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Abstract

Connectomics is a subfield of neuroscience that aims to
map the brain’s intricate wiring diagram. Accurate neu-
ron segmentation from microscopy volumes is essential for
automating connectome reconstruction. However, current
state-of-the-art algorithms use image-based convolutional
neural networks that are limited to local neuron shape con-
text. Thus, we introduce a new framework that reasons over
global neuron shape with a novel point affinity transformer.
Our framework embeds a (multi-)neuron point cloud into a
fixed-length feature set from which we can decode any point
pair affinities, enabling clustering neuron point clouds for
automatic proofreading. We also show that the learned fea-
ture set can easily be mapped to a contrastive embedding
space that enables neuron type classification using a sim-
ple KNN classifier. Our approach excels in two demand-
ing connectomics tasks: proofreading segmentation errors
and classifying neuron types. Evaluated on three bench-
mark datasets derived from state-of-the-art connectomes,
our method outperforms point transformers, graph neural
networks, and unsupervised clustering baselines.

1. Introduction

The field of connectomics maps the wiring diagrams of
biological neural networks using high-resolution 3D mi-
croscopy and image segmentation. The recent completion
of the connectome of the entire fruit fly brain was a ma-
jor triumph for neuroscience [8]. Assembling this connec-
tome involved substantial manual proofreading to correct
segmentation errors, even with state-of-the-art automatic
segmentation algorithms; 622 researchers from 146 labo-
ratories worldwide contributed 33 human-years of manual
proofreading effort for just 10° neurons in the millimeter-
sized fruit fly (Drosophila) brain. Scaling up connectomics
to map the 500x larger mouse brain [1] will require or-
ders of magnitude larger human effort with current tech-
nology. Therefore, improving the accuracy of automated
neuron segmentation algorithms is of vital importance to
the field of neuroscience.
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Figure 1. Overview & Comparison to Previous Work. (@) Previ-
ous approaches use 3D ConvNets for improving neuron segmen-
tation accuracy and are thus limited to local fields of view. Addi-
tionally, neuron type classification often requires auxiliary skele-
ton graphs. (6) We propose a new point affinity transformer model
for neuron segmentation error correction and type classification.

Existing segmentation algorithms [12, 16, 24, 28—

, 40, 44] are largely CNN-based local methods which
cannot reason over the shape of an entire neuron. Lo-
cal methods have made significant progress towards accu-
rately segmenting neurons, with error-free path-lengths of
around 1.1 millimeters of neurite wire [16]. However, even
a tiny fruit fly brain contains 145 meters of wiring and re-
quired significant manual proofreading effort to correct the
machine-generated segmentation [8]. Human proofreaders
use 3D renderings of candidate segmentations of entire neu-
rons to detect and correct segmentation errors. These can-
didate segmentations sparsely span very large volumes with
bounding boxes on the order of 10* x 10* x 10* voxels,
limiting the ability of image-based CNN to scale to global
neuron shape. To address this challenge, we propose a novel
type of point cloud transformer, called a point affinity trans-
former, to reason over global neuron shapes.

Point clouds can efficiently represent sparse yet expan-
sive neuron shapes. We formulate neuron shape learning
as a pairwise affinity prediction problem, where two points
have an affinity value of 1 if both belong to the same neu-



ron and O otherwise. Critically, our architecture does not
require the model to explicitly represent spatial features
(e.g., features over a grid), allowing it to implicitly repre-
sent sparse spatial neuron shapes flexibly. We apply our ap-
proach to automated neuron proofreading, which involves
detecting and correcting errors in erroneous neuron point
clouds. Additionally, we demonstrate our model’s capabil-
ity to represent global neuron structures by projecting its
internal features into a contrastive embedding space, which
enables the automatic assignment of type labels to neurons.
Both tasks rely on a detailed understanding of global neu-
ron morphology. We empirically evaluate our approach
on three state-of-the-art connectome datasets [8, 36, 42].
We benchmark against other learning-based techniques, in-
cluding graph neural networks (GNNs), alternative point
cloud transformer architectures, and unsupervised cluster-
ing methods. Our results demonstrate superior performance
for both automatic proofreading and neuron-type classifica-
tion, achieving improvements in terms of common cluster-
ing and multi-class classification metrics. In summary, our
work makes several contributions:

e We propose a novel neuron shape learning framework
centered around pairwise point affinity prediction. Given
a (multi-)neuron point cloud, our model’s task is to
disentangle individual neurons and background frag-
ments by predicting correct affinities between point pairs.
Our transformer-based model, the point affinity trans-
former, consists of two components: an encoder back-
bone (Fig. 3b), and an affinity decoder (Fig. 3c). This
framework captures complex neuron morphologies.

