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Abstract

Bio-inspired Spiking Neural Networks (SNNs) provide
an energy-efficient way to extract 3D spatio-temporal fea-
tures. However, existing 3D SNNs have struggled with
long-range dependencies until the recent emergence of
Mamba, which offers superior computational efficiency and
sequence modeling capability. In this work, we propose
Spiking Point Mamba (SPM), the first Mamba-based SNN
in the 3D domain. Naively adapting Mamba to 3D SNNZ,
though, is hindered by temporal dynamics mismatch and
spike-induced information loss. Thus, we first introduce Hi-
erarchical Dynamic Encoding (HDE), an improved direct
encoding method that effectively introduces dynamic tem-
poral mechanism. Then, we propose Spiking Mamba Block
(SMB), which builds upon Mamba while learning inter-
time-step features and minimizing information loss caused
by spikes. Finally, to further boost performance, we adopt
an asymmetric SNN-ANN architecture for spike-based pre-
training and finetune. Compared with the previous state-
of-the-art SNN models, SPM improves overall accuracy by
+6.2%, +6.1%, and +7.4% on three variants of ScanOb-
jectNN, and boosts instance mIOU by +1.9% on ShapeNet-
Part. Meanwhile, its energy consumption is at most 12.6x
lower than that of its ANN counterpart.

Code: https://github.com/Peppaiu/SPM.

1. Introduction

Bio-inspired Spiking Neural Networks (SNNs) offer a
promising energy-efficient paradigm for 3D point cloud
analysis, leveraging energy-efficient computation and in-
trinsic spatio-temporal dynamics [43, 44]. Despite recent
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Figure 1. The SNN-adapted design of SPM, compared to Point-
Mamba [24], serves as an efficient backbone for various 3D point
cloud analysis tasks, including object classification, part segmen-
tation, and reconstruction.

advances in MLP-based and Transformer-based SNN ar-
chitectures [41, 42, 53], critical limitations persist: (1)
Existing models struggle to capture long-range dependen-
cies (LRDs) in irregular point sequences; (2) Static tempo-
ral encoding methods [35, 68] fail to exploit the dynamic
nature of spike-driven temporal features; (3) Information
degradation during spike-based computation remains un-
addressed [67], particularly when integrating modern se-
quence modeling techniques.

The recent success of Mamba architectures in 3D vi-
sion [18, 24] provides new opportunities. Their selective
state space mechanisms enable more effective LRD model-
ing [11]. However, naively adapting Mamba to SNNs faces
two challenges: (1) Temporal complexity mismatch be-
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tween continuous state transitions and discrete spike events,

and (2) Information density disparity (30% fewer activa-

tions per timestep compared to ANNs [66, 67]).

To bridge this gap, we propose Spiking Point Mamba
(SPM), the first Mamba-based SNN framework that syner-
gizes energy-efficient spike computation with powerful se-
quence modeling. First, we introduce an improved direct
encoding called Hierarchical Dynamic Encoding (HDE) to
SPM. Most of the high-performance SNN studies [35, 41,
68] are based on direct encoding, repeating the input along
the time dimension to generate a static encoding sequence.
However, it fails to fully exploit the potential of SNNs in
extracting the temporal feature effectively [60, 64]. Thus,
HDE introduces dynamics in the early unstable and late re-
dundant stages of farthest point sampling (FPS) while pre-
serving the key information in the middle stage. It converts
static point cloud into dynamic event-based representation,
enabling better feature interaction in SPM.

Then, we propose Spiking Mamba Block (SMB) as the
core component of SPM to leverage the capacity of both
Mamba and SNNs. Although Mamba demonstrates strong
performance in sequence modeling [5, 11], its original ar-
chitecture is not fully compatible with the spike-based in-
put [46, 66]. To this end, we customize the Gate branch and
the SSM feature extraction branch of SMB. The design not
only preserves the modeling capacity of Mamba, but also
enhances the dynamic interactions across time steps while
minimizing the information loss caused by spike. To boost
the performance of SPM across various datasets and tasks,
we pretrain SPM through a heterogeneous SNN-ANN ar-
chitecture, effectively leveraging the modeling strengths of
3D ANNS to enhance the generalization of SPM.

In summary, our main contributions are as follows:

* We build Spiking Point Mamba (SPM), the first energy-
efficient Mamba-based 3D SNN framework, and intro-
duce spike-based pre-training to the 3D SNN domain.

