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Abstract

The unordered nature of point cloud data poses
significant challenges to conventional architec-
tures primarily designed for structured data. Spik-
ing neural networks (SNN), by virtue of their
inherent sparsity and dynamics, are particularly
well-suited for processing point clouds to effec-
tively extract meaningful features. We propose
SpikeNet, a novel spiking neural network archi-
tecture for energy-efficient and robust point cloud
analysis. We introduce spiking-driven sparse
attention mechanism coined the Spiking Vec-
tor Mask Transformer (SVMT). By dynamically
aligning the sparsity of point cloud data through
binary spiking masks, SVMT eliminates the need
for softmax and multiplication operations, signif-
icantly improving computational efficiency. We
also propose a Dynamic Sparse Spiking Resid-
ual (DSSR) structure and integrate it with SVMT
to form the Spiking Neural Network (SpikeNet)
for point cloud classification and segmentation.
SpikeNet overcomes the trade-off between accu-
racy and efficiency in previous SNN methods,
achieving collaborative optimization of perfor-
mance and energy-efficiency. Experiments on
benchmark datasets show that SpikeNet achieves
state-of-the-art performance in shape classifica-
tion and segmentation tasks, comparable to artifi-
cial neural network (ANN) based methods. Our
code is available.

1. Introduction

Point cloud processing is a core technology for 3D percep-
tion. However, it faces critical challenges in real-time sys-
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tems such as autonomous driving and robotics (Vizzo et al.,
2023; Lu et al., 2024; Liu et al., 2021; Zhou et al., 2026b;
Liang et al., 2019; Ha et al., 2024). Despite significant
advances in deep learning-based point cloud processing, ex-
isting methods remain constrained by the inherent trade-offs
between data sparsity, disorder, and computational energy-
efficiency. Traditional network architectures rely on dense
computations or structured data representations, making
them ill-suited for deployment on resource-constrained mo-
bile platforms. High energy consumption not only shortens
device battery life but also leads to thermal issues that can
compromise system reliability. Therefore, developing a
point cloud analysis method that balances efficient feature
representation with energy optimization is essential for en-
abling practical deployment of 3D intelligence.

Spiking neural networks (SNN), given their excellent en-
ergy efficiency, have attracted significant attention for 2D
vision tasks (Zhang et al., 2021; 2025a;b; Wei et al., 2025;
2026; Wang et al., 2025; Zhang et al., 2026; Zhou et al.,
2025). Their event-driven computational paradigm offers a
natural energy-efficiency advantage for 3D point cloud anal-
ysis. Different from the continuous activation mechanism
of traditional artificial neural network (ANN), SNN trans-
mit information through discrete spike sequences and only
trigger sparse firings when the accumulated input reaches
the neuron threshold. This dynamic characteristic naturally
aligns with the sparsity of 3D point clouds where large blank
areas would correspond to the non-activated states in SNN.
SNN can suppress the neuron activities in blank (or highly
sparse) areas and only generate spike activities in regions
where point cloud data is significant, automatically avoiding
unnecessary computations.

However, existing SNN-based point cloud analysis methods
face dual challenges. On one hand, to pursue low energy
consumption, existing methods often oversimplify the SNN
architecture. This compromises network accuracy, making
it challenging to meet the stringent demands of applications
such as autonomous driving. On the other hand, the non-
differentiability of spiking signals leads to difficult train-
ing, limiting the generalization ability of the model. To
address these issues, we propose SpikeNet. We design a
spiking-driven sparse attention mechanism, the Spiking Vec-
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tor Mask Transformer (SVMT), which dynamically aligns
with the sparsity of point cloud data through binary spiking
masks, eliminating the need for softmax and multiplication
operations. This significantly improves computational effi-
ciency. Additionally, we propose a Dynamic Sparse Spiking
Residual structure (DSSR) to stabilize the gradient flow dur-
ing SNN training. This prevents the degradation of deep
features, and enhances training stability while maintaining
energy-efficiency. Experiments show that SpikeNet signifi-
cantly improves the accuracy of point cloud processing tasks
while maintaining high energy efficiency. Our contributions
are summarized below:

* We propose a spike-driven sparse attention mechanism
coined Spiking Vector Mask Transformer (SVMT) that
uses sparse spike-based queries, keys, and values, align-
ing dynamically to the sparsity of point cloud data
through a binary spike mask. This approach eliminates
the need for softmax and multiplication operations,
significantly improving computational efficiency.

* We propose a Dynamic Sparse Spiking Residual
(DSSR) structure and integrate it with the SVMT to
form an SNN-based point cloud classification and
segmentation network (SpikeNet). This approach ad-
dresses the training instability of SNN while maintain-
ing energy efficiency, achieving collaborative optimiza-
tion of high performance and low energy consumption.

* We design a directly-trained SNN point cloud segmen-
tation solution. Experiments show that SpikeNet out-
performs existing SNN methods on multiple bench-
mark datasets for point cloud classification and seg-
mentation, and even achieves performance at par with
the computationally expensive ANN-based models.

2. Related Work

ANN-based Point Cloud Analysis. Point cloud processing
methods can be broadly categorized into two approaches:
direct processing of raw point clouds and projection onto
voxel grids or 2D images. While projection-based meth-
ods(Maturana & Scherer, 2015; Wei et al., 2020) simplify
3D tasks by converting them into 2D image problems, they
often result in information loss, compromising the repre-
sentation of fine-grained details. To address this, direct
processing methods have gained prominence. PointNet(Qi
et al., 2017a) pioneered the use of shared MLPs for un-
ordered point sets, and PointNet++(Qi et al., 2017b) further
advanced this by introducing hierarchical feature learning
to capture local geometric structures. PointNet++ has since
become a cornerstone for modern point cloud analysis.

Recent research has focused on exploring local point fea-
tures through graph-based, convolution-based, and attention-
based methods. For instance, 3DGCN(Xia et al., 2021)

constructs point clouds into graph structures to capture lo-
cal geometric information via graph convolution operations.
KPConv(Thomas et al., 2019) addresses the irregularity
of point clouds by defining convolution kernels through
sampled kernel points. PCT(Guo et al., 2021) introduces
attention mechanisms to compute weights between points,
emphasizing key local features. Building on these advance-
ments, our proposed SVMT module leverages attention
mechanisms and the energy efficiency of SNN to enhance
local feature extraction.

SNN-based Point Cloud Analysis. As a new energy-
efficient neural network model, Spiking Neural Network
(SNN) are still in early stages of application with point
clouds. Spike PointNet(Ren et al., 2024) stands out, apply-
ing SNN to point clouds via a “trained-less but learning-
more” paradigm, achieving strong multi-time-step infer-
ence with single-time-step training. P2SResLnet(Wu et al.,
2024a) combines spiking neurons with traditional point con-
volution, proposing a spatial-aware kernel point spiking
neuron for 3D local perception. SPT(Wu et al., 2025) de-
signs a queue-driven sampling direct coding for point clouds,
building the first transformer-based point cloud classifier
by integrating hybrid-driven neurons. E-3DSNN(Qiu et al.,
2025) pioneered Spike Voxel Coding, encoding 3D point
clouds into sparse spike sequences and extracting features ef-
ficiently via spike sparse convolution. However, these SNN
models still lag significantly behind ANN in performance.

SNN show great promise in point cloud analysis due to
event-driven computation and discrete spikes, minimizing
redundant calculations and power use. Their core is spik-
ing neurons (SNs), with Integrate-and-Fire (IF)(Bulsara
et al., 1996) and Leaky-Integrate-and-Fire (LIF)(Gerstner
& Kistler, 2002) as the most common. IF neurons excel
in energy-sensitive tasks for their low memory and energy
needs. High-performance training is key for SNN develop-
ment, with main methods being ANN-to-SNN conversion
and direct training. The former converts ANN to spiking
form but needs large time steps to simulate ReL.U, caus-
ing notable delays. Inspired by ResNet, we found residual
connections maintain SNN sparsity and performance, lead-
ing us to design a biologically plausible DSSR module to
boost 3D point cloud processing. We also use direct training
with IF neurons throughout, reducing latency and improving
energy efficiency while ensuring performance.

3. Method

We propose SpikeNet, a point cloud analysis model based
on Spiking Neural Network (SNN). SpikeNet integrates
spiking-driven principles into residual architectures and
transformers, to achieve energy-efficient feature learning.
Below, we detail each component of SpikeNet and explain
its architecture designed for 3D point cloud Processing.
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Figure 1. The design of the Dynamic Sparse Spiking Residual.