* We apply this framework and model to automatic neuron
proofreading. We correct reconstruction errors in multi-
neuron point clouds using predicted pairwise point affini-
ties and agglomerative clustering. Our approach outper-
forms baselines, such as graph neural networks (GNNs)
and other point cloud transformers.

* Our model’s internal neuron representations, trained only
for affinity prediction, can easily be projected into a con-
trastive embedding space for neuron type classification.

2. Related Work

Point Clouds. Our rationale for choosing point clouds over
other spatial data representations is two-fold. First, com-
pared to volumetric representations, point clouds fit sparse
and thin spatial data well. Second, point clouds are easy to
obtain from segmentation volumes and do not require ad-
ditional processing [20] like surface meshes. Approaches
for segmentation and classification of point clouds can
be broadly categorized into GNNs [41, 46], transformers-
based approaches [13, 48, 49, 53-55], and set-based ap-
proaches [34, 35]. For the purpose of representing global
neuron shapes, we argue that attention-based transformer
models are better suited than GNNs. Neurons are thin,
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Figure 2. Automatic Proofreading Workflow. @ 3D CNN-based
volumetric neuron segmentations contain errors. (® We derive
a (multi-)neuron point cloud through either skeletonizing or sub-
sampling the segmentation volume. (©) Our approach enables au-
tomatic proofreading of such (multi-)neuron point clouds.

long, and sparse, making it hard for traditional message-
passing GNNs to update point features based on distant
points on the same neuron. In contrast, self-attention over-
comes this issue by flexibly allowing node feature updates
across long distances on the neuron. Within the space of
point cloud transformers, there exist several key limita-
tions for representing neuron shapes. First, several meth-
ods [52, 55] rely on spatial references within its internal
feature space such as learned features over a grid-like struc-
ture, limiting flexibility when fitting to spatially sparse data.
Our model’s internal feature space has no spatial refer-
ence, allowing it to fit flexibly to thin and sparse neuron
structures. Second, previous architectures [55] often de-
pend on a priori knowledge about point cloud sizes. Our
model easily adapts to variable point cloud input sizes in
a single layer through a masked attention mechanism, en-
abling training on variable-size multi-neuron point clouds.
Third, approaches for instance segmentation, such as Point
Transformer V3 (PTv3) [48] combined with PointGroup
(PG) [18] clustering, are designed for highly compact ob-
jects centered around object centroids. However, neurons
are thin and tightly intertwined spatial structures. Thus neu-
ron centroids are non-discriminative features.

Neuron Error Correction. Substantial ongoing efforts
manually proofread large-scale connectomes [5, 7, 8, 31,
]. Another approach is to reduce the number of errors
by increasing the robustness and accuracy of image-based
segmentation models [12, 14-16, 29, 30, 56]. However,
these 3D convolutional networks lack the global context of
neuron morphology due to inherently localized convolution
operations. Additionally, they must adjust for factors such
as image noise and anisotropic image resolution. Instead,
we show that point clouds are a robust and expressive 3D
representation that allows the global neuron shape context
to be taken into account. Prior work has made progress
toward automatically proofreading connectome reconstruc-
tions. However, these approaches either rely on handcrafted
heuristics [19], build on GNNs that require brittle auxiliary
graphs [2], or use agent-based tracing algorithms [37].



Figure 3. Automatic Proofreading Pipeline. a Our model encodes a point cloud with samples fidmrmeuronsb into a xed length

feature set using a series of cross- and self-attention layers (Secc3Ngxt, we condition the decoder with this feature set and compute
feature pairs of points from the input point cloud using a cross-attention module. These feature pairs are then decoded into af nity values
using an MLP (Sec. 3.2)d We then extract neuron labels by performing feature agglomerative clustering on the af nity matrix (Sec. 3.3).

Neuron Classi cation. Approaches for neuron classi ca- ble to segmentation errors, resulting in either split or merge
tion are separated into two groups. The rst group focuses errors. The goal of proofreading is to correct these errors
on neuron sub-compartment classi cation [6, 26], that is, by separating incorrectly merged segments and joining in-
assigning labels to subcellular structures such as dendritesgorrectly split ones. In practice, the balance between split
axons, or cell bodies. Notably, these approaches do not reand merge errors is in uenced by the level of supervoxel ag-
quire global shape context to make reliable predictions. Theglomeration. To address both types of errors, our automated
second group focuses on neuron typing [3, 4, 17, 23, 38],proofreading framework assumes a high degree of super-
which assigns a single label to a neuron that is indica- voxel agglomeration, which biases the segmentation toward
tive of its function. This is more challenging than sub- merge errors. Consequently, we consider each point cloud
compartment classi cation since global neuron shape isas a superset containing all true neuron points (Hig.2
vital for assigning a type. In practice, handcrafted fea- alongside background fragments. We sample points from
ture extractors are still being used to group neurons intoskeleton vertices and discard edge information. Our algo-
types [4, 22]. On the other hand, learning-based methodsrithm then focuses on partitioning the point cloud into indi-
often operate on auxiliary graph data structures like skele-vidual neurons (Fig. 2 ) while excluding any background
tons [3, 11, 50], a global connectome graph [27], or mul- fragments that do not correspond to full neurons.