* We propose Hierarchical Dynamic Encoding (HDE), an
improved direct encoding method that enhances temporal
interactions via dynamic temporal mechanism.

e We introduce Spiking Mamba Block (SMB), which
builds upon the modeling capabilities of Mamba while
learning features across time steps effectively.

» Extensive experimental results demonstrate that SPM
achieves significant performance improvements in vari-
ous downstream task.

2. Related Works

State Space Models. Inspired by continuous state space
models in control systems, recent research has shown that
SSM [8, 32], as a promising alternative to sequence mod-
els such as RNNs and Transformers, can effectively model
LRDs. To maintain performance while reducing computa-
tional costs, HTTYH [15], DSS [17], and S4D [14] propose

using diagonal matrices within S4 [13]. S5 [48] introduce
parallel scanning and MIMO SSM. Recently, Mamba [12]
introduces the selective SSM mechanism, achieving linear-
time inference and efficient training. Meanwhile, various
variants of SSMs [34] have been successfully applied to au-
dio [6, 10], video [22, 57] and vision [28, 33, 69].

Deep Learning for Point Cloud. Point cloud analysis fol-
lows two main approaches: projecting raw point clouds
onto voxel grids or images [23, 31, 47] , and directly pro-
cessing raw point cloud. The success of transformers in
deep learning has driven a shift from MLP-based [30, 39,
40] to transformer-based methods [37, 53, 55], but their
quadratic complexity increases computational costs, pos-
ing challenges for long-sequence point clouds. Recently,
Mamba has emerged as a more efficient alternative with
linear complexity and strong sequence modeling [22, 69].
By effectively capturing long-range dependencies (LRDs),
Mamba-based methods [24, 26, 27, 62, 65] provide a more
efficient and scalable solutions for point cloud analysis.
SNN Training and Architecture Design. The primary
challenge in training SNNs is the non-differentiable spike
function [41]. To address this, recent research focuses on
improving training strategies and architectures. Some stud-
ies [2, 19] concentrate on ANN-to-SNN conversion [20,
50], which transforms trained ANNs into equivalent SNNs
using neuron equivalence. However, this approach requires
long time steps and increases energy consumption. Alterna-
tively, other works directly train SNNs using surrogate gra-
dients [16], striving to make computations spike-driven as
much as possible [58], thereby enabling low energy use and
high performance with shorter time steps. Our architecture
follows this direct training paradigm.

3. Preliminaries

3.1. LIF Neuron

The Leaky Integrate-and-Fire (LIF) neuron, a simplified bi-
ological neuron model, captures the “leaky-integrate-fire-
reset” process [45]. As the most popular neuron, it balances
bio-plausibility and computing complexity. Given time step
t, the LIF neuron is formulated by following equations:

Ht :f(Vt717Xt>7 (1)
S: = O(H; — Vin), 2
V,=H, - (1-S)+V,-Ss. 3)

where H; and V; are defined as the membrane potential af-
ter neuronal dynamics and after spike triggering, with X, as
the external input and Vy;, as the firing threshold. The output
spike S; follows Eq. (2), where ©(-) denotes the Heaviside
function. After firing, V; resets to V. as shown in Eq. (3),
while Eq. (1) models the leaky-integrate process, where
f(-) governs decay and input accumulation. We uniformly
adopt the LIF neuron for SN in the following sections.
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Figure 2. The overview of Spiking Point Mamba (SPM), which consists of Hierarchical Dynamic Encoding (HDE), Spiking Embedding
Layer (SEL) for adaptive learning, Spiking Mamba Block (SMB) for feature interaction. For downstream tasks, we design Classification
and Segmantation Head, while for pre-training, we design Reconstruction Head with a lightweight decoder.

3.2. State Space Model

Drawing inspiration from control theory, the State Space
Model (SSM) represents a continuous system that maps an
input state x to an output y through an implicit latent state
h. For a discrete input sequence X;.r,, through certain dis-
cretization rule the SSMs can be defined by:

h, = Ahy_; + Bxy, “4)
yi = Chy + Dxy. 5

where C is a projection parameter, and D is a residual con-
nection. The parameters A and B are discretized using the
zero-order hold (ZOH) rule, introducing the timescale pa-
rameter A. The SSMs are applied separately to each chan-
nel with data-independent parameters, limiting flexibility in
sequence modeling. Recently, Mamba introduces the selec-
tive SSM, where B, C, and A depend on the input, improv-
ing the sequence modeling. In the following sections, both
SSM and Mamba refer to the S6 model.