3.1. Dynamic Sparse Spiking Residual

In current neural network research, enhancing computa-
tional efficiency and feature extraction capabilities stand as
pivotal objectives. Drawing inspiration from the field of im-
age classification (Zhou et al., 2023; 2026a), we introduce
a Dynamic Sparse Spiking Residual structure (DSSR) tai-
lored for 3D point cloud analysis. As illustrated in Figurel,
this module integrates two major advantages: a residual
structure to address the vanishing gradient problem and
the spiking neural network design to capture the temporal
dynamic features. This enables us to precisely extract the
features of 3D point clouds with a concise architecture. The
core principle can be articulated as follows:

V¥ = BN(Conv(SN(X{"))) + X", (1)
Y ® = BN(Conv(SN(Y,{"))) + v,{¥). )

In our design, X fl) represents floating-point features, which
transform into spike sequences after passing through the
Spiking Neuron (SN) layer. The subsequent Convolution-
Batch Normalization (Conv-BN) layer strictly confines its
internal computations to floating-point additions, akin to
the floating-point addition mechanism in spiking neural net-
works. This mechanism, being one of the fundamental op-
erations in spiking neural networks, ensures computational
stability and predictability. The residual structure then sums
these outputs to yield Yl(l) , Yl(l) as an output, remains in
floating-point form and subsequently passes through an-
other Spiking Neuron (SN) layer to convert the features into
spike form. This conversion better captures the dynamic
information of the data, aligning with the event-driven na-
ture of spiking neural networks. Similarly, Y(¥) | also in
floating-point form, serves as the output of the DSSR. Be-
fore integrating into the next module, it converts into a spike
sequence, adhering to the computational rules of spiking
neural networks.

3.2. Spiking Vector Mask Transformer

Point Cloud Transformer(Guo et al., 2021) has demonstrated
the advantages of using offset attention mechanisms over
the original self-attention mechanisms in point cloud pro-
cessing. Meanwhile, Point Transformer(Zhao et al., 2021)
has proven that vector attention operators are more effective
than other operators in the field of 3D point cloud processing.
Building on this, we have integrated the Spike mechanism
and designed the Spiking Vector Mask Transformer (SVMT)
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Figure 2. The design of the Spiking Vector Mask Transformer.

as shown in Figure 2. The SVMT module consists of two
parts: the Spiking Vector Attention (SVA) and the Spike
Point Masker (SPM).

3.2.1. SPIKING VECTOR ATTENTION

For the given input feature S, we first transform it into a

spike sequence S’ with a value range of {0,1} through
a Spiking Neural Network (SNN) layer. Subsequently, the
query matrix (), key matrix K, and value matrix V are
computed via linear transformations. These matrices are
then processed by different spiking neurons. We denote
the sequential execution of Linear, batch normalization, and
spiking layers as LBS and formulate this process as follows:

S/(l*l) — SN(S<Z71))’ (3)
Q =LBS(s"'"Y), K =LBS(5""™"), v =LBS(s"""").
)

Here, Q, K,V € RTXCXN are all in spike form, N rep-
resents the number of points and C represents the number
of channels. The spiking vector attention mechanism we
employ performs distinct vector computations between ()
and K, which are then converted into spike values through
a Spiking Neural Network (SN). Subsequently, a Spike
Point Masker (SPM) is used to define sparse attention com-
putation, yielding the attention feature F,,. Compared to
traditional attention computation in Artificial Neural Net-
work (ANN), which requires energy-intensive multiply-
accumulate (MAC) operations between floating-point num-
bers, the spiking design demonstrates superior energy ef-
ficiency. Next, when combined with the spiking offset
attention layer, the offset (difference) between the atten-
tion feature and the input feature S’(‘~1) is computed via
element-wise subtraction. This offset is then reconverted
into a spike sequence through the SN layer, followed by Lin-
ear and batch normalization operations. Finally, it is added

to the input feature S’ 1) to provide the output feature Sil)
for the spiking-based attention module. This process can be
expressed as:

Eva = SPM(SN(7(Q, K)), V), 7(Q, K) = Q = K, (5.6)
S{" = BN(Linear(SN(S'"" " — B,a))) + 8. ()

Where 7 denotes the computational form of spiking vector
attention, implemented as channel subtraction in this paper.
SPM represents the Spike Point Masker (detailed in the next
subsection), and Ey, is the resulting spiking vector feature.
Compared to traditional attention mechanisms in Artificial
Neural Network (ANN), our spiking attention computation
is entirely based on spike-based representations of query,
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Figure 3. The design of the Spike Point Masker (SPM). The left side represents a spiking Channel Masker that performs Row summation
on channels, and the right side represents a spiking Npoint Masker that performs Column summation on Npoints.

key, and value vectors. By focusing on critical information,
aggregating relevant features, and discarding irrelevant ones,
our method significantly improves computational efficiency
and energy performance.

3.2.2. SPIKE POINT MASKER

Traditional 3D point cloud attention uses softmax and
scaling to balance attention weights for numerical stabil-
ity. However, Spiking Neural Network (SNN) output dis-
crete spike sequences, making softmax incompatible. QK-
former (Zhou et al., 2024) addresses this by a linear attention
based on Q ® K, but it relies on the strong spatial correlation
of adjacent pixels in 2D images. Since 3D point clouds are
sparse and irregularly distributed, using only @ ® K can
misdirect attention to invalid points (spike=0) and obscure
valid features. To tackle this, we propose a novel Spike
Point Masker (SPM) module (Figure 3) with two design
variants. The first structure is as follows:

N
Sc = SN (Z Vm-> , St =08c®SN(T(Q,K)). (8,9

=0

Here, S¢ is a C x 1 channel attention vector that models the
binary importance of different channels. S¢ is a spike-form
vector obtained by summing the rows of the spike matrix
V' and then processing it through spike neurons. ® denotes
the Hadamard product between spike tensors. Since spike
values are in {0, 1}, the product range remains unchanged,
making it equivalent to a masking operation. We apply
the spike-form Channel attention vector S¢ to the spike
attention matrix using the Channel Mask to compute the
output S¢,. Similarly, the second structure can be expressed
as follows:

C
Sy = SN (Z m,j> . Sk =Sy ®SN(7(Q, K)). (10,11)

=0

Where Sy is an 1 x IV Npoint attention vector that models
the binary importance of different points. Sy is a spike-form
vector obtained by columns-wise summation of the spike
matrix V followed by processing through a spiking neuron.
Subsequently, the output S’ is obtained by performing a

Column-wise masking operation (Npoint Mask) between
Sn and the spike attention matrix. The proposed Spike
Point Masker module fully leverages the spiking character-
istics of SNN, enabling efficient processing of point cloud
data and focusing on key information extraction without
relying on softmax and scaling operations.

3.3. Spiking Point Cloud Classification

The verview of SpikeNet for 3D point cloud classification is
shown in the upper part of Figure 4. It consists of three parts:
Embedding, Spiking Encoder, and Classification Head. The
first part is the ANN-based Embedding. It takes a point
cloud P € RV *3 as input, where each of the N points is
described by a 3D coordinate, and outputs a corresponding
feature set of d;; dimensions. Then, the learned feature set
F 4 is input into the second part, the Spiking Encoder. The
second part is divided into 4 Stages in total for point cloud
hierarchical spike feature enhancement. Each Stage can be
described by the following formula:

Stage = SVMT(AMP(DSSR(GAM(Fy)))). (12

Here, the Geometric Affine Module(GAM) was proposed
in PointMLP(Ma et al., 2022).Similar to the sampling and
grouping in PointNet++(Qi et al., 2017b), the GAM en-
hances the expressive ability of local features by performing
affine transformations on local geometric features.The ex-
tracted lightweight local point features are input into our
proposed DSSR module. With the help of the residual struc-
ture, the obtained deep features are processed by Adaptive-
Max-Pooling (AMP) to highlight the key information in
the local area of the point cloud. Then, these features are
input into the sparse SVMT module to extract the represen-
tative features of deep aggregation. The SVMT combines
the temporal characteristics of Spike and the advantages
of Transformer in modeling long-range dependencies and
adaptively fusing features, enabling the model to better un-
derstand the overall structure and semantic information of
point cloud data. Finally, the high-precision float linear
layer in the classification head (CH) predicts the final clas-
sification scores of IV, object categories (such as tables,
beds, etc.). The specific description can be expressed by the
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Figure 4. SpikeNet overview. First row shows our point cloud shape classification network, and second row shows our point cloud part

segmentation network.

following formula:

Fiq = Embedding(P), Fiyq € RV*C, (13)
Fs, = Stage, (Fiq), Fu e RT¥2C, (14)
F. = Stage,(Fa—1), Fu € R2*¥C i=234 (15)
Category = CH(Fs4). (16)

Here, the Embedding consists of Conv-BN-ReLU con-
nected in sequence, providing the subsequent spiking net-
work layers with inputs that are rich in feature information
and have a unified dimension. The Spiking Encoder is
responsible for important spiking feature encoding and in-
formation processing tasks. The input of each stage in it is
obtained by doubling the dimension and halving the number
of points of the output from the previous stage, gradually
expanding the receptive field to improve performance. The
Classification Head is composed of a Linear layer, which
maps high dimensional feature vectors to the corresponding
classification category space, thereby outputting the proba-
bility values of each sample belonging to different categories
and completing the classification task of the input data.