tiview 2D projections [38] that do not fully capture 3D
morphology. We argue that skeletons are brittle, sensi-
tive to hyper-parameters, and accumulate errors in earlierProblem Formulation. The main idea of our approach is
steps. Manual parameter tuning is required to minimize to formulate global neuron shape learning as a pair-wise
small twigs, and gaps are easily introduced if the underlying af nity prediction task on multi-neuron point clouds. Given

3.2. Point Af nity Transformer

image segmentation is discontinuous. Thus, we propose usan input point cloud® = fpg;:;;png RS (Fig. 3a)
ing point clouds for global neuron type classi cation, which sampled front 1; ::;; K g neurons and a set of background
are easy to obtain but also capture detailed shapes. fragments, our modeé¥ learns to predict an af nity matrix

Ap p» 2 R" " between all point pair® P as below:

3. Method

Ao p=M(P:P P)= fagp)itiap,p,8 (1)
Our goal is to learn an expressive feature space that can cap-
ture global neuron shapes. We demonstrate this capabilitywhere an af nity valueap, ., ) represents the likelihood that
in two challenging connectomics tasks: automatic neuronp; andp; belong to the same neuron. Givdry p, we
proofreading using our point af nity transformer model and reconstruct segmentation lab&8s= fsg;:::;spg;s;i  N.
neuron type classi cation. s; 2 S maps to the neuron identity of the respective point
pi 2 P. Specically, s = 0 denotes a background class,
which covers fragments that do not assemble entire neurons.
3D CNNs for neuron segmentation generate voxel-based la-The goal is to learn a mapping such that all points with the
bel volumes, where each label typically represents a "super-same semantic labsl> 0 belong to the same neuron. We
voxel” — a small sub-segment of a neuron. Therefore, re- derive S by clusteringP using an af nity-based distance
constructing the complete structure of a neuron requires agmetricBp p = 1  Ap p (Sec. 3.3).
glomerating numerous supervoxels (Fig.2 The speci cs For model training, we use the binary cross entropy
of the segmentation technique determine the approach tqBCE) loss between the predicted mathxand the binary
agglomeration; however, this process is generally suscepti-ground truth matrixA 2 f0;1g" ", which we derived

3.1. Automatic Proofreading Work ow



from proofread connectome data: Af nity Decoding. Next, we input the feature sep and
point embedding paiBen: Pencinto the decoder to pre-
Latniy = BCE(A;A): @ dict the af nity matrix Ap p (Fig 3 c):

We reduce computational cost during training by decod-
ing a randomly selected subset of point pglPs ~ P)° Ae o= (2piPenc Pend: (®)
(P P) and thus also only predict a subset of the entire
afnity matrix Ap  pyo  Ap p. Attest time, we de-
code pointpair® P to obtain the segmentation label Set
for pointsP. Alternatively, we can also conditidd using
a query poing 2 P, allowing us to compute af nities for a
single neuron or background fragmefhta q = M(P;0.
We discuss the scalability in the supplement (Sec. D).
Point Cloud Encoding. Inspired by recent progress in
neural elds [53], our point cloud encoding procedure con- pere jp Pj represents the number of point pairs. Fi-
sists of three steps. First, we project each ppinsing & )1y feature pairge p are decoded into the af nity ma-
positional frequency encoding[43] and a fully connected i Ao p usinga MLP: R?®® | R. The MLP has a
layer (FC) intoD -dimensional embedding space as below: sigmoid nal layer to ensure all af nity values are [6; 1].

Penc= FC( (p);p); R®1 RP: 3

We denote the encoded point cloudRag. SecondPencis
transformed into feature set representatith using cross-
attention [45] with a learnable queries 2 RP € [53]
andPe,. 2 RP I Pi as the key-value pair:

We can either use all point paiis P to receive the full
af nity matrix Ap p, or only use a subset of point pairs
(P P (P P). Next, a cross-attention module
maps the feature sep 2 RP € into a set of feature pairs
zp p 2 R?®PIP PigivenPen Penc

Zp p = CrossAtt{Penc Pengzp) 2 R 1T P Pl (9)

3.3. Af nity-guided Point Clustering

We derive the set of segmentation lab8lgrom the pre-
dicted af nity matrix Ap p. Since af nities are computed
per point pair, we interpret af nity values as a point proxim-
ity metric. Thus, we can cluster the point clogdaccording
to an af nity-based distance metrigp p = 1.0 Ap 5.