4. Method

4.1. Main Architecture

We propose Spiking Point Mamba (SPM), the first Spiking
Neuron Network framework based on Mamba architecture,
as shown in Fig. 2. First, Hierarchical Dynamic Encoding

(HDE) is applied to the point cloud for time-dynamic en-
coding, generating tokenized representations. These tokens
are then mapped to semantic features via Spiking Embed-
ding Layer (SEL). Spiking Mamba Block (SMB) further
models both inter-token and inter-time-step interactions. Fi-
nally, the output is passed to different heads for various
downstream tasks.

4.1.1. Hierarchical Dynamic Encoding

Most SNN studies rely on direct encoding by repeating the
input along the time dimension, limiting the temporal fea-
ture extraction due to its static nature. We introduce Hier-
archical Dynamic Encoding (HDE), which treats each time
step as richer input, introducing temporal dynamics. How-
ever, given the temporal correlation of neurons, it is essen-
tial to preserve key information at each time step while in-
troducing dynamic changes to avoid distortion.

Meanwhile, considering the characteristics of farthest
point sampling (FPS), it can be divided into three stages:
early, middle, and late. The early stage is unstable primar-
ily due to the random initial selection, and the middle stage
stabilizes effectively capturing the skeletal structure of the
point cloud, while the late stage may introduce redundancy
or noise because of the sufficient sampling, as further vali-
dated in Appendix A. Hence, we process these three stages
hierarchically to introduce dynamic changes.
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As shown in Algorithm 1, HDE first downsamples the
original point set P to obtain the sampled set S, which is
then divided into three stages: early, middle, and late, with
L, M, and R points respectively. In the early and mid-
dle stages, we dynamically select F' points from S using a
shifting sampling strategy with a step size of [. This dy-
namic mechanism ensures diversity in the initial sampling
distribution while retaining key structural information. Due
to the instability of randomly selected initial points within
a limited range, L remains constant, while [ decreases with
time, referred to as Finite Forward Sliding. In the late stage,
r points are dynamically selected from the remaining R
points as a memory pool for each time step, referred to as
Infinite Backward Extension, where R increases with time,
while  remains constant. Finally, the point sets from Fi-
nite Forward Sliding and Infinite Backward Extension are
merged to generate the encoded point matrix E.

4.1.2. Spiking Embedding Layer

After Hierarchical Dynamic Encoding (HDE), the K-
Nearest Neighbors (KNN) algorithm is applied to each en-
coded center point to find its K nearest neighbors, treated
as tokens T'. These tokens are then mapped by Spiking Em-
bedding Layer (SEL) to obtain higher-dimensional seman-
tic features, which are further processed by SMB to extract
deeper inter-token and inter-timestep relationships.

Specifically, SEL projects the tokens to derive the mem-
brane potential U with preliminary learned deeper seman-
tic information. Subsequently, an element-wise MaxPool-
ing (EMP) is applied across all tokens to capture the local
context of each token, which is then concatenated with U
as an additional feature. This combined representation is
further processed through a series of fully connected layers
and spiking neurons to obtain the final embedded feature
membrane potential U’. Finally, the entire representation is
obtained by adding the potential with its positional embed-
ding. Together, SEL can be formulated as:

U = MLP(SN(MLP(T))), ©)
G = EMP(U), RPE = MLP(E), (7)
U’ = MLP(SN (Concat(U, G))), ®)
U, = U’ + RPE. )

where MLP is composed of a conv layer and a batch nor-
malization layer. RPE means relative position embedding.
T and Uy are features in RT*EXExC gnd RT*EXC rep.
resenting the tokens indexing based on KNN from E and
the final output of SEL respectively.