3.4. Spiking Point Cloud Segmentation

For the part segmentation task, as shown in the lower part
of Figure 4, we adopted the framework proposed in Point-
Net++(Qi et al., 2017b). We utilized a hierarchical propaga-
tion strategy based on distance interpolation and cross-layer
skip connections, and replaced the backbone network with
our SpikeNet. The difference lies in the fact that our Up-
sample is composed of SN-Conv-BN connections, and the
MLP in the cross-layer connections is also replaced by our
proposed DSSR module. Subsequently, we performed spike
feature transformation on the input category labels using

SN-Conv-BN connections. We also applied an Adaptive-
Max-Pooling (AMP) operation to the features extracted
from each stage of the spike encoder, followed by SN-Conv-
BN connections, to concatenate the feature vectors from all
stages in the channel dimension, obtaining the final global
context features. Finally, we concatenated these features
with those obtained from the backbone network. Through
a classifier composed of a simple linear layer, we obtained
the scores for each point belonging to different categories,
thereby achieving part segmentation of the point cloud.

4. Experiment

We evaluate the performance of the SpikeNet classifica-
tion network on two public benchmark datasets, Model-
Net40(Wu et al., 2015) and ScanObjectNN(Uy et al., 2019),
and the performance of the SpikeNet segmentation network
on the 3D part segmentation benchmark dataset, ShapeNet-
Part(Yi et al., 2016). The experiments are carried out
on a server equipped with an AMD Ryzen Threadripper
3960X 3.80GHz 24-core processor and an NVIDIA A6000
GPU. Our implementation is based on PyTorch and Spik-
inglelly(Fang et al., 2023). For spiking neurons, we set
the time latency 7' to a default value of 3. For the specific
introduction of the datasets and the detailed experimental
settings, please refer to the appendix.

4.1. Comparisons with State-of-the-art Methods

In this section, we conduct a rigorous comparison the perfor-
mance of SpikeNet with some point cloud analysis networks
based on ANN as well as point cloud understanding archi-
tectures based on SNN. It should be noted that there are
two different variants of SpikeNet. The SpikeNet-N net-
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Table 1. Comparison with existing methods on two datasets.

-’ means the model did not provide results, and bold denotes important

results. Our method gives the best Energy-Accuracy balance even though we did not use the voting strategy for computing our method’s
results. OA and mAcc are in %, the units of Energy is millijoule (mJ), Parameters are in millions and Flops are in Giga.

ModelNet40 ScanObjectNN
Methods Year Type Para. Flops OA hAG iy OA ACe By
PointNeXt (Qian et al., 2022) 22’NIPS ANN 1.4 3.6 94.0 90.8 16.6 87.7 - 16.6
PointMLP (Ma et al., 2022) 22’ICLR ANN 12.6 12.8 94.1 91.5 59.0 85.4 83.9 59.0
PointMamba (Liang et al., 2024) 24’NIPS ANN 12.3 3.6 92.4 - 16.6 82.5 - 16.6
PoinTramba (Wang et al., 2024) 24’ICLR ANN 19.5 5.7 92.9 - 26.2 89.1 - 26.2
PCM (Zhang et al., 2025¢) 25’AAAI ANN 342 45.0 93.4 - 207.0 88.1 - 207.0
SIM (Babhri et al., 2025) 25’CVPR ANN 12.3 3.6 92.7 - 16.6 87.3 - 16.6
SpikePointNet(Lan et al., 2023) 23’ICCV SNN 3.5 1.6 88.6 - 1.4 69.2 - 1.4
P2SResLNet(Wu et al., 2024a) 24°AAAI SNN 6.2 33 90.6 89.2 3.0 81.0 79.3 3.1
Spike PointNet(Ren et al., 2024) 24°NIPS SNN 3.5 0.4 88.2 86.7 0.4 66.4 60.4 0.4
E-3DSNN(Qiu et al., 2025) 25°’AAAI SNN 33 - 91.7 - - - - -
SPT(Wu et al., 2025) 25°AAAI SNN - 14.0 91.4 89.4 13.3 78.0 759
SpikeNet-N (ours) N SNN | 105 19 | 932(115 904 (F 1.0) 17 $5.0(140) 832(139) 18
SpikeNet-C (ours) - SNN 10.5 1.9 934 (1 1.7) 90.9 (1 1.5) 1.7 85.5 (1 4.5) 83.3 (1 4.0) 1.8
Table 2. Part Segmentation results on ShapeNet Part. Table 3. Semantic Segmentation results on S3DIS.
Methods Year Type CatmloU (%) Ins.mloU (%) Energy (mJ) Methods Year Type OA (%) mloU (%) Energy (mJ])
PointNet++(Qi et al., 2017b) I7NIPS  ANN 81.9 85.1 85.1 PointNet (Qi etal, 2017a) _ 17CVPR _ANN B 11 55
PointMLP (Ma et al., 2022) 227ICLR - ANN 84.6 86.1 szl PointNet++(Qi etal, 2017b) 17'NIPS ~ ANN - 535 225
l‘z z:::aﬁ;ﬁ&;‘é“il;"?&” Z:ﬁg : ng :Zi 223 5;’565 PointCNN (Lictal, 2018)  I$NIPS ANN 859 57.3 3245
Mamba3D (Han et al., 2024) 24'MM  ANN 84.1 85.7 837 ER; E@‘:Zﬁ;‘lz ;2022)1) ;;;\ICIS: Qﬁz 3(1)21; ;(1)2 4706081
PCM (Zhang et al., 2025¢) 25°AAAL ANN 853 87.0 207.0 :
SIM (Bahri ot al., 2025) 29°CVPR  ANN 841 85.0 70 PTv3 (Wu et al., 2024b) 24CVPR ANN 917 73.6 687.7
E-3DSNN(Qiu et al., 2025) 25AAAI SNN 817 838 38 E-3DSNN(Qiu et al., 2025)  25’AAAI  SNN 88.8 67.4 14.4
SpikeNet-N (ours) - SNN 83.3 85.1 54 SpikeNet-N (ours) - SNN 90.1 68.4 10.2
SpikeNet-C (ours) - SNN 83.9 85.4 5.4 SpikeNet-C (ours) - SNN 90.4 68.9 10.2

work is constructed based on the Npoint Masker, while the
SpikeNet-C network is built based on the Channel Masker.
In terms of evaluation metrics, We employ overall accuracy
(OA) and mean accuracy per class (mAcc) as the evaluation
metrics for point cloud classification and employed category
mloU(Cat.mlIoU) and Instance mIoU(Ins.mlIoU) for point
cloud part segmentation.

Classification on ModelNet4(0. Compared to traditional
classifiers based on ANN, models based on SNN typically
exhibit lower recognition accuracy due to the spike-based
nature of their features. However, there is significant room
for performance improvement, and they are expected to re-
ceive more attention in the future. We first conduct point
cloud classification experiments on the ModelNet40(Wu
et al., 2015) dataset. As shown in Table 1, from the per-
spective of the SNN-based design concept, the accuracy of
Spiking PointNet (Ren et al., 2024) is only 88.61%, that of
P2SResLNet (Wu et al., 2024a) is 90.6%, and the accuracy
of the current SOTA model E-3DSNN(Qiu et al., 2025) is
only 91.7%. Our SpikeNet achieves an optimal accuracy of
93.4%, even surpassing many ANN-based point cloud clas-
sification networks. Meanwhile, our method demonstrates
excellent performance in energy consumption. Compared
with the SNN-based SPT (Wu et al., 2025) model, the en-
ergy consumption of our method is reduced by 9 times;
compared with the ANN-based PointMLP (Ma et al., 2022)
model, it is reduced by 34 times.

Classification on ScanObjectNN. ScanObjectNN(Uy et al.,

2019) is a dataset based on real-world scans, featuring vary-
ing data loss and noise pollution. Such complexity chal-
lenges many ANN-based 3D classifiers to achieve high ac-
curacy. Traditional Transformer architectures struggle with
incomplete/occluded point clouds and lack performance val-
idation in such scenarios. Our SpikeNet model based on
SNN shows exceptional performance. As Table 1 shows, it
achieves 85.5% accuracy on ScanObjectNN, surpassing clas-
sic ANN networks like PointMLP(Ma et al., 2022). Notably,
our method reduces Flops by 7 times and energy consump-
tion by 33 times compared to PointMLP. It also outperforms
SOTA SNN-based classifiers like P2SResLNet (Wu et al.,
2024a) (81.0% accuracy), cutting Flops and energy by 40%.
SpikeNet’s performance on ScanObjectNN proves its break-
through effectiveness in real complex scenarios.