2% = CrossAttfQ; Pend 2 R” ©: (4) We use feature agglomerative hierarchical cluster-
Cross-attention is de ned as: ing [47] to iteratively merge points into clusters according
XW o (X Wi )T to Dp p, an average linkage criterion and a termination

CrossAttr{X; X 9 = ﬁ%% XWy; (5) thresholdt (Fig. 3d). Upon convergence of the agglom-

erative clustering algorithm, all points in a cluster get the
with X andX © being two input sequence®/q, Wy , and same segmentation labgl2 S assigned. This approach

W, denoting three trainable weight matrices, antepre- allows accurate reconstruction of segmentation labels, even
senting thesoftmaxfunction. HereD is the dimensionality  if af nity predictions are imperfect. The background class
of all C features in the feature se® is a randomly ini- (s = 0) is de ned by the union of all clusters with less than
tialized trainable parameter in our model. Third, we enable 30 points. We nd that 30 is a good threshold to summarize
information exchange between all elementsn the fea-  background fragments into the background class.

ture set through a series pf= 24 sequential self-attention

modules: 3.4. Contrastive Feature Embeddings

We use neuron type classi cation to demonstrate that our
model learns to represent global neuron shapes, as the shape
Here,z() is a feature representation of a (multi-)neuron is among the most important contributing factors for neu-

point cloud after thé self-attention layer. From now on, ron type. Given a pretrained af nity prediction modeél

we usez@ = zp for clarity. Note that, unlike other meth-  (Sec. 3.1) and a single neuron point cldeg we retrieve
ods [33, 52]ze has no explicit spatial reference and is thus the respective feature sat, 2 R® © fromM (Sec. 3.2).
well suited to t thin and sparse spatial structures such as Next, we train a Deep Set [5¢]: R® © ! RF, that maps
neurons exibly. In summary, the encoderuses a series  Zp, into a lower dimensional contrastive embedding space
of cross- and self-attention layers to encédimto a feature ~ With dimensionalityE. The Deep Seg consists of a fea-

z0) = Selfattn(z0 V) = CrossAttfzl D;z0 Dy (6)

setzp (Fig. 3 b): ture embq;dding MLP, a permutation invariant summation
_ b operation , and an output MLP that projects into the
zp ="' (P),withzp = fz; 2 R giz; ¢ (7) contrastive embedding space:

In the following sections, we show how to decorde e
into point pair af nities, which are subsequently used for 9zp) = ( z)): (10)
guiding clustering that leads to the label Set ° '



Figure 4. Automatic Proofreading Examples. Our approach can reliably correct segmentation errors in (multi-)neuron point clouds.
Qualitative results across three datasets demonstrate our model's performance. We compare our approach against unsupervised clustering
methods such as DBSCAN and agglomerative clustering, a graph neural network-based approach (Point-GNN), and the commonly used
Point-Transformer architecture. Baselines are named as (Encoder/Cluster Decoding). The color represents segmentation labels

Additionally, we normalize contrastive embeddings, 4.1. Datasets

such thagg(zp, )] L 1'. While keepmg 6.1" parameter; of FlyWire [8]. The FlyWire optic lobe (OL) is part of the

M frozen when retrievingp, , we traing with a contrastive ; :

loss function - s rst-ever full adult Drosqphlla connectome and includes

well-de ned cell type families [32].
(11) MANC [42]. The MANC connectome describes the neu-
ral wiring architecture of an adult male fruit y's ventral

We use neuron type labels to compute Euclidean dis-”‘?rve, cord, responsible for_s.ignaling mo?or output to the

tancestos between embeddings derived from point clouds ¥'S Wings and legs and receiving sensory input.

of neurons from the same typedheq are embedding dis- Hemibrain [36]. The.hem|bra|n_dataset isa proqfread con-

tances between point clouds from different neuron types. Nectome reconstruction of a fruit y's central brain, respon-

Mpos aNd Mpeq are the positive and negative margin val- sible for navigation and integrating visual information.

