation code. Therefore researchers can start to experiment with the structure aware assignment of
neurons in the environment they are used to and maintaining the full generality of the code. It is our
hope that by this we can incrementally make further steps towards a more useful scientific instrument.
Whether partitioning algorithms could automatically discover delay-based modularity in networks where
structure is not known a priori is an interesting direction for future work, but lies outside the scope of
the present study, which focuses on the biologically relevant case where network structure is defined
explicitly during model construction.

The impact of our work on neuroscientific investigations will first be limited. Our reference imple-
mentation is based on the established simulation code NEST and we do not expect major obstacles
by merging the new technology into future releases. Nevertheless, NEST places neurons on compute
nodes in a round-robin fashion. Therefore, we achieve the mapping of brain areas to compute nodes by
respecting the specific numbering of neurons in network construction. This needs to occur in the pro-
grammatic model specification on the user level. For a more general application high-level language con-
structs need to be developed with the concept of an area. In this way, the simulation engine can orga-
nize an adequate assignment of neurons in the background.

However, our algorithm already advances CPU reference code for multi-GPU solutions and neuro-
morphic systems. It separates physical from software limits. The insight that synchronization of compute
nodes and not latency is the bottleneck of communication enables the community to have a closer look
at synchronization and rethink ideas of asynchronous communication. As recently done for the single
compute node (Senk et al 2026), we can begin to explore for multi-node simulations the expected gains
of technology scaling versus architectural innovations.

Even in the idealized case of equal size of the circuits representing cortical areas and homogeneous
and stationary spike rates of the neurons, the time required for the synchronization between compute
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nodes remains the major contribution to total communication time (figure 8). The dominant contri-
bution to state propagation, however, is the phase of spike delivery, and its variability is the origin of
what we visualize as synchronization time (section 2.2). Considerable efforts have already been under-
taken to streamline the routing of spike to their target neurons (Pronold et al 2022a, 2022b), not all

of these ideas have yet entered production code. Previous work has provided a foundation for semi-
empirical performance models and scaling analyses of large-scale NEST simulations and storage hier-
archies (Schenck et al 2014, 2017). Nevertheless, it seems that it is time for more detailed measurements
and more advanced performance modeling to learn about the detailed bottlenecks and create ideas on
how to circumvent them. The parallel compute power of compute nodes is still increasing. Current high-
end compute nodes feature in the range of 256 computational cores. For a network of 100,000 neurons
distributed across all cores of such a node, each core would only have to take care of around 400 neu-
rons and consequently oversee only a limited amount of memory. In principle this should remove the
von Neumann bottleneck for the intra-node computation. But to what extent can we exploit the micro-
scopic parallelism of spiking neuronal networks with conventional computer architectures? Initial dis-
cussions over the past few years have led to the formation of a new consortium to develop respective
performance models (DFG 2024).

The present work assigns the network representation of each cortical area to just one compute node.
With the help of MPI_Group future work can relax this constraint to a more flexible scheme where a
cortical area extends over multiple compute nodes forming an MPI_Group. In this way the number of
compute nodes per area adapts to the size of the area such that number of neurons per compute node
remains approximately constant. Within an MPI_Group, communication occurs in intervals of the min-
imal delay of the connections of the area until the minimal delay of the long-range connections is cov-
ered and a communication between the areas needs to occur. The scheme regains load balancing with
respect to network structure.

A fundamental limitation remains the need to first synchronize threads and then synchronize com-
pute nodes in certain intervals due to the collective communication. Previous studies have shown that
the choice of communication mechanism (blocking, non-blocking, or collective) significantly affects scal-
ability in distributed spiking simulations (Thibeault et al 2013). However, even non-blocking approaches
do not fully eliminate synchronization constraints at scale. Recent work has improved the interplay
between MPI and OpenMP, facilitating asynchronous communication (Protze et al 2022). It remains to
be investigated whether spiking network simulation technology can benefit from these improvements, or
whether this would require novel hardware support.

More powerful compute nodes may even bring real-time performance into sight. As long as compu-
tation dominates, mainstream supercomputing infrastructure remains well suited for advancing large-
scale brain models. However, if future hardware substantially accelerates per-node computation, com-
munication may again emerge as the limiting factor. In that regime, further progress may require new
communication technologies or architectural paradigms beyond today’s standard HPC systems.