Part Segmentation on ShapeNetPart. Point cloud seg-
mentation is a highly challenging task, aiming to divide a
3D model into multiple meaningful parts. We conducted
tests on the ShapeNetPart(Yi et al., 2016) benchmark dataset
and compared our method with several recent studies based
on ANN and SNN. As shown in Table 2, our SpikeNet
demonstrates superior performance within the SNN domain,
achieving 83.9% Cat. mloU and 85.4% Ins. mloU, sur-
passing E-3DSNN(Qiu et al., 2025) by 2.2% and 1.6%,
respectively. our SNN-based method also outperforms the
classic ANN-based PointNet++, and achieves the lowest
energy consumption of 5.4 mJ. Our work is groundbreak-
ing, achieving amazing point cloud segmentation with high
performance and low energy consumption.
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Table 4. Scene segmentation results on Semantic KITTI Dataset.

Table 5. Semantic segmentation results on ScanNet V2 Dataset.

Method Type Input Val Test Method Type Input Val Test
Cylinder3D (Zhu et al., 2021) ANN point 643 67.8 PointNeXt (Qian et al., 2022) ANN  point 71.5 71.2
AF2S3Net (Cheng et al., 2021) ANN point 742 70.8 PointMetaBase (Lin et al., 2023)  ANN  point 72.8 71.4
PTv2 (Wu et al., 2022) ANN point 703 72.6 PTv2 (Wu et al., 2022) ANN point 754 752
PTv3 (Wu et al., 2024b) ANN point 723 755 PTv3 (Wu et al., 2024b) ANN  point 775 779
E-3DSNN(Qiu et al., 2025) SNN voxel 632 694 E-3DSNN(Qiu et al., 2025) SNN  voxel 682 69.5
SpikeNet-N(our) SNN point 64.6 69.8 SpikeNet-N(our) SNN  point 694 70.8
SpikeNet-C(our) SNN  point 65.1 70.2 SpikeNet-C(our) SNN  point 69.7 71.2

Table 6. Model Efficiency on ModelNet40.

Table 7. Analysis of Spiking Encoder

Methods Training Inference Spike Encoder OA (%) mAcc (%)
Latency ¥ Memory Latency = Memory GAM-MLP*-AMP-MLP* 92.7 90.1
SPT-512 326ms 9.7G 191ms 5.2G GAM-MLP-AMP-MLP 90.1 86.7
SPT-768 385ms 12.5G 201ms 7.3G GAM-DSSR-AMP-DSSR 922 89.3
SPT-1024 431ms 152G 227ms 9.5G
PointMLP 515ms 18.7G 313ms 12.9G GAM-SVMT-AMP-SVMT 92.0 88.9
Mamba3D 433ms 149G 256ms 7.8G GAM-SVMT-AMP-DSSR 92.7 89.6
SpikeNet(our)  321ms 113G 185ms 6.1G GAM-DSSR-AMP-SVMT 93.4 90.9

Semantic segmentation on S3DIS. We conducted semantic
segmentation experiments on the S3DIS dataset (Armeni
et al., 2016), and Table 3 presents the performance and
energy efficiency of SpikeNet compared with other ANN
and SNN methods. Among ANN methods, PTv3 achieves
the best performance (mloU 73.6%) but has an very high
energy consumption of 687.7 mJ. Among SNN methods, our
SpikeNet-N (68.4%) and SpikeNet-C (68.9%) significantly
outperform E-3DSNN (67.4%). Both have a low energy
consumption of only 10.2 mJ, lower than E-3DSNN (14.4
mJ) and most ANN methods, achieving a balance between
accuracy and energy efficiency. These results verify the
advantages of SNN model like SpikeNet: they effectively
capture scene semantics, retain low-energy consumption
characteristics, and have potential for practical applications.

Scene segmentation on Semantic KITTI. We compared
SpikeNet with other SNN-based and ANN-based meth-
ods on the Semantic KITTI (Behley et al., 2019), using
mloU (validation/test set) as the metric. As shown in Table
4, among SNN methods, our SpikeNet-N (64.6%/69.8%)
and SpikeNet-C (65.1%/70.2%) outperform E-3DSNN
(63.2%/69.4%). Due to the mature development, refined
optimization of ANN and no constraints from spiking en-
coding, the mIoU of SpikeNet is slightly lower than that of
advanced ANN methods such as PTv3 (75.5% on test set).
However, as a point cloud SNN model, SpikeNet maintains
competitiveness in outdoor 3D segmentation while inherit-
ing the low-energy consumption characteristic, demonstrat-
ing unique practical value.

Semantic segmentation on ScanNet V2. We compared
SpikeNet with representative ANN-based and SNN-based
methods on the ScanNet V2(Dai et al., 2017). The evalu-
ation metric is mean Intersection over Union (mloU, val-
idation set/test set). As shown in Table 5, among SNN

methods, our proposed SpikeNet-N (69.4%/70.8%) and
SpikeNet-C (69.7%/71.2%) perform better than E-3DSNN
(68.2%/69.5% on test set), and are only slightly lower than
PTv3 (77.5%/77.9%), an advanced ANN method. ANN
have been optimized in structure and parameters for a long
time, so their accuracy is usually higher than SNN. However,
SpikeNet still maintains certain competitiveness in indoor
3D semantic segmentation tasks, which is a promising di-
rection for point cloud processing.

4.2. Ablation Studies

We use ModelNet40 as baseline dataset for ablation study
to determine final network architecture.

Analysis on Efficiency. We compared training and infer-
ence overhead on ModelNet40, focusing on two metrics:
Latency and Peak Memory. As shown in Table 6, when the
number of sampled points increases from 512 to 1024, the
latency and memory usage of SNN-based SPT series models
rise significantly. Mamba3D, which is based on ANN, also
maintains a high resource consumption level. In contrast,
our proposed SpikeNet reduces training latency to 321 ms
and memory usage to 11.3 GB; in the inference phase, it
only requires 185 ms and 6.1 GB. These results are better
than existing comparison methods, verifying that SpikeNet
balances time efficiency and hardware friendliness while
maintaining accuracy.

Analysis on Spike Encoder. Using different modules in
each stage of the Spike Encoder yields different results. We
fixed the GAM and AMP modules and carried out mul-
tiple ablation experiments on the newly proposed DSSR
and SVMT modules. In these experiments, we not only
altered the implementation positions of these two modules
but also tested the functions of each individual module.
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The results, as shown in Table 7, indicate that the adopted
GAM-DSSR-AMP-SVMT structure demonstrates the opti-
mal performance, suggesting that both the DSSR and SVMT
modules play pivotal roles. Note that MLP* represents
Conv-BN-ReLU based on ANN, and MLP represents SN-
Conv-BN based on SNN.

Effect of Embedding Dimension. Most network-based
method experiments show that better performance can be
achieved when using a larger embedding dimension. In our
experiments, the embedding dimension of 64 is set as the
default value. We also report the results with embedding
dimensions of 32 and 96 in Table 8.

Table 8. Effect of embedding dimensions

Embedding Dimension OA (%) mAcc (%)
32 92.7 89.9
64 93.4 90.9
128 92.9 90.3

Effect of Spike Point Masker. The Spike Point Masker
module we proposed has two different designs: Npoint
Masker and Channel Masker. Table 9 presents the evalua-
tion results on the ModelNet40 test set. Experiments show
that the design of Channel Masker can achieve better per-
formance. This is because the Channel Masker better aligns
with the distribution characteristics of point cloud features in
the channel dimension, and can accurately filter key channel
information (such as semantic attributes like shape and cur-
vature), whereas the Npoint Masker tends to cause the loss
of key points in point clouds, leading to performance degra-
dation. Therefore, in subsequent experiments, we adopt the
Channel Masker structure as the final framework.

Table 9. Effect of Spike Point Masker

Spike Point Masker OA (%) mAcc (%)
Npoint Masker 93.2 90.4
Channel Masker 934 90.9

Effect of Spiking Vector Attention Operator 7. Self-
attention mechanism operators can generally be divided
into two types: scalar attention and vector attention. The
former conducts feature-level similarity estimation, while
the latter performs channel-level similarity estimation. Each
operator can be defined as Summation (+), Subtraction (—),
Hadamard product (®), and Division (=-). We apply all the
above-mentioned operators to our SpikeNet framework to
evaluate their performance. As can be seen from the results
in Table 10, the vector attention in the form of subtraction
has higher accuracy and is more suitable for our point cloud
classification framework.