ues, respectively. Finally, an Euclidean k-nearest-neighborsPata Construction. Real-world, standardized datasets for

classi er computes neuron-type probabilities for a set of automated proofreading do not exist. Therefore, we con-

single-neuron contrastive embeddings. We evaluate the perstructed three benchmark datasets programmatically, de-
formance of our contrastive embeddings in Section 4.5.  rived from state of the art connectomes. We construct arti -

cial reconstruction errors by combining randomly selected
4. Experiments neurons and background fragments into a single point cloud

for training and testing. We randomly samgl& 000 neu-
In this section, we evaluate our proposed approach on thregons for model training and; 000for testing for each con-
benchmark datasets. All three benchmarks are derived frormectome. We sample point clouds for each neuron from
proofread connectomes [7, 36, 42], allowing us to evaluateits respective skeleton, by randomly selecting a subset of
our model's performance accurately. We report results for the skeleton's vertices and discarding edge information.
the automatic proofreading task and also demonstrate ouiSkeletons for all datasets are publicly available. Small
model's global neuron shape reasoning capability by using background fragments (e.g., spine heads or arborizations)
its feature representation for neuron type classi cation. are common artifacts in CNN-based image segmentations

L contrastive= [dpos mpos]+ + [mneg dneg]+ :



Dataset Metrics -/DBSCAN -/Agglo PTv3/PG GNN/Ours PT/Ours PTv3/Ours Ours/Ours

FlyWire [2] VOI # 1.19 1.24 1.47 0.82 _0.32 0.37 0.17
VOIs # 0.28 0.37 0.21 0.42 0.07 0.14 0.07
VOl # 0.91 0.87 1.26 0.42 0.26 _ 024 0.10
ARE # 0.42 0.44 0.55 0.24 _0.12 0.12 0.04
MANC [47] VOI # 0.97 0.97 1.44 0.51 _0.27 0.29 0.20
VOIs # 0.21 0.32 0.12 0.20 0.07 0.09 0.08
VOl # 0.76 0.65 1.32 0.31 _02 0.20 0.13
ARE # 0.33 0.3 0.52 0.15 _0.09 0.10 0.05
Hemibrain [36] VOI # 1.12 1.06 1.42 0.77 0.39 _0.35 0.23
VOIs # 0.40 0.48 0.31 0.39 0.09 0.11 0.09
VOl # 0.72 0.58 111 0.38 0.30 _0.23 0.14
ARE # 0.34 0.35 0.49 0.23 0.14 _ 011 0.05

Table 1.Automated Proofreading Evaluation. Our approach consistently outperforms baseline methods across all three datasets in terms
of the VOI, including the split VQJ and merge VQ4 variants, and the adjusted rand error (ARE). The best scores per rbwldesl, and
the second best scores are underliriggselines are named as (Encoder/Cluster Decoding). See Section 4.3 for details about baselines.

and must be attached to their respective parent segment4.3. Baseline Approaches.
Background fragments are added to the input by randomly
adding small ( 8 m) terminal neuron branches. We ran-
domly vary the number of merged neurons in the range of
[1;:::;4] 2 N. The supplemental material shows examples
with more (' 4) input neurons (Fig. 8).

We compare against six baselines and report results for dif-
ferent encoder and cluster decoding methods. Baselines are
named as (Encoder/Cluster Decoding).
Unsupervised Clustering. We compare our af nity based
clustering (Sec. 3.3), to traditional unsupervised approaches
Data Augmentation. We apply a series of data augmen- such as DBSCAN [10] and agglomerative clustering [47].
tations to increase data diversity. Before combining neu- We rst compute pairwise Euclidean distances between all
rons into a single point cloud, we rst center each neuron point pairsP P and predict neuron clusters with each re-
around the origin, which helps the model to learn shapesspective algorithm. We obtain hyperparameters by perform-
rather than over tting on global position. Next, we jitter ing a grid search on a small training dataset and picking the
each point by a random factor {@; lum] 2 R and ran-  set of hyperparameters that yields the best VOI score.
domly rotate[O; 200]and translate individual neurons. Fi- GNNs. Graph-based approaches are a set of popu|ar
nally, we merge randomly selected neurons and backgroundmethods for point cloud processing and classi cation [25].
fragments and apply a global scaling factor to ensure all co-we compare our approach to Point-GNN [41], a popular
ordinates are withifi 1;1]. message-passing model based on graph convolution. This
approach predicts a feature per point, which is decoded to
] ] object labels in the original paper. For the purpose of af n-
4.2. Evaluation Metrics ity prediction, we add an MLP decoder to the model that
decodes point feature pairs to af nity values (GNN/Ours).
We reconstruct a radius graph from the point cloud using
radius= 32 and a maximum 064 neighbors per point.