4. Methods

4.1. Reference implementation

The neuronal simulation tool NEST version 3.6 (Villamar et al 2023) serves as the reference simulation
framework for all implementations presented in this study. NEST is an open-source software tool for
large-scale networks of spiking neurons, designed to efficiently model neuronal dynamics on computing
platforms ranging from desktop systems to high-performance supercomputers. Users control network
specification and simulation procedure through a high-level Python module PyNEST (Eppler et al 2009,
Zaytsev and Morrison 2014), while all computationally intensive tasks are executed in a C++ simula-
tion kernel. To exploit multi-core hardware and enable users to run large-scale networks, NEST employs
hybrid parallelization, distributing neurons across MPI processes and using multi-threading within each
process via OpenMP. The code assigns neurons to threads and MPI processes in a round-robin fash-
ion based on their unique global id given by order of creation. This distribution scheme ensures that
neurons belonging to the same population are evenly distributed across compute nodes. Therefore, the
round-robin distribution strategy helps to reduce workload imbalances arising from correlated activity
within the populations.

Simulations advance in discrete cycles that consist of three phases: event delivery to target neu-
rons, neuronal state updates, spike collocation. Following these phases, a global spike communication
step exchanges spikes between MPI processes to preserve causality (see figure 3). NEST records the
wall-clock time of the individual simulation phases using internal high-resolution timers (see NEST
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documentation” for further details). For a given simulation cycle s and MPI process i, we define cycle
time as

1i date llocat
Ts,i — Tgl)el iver + T:l)lj + T?f; ocate (18)

The measure excludes the time required at the end of each cycle for communication between the nodes.
As soon as each MPI process completes its local collocate phase, it enters the communication phase.
However, spike exchange can only begin after all MPI processes have reached this point. Consequently,
faster processes must wait for the slowest process im,x with the largest cycle time T ;_ , before the
actual spike communication can proceed. We refer to this waiting period as the synchronization phase
and denote its duration for MPI process i by T9"™". Following synchronization, spikes are exchanged
via a collective MPI_Al1ltoall() operation. To distinguish synchronization overhead from the time
spent on the actual data exchange, we insert an explicit MPI_Barrier immediately in front of the
MPI_Alltoall() call. The synchronization time is then measured as the average time spent by the
MPI processes waiting at this barrier. The combined time spent on the MPI_Barrier and the subse-
quent MPI_Alltoall() call is referred to the communication phase with duration T;°™™. Timers for all
phases are advanced in each simulation cycle. For analysis, we average the resulting cumulative phase
durations across all MPI processes to obtain the total wall-clock time of the simulation. We quantify
simulation performance using the real time factor, defined as wall-clock time normalized by simulated
model time.

The communication algorithm sends spikes only to those processes that host at least one of their
postsynaptic targets. Target tables on the presynaptic side (see figure 11), revealing the MPI processes
associated with each neuron’s outgoing connections, facilitate this procedure. With the optional spike
compression feature (NEST 3.0; Albers et al 2022) the algorithm sends spikes to target MPI processes only
once as opposed to one per target thread. Spikes carry the information of the source neuron identifier
and the time step at which the spike occurred within the cycle. Upon arrival at the target process, the
spike uses the identifier to look up the corresponding target synapses and neurons via connection and
source tables that are presorted by source neuron. If a process generates more spikes than fit into the
current spike buffer, all MPI processes resize their buffers accordingly, followed by a secondary commu-
nication round. Spikes delivered to their target neurons are placed into a neuron-local ring buffer (a cir-
cular data structure used to store time-delayed inputs). Each spike remains in the ring buffer for a dura-
tion corresponding to its synaptic transmission delay minus the time already elapsed since the source
neuron fired. Once this remaining buffering time has expired, the spike is retrieved from the ring buffer
and contributes to the state propagation of the target neuron in the update phase of the corresponding
simulation cycle.

NEST provides a collection of neuron and synapse models at different levels of biological and com-
putational complexity. Beyond the built-in models, users can extend the simulator by defining custom
neuron and synapse models using the domain-specific model description language NESTML (Plotnikov
et al 2016, Linssen et al 2025) or by implementing new models directly in C++.