Analysis on Time Latency. Time delay is crucial in Spiking
Neural Networks as it determines the model’s computational
granularity in the temporal dimension and feature-extraction
sequentiality. We aim to calibrate it for an optimal balance

Table 10. Effect of T in Spiking Vector Attention

7 OA (%) mAcc (%)
+ 93.2 90.1
- 93.4 90.9
® 93.0 90.1
= 92.7 89.8

between classification accuracy and efficiency.Based on the
aforementioned ablation experiments, we set T' = 1, 2, 3, 4.
As Table 11 shows, when T' = 3, the SpikeNet strikes a
good balance, achieving a 93.4% accuracy. At this delay,
SpikeNet’s structure is optimally configured for spike-signal
propagation, enhancing feature integration and classification
accuracy.Increasing 7' = 4 offers a wider time range for sig-
nal propagation and processing but also significantly raises
computational demands. Moreover, it reduce salience of
temporal features and affect prediction accuracy. Therefore,
we set the default value of the time delay 7" to 3.

Table 11. Analysis on time latency

T OA (%) mAcc (%)
1 9238 89.8
2 931 90.2
3 934 90.9
4 932 90.4

4.3. Feature Visualization

To explore the feature learning mechanism of SpikeNet, we
conduct feature visualization analysis at different stages for
the Spike Encoder of the SpikeNet-C classification network.
For the input point cloud data, we first average the spike
features of 3D points in temporal and channel dimensions,
then perform pseudo-color encoding based on the spiking
activity rate (Figure5). Cool colors (blue hues) represent
a low activity rate (close to zero), while warm colors (red
hues) denote a high activity rate. The visualization results
show that as the network layer depth increases, the number
of point cloud sampling points decreases gradually, points
with a high firing rate have significant feature retention
advantages; and the hierarchical feature representativeness
enhances step by step.

We compare the predicted results with the ground truth
annotations in the segmentation task of parts, as shown in
Figure 6. Although there remains room for improvement in
edge sharpness (e.g., aircraft tail contours, cup rim edges)
and component integrity (e.g., bag handles, tabletop central
regions) as highlighted in red boxes, our method provides
an innovative solution with remarkable energy efficiency
advantages for 3D point cloud segmentation tasks.
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Figure 5. Shows the visualize the features learned at different
stages in the Spike Encoder of SpikeNet-C on ModelNet40.

Airplane Bag

Figure 6. Shows the Part segmentation results on ShapeNetPart.
Top line is our prediction and bottom line is ground truth.

4.4. Firing rates of different network layers

We present the firing rates of Query, Key, and Value for
both the SVA module and the SSA module at different
stages of the Spike Encoder in a single figure. As shown in
Figure 7, the Query, Key, and Value of both modules exhibit
extremely high sparsity, which provides a foundation for
the sparse computation of the SVMT (presumably an SVA-
based module, such as Spike Vector Matching Transformer)
and the SpikeNet with the SSA module. This is also the core
of the energy-saving advantage of spiking neural networks.
Furthermore, it can be clearly observed from the figure that
under the training scenario on the ModelNet40 dataset, the
proposed SVMT design (corresponding to the SVA module)
has an overall lower firing rate compared to the SpikeNet
with the SSA module. This characteristic makes it more
suitable for the processing task of unordered point clouds.

4.5. Energy Consumption

The proposed network is designed with biological plau-
sibility in mind. Ideally, it can be directly deployed on
neuromorphic hardware. The inference energy cost of our
SpikeNet can be expressed as:

ESpikeNel = EMAC X (FLOPSEOH\,FLOPSFc)
N
+ Eac+ Ty  FLOPSic,,, - fi". (17)
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Fiﬁure 7. The firing rates of Q, K, V in the SVA and SSA module.
Where FLOPs(,, represents the floating-point operations

of the floating-point convolutional layer in the Embedding
module, and FLOPsgc represents the FLOPs of the fully con-
nected (FC) layer. FLOPsg(,,,, represents the FLOPs of the
spiking convolutional layer, where [V is the total number of
spiking convolutional layers, T is the time step, and fr" is the
firing rate of the /N-th spiking convolution. We assume that
the Multiply-Accumulate (MAC) and Accumulate (AC) op-
erations are implemented using the SpikingJelly framework
(Fang et al., 2023), and we introduce a theoretical formula
for low-energy consumption. The energy consumption val-
ues, Fyvac = 4.6 pJ for MAC operations and Fac = 0.9pJ
for AC operations, are derived from measured data of neu-
romorphic chips (e.g., Intel Loihi) (Kundu et al., 2021b; Hu
et al., 2021; Horowitz, 2014; Kundu et al., 2021a). These
values align with the operational energy characteristics of
real hardware, ensuring that our estimation results have
practical reference significance. A detailed introduction to
energy consumption calculation for neuromorphic chips can
be found in Spikformer (Zhou et al., 2023).

5. Conclusion

We introduce SpikeNet, an innovative spiking neural net-
work model designed for point cloud processing. SpikeNet
effectively addresses the high energy consumption issues
of traditional point cloud models based on Artificial Neu-
ral Network (ANN). By combining the stability of residual
structures with the powerful feature extraction capabilities
of transformers, it improves the robustness of Spiking Neu-
ral Network (SNN) during training, enabling more efficient
and accurate feature capture in point cloud data. This pro-
vides a novel and promising solution for point cloud analysis.
Extensive experiments show that SpikeNet exhibits outstand-
ing performance, reaching a leading level in the field. It
rivals traditional ANN-based models in performance while
achieving remarkable energy-saving advantages. In future
work, we plan to expand the application of SpikeNet to more
point cloud tasks and further explore the potential of SNN
in 3D data processing.
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SpikeNet: Sparse Spike-Driven Mask Vector Transformer for Energy-Efficient and Stable Spiking Point Cloud Processing

A. Spiking Neuron Model

Spiking neuron is the fundamental unit of SNN, we choose Integrate-and-Fire (IF) model as the spiking neuron in the
proposed SpikeNet. The dynamics of a IF neuron can be formulated as follows:

uy = Vi1 + Iy (D
Sy = @(Ut - Vth) 2)
Vi =us(1 — St) + Vieset St 3)

Where V;_; represents the membrane potential of the neuron at time step ¢ — 1, which undergoes a spike trigger evaluation.
I; represents the input current at time step ¢. u; denotes the membrane potential of the neuron after incorporating neuron
dynamics at time step ¢. In Equation (2), ©(-) symbolizes the spike trigger evaluation at time step . When the membrane
potential u; exceeds the firing threshold V};,, the neuron emits a spike, setting S; = 1; otherwise, S; = 0. In Equation (3),
V; represents the membrane potential of the neuron at time step ¢ after the spike evaluation. If no spike is produced, V; is
equivalent to uy; otherwise, it is reset to the potential V.. g¢;.

B. Proof of SNN Stability in Training with the DSSR Module

The core of proving the gradient stability of SNN training with the Dynamic Sparse Spiking Residual (DSSR) module lies in
constraining the gradient norm to avoid explosion or vanishing. Here, we clarify the role of the spiking surrogate gradient
and dynamic sparsity in stabilising the training.

B.1. Proof of Spike Surrogate Gradient Stability

Define the loss gradient of layer [ as VL) = 9£/90Y (). From (1) in the main paper, the derivative of the DSSR output
Y () with respect to the pre-activation Yl(l) can be written as

oy " 0
1 1

where I is identity matrix. The derivatives of convolution (Conv) and batch normalization (BN) operations are bounded,
with their bound denoted as K. The gradient of the spiking neuron SN(-) is approximated by the ATan function (with

the specific form (26)), and this approximate derivative satisfies the boundedness of < a//2. Therefore, the norm of the

)

derivative of Y(!) with respect to Yl(l satisfies

oy

S <K 241 o)
oYy

- 2

Based on (2) , the derivative of Yl(l) with respect to X 1(l) also has similar boundedness. By induction, it can be shown that
the deep gradient VL) and the shallow gradient VLU~ satisfy

2
Ive®| < L-|vet=D), L= (K~ g + 1) . 6.7)

When L < 1 by adjusting o and K, the gradient norm decays with the number of network layers but does not vanish,
thereby ensuring the stability of SNN training.
B.2. Dynamic sparsity and effective gradient bound

The DSSR module includes a spiking neuron gate, which generates discrete spikes at a rate p (the fraction of time steps
when SN outputs a spike). Because convolution is only executed on those activations where a spike occurs, the average
gradient flowing through the convolutional branch is scaled by p. Formally, if the full-activity gradient bound is /K, then the
effective bound becomes pK . Consequently the gradient amplification factor is reduced to

Lt~ (pK& +1)°, (8)
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Figure 8. The training loss curves of models with and without the DSSR module.

which can be less than one even when K«a/2 > 1 provided p is sufficiently small. This observation explains why the
dynamic sparsity of spiking neurons is beneficial: it not only reduces computation but also effectively scales down the
back-propagated gradients. These theoretical analyses on gradient stability and effective gradient scaling are further validated
by the training loss curves of models with and without the DSSR module, as shown in Figure. 8, where the DSSR-equipped
model exhibits more stable convergence and avoids gradient explosion/vanishing issues.

C. Mathematical Analysis of the SVMT Module

The Spiking Vector Mask Transformer (SVMT) is a novel component in the SpikeNet architecture for point cloud classi-
fication and segmentation. It integrates spiking neurons with a Transformer—style attention mechanism and introduces a
dynamic masking strategy to reduce computation on sparse point clouds.

C.1. Model Definition

Let S ¢ {0,1}7%E*N denote the binary spike tensor at layer £ — 1 where 7T is the number of time steps, C' is the
channel dimension and NV is the number of points. A linear layer, batch normalisation and spiking neuron are applied
sequentially to produce the query @, key K and value V' tensors:

Q = SN(BN(Linear(S“~"))), K = SN(BN(Linear(5“~"))), V = SN(BN(Linear(S“~1))), )

where SN denotes the spiking neuron activation that outputs binary spikes.

For each time index ¢, channel c and point ¢, an element—wise vector difference is computed and passed through a spiking
neuron to produce the binary attention indicator:

Apei = SN(T(Qt,e,is Ki,ci)) € {0, 1}, (10)

where T is a vector operator (7 = () — K in our work). Anentry A; .; = 1 indicates that the query and key differ sufficiently
at that spatiotemporal location, while A; .; = 0 means no attention is generated.

C.2. Importance of the Q—K Difference for Point Clouds

In our proposed SVMT, the operator 7 is implemented as a simple difference 7(q, k) = ¢ — k. This design is specifically
tailored for point cloud processing for several reasons. First, in point cloud processing, each point ¢ carries a set of features
across channels (e.g. spatial coordinates, normals or learned embeddings). Computing a pairwise dot product between
features of different points, as in conventional self-attention, is unnecessary when the goal is to detect local variations within
a point’s feature vector. By taking the difference of the query and key in each channel,

T(Qt,c,iy Kt,c,i) = Qt,c,i - Kt,c,'h (11)

SVMT measures how strongly the feature at channel ¢ changes between the query and key streams. Passing this difference
through a spiking neuron yields a binary gate A; . ; that indicates whether or not the variation exceeds a threshold. This
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channel-wise gating emphasizes local geometric cues: channels that encode similar information (e.g. neighboring points with
nearly identical coordinates) produce small differences and therefore do not fire, whereas channels that capture distinctive
local structure trigger a spike. The resulting attention therefore focuses computational resources on structurally informative
channels rather than all channels equally.

This channel-wise difference is particularly important for irregular point clouds, where each point is independent and there
is no implicit neighborhood ordering. In contrast to vision transformers for images, there is no natural spatial grid for
computing convolutional filters. Our SVMT’s per-channel difference therefore acts as a local operator that highlights salient
features without resorting to expensive pairwise comparisons across all points. Because Q and K are both binary spike
tensors, the subtraction Q¢ . ; — K .; reduces to an addition and inversion operation on spikes, which can be implemented
efficiently on neuromorphic hardware using simple adder circuits.

C.3. Comparison with Spiking Self-Attention

Spiking self-attention (SSA) was introduced in Spikformer to mimic the dot-product attention mechanism in spiking neural
networks. SSA converts query, key and value into spike-form tensors and computes an attention weight matrix via spiking
operations followed by a scaling factor. Although SSA removes floating-point multiplications and the softmax, it still forms
a full similarity matrix across all tokens, leading to quadratic complexity in the number of points or channels. Moreover, SSA
requires three spike-form components (Q, K and V), and its output variance must be scaled to avoid vanishing gradients.

SVMT departs from SSA in two fundamental ways:

* Local, channel-wise comparison. Instead of computing a dot product between the query and key across all points,
SVMT compares Q and K channel by channel at each point via the difference operator. There is no need to form a
large similarity matrix; each entry A; . ; depends only on the local difference between Q; . ; and K ;. This yields
linear complexity O(T'C'N) rather than the quadratic O(T N?) complexity of SSA.

* Reduced synaptic operations and energy consumption. The difference operator () — K is implemented through
addition of binary spike streams, whereas SSA involves spike-based matrix multiplications. The Q-K design therefore
uses only two spike-form components (Q and K) and avoids the value component entirely, which markedly reduces
synaptic operations. According to the energy analysis of Q-K attention, masking and addition operations can be imple-
mented with negligible power consumption on neuromorphic chips, making difference-based attention substantially
more efficient than SSA.

In summary, by using the Q-K difference as a per-channel gate, our SVMT captures salient variations in point cloud features
without forming dense attention matrices. This design aligns with the sparse, irregular nature of point clouds and provides
significant computational and energy advantages over spiking self-attention.

C.4. Dynamic Mask Definitions

Two masking strategies are considered. These do not operate simultaneously; instead, the architecture uses only one of them
depending on the variant.

C.4.1. POINT MASK (M)

In the SpikeNet-N variant, a mask is derived per point by summing the attention activations over time and channels:

T .
sp() =D Avei, Mp<z’>={1’ i) 2 O, (12,13)

t=1 c=1 0, otherwise,

where 6, is a threshold (typically 1). A point i is preserved if it triggers attention in at least one channel and time step.
Otherwise it is masked out and its value does not propagate further.
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Algorithm 1 Point Mask (M},) Calculation

Require: Attention tensor A € {0, 1}7X¢*N threshold 6,
Ensure: Point mask M, € {0,1}"
I: fori=1to N do

2: sp(i) = S S Aves > Sum activations over time and channels
3: if s (i) > 6, then

4: My(i) =1 > Retain the point
5: else

6: My(i) =0 > Mask the point
7: end if

8: end forreturn MM,

C.4.2. CHANNEL MASK (M.)

In the SpikeNet-C variant, a mask is derived per channel by summing the attention activations over time and points:

T N
$e(€) =D Ayeq,  Me(e) = {(1) 5e(c) 2 Oc, (14,15)

t=1 i=1 otherwise,

where 0, is a threshold. A channel is retained if it has a non—zero attention activation across the dataset; channels with no
attention are masked out.

Algorithm 2 Channel Mask (M. ) Calculation

Require: Attention tensor A € {0,1}7*¢*N threshold 6.
Ensure: Channel mask M. € {0,1}¢
1: forc=1toC do

2: sc(@) = SN Ave > Sum activations over time and points
3: if sc(c) > 6. then

4: Mc(c) =1 > Retain the channel
5: else

6: M:(c)=0 > Mask the channel
7 end if

8: end forreturn M.

The masked attention output is then

NS

(16)

Et.c i = ‘/t c,t At c,1 Mp (Z ’ for Sp%keNet-N’
,Cy 1Cs | Mc(¢), for SpikeNet-C.

C.5. Adaptive Behavior on Sparse Point Clouds

Assume that () and K have spike activation probability p, meaning that an entry in @) or K is 1 with probability p. The
probability that a vector difference triggers a spike in the attention matrix is then approximately 3p2, where 3 depends on
the threshold in 7 and SN.

C.5.1. POINT MASK VARIANT

For SpikeNet-N, a point is selected if it has at least one attention activation across all channels and time steps. With §, = 1
the mask reduces to a logical OR:

c
My(i) =1 =[] - Atea)- (17)
t=1c=1
Hence the probability that point ¢ is kept is
Py My(i)=1) =1— (1 - pp*)T¢ = pp* T C. (18)

Therefore, the expected number of retained points decreases linearly with the spike rate p. Since computations are performed
only on the retained points, the overall complexity adapts to the sparsity of the input.
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C.5.2. CHANNEL MASK VARIANT

In SpikeNet-C, a channel is retained if it fires at least once across all points and time steps. With . = 1, we have

T N
M(e) =1= [0 = Avc); (19)

t=14=1
and the probability that channel c is retained is

Pr(Mo(c)=1) =1—(1—pp>)™ ~ Bp* T N. (20)
Thus the number of active channels drops with the square of the spike rate. In sparse scenarios most channels are pruned,
greatly reducing computation without discarding channels that represent salient features.
C.5.3. EXPECTED COMPLEXITY

Define the effective attention elements as those entries (¢, ¢, i) where A; . ; = 1 and the mask allows propagation. We obtain
the following propositions. Suppose @ and K have spike activation rate p and the attention activation rate is 3p?. Then, for
sufficiently small p, the expected number of effective attention elements is approximately:

E[effective elements] ~ BpPT C E[{z s My (i) = 1}], (21)

~ Bp* TN E[{c: Mc(c) = 1}]. (22)

SpikeNet-N

E [effective elements] ., v

Since E[{i : M (i) = 1}] =~ Bp? T C' N and E[{c : M.(c) = 1}] ~ Bp* T N C for small p, it follows that
~ B2ptT?C? N, (23)
~ B T2 N2 C. (24)

E [effective elements] SpikeNetN

E [effective elements} SpikeNet.C
Thus the complexity declines roughly with p* in highly sparse regimes. This behaviour explains why SpikeNet-N and
SpikeNet-C achieve high energy efficiency on sparse point clouds without significantly compromising important information.

C.6. Summary of SVMT

The proposed SVMT introduces a binary attention mechanism within spiking neural networks and equips it with either a
point mask (SpikeNet-N) or a channel mask (SpikeNet-C) to adaptively process sparse point clouds. By masking inactive
points or channels, the network reduces its computational burden in proportion to the sparsity of the input, as demonstrated
by the above mathematical analysis. These theoretical results support the empirical findings reported in the main SpikeNet
paper and clarify how the dynamic masks contribute to the energy efficiency of the architecture.

D. Dataset Introduction

ModelNet40 (Wu et al., 2015) is an important benchmark dataset in the field of point cloud processing. It includes 40
common 3D object categories, such as airplanes, chairs, etc., and the data comes from CAD models and 3D scanning data.
The dataset consists of approximately 12,000 3D models, with 9,800 used for training and 2,200 for testing. This dataset is
simple and standardized, and is widely used for training and evaluating 3D object classification algorithms.

ScanObjectNN (Uy et al., 2019) is an object classification dataset based on real-world 3D scanning data. The data comes
from 3D scans of various real-world scenes, including both indoor and outdoor objects. The dataset contains 280,414 point
cloud samples, divided into 15 object categories. One of the main features of this dataset is the diversity in sampling density,
noise levels, and missing data, which highly simulates the complexity of real-world 3D scanning data. It is mainly used
to evaluate the performance of point cloud classification algorithms under practical complex data, helping to verify the
reliability of algorithms in real-world applications.

ShapeNetPart (Yi et al., 2016) is a subset of the ShapeNet dataset, focusing on the task of 3D object part segmentation. It is
based on the ShapeNetCore dataset, with part annotations made on its models. It covers 16 object categories and contains
16,881 3D models. In addition to geometric data, the dataset also includes detailed part annotation information in the .json
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format. ShapeNetPart plays an important role in research on 3D object part segmentation algorithms, providing strong
support for training neural networks for accurate part segmentation of objects.

S3DIS (Armeni et al., 2016) is an important benchmark dataset in the field of 3D indoor scene semantic segmentation.
It is built based on lidar scanning data of multiple indoor spaces, covering 6 typical indoor scene types such as offices,
meeting rooms, corridors, and laboratories. The dataset contains point cloud data of 12 large-scale indoor areas, which are
subdivided into 271 room-level sub-regions, with a total number of point clouds exceeding 2 billion. Each point in the
dataset is annotated with detailed semantic categories, involving 13 common indoor object and structure categories such as
walls, floors, ceilings, furniture, doors, and windows, providing precise label support for semantic segmentation tasks.

Semantic KITTI (Behley et al., 2019) is an outdoor 3D semantic segmentation benchmark derived from KITTI. Recorded
by a 64-layer vehicle-mounted LiDAR, it compiles 22 temporally-ordered sequences spanning urban, rural and highway
scenes. More than 43 000 full-spin scans are annotated with 28 classes—vehicles, pedestrians, cyclists, roads, buildings,
etc.—preserving scene dynamics and spatio-temporal coherence. The dataset is now the standard for training and evaluating
LiDAR-based segmentation and detection algorithms in autonomous driving.

ScanNet V2 (Dai et al., 2017) is an indoor RGB-D 3D semantic segmentation dataset for 3D scene understanding. Its
data is captured by RGB-D cameras (recording visual appearance and depth information) across 1,513 annotated indoor
scenes, defining 20 semantic categories covering common indoor objects like furniture and structural elements. Featuring
high-quality 3D reconstruction, dense semantic annotations, and multimodal data, it is widely used as a benchmark for
training and evaluating indoor 3D semantic segmentation, object detection, and scene understanding algorithms.

E. Experiment Details

This section will provide a detailed introduction to the specific experimental setup and some supplementary experimental
results.

E.1. Analysis on Different Activation Functions

During the direct training of SpikeNet, the gradient of the spiking activation function used during backpropagation is based
on the arctangent function (ATan):

1 U 1
g(z) = — arctan (5041‘) + 3 (25)

™
Hence, the gradient for backpropagation is:

’ (07

TS0 o)

In the direct training of SNNs, the commonly used spiking activation function is the Sigmoid. To verify the network
performance, we conduct ablation experiments, keeping all other network configurations unchanged. The results are shown
in the table 12. Our SpikeNet with the arctangent function demonstrating the best performance.

(26)

Table 12. Performances of different activation functions on the Table 13. Ablation on Different Spiking Neurons on the Model-
ModelNet40 dataset. Net40 dataset.
Function OA (%) mAcc (%) Spiking Neurons OA (%) mAcc (%)
Sigmoid 93.2 90.6 LIF 92.6 90.1
ATan 934 90.9 IF 93.3 90.9

E.2. Analysis on Different Spiking Neurons

The core of SNN lies in spiking neurons. Models utilizing Integrate-and-Fire (IF)(Bulsara et al., 1996) neurons—which only
require accumulation and threshold comparison operations—are not only easy to deploy on neuromorphic chips but also
feature extremely low energy consumption, making them particularly suitable for resource-constrained edge devices. In
contrast, the leakage mechanism of Leaky Integrate and-Fire (LIF)(Gerstner & Kistler, 2002) neurons necessitates additional
circuits to simulate the decay process of membrane potential, which increases hardware complexity and energy consumption.
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We conducted ablation experiments on different spiking neurons, and the results, as shown in Table 13, indicate that the
SpikeNet-C model combining IF neurons with the spiking attention mechanism achieves optimal performance.

E.3. Analysis on Spike Threshold

For SNN, the threshold vinreshold 18 a critical parameter. We conducted ablation experiments on this threshold (with results
shown in Table 14), testing four values: 0.5, 1.0, 1.5, and 2.0. When training SpikeNet on the ModelNet40 dataset, the model
performance shows a trend of first improving and then declining as the threshold changes. A too-low threshold (e.g., 0.5)
may cause excessive activation of neurons, introducing redundant noise signals that interfere with the extraction of effective
features; while a too-high threshold (e.g., 1.5, 2.0) will suppress neuron activation, leading to the loss of some key feature
information and thus limiting classification performance. In contrast, the threshold of 1.0 can balance activation intensity
and feature retention capability, enabling neurons to effectively respond to key features while avoiding noise interference
caused by excessive activation, achieving the optimal performance (OA of 93.4% and mAcc of 90.9%).

Table 14. Performances of different thresholds on the ModelNet40 dataset.

Threshold OA (%) mAcc (%)
Vthreshold = 0.5 93.0 90.5
Vthreshold = 1.0 93.4 90.9
Vthreshold = 1.5 92.8 90.4
Vthreshold = 2.0 92.6 90.1

E.4. Dataset Configuration and Data Augmentation

For the ModelNet40 dataset, during the training process, we uniformly sample each point cloud object to 1024 points. We
enhance the data through random translation in the range of [-0.2, 0.2], random anisotropic scaling in the range of [0.67, 1.5],
and random input dropout. In the experiments on the ScanObjectNN dataset, we selected the most challenging perturbation
variable (PB_T50_RS) and applied only scaling for data augmentation. During training, we used a batch size of 32 for both
datasets, with a total of 400 epochs, and adjusted the learning rate for each epoch using a cosine annealing scheduler.

Table 15. Performance comparisons of different data augmentation methods on both the ModelNet40 and the ScanObjectNN datasets.

ModelNet40 ScanObjectNN
Methods
OA (%) mAcc (%) OA (%) mAcc (%)
Random-TSD 93.4 90.9 84.0 81.6
Random-S 92.6 89.6 85.5 83.3

We define two different data augmentation methods: random translation-scaling-dropout (Random-TSD) and random scaling
(Random-S). We also conduct comparative experiments on different datasets, with the results shown in the table 15. On
ModelNet40, our SpikeNet-C with the Random-TSD achieves the improved performance, while SpikeNet-C with the
Random-S performs better on ScanobjectNN.

E.5. The choice of K in the GAM Module

In the GAM module, the neighbor-number parameter k is crucial for the sampling and extraction of local-point features, as it
determines the size of the perception area of local points. We report the experimental results with different values of k in
Table 16. The results show that when k=24, the point cloud classification accuracy is the highest.