L . . . Point Transformers. We compare to Point Transformer
thevariation of information(\VVOI) and theadjusted rand er- (PT) [55] and Point Transformer V3 [48] (PTv3). These

r<\)/rO(;ARE)(.jAdditionz\;1/IIy, the VOl is detcorﬁ_p ?]sed into as?rllit architectures perform step-wise local neighborhood aggre-
(VOls) and merge (VGQ) ) component, which measures the gation and predict features per point. We compare against

degree of over- and under-segmentation, respectively. the original PTv3 instance segmentation approach that uses
Neuron Type Classi cation. For this multi-class classi-  Point Group [18] for clustering (PTv3/PG). This led to poor
cation problem, we report mean average precisioAR), performance due to PG's reliance on object centroids for
the Topl Error, and the Top5 Error. The Topl error indi- clustering, which are non-discriminative for tightly entan-
cates the likelihood that the correct typenist the top pre- gled neurons. We investigated if pairing PT and PTv3 en-
diction. The Top5 Error measures the likelihood that the coders with our af nity-based cluster decoding could rescue
correct neuron type isotin the top 5 predictions. their poor performance (PT/Ours, PTv3/Ours).

Automatic Proofreading. We solve an af nity-guided
clustering problem, where points of the same neuron form



Dataset Metrics DGCNN [46] Ours

. mAP " 0.62 0.77
Flywire [5] Topl Error# 0.39 0.19
Top5 Error# 0.07 0.03

Hemibrain [42] mAP " 0.53 0.73
Topl Error# 0.38 0.23

Top5 Error# 0.08 0.04

Table 2. Neuron Type Classi cation Results. Our contrastive
embeddings signi cantly outperform DGCNN-based [46] embed-
dings for neuron type classi cation. DGCNN is a GNN-based ap-
proach. The best scores drelded.

Figure 5.Neuron Type Contrastive Embeddings.We project a
single neuron feature set, into a lower dimensional embedding
space using a DeepSgttrained using a contrastive loss function

L contrastive 1N the embedding space, neuron types are predicted with
a k-nearest-neighbor classi er using Euclidean distances.

1024 points. Using our pretrained encoder, the contrastive
Contrastive Embeddings. We compare our contrastive Deep Sets are trained for 100 epochs and a batch size of 650

. . . n asingle H100 GPU. The DGCNN baseline is trained end
embeddings (Sec_. 3.4) against a repr_esentatl\_/e GNN callecfo end. The k-nearest neighbor classi er uses Euclidean dis-
DGCNN [46]. This approach dynamically builds a graph

from a point cloud by connecting nearby points with edges. tances and = 15. For both experiments on FlyWire OL

. . . and the Hemibrain data (see Table. 4.5), we exclude neu-
DGCNN implements graph convolution and predicts a fea- . )

) . ) : rons whose type has fewer than 40 instances in the respec-
ture per single neuron point clow. Following the train-

. L tive dataset. Due to the imbalance of the neuron type dis-
ing procedure of our DeepSet (Sec. 3.4), we optimize tribution in both datasets, we rebalance the training dataset
DGCNN using the contrastive loss functi®onirastive 1N ’ 9

contrast to our method, which uses a pretrained encoder and@> that each type is equally represented. With these con-

only optimizes the deep set parameters, DGCNN is trainedSt.ramtS’ the Flywire tr_alnlng set has 35 unique types, each
with 400 representative neurons. The hemibrain dataset
end to end (Sec. 3.4).

has 41 unique neuron types, each with 300 instances. The
DeepSet MLP and consist of two linear layers with
ReLU activations. usesl1024input units and256 units in
Automated Proofreading. Each point cloud contains 4288 the hidden and output layershas256input and32 output
samples, which includes 1024 points per neuron and up to 6units with no activation function in the last layer. The con-
background fragments, with each up to 32 points. We ran-trastive embedding space has a dimensionalify of 32.
domly sampléf 1; :::; 4g neurons during af nity prediction )
training and testing. For cases where the number of neuroné->- Main Results
is< 4, zero padding is used to get an equal number of pointsAutomated Proofreading. Table 1 shows quantitative
per batch. We also report data ablation for OOD testing with comparisons of our approach to six baselines (Sec. 4.3).
> 4 neurons (Sec. 4.6). Generally, based on manual anal-Our approach (Ours/Ours) consistently outperforms base-
ysis of segmentation errors and the datasets used, we ndines. Broadly, learning-based approaches (GNNs, Trans-
4 neurons to be a reasonable training distribution. The formers & Ours) outperform unsupervised clustering meth-
feature sezp usesC = 512 channels, each with a dimen- ods such as DBSCAN and Agglomerative Clustering. We
sionality of D = 1024. The encodet includes a series also nd that conventional instance segmentation tech-
of 24 self-attention modules. The decoder's MLP has two niques such as PTv3 with Point Group (PTv3/PG) [18]
layers, eact2D = 2048 units. The rst layer uses ReLU lead to poor performance, due to their reliance on ob-
activations, and the output layer uses a Sigmoid activationject centroids for point clustering. However, combining
function. The convergence threshold for the agglomerativethe PTv3 encoder with our af nity based cluster decod-
clustering algorithm ig¢ = 0:8. All af nity prediction ex- ing (PTv3/Ours) improves performance and achieves the
periments are trained for 946 epochs and a batch size of 23@econd besscores in our experiments. Transformer ar-
on 8 NVIDIA H100 GPUs. For testing, we used a single chitectures (PT/Ours, PTv3/Ours, Ours/Ours) are superior
H100 GPU. We use ve warmup epochs to linearly increase overall to GNNs (GNN/Ours). In contrast to Point Trans-
the learning rate from O t nax = 1€ 4 and use a cosine  formers, our method (Ours/Ours) produces signi cantly
decay learning rate scheduler with,i, = 1e °. fewer neuron merge errors as shown in Table 1 ¢y{dnd
Neuron Type Classi cation. Here, we use single-neuron in Figure 4. This observation is consistent across all three
point clouds without background fragments, resulting in benchmark datasets. We attribute these performance gains