4.1.3. Spiking Mamba Block

Spiking Mamba Block (SMB) is the core component of the
Spiking Point Mamba (SPM), integrating the strengths of
both Mamba and SNNs. SMB processes both the tempo-
ral dynamics introduced by HDE and the interactions be-

Algorithm 1 Hierarchical Dynamic Encoding

Result: Encoded point matrix E € RT*FxC
Input: Point set P, Sampled Points S, Time Step T'
Early Stage L, Mid Stage M, Late Stage R

# Sampling
S « FPS(P,S)
# Encoding
l=|L/T|,r=|R/T]
M+~ M+L F+FE—r
fori=1,2,3,...,T do

# Finite Forward Sliding

# Infinite Backward Extension

Bi—{sj | M+i-r<j<M+(i+1)-r}
: end for

R A A ol S

—_ = = = = e
N AW = O

tween membrane potential tokens. Similar to previous re-
search, Spiking Point Mamba iteratively applies the SMB
N times, refining the input membrane potential Uy at each
block. The output of each SMB is defined as U,,.

Specifically, U, is first processed by a spiking neuron to
generate spike S,,, enabling sparse synaptic accumulation
in subsequent operations. SMB consists of two branches:
SSM branch and Gate branch. For SSM branch, it first en-
codes S,, with fully connected layers and neurons to extract
the intermediate feature spike S/,. Unlike previous works,
reversing the token dimension in S/, is not meaningful, as it
is a sparse spike matrix with less information. Instead, we
reverse only the time dimension to help SSM branch learn
dynamic relationships between time steps. After timestep-
wise interactions, S/’ is obtained through a spiking neuron.
For Gate branch, it first maps S,, to a higher dimension to
generate a gating matrix Z,. However, element-wise mul-
tiplication between Z,, and S!’ leads to significant informa-
tion loss and disrupts token relationships. To address this,
we apply element-wise average pooling (EAP) on Z,, along
the token dimension, preserving important feature dimen-
sions while maintaining token relationships. Finally, U, 41
is obtained through a linear layer and residual connection.
Together, SMB can be formulated as:

S, =SN(U,), (10)
S, = SN(MLP(S,.)),Z, = SN(MLP(S,)), (11)
U/, U, = SSM(SN(DWConv(S.,,S}))), (12)
S!! = SN (U], + U;}) o SN(EAP(Z,,)), (13)
U,+1 = MLP(S!) + U,,. (14)

where S} and U} represent the time dimension reversal
of S/ and its output through the SSM module, while o
denotes the Hadamard product between the spike tensors.
n = 1,2, ..., N represents the layer number.
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4.2. Spike-based Pre-training Modeling

Inspired by the success of pre-training in 2D SNNs, we
introduce a masked modeling pre-training framework into
3D SNNs for robust point cloud feature representations, as
shown in Fig. 2. A key challenge is to maximize the effec-
tiveness of spike-based pre-training. To this end, we utilize
an asymmetric SNN-ANN heterogeneous encoder-decoder
architecture based on SMB and Mamba Block.

Specifically, the encoder consists of N stacked SMBs,
while the decoder utilizes a unidirectional SSM that is
stacked Ny times for lightweight ANN decoding, where
Ny < N. This design preserves the asymmetry between the
encoder and decoder, accelerating the pre-training. It also
decouples SNN and ANN, leveraging the ANN decoder’s
modeling capability to enhance the SNN encoder’s repre-
sentation capacity while ensuring low energy consumption
during inference. Chamfer Distance is used as the recon-
struction loss to recover the original point cloud. Together,
the spike-based pre-training modeling can be formulated as
follows:

T'/U = 5SMB(T1))7 (15)
H,,H,, = Dssm(T;, Trn), (16)
P, =HH,). a7

where T, and T,, denote the visible and masked tokens
after token masking, respectively, while T’ represents the
encoded features of the visible tokens. H, and H,, are
the decoded features. P, denotes the reconstructed point
cloud. £svp and Dgg) represent the encoder stacked with
SMB and decoder stacked with SSM, respectively, and H is
the reconstruction head.

4.3. Theoretical Energy Consumption

In this section, we investigate energy efficiency of our
SPM architecture. SPM converts matrix multiplication into
sparse addition. Specifically, unlike ANNs where almost all
FLOPs are multiply-accumulate (MAC) operations, SNNs
use sparse spikes with only a subset of neurons activated for
sparse accumulation (AC). According to the research [1], a
32-bit floating-point consumes 4.6p.J for a MAC operation
and 0.9pJ for an AC operation, namely Fyac = 4.6pJ
and Fac = 0.9pJ.