4.1.1. Structure-aware distribution of workload
Our reference implementation of the structure-aware distribution of neurons does not modify the
round-robin distribution scheme of the reference simulation platform NEST. Instead, we realize all
changes required to override the effective neuron placement at the level of the Python user interface.
This is possible due to a feature introduced in NEST version 3.0 (Hahne et al 2021), which represents
neuron populations as node collection objects with array-like semantics, including indexing, slicing, and
element-wise operations.

For multi-area models with homogeneous neuron parameterization, all neurons can be created
en bloc in a single Create () call, as opposed to instantiating neurons for each area separately. This
yields a single node collection containing all neurons in the model. With detailed knowledge of both
the model’s area sizes and the way the NEST kernel assigns neurons to MPI processes under the round-
robin scheme, areas can then be retrospectively defined such that all neurons belonging to a given area
are hosted on one compute node. Figure 2 illustrates the effect of this procedure using, as an example,
a three-area network instantiated on three MPI processes, each running two threads. A conventional
executable model specification expressed in the Python interface of NEST, creates neurons area by area,
thereby distributing areas evenly across the available MPI processes by the round-robin scheme. As a
result, each process hosts neurons belonging to multiple areas. The structure-aware distribution scheme

7 https://nest-simulator.readthedocs.io/en/stable/index.html.
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Figure 11. Fundamental data structures of the reference code NEST. Data structures required per MPI process to store the local
connections and enable delivery of spikes to local target connections: connection table (left), source table (middle), and target
table (right). The outermost dimension of each table is a resizable array of pointers (black) to thread-specific inner resizable
arrays. On the receiver side (postsynaptic), the inner resizable arrays of the connection table and the source table store the
thread-local connections (pink filled squares) and the corresponding node ids of the presynaptic neurons (red filled squares)
sorted by synapse type. On the sender side (presynaptic), the target table stores the locations of the target connections (green
filled squares) for every thread-local neuron. Locations are defined by the MPI ranks and the positions in the connection table.
Reproduced from Jordan et al (2018), figure 4A. CC BY 4.0.

creates all neurons at once and distributes them evenly across the MPI processes in exactly the same way
as in the conventional scheme, resulting in an identical placement of neuron identifiers. However, in a
subsequent step, the model specification assigns the neurons on the same MPI process to the same area
by constructing a respective node collection. Thus, the present study does not require changes to the
Python interface of NEST, but exploits high-level commands for the manipulation of neuron populations
and knowledge of how NEST assigns neurons to compute nodes.

For models with heterogeneous area sizes, this procedure may require creating more neurons than
in the standard round-robin scheme. Since the underlying distribution mechanism remains unchanged,
NEST still assigns the same number of neurons to each MPI process. To ensure that the largest area can
be placed entirely on a single process, the total number of neurons must therefore be determined by the
maximum area size. As a consequence, MPI processes hosting smaller areas contain additional ‘ghost
neurons, which are explicitly tagged as ‘frozen’ and do not take part in the simulation. The number of
synapses is not affected by this procedure.

The structure-aware distribution scheme can be applied using standard NEST without modifications
to internal data structures and communication mechanisms. Using NEST version 3.6, we evaluated the
performance impact of the resulting load imbalance for simulations of heterogeneous multi-area models
on simulation phases other than communication, such as spike delivery. As expected, the tests revealed
degradation in the communication phase, but also showed promising results for the other simulation
phases. Based on these findings, we concluded that changes to the kernel code targeting spike communi-
cation (described in the following section) could further improve overall performance.

4.1.2. Two separate communication pathways

To exploit the structure-aware neuron distribution described in the previous section, short- and long-
range connections must be explicitly distinguished during the first two main phases of the simulation,
network construction and simulation preparation (described below), as they are handled differently in
the third main phase: state propagation.

Network construction primarily involves the creation of neurons followed by the creation of synap-
tic connections between them. Since structure-aware neuron creation itself does not require infrastruc-
tural changes, the first kernel-level modifications introduced by the structure-aware NEST implementa-
tion arise during synapse creation. At this stage, synaptic data structures such as connection and source
tables (see figure 11) are duplicated so that connections and their source neuron identifiers are stored
separately for short- and long-range connections. The Connect () call at the Python user interface level
accepts a Boolean parameter ‘long_range’ which is used to assign the newly created connection to the
respective data structure.

While duplicating data structures may raise concerns about increased memory consumption, the
additional overhead is small. The outer dimensions of the connection and source tables are defined by
thread identifiers and synapse-type identifiers, and the actual connection objects and source-neuron
identifiers are not duplicated. Instead, they are distributed across two separate data structures. This
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results in two shorter data lists as opposed to a single longer one, which may additionally improve cache
efficiency during spike delivery.

Following network construction, the simulation enters a preparation phase. This phase first jointly
sorts the connection and source tables by source neuron identifiers. Subsequently, it creates a target
table that defines the MPI processes hosting the postsynaptic targets of each local neuron and thread
(see figure 11). The structure-aware strategy again duplicates this target table to mirror the separation of
postsynaptic connection and source tables into short- and long-range components. Target table construc-
tion thus requires two construction steps, each involving an MPI_Alltoall() communication of the
relevant connectivity data, potentially performed in multiple rounds. As with the duplicated connection
and source tables, the additional memory overhead due to duplicating the target tables is small, as the
algorithm does not replicate the target locations but rather distributes them across the two target tables.

Finally, the third main phase begins: the state propagation phase advances the dynamical state of the
neuronal network. This main phase of the simulation subdivides into the minor phases update, collocate,
communicate, and deliver. The structure-aware scheme, excludes neurons tagged as ‘frozen’ on a given
MPI process from the update phase (see figure 3). When a neuron crosses the firing threshold, the algo-
rithm temporarily stores outgoing spikes in a spike register, separately for short- and long-range connec-
tions. The structure-aware implementation thus duplicates the data structure. The scheme distinguishes
between a local exchange of spikes within the same MPI process and a global exchange of spikes across
all MPI processes. Spikes destined for short-range targets are communicated locally and cleared from
the corresponding spike register after each exchange. Spikes going to targets of long-range connection
are accumulated on the presynaptic side over multiple simulation cycles before being exchanged in the
global communication step. The number of cycles over which these spikes are buffered is determined by
the minimum delay of long-range connections in the network. Both communication pathways have sep-
arate MPI buffers. Since neurons typically exhibit both, short- and long-range outgoing connections, the
algorithm inserts their spikes with high probability into both spike registers and MPI buffers. This leads
to an increase in memory usage in the structure-aware scheme. Further, buffering long-range spikes over
several simulation cycles temporarily raises memory demand on the presynaptic side and results in larger
message sizes in the global MPI communication. Once a spike arrives at the target compute node, the
separate connection and source tables for short- and long-range connections ensure correct delivery to
the postsynaptic neurons, without the need for further duplication of data structures on the postsynaptic
side.

4.2. Benchmark model

In this study, we evaluate performance using two spiking neuronal network models. The first is the
multi-area model of macaque visual cortex (MAM; Schmidt et al 2018a, 2018b). The second is a sim-
plified variant of this model, referred to as the MAM-benchmark, which is designed for scaling experi-
ments and controlled parameter variations.

The MAM comprises one square millimeter of each of the 32 visual cortical areas of macaque mon-
key. A layered cortical microcircuit (Potjans and Diesmann 2014) represents the individual areas. Each
layer consists of an excitatory and an inhibitory population of integrate-and-fire model neurons all with
identical intrinsic parameters. Neuron densities and connection probabilities vary across areas and are
derived from experimental data, resulting in across-area heterogeneity in both size and spiking activ-
ity. The coefficient of variation of area size is ~0.2 with an average area size of 130,000. The areas
are highly interconnected, with approximately a third of all synaptic connections targeting neurons in
other areas (~1800 long-range connections per neuron). Synaptic transmission delays are drawn from
Gaussian distributions. In contrast to the original model we impose a lower cutoff d"" on the delay dis-
tribution of the inter-area connections. For the range of d™*" values considered in this study, we observe
no noticeable effect on network dynamics (Grundler 2025) although approximately 16 % of all inter-area
connections have a delay below 2ms. There exist two dynamical regimes in the MAM depending on its
parameterization: a ground state characterized by low and stable firing rates; and a metastable state with
episodes of high synchrony and elevated firing rates. The present work considers the ground state with a
mean firing rate of 2.5 spikes per second and a coefficient of variation per time step of ~0.5 spikes per
second.

The MAM-benchmark is inspired by the MAM but deliberately more homogeneous. All areas con-
tain the same number of neurons, and each neuron has the same number of intra- and inter-area con-
nections. These numbers are chosen to reflect the average neuron count and connectivity of the MAM
across areas, resulting in approximately 130,000 neurons per area and 6000 outgoing connections per
neuron, with half of the connections targeting neurons within the same area and half targeting neurons
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Figure 12. Comparison of strong scaling performance of MAM (a) and MAM-benchmark (b) on SuperMUC-NG, modeling 32
areas. Color scheme, black error bars and benchmarking configurations as in figure 7.

in other areas. Intra-area and inter-area delays are drawn from Gaussian distributions with a mean of
1.25ms and 5ms, and a standard deviation of 0.625ms and 2.5ms, respectively. As in the MAM, we
impose a lower cutoff d™" on inter-area delays. A key difference between the two models lies in the
neuron dynamics. The MAM-benchmark employs a single neuron type, referred to as the ignore-and-
fire neuron. While this neuron receives and emits spikes in the same way as a standard integrate-and-
fire neuron, it does not propagate a membrane potential. Instead, it generates spikes at a predefined
interval and phase, independent of synaptic input. This simplified neuron model enables us to scale the
benchmark-MAM to smaller or larger numbers of areas while maintaining constant activity levels, with-
out the need for retuning network parameters.

Figure 12 compares the strong-scaling performance of the MAM and the MAM-benchmark. The
average delivery, communication and collocation times are very similar for both models, indicating that
they exhibit comparable performance-relevant characteristics. As expected, the update phase is noticeably
faster for the MAM-benchmark due to simpler neuron dynamics.

We perform each simulation throughout the study with three different random seeds
{12,654,91856} for the NEST random number generator. Because connectivity generation in NEST is
stochastic and relies on this generator, each seed produces a distinct network instantiation with different
connectivity realizations.

4.3. Benchmarking systems
We perform benchmarks on two HPC systems: JURECA-DC at the Jilich Research Centre, Germany,
and SuperMUC-NG at the Leibniz Supercomputing Centre (LRZ) in Garching, Germany. Automatic
NUMA balancing by the Linux kernel is set to off in both cases.

The JURECA system (Thornig 2021) comprises a CPU-only partition (JURECA-DC), as well as
a CPU-GPU partition (JURECA-DC Booster). In this study, we use the standard compute nodes of
JURECA-DC Phase 2 (480 standard nodes in total). Each node is equipped with two AMD EPYC 7742
processors, with 64 cores each, clocked at 2.25GHz. In total the nodes have 128 cores and a main mem-
ory of 512GiB. The CPU partition has a peak performance of 3.54 Petaflops per second. Nodes are
interconnected via Mellanox HDR100 InfiniBand. Applications are compiled using the GNU Compiler
Collection (GCC), and we link against the OpenMPI library for distributed-memory communication and
OpenMP for shared-memory parallelism within a node. We use the general-purpose memory allocator
jemalloc version 5.3.0.

SuperMUC-NG Phase 1 (Bastian et al 2024) consists of 6480 compute nodes, each equipped with
two Intel Skylake Xeon Platinum 8174 processors running at 3.1 GHz, providing 48 cores per node. The
majority of compute nodes have 96 GiB of main memory. The peak performance is 26.3 Petaflops per
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second. Compute nodes are connected via an Intel OmniPath interconnect and are bundled into eight
domains, each employing a fat-tree topology. As on JURECA-DC, we compile applications via GCC and
use hybrid parallelism via OpenMP and OpenMPL

On both systems, we employ one MPI process per node using all available physical cores per node.
Hyperthreading is turned off.

Benchmarks on JURECA-DC use the automated benchmarking pipeline CI-beNNch (Vogelsang et al
2026), which builds upon the benchmarking framework beNNch discussed in Albers et al (2022). In
contrast to beNNch, CI-beNNch integrates principles from continuous integration, enabling fully auto-
mated and user-independent benchmarking workflows. The framework simplifies collaboration among
researchers, and promotes reuse and comparison of benchmarking results.
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Figure 13. Temporal evolution of the cycle time during a MAM-benchmark simulation with 128 MPI processes (seed 654) on
SuperMUC-NG, for the conventional (top) and the structure-aware strategy (bottom).
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