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ABSTRACT

Biological neurons come in many shapes. High-fidelity generative modeling of
their varied morphologies is challenging yet underexplored in neuroscience, and
crucial for the subfield of connectomics. We introduce MoGen (Neuronal Mor-
phology Generation), a flow matching model to generate high-resolution 3D point
clouds of mouse cortex axon and dendrite fragments. This is enabled by an adap-
tation that injects local geometric context into a scalable latent transformer back-
bone, allowing for the generation of high-fidelity, realistic samples. To assess
MoGen’s generation quality, we propose a dedicated evaluation suite with inter-
pretable geometric and topological features tailored to neuronal structures that
we validate in a user study. MoGen’s practical utility is showcased through con-
trollable generation for visualization via smooth interpolation and a direct down-
stream application: we augment the training set of a shape plausibility classifier
from a production connectomics neuron reconstruction pipeline with millions of
generated samples, thereby improving classifier accuracy and reducing the num-
ber of remaining split and merge errors by 4.4%. We estimate this can reduce
manual proofreading labor by over 157 person-years for reconstruction of a full
mouse brain.

1 INTRODUCTION

Modeling the intricate three-dimensional shapes of neurons is a fundamental challenge in neuro-
science. Neuron morphologies exhibit tremendous diversity in size, thickness, and branching pat-
terns, as well as compartment-specific properties like dendritic spine density. Variations exist not
only between neurons of different species but also within a single brain and even within a single
cell type (Ramon y Cajall [1894; |Ascoli, |2002). While generative modeling has revolutionized fields
like natural language processing (Brown et al., [2020), image generation (Rombach et al., |2022),
and protein structure prediction (Abramson et al 2024), its application to neuronal morphology
remains nascent. Previous data-driven approaches have focused on simplified representations like
sparse skeletons (Laturnus & Berens, 2021} [Yang et al.| [2024) or coarse occupancy maps (Hansel
et al.| 2024)), failing to capture the detailed neuronal surface details crucial for many applications.

This gap is particularly acute in connectomics, the field dedicated to acquiring and analyzing
brain wiring diagrams from large, nanometer-resolution microscopy volumes (Sievers et al.| [2024;
Shapson-Coe et al., 2024; The MICrONS Consortium), 2025}, Tavakoli et al., [2025)). A core part of
building these wiring diagrams is neuron reconstruction. Substantial progress has been made in au-
tomating the underlying segmentation process, but residual errors persist. With individual volumes
reaching the petabyte scale, manual correction of these segmentation mistakes (’proofreading”) has
become a primary bottleneck in the field, with estimated costs reaching billions of USD for an up-
coming single mouse brain (Jefferis et al.,[2023)). One of the barriers to improving these automated
methods is the limited amount of high-quality training data for the algorithmic components that
assess the local plausibility of neuron shapes during reconstruction, a process that includes segmen-
tation and post-processing steps (Januszewski et al.| [2025).
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Figure 1:Overview. (A) Flow matching on point clouds iteratively transforms Gaussian noise into
neuronal shape¢B) MoGen allows for smooth interpolation, here between axon (left) and dendrite
(right) fragments.(C) Real neuron fragments from an electron microscopy volume are extracted
as point clouds. Synthetic examples augment the training data for a downstream shape plausibility
classi er which must distinguish between plausible and implausible neuronal morphologies. Co-
training improves the classi er, leading to fewer errors in the nal neuron reconstruction, which
decreases the amount of manual proofreading needed.

This paper directly addresses this data scarcity problem. Neurons have intricate, topologically tree-
like structures that extend through a large volume while occupying very little space themselves. For
instance, while a neuronal cell body might only be a few tens of microns in diameter, its axon can
reach locations that lie many millimeters away (Ascoli, 2002). This geometry makes dense, voxel-
based 3D generative approaches computationally- and memory-intensive for high-resolution model-
ing, motivating the use of more ef cient representations such as point clouds. We introduce a gener-
ative model, MoGen, capable of producing high-resolution, biologically plausible 3D neuron frag-
ment morphologies. MoGen models neuron morphology as point clouds and employs ow matching
for generation (Lipman et al., 2023). To our knowledge, this is the rst work to generate high-
resolution neuronal morphologies and demonstrate their utility in a critical downstream connec-
tomics task within a production-scale neuron reconstruction pipeline, PATHFINDER (Januszewski
et al., 2025). Speci cally, we show that by co-training with synthetic data, a strategy that has proven
effective in other domains (Azizi et al., 2023), it is possible to improve the accuracy of the SHAPE
plausibility classi er used in the PATHFINDER system, leading to a reduction of the number of
errors in the nal automated reconstruction and directly alleviating the prohibitive costs of manual
proofreading (Figure 1).

Our contributions are fourfold:

« MoGen: a ow matching model for neuronal point clouds: We adapt a latent trans-
former backbone to incorporate local geometric context and use ow matching with a cus-
tom schedule. This enables generation of high- delity morphologies.

» Dedicated neuron evaluation suite:We introduce an expressive set of interpretable met-
rics more topologically tailored to neurites than standard distance metrics used in the point
cloud literature. We show in a user study that they correlate well with visual quality.
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