4.4, Implementation



Figure 6. Input Data Size Ablation. We train our model with a maximum number of 4 neurons per point cloud. However, our model
architecture is agnostic to input size. Hence, we report test set metrics like VQJ, VOI, , and ARE for individual evaluations with a
maximum of 1-7 neurons per point cloud. The grey area indicates out-of-distribution (OOD) performance. While we observe a slow linear
decrease in distribution (max 1-4 neurons) and a bias towards under-segmentation for OOD.

to our model's ability to learn a feature representation with- Feature Size VOL# VOIh# ARE#
out explicit spatial references, allowing exible tting to

thin and sparse spatial objects, such as neurons. Our methodg f 2224'(30_:5?;2 88; 812 882
hresh hich i h B U ' ' '
depends on a threshdigwhich determines the convergence D =1024,C =256 0.0 0.12 0.04

of the agglomerative af nity clustering (Sec. 3.3). We cre-
ated a small training set for each method and identited
with the highest VOI through a grid search.

Neuron Type Classi cation. Table 2 shows neuron type
classi cation metrics for both our contrastive embeddings
(Sec. 3.4) and the embeddings from our GNN-based baseFeature Set Size (Q2). Table 3 shows that reducing ei-
line DGCNN [46] (Sec. 4.3). Our approach outperforms the ther feature dimensionalitp or the number of featureS
baselines for both datasets on all reported metrics. Speci - equally decreases VQhnd VOL,. The ARE error metric
cally, the Top1 error metric improved, with a0:2 for Fly- does not decrease.

Wire and a 0:15for the Hemibrain over the baseline.

Table 3.Feature Size Ablation. We ablate the size of the feature
dimensionalityd and the number of elemensin the feature set.
Reducing botlD or C equally degrades performance metrics.

) 5. Conclusion
4.6. Ablations

We report two ablation studies for the automatic proofread-
ing task to answer the following questions:

The lack of neural network architectures capable of reason-
ing with the global shapes of neurons has been a major bot-
tleneck for the complete automation of connectome genera-
* Question 1:Does our approach generalize to out-of- tjon. Solving this problem will enable connectome mapping
training distributions regarding the maximum number of of entire y brains in mere weeks instead of years, making

neurons merged into a single point cloud? connectome mapping of entire mouse brains feasible. Our
* Question 2Does a lower feature dimensionalily & C results show signi cant performance gains for both tasks
reduce performance numbers ? over various baseline methods and datasets.
OOD Data Ablation (Q1). We show our model perfor- Our work can be extended in several ways. Point clouds

mance on various numbers of neurons in a single pointcould be augmented with additional feature vectors based
cloud for the automatic proofreading task (Fig 6). Our on local image information, for instance, based on Seg-
model was trained for only a maximum number of four neu- CLR [6] or synapse type [9]. Neuron embeddings generated
rons per point cloud. Thus, the grey area indicates OOD by our general-purpose encoder based on a small number of
performance. As expected, we observe a linear perfor-annotations in one brain region or animal species could then
mance decrease within distribution (max. 1-4 neurons perbe used for the unsupervised discovery of new cell types in
point cloud). For OOD evaluations (max. 5 - 7 neurons other brain regions and species. Our method for proofread-
per point cloud), we identify a bias towards undersegment-ing can be extended to tracing neurons in light microscopic
ing point clouds. In comparison, the VQincreases lin-  images by proofreading point clouds segmented with simple
early for OOD input data, and V@I starts increasing more  binary thresholding. Finally, decoders could be trained to
rapidly. This effect could be mitigated by decreasing the generate skeleton graph representations and computation-
convergence threshotf the af nity-based agglomerative  ally ef cient renderings (Gaussian splatting [21]) of neu-
clustering (Sec. 3.3). ronal shapes from sparsely sampled point clouds.
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Global Neuron Shape Reasoning with Point Affinity Transformers

Supplementary Material

A. Additional Ablations

Figure 9 illustrates the sensitivity of our method and the
respective baselines to the convergence threshold of the
affinity-guided agglomeration clustering (Sec. 3.3). Our
method outperforms baselines across all possible thresholds
in terms of the variation of information (VOI) metric, its
split (VOIs), and merges (VOI,) decompositions, and the
adjusted rand error (ARAND). For all metrics, lower values
indicate better performance.