The energy consumption of SPM primarily involves
SEL and SMB. The SEL module consists of the initial
floating-point MAC operations and the subsequent spike-
based synaptic accumulation operations. The energy con-
sumption can be expressed as:

Espr, = Bxac - FLGy, + Bac - FLg - T+ f30,5 (18)

conv conv conv

where fU:G represent the firing rates of U,G after SN,

conv

while FLTE ' FLY-G denote the FLOPs of corresponding

conuv? conv

conv layers of T, E, U and G.

In the SMB module, all conv layers transmit spikes and
performs AC operations, ensuring efficient and event-driven
processing. SSM involves most AC operations with a small
number of MAC operations introduced due to the floating-
point multiplications between A, C, and hidden state h.
The energy consumption can be given by:

Essm = Enviac - FLY + Eac- FLy -T - f3,  (19)
Esvus = Essm + Eac - FLY,,, - T - (20)

n
conv*

where fI. . and f3' denote the firing rates of the input

spikes to different conv layers and SSM in n-th SMB re-
spectively. FL7 . FL} and FL5 represent the FLOPs
of different conv layers, floating-point multiplication, and
spike-based multiplication in n-th SSM respectively. 1" rep-

resents the time step.

S. Experiments

5.1. Experimental Settings
5.1.1. Datasets

We evaluate the performance of 3D point cloud classifi-
cation on the synthetic dataset ModelNet40 [56] and the
real dataset ScanObjectNN [49]. ModelNet40 contains 40
different object categories, each of which contains a large
number of 3D object instances. ScanObjectNN contains
2902 point clouds from 15 categories. It is a more chal-
lenging dataset sampled from real world scans. We follow
previous works to conduct experiments on three main vari-
ants: OBJ-BG, OBJ-ONLY and PB-T50-RS.

We also evaluate our proposed SPM on the part segmen-
tation dataset ShapeNetPart [59], which includes 16,881
models across 16 categories. For pre-training experiments,
we utilize ShapeNet [4], a comprehensive dataset contain-
ing over 50,000 unique 3D models from 55 common object
categories, ensuring robust feature learning.

5.1.2. Implementation Details

For classification experiments, the number of input points
is set to 2048 by default, adjusted to 1024 for ModelNet40.
After HDE, the number of points per time step F, is set to
256, or 128 for ModelNet40. The number of points in the
early or late stage is 10%F. The layer number of Spiking
Mamba Block N is 12. For most neurons, V}, is set to 0.5
while for neurons before each SSM, V;;, is set to 0.25. For
segmentation experiments, we utilize the same backbone as
in classification experiments. For pre-training experiments,
the mask ratio is set to 0.6. For fine-tuning experiments, the
training epochs is halved to improve training efficiency.

In most experiments, we utilize the AdamW optimizer
and conduct 300 epochs of iterative training on 2xRTX
4090 GPUs. The remaining hyperparameters are consistent
with previous research [18, 24] for fair comparison. More
experimental details can be found in Appendix C.
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ScanObjectNN ModelNet40
Architecture Methods Params T
OBJ-BG  OBJ-ONLY PB-T50-RS  w/o Vote w/ Vote
PointNet [39] 35 - 73.3 79.2 68.0 89.2 -
ANN PointNet++ [40] 1.5 - 823 84.3 77.9 90.7 -
PointMLP [30] 13.2 - - - 85.4 94.1 94.5
PointMamba [24] 12.3 - 90.2* 89.8* 854 924 -
KPConv-SNN [54] - 40 - - 70.5 - 43.9
Spiking Pointnet [42] 35 4 72.2* 76.4* 64.1 88.2 88.8
SNN SpikingPointNet [21] 35 16 - - 69.2 88.6 -
P2SResLNet-B [54] 143 1 78.6* 80.2* 74.5 - 88.7
Spiking Point Transformer [52]  10.2 4 82.8* 83.4* 78.0 91.4 91.6*
Spiking Point Mamba (Ours) 13.2 4 902(17.4) 89.5(16.1) 84.2(16.2) 92.3(10.9 92.7(11.1)

Table 1. Performance comparison with the baseline methods. We report overall accuracy (%) on three ScanObjectNN variants and on
ModelNet40 with and without voting. The best results in the SNN domain are bolded, with x and 71 indicating self-reproduced results and

the improvement compared to Spiking Point Transformer.