E.6. The sampling points of different sizes

At present, most deep-learning-based 3D point cloud networks uniformly sample each point cloud to 1024 points for
experiments. To explore the impact of sampling points of different scales on the performance of 3D point cloud classification
networks, we conducted ablation experiments and reported the results with 2048 and 4096 points in Table 17.
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Table 16. Effect of using a different number of neighbors for local- Table 17. Effect of using different sizes points sampling on Mod-

based edge point sampling on ModelNet40. elNet40.
k 16 24 32 48 N 512 1024 2048 4096
OA (%) 92.9 93.4 93.1 92.8 OA (%) 92.7 93.4 93.0 92.9

E.7. Analysis on DSSR Module

To highlight the innovation of the proposed Dynamic Sparse Spiking Residual (DSSR) structure in adapting to 3D point
clouds, we conducted ablation experiments by replacing DSSR with typical 2D spiking residual modules. These 2D residual
structures adopt a single-stage static design, with their core formula expressed as:

Y = BN(Conv(SN(BN(Conv(SN(X“)))))) + x©. 27

Here, the input feature X is directly converted into spike sequences through a single Spiking Neuron (SN) layer, and the
residual connection is established between the original input X and the output of the two-layer Conv-SN stack. In the
experiment, we retained all other components of SpikeNet (e.g., SVMT, GAM, and AMP) and only replaced DSSR with the
2D spiking residual structure. The results on the ModelNet40 dataset are shown in Table 18. DSSR outperforms the 2D
spiking residual structure by 1.2% in OA and 1.6% in mAcc. This is because the single SN layer in 2D residual structures
cannot dynamically suppress invalid spikes in sparse regions, leading to redundant computations, and thus fail to adapt to
3D point cloud structures. In contrast, DSSR’s design balances the preservation of point cloud features and spiking sparsity,
making it more suitable for 3D point clouds.

Table 18. Analysis on DSSR Module on ModelNet40.

Residual Structure OA (%) mAcc (%)
Spiking Residual 92.2 89.3
DSSR 93.4 90.9

E.8. Analysis on SVMT Module

To verify the superiority of the proposed Spiking Vector Mask Transformer (SVMT) in adapting to point cloud features, we
conducted ablation experiments on the ModelNet40 dataset by replacing SVMT with attention modules from SNN works
oriented to 2D images: the token attention from QKformer (Zhou et al., 2024) and the spike self-attention (SSA) from
Spikformer (Zhou et al., 2023). All other components (e.g., DSSR, GAM, and AMP) remained unchanged to ensure a fair
comparison. The experimental results are shown in Table 19. The SVA module outperforms QKformer’s token attention and
Spikformer’s SSA by 1.5% and 1.3% in OA, respectively. This discrepancy stems from the inherent differences between 3D
point clouds and 2D images: 2D images consist of dense grid-structured pixels with strong spatial correlation, thus making
QKformer’s scalar attention and Spikformer’s SSA effective. However, point clouds are characterized by sparsity, disorder,
and lack of fixed topology. SVMT, by dynamically aligning with the sparsity of point clouds through binary spiking masks
and capturing geometric differences between 3D points using channel subtraction-based vector attention, can focus on
meaningful features and suppress noise, thereby achieving higher accuracy.

Table 19. Analysis on SVMT Module on ModelNet40.

Attention Module OA (%) mAcc (%)

Token Attention 91.9 88.6
Spike Self-Attention 92.1 89.4
Spiking Vector Attention 93.4 90.9

E.9. Analysis on Stage Nums

To further verify the effectiveness of the proposed modules under parameter-constrained settings, we conducted experiments
on the ModelNet40 dataset by adjusting the number of stages in the Spiking Encoder of SpikeNet-C to control the total
parameters. The experimental results are shown in the table 20. When SpikeNet-C only performs encoding with one stage,
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the model parameter count is only 0.3M, and the accuracy still exceeds E-3DSNN’s(Qiu et al., 2025) 91.7%, reaching 91.9%.
This indicates that even with extremely low parameter consumption, our model is still superior to existing state-of-the-art snn
methods, validating that the proposed DSSR and SVMT modules can effectively enhance feature representation capability
without relying on excessive parameter overhead. When SpikeNet-C performs encoding with four stages, the performance
improves to 93.4%, which demonstrates that the hierarchical feature enhancement mechanism of our architecture can
effectively utilize additional parameters to further improve accuracy. This incremental improvement further confirms that
the performance gains of SpikeNet stem from the rational design of its core modules.

Table 20. Analysis of Stage Nums on ModelNet40.

Stage Nums  Parameter (M) OA (%) mAcc (%)

1 0.3 91.9 88.4
2 0.9 92.4 89.6
3 29 92.8 90.1
4 10.5 93.4 90.9

E.10. Analysis on SpikeNet Variants

We further investigated two variants of SpikeNet, namely SpikeNet-N and SpikeNet-C: SpikeNet-N is capable of masking
irrelevant and redundant points in point clouds, while SpikeNet-C can filter out redundant channel information. To verify
the effect of superimposing these two variants, we kept other experimental parameters unchanged and superimposed them
in different orders to define two structures: SpikeNet-NC (N first, then C) and SpikeNet-CN (C first, then N). Ablation
experiments were conducted based on these two superimposed structures. The experimental results, as shown in Table 21,
indicate that after multi-layer spike propagation, the feature information of both SpikeNet-NC and SpikeNet-CN becomes
extremely sparse, ultimately leading to a significant drop in model accuracy.

Table 21. Analysis of SpikeNet Variants on ModelNet40.

Model OA (%) mAcc (%)
SpikeNet-NC 91.6 88.2
SpikeNet-CN 92.0 88.7

SpikeNet-N 93.2 90.4
SpikeNet-C 934 90.9

E.11. The detailed design of Spike Decoder

We adopted the PointNet++ architecture to perform part segmentation. Regarding the design of each module in the Spike
Decoder, we reported the experimental results in Table 22. Compared with the structure based on Artificial Neural Network
(ANN), the performance of our SpikeNet has a difference of less than 1%. Moreover, the design using Spiking Neural
Networks has the advantage of energy-saving.

Table 22. Performances of different Spike Decoder designs on the ShapeNetPart dataset, MLP* and Upsample* represent Conv-BN-ReLU
based on ANN.

Spike Decoder Cat.mloU Ins.mloU
Upsample-SVMT 83.3 85.1
Upsample-DSSR 83.9 85.4
Upsample*-MLP* 84.2 85.6

F. The detailed spiking computation mechanism of SpikeNet

To gain a deeper understanding of the spiking computation mechanism of the SpikeNet network model, we will explain
in detail the specific network layers in each stage of the Spike Encoder of the classification network. The GAM module,
similar to the sampling and grouping operation in PointNet++, aims to extract lightweight local point features without
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involving any MAC operations. When the DSSR module receives the local point features, it first uses the Spiking Neuron
layer (SN) to convert them into spike signals and then performs the Conv operation. This process fully complies with the
rules of spiking computation. Although the output after passing through the two-layer residual structure is a floating-point
number, the subsequent AMP operation only conducts pooling and does not include MAC operations. Subsequently, when
the previous floating-point values go to the SVMT module, the SN layer first converts them into spike sequences, and then
the Conv operation takes place. Obviously, before performing the Conv operation involving MAC in each stage, we convert
the floating-point values into spikes, strictly following the spiking principle, which greatly reduces the energy consumption.

For the Decoder of the segmentation network, we also use the Upsample module composed of SN-Conv-BN connected in
sequence. First, the SN layer converts the floating-point numbers into spike signals, and then we perform the Conv operation.
The DSSR module functions similarly. It can be seen that our entire network strictly adheres to the principle of spiking
computation.

G. Neuromorphic chip deployment

We expect to directly deploy SpikeNet on neuromorphic hardware. However, designing RC circuits on neuromorphic
hardware for processing 3D point cloud requires additional engineering efforts. Point cloud data typically exists in floating-
point format. It is a natural choice to use the Embedding method with *multiply-accumulate (MAC)’ operations to generate
spike signals for each point. Moreover, to pursue higher classification accuracy, the final fully connected (FC) layer needs to
perform some MAC operations, which are quite difficult to implement on neuromorphic hardware. Currently, there is no
method that combines laser scanning with an event-driven mechanism to generate 3D point cloud spikes from the source.
Theoretically, however, both our Spike Encoder and Spike Decoder can be implemented on neuromorphic hardware. They
can convert the floating-point point clouds into spike form before performing convolution (Conv) operations and execute
accumulation (AC) operations to accumulate the weights of postsynaptic neurons. The 3D-SNN architecture can transform
matrix multiplication into sparse addition, enabling addressable addition on neuromorphic chips.
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