B. Additional Qualitative Results

Automatic Proofreading. We provide additional qualita-
tive results for the automatic proofreading use case. Fig-
ure 10 and Figure. 11 show examples for single-, double-
, three- and four-neuron point clouds. Irrespective of the
number of neurons, our approach outperforms the respec-
tive baselines. Notably, our approach reliably avoids over-
segmenting single neuron point clouds (Fig 10).

Results with Parallel Fibers. Figure 7 shows additional
qualitative results for particularly challenging automated
proofreading cases involving parallel neuronal fibers. We
show a success and failure case (top/bottom row).

More Input Neurons. The number of merged neurons de-
pends on the agglomeration strategy applied to the CNN-
based volumetric segmentation, and is thus a hyperparame-
ter in our framework. Figure 8 shows additional qualitative
results for 7 and 8 input neurons.

Neuron Type Classification. Figure 13 shows the detailed
confusion matrices for quantitative results reported in Ta-
ble 5. The numbers in each tile represent the percentage
(%) of neuron instances of a specific ground truth type,
which were classified respectively. Additionally, Figure 12
shows three examples of different neuron morphologies.
For each neuron, we also show the Top3 predicted neuron
types based on our classifier (Sec. 3.4). The ground truth
type is highlighted in green. For all three examples, the cor-
rect type is within the top two predicted neuron types.
Videos. We attach videos to the supplement that show qual-
itative results for our approach and baselines.

C. Details for Baseline Implementations

We use the default hyperparameter configuration for the
Point-GNN [41], PT [55], PTv3 [48], PG [18] and
DGCNN [46] baselines, as reported in the respective papers.
The PTv3 encoder additionally uses a grid size parameter
of 0.001 to achieve the best performance with our data. All
affinity decoding models were trained using the binary cross

PT/Ours Ours / Ours

Ground Truth

Hard cases

Figure 7. Qualitative Results involving parallel fibers. Top row
shows a success case. The bottom row shows a failure case.

Input Ours /Ours
: £
A "'}W /?A\.

Y
P, )

7 Neurons

8 Neurons

Figure 8. More Neurons. Examples with 7 / 8 complete neurons.

entropy loss. The PT baseline uses a convergence thresh-
old for the agglomeration clustering of t = 0:9, PTv3 uses
t = 0:8, and Point-GNN uses t = 0:7. We determined those
parameters using grid search on a small training set. The
unsupervised clustering baselines (DBSCAN/Agglo) use a
threshold of t = 0:1 and t = 0:3, respectively. Addition-
ally, DBSCAN uses a min_samples hyperparameter of 150.
All learning-based baselines were trained until the respec-
tive loss converged.

D. Scalability

Our model has a common point cloud encoder for both tasks
and a task-dependent decoder. The encoder scales linearly
with point cloud size through a constant sized feature em-
bedding (Fig. 3b). The neuron typing decoder scales con-
stantly with point cloud size. The affinity decoder naively
scales quadratically with point cloud size. However, strate-
gies that decode affinities between supervoxels only re-
quire computation scaling quadratically with supervoxels,
not points. For instance, with 4; 288 input points, decod-
ing affinities between 2; 000 supervoxels only takes 70 ms
on one H100 GPU. For extremely large inputs, such as
30; 000 points grouped into 7; 500 supervoxels, inference
takes around 750 ms using one H100 GPU.
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Figure 9. Clustering Threshold Ablation. These charts plot the agglomeration clustering threshold t (Sec. 3.3) relative to automated proof-
reading performance metrics for the FlyWire dataset. Here, we focus on learning-based approaches like GNN/Ours [41], PT/Ours [55],
and our proposed approach. While performance fluctuations occur as the clustering threshold changes, our method consistently performs
better than the reported baselines. All plots here are based on the FlyWire dataset.
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Ours /Ours
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Figure 10. Additional Qualitative Results for Single & Two Neuron Pointclouds. We show additional examples for single neuron point
clouds (top half) and two neuron point clouds (bottom half). Our approach reliably detects single neurons and does not oversegment them.
Qualitative examples also show that our approach is more accurate for two-neuron point clouds than the shown baselines.
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