Architecture Methods PB-T50-RS ModelNet40 Architecture Methods Cls. mloU Ins. mIoU
Point-BERT [61] 83.1 92.7 PointNet [39] 80.39 83.7
MaskPoint [25] 84.3 93.8 PointNet++ [40] 81.85 85.1
ANN Point-MAE [36] 85.2 93.2 ANN DGCNN [38] 82.33 85.2
Point-M2AE [63] 86.4 934 APES [51] 83.67 85.8
PointMamba [24] 88.2 93.6 PointMamba [24] 84.29 85.8
SNN SPT[52]* 82.6 92.5 SNN SPT[52]* 81.32 82.9
SPM (Ours) 86.5(1 3.9 93.1(11.4) SPM (Ours) 82.29(1 0.97) 84.8(1 1.9)

Table 2. Performance of self-supervised learning methods. We
report overall accuracy (%) on PB-T50-RS and ModelNet40.

5.2. Experimental Results

5.2.1. Object Classification

We compare SPM with other state-of-the-art methods
on OBJ-BG, OBJ-ONLY, PB-T50-RS and ModelNet40
datasets and report the results in Tab. 1 and Tab. 2. All the
methods we compare are based on LIF, which is the most
popular neuron. Moreover, we use Overall Accuracy (OA)
to evaluate the classification performance of all methods.

As shown in Tab. 1, our proposed SPM achieves the
state-of-the-art performance in the SNN domain on both
ScanObjectNN and ModelNet40 datasets, significantly out-
performing SNN baselines. Specifically, on the PB-T50-
RS, OBJ-ONLY, and OBJ-BG subsets, SPM attains 84.2%,
89.5%, and 90.2% OA, surpassing SPT by 6.2%, 6.1%, and
7.4%, respectively. Moreover, on the ModelNet40 dataset,
SPM achieves 92.3% OA, reflecting a 0.9% improvement
over SPT. This means that the introduction of Mamba en-
hances SPM’s sequence modeling capabilities. In the ANN
domain, SPM performs comparably to PointMamba, con-
firming that SPM benefits not only from Mamba but also
from the temporal feature extraction of SNN.

Table 3. Performance of part segmentation methods. We report
Cls. mloU (%) and Ins. mIoU (%) on ShapeNetPart.

As shown in Tab. 2, we also evaluate the performance
of spike-based pre-training model for SPM using two rep-
resentative datasets: PB-T50-RS and ModelNet40. In the
SNN domain, our SPM achieves the state-of-the-art perfor-
mance and outperforms SPT with 86.5% OA on PB-T50-RS
and 93.1% OA on ModelNet40. In addition, compared to
training from scratch on PB-T50-RS and ModelNet40, SPM
shows an improvement of 2.3%, and 0.8% respectively. In
the ANN domain, SPM performs nearly on par with Point-
M2AE. These results illustrate that spike-based pre-training
effectively enhances the SNN encoder.

5.2.2. Part Segmentation

We further evaluate SPM on the ShapeNetPart dataset using
two metrics: Cls. mloU and Ins. mloU, which measure the
mean intersection over union for categories and instances,
respectively. As shown in Tab. 3, SPM demonstrates
superior performance within the SNN domain, achieving
82.29% Cls. mloU and 84.8% Ins. mloU, surpassing SPT
by 0.97% and 1.9%, respectively. In the ANN domain,
while SPM slightly lags behind PointMamba in mIOU, it
offers a compelling balance between performance and en-
ergy efficiency as further illustrated in Tab. 7.
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Figure 3. Ablation study of the design of SMB. Model I-III denote three variant models of SMB while Mamba denotes ANN counterpart.
Gate I and Gate II represent vanilla and SNN-adapted Gate Branch. uni. and bi. SSM represent unidirectional and directional SSM.

Gate Branch SSM Branch ScanObjectNN
Architecture Models - ; ModelNet40
GateI  GateIl  bi. uni. OBJ-BG  OBJ-ONLY  PB-TS50-RS

ANN Mamba - - - - 90.2 89.8 85.4 924
Model I v X X 4 88.3 87.9 83.1 914

Model II 4 X 4 X 89.3 88.9 83.8 91.8

SNN Model III X v X v 88.9 88.4 83.5 91.6
SMB X v v X 90.2 89.5 84.2 92.3

Table 4. Ablation study of the design of SMB. We report overