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Model performance

➢ We present an algorithm for defining large-scale networks, reducing the order from 𝑂(𝑁 2 ) to 𝑂(𝑁×𝑀) while keeping a close the correspondence between M(X) and the theoretical number of connections ➢ Can be applied to simulations of large excitatory and inhibitory networks with biophysically mimetic cell models and densities.
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Approximation of the probability function F(source, target) specified by experimental data and/or theoretical considerations : average of the probability over an interval of distance Y.

The volume in which the neurons are placed is divided into a regular grid B with a characteristic dimension X.

For each element of the grid B ij , we obtain for a source neuron S targeting within B ij the # of connections 𝑀 ij thanks to the approximated probability function :

𝑀 ij =𝐹(𝑆, B ij )×[# 𝑜𝑓 𝑛𝑒𝑢𝑟𝑜𝑛𝑠 𝑖𝑛 B ij ]
The explicit connections are assigned by randomly choosing 𝑀_𝑖𝑗 target neurons located within B ij

The network explored here consists of two populations of conductance-driven LIF neurons, thus with basic firing properties to mimic excitatory and (fast-spiking) inhibitory neurons in the cortex.

Several point-neuron network models combine data from anatomy and electrophysiology, with probability or deterministic rules to construct realistic synaptic connections. For reviews of these models and general guidelines for network models see (2,3). In anatomical data-driven models, connectivity between areas can be derived from their architecture and laminar composition (2). For local connectivity, neurons close to each other will have a greater tendency to connect (3,7). We can built models strongly informed by these results where the connection probability dependent of the intersomatic distance for pairs of neurons follows a Gaussian or an exponential decay (3,6). While this approach arguably is the closest simulacrum to the experimental protocols, configuring large-scale models can become computationally onerous due to the pairwise sampling procedure. Derivatives of the distance-dependent probability rule have been proposed to improve this situation, including The Brain Scaffold Builder (BSB) (4), which limits the number of pairwise iterations according to "a maximum search radius derived from the cumulative probability function of the distance distribution". However, other large models, e.g. Schmidt et al., 2018 (5), which produces 2.42 ⋅ 10 10 synapses, and Billeh et al., 2020 (8) rely on supercomputers for practical computing times Here we present preliminary results for an algorithm that promises to extends the capability of more modest hardware to further optimize the distance-dependence framework, while maintaining a certain degree of realism in the network.

Performance tests comparing the new « Shell Method » with a straight-forward implementation of thorough pair-wise search (« Brute Force ») were made on a modest laptop. Various circuit geometries are applicable for the method, ranging from low-dimensional forms (sphere) to anatomically-defined cortical layer/areas.

(1) Braitenberg, V., and Schüz, A., 1991 (2) van Albada, S.J. ➢ As either X or the cellular density of the model become smaller, the performance of the method mimics the brute force approach; for even smaller networks the overhead for setting up the procedure results in an overall longer execution time.

  Gridding of neurons in the cortical plane of the primary visual cortex. A. Layer II/III cortical plane cortex in which the neurons, with a xyz density, were placed in a realistic 3-dimensional volume. B. The cortical plane is divided into a regular grid with a dimension of 100µm. C. The distancedependent connection probability applied to these neurons is averaged over a distance interval of 100µm. D. of 200µm. artefacts as X increases :1. The approximation of the probability function over 𝐵_𝑖𝑗 2. the geometric dis-congruence between the grid and the shape of the probability function•In addition, edge effects are more susceptible for this algorithm

➢

  et al, 2022 (3) Senk, J. et al 2022 (4) De Schepper et al, 2022 (5) Schmidt, M. et al 2018 (6) Markram, H., et al. 2015 (7) Levy, R.B., and Reyes, A.D. 2012 (8) Billeh, Y.N. et al 2020 The authors wish to acknowledge the support by the FIRE doctoral program (for M.C.), the Centre Borrelli, and the Human Brain Project via the Rising Net consortium (led by Egidio D'Angelo) The precision and efficiency of the algorithm scales inversely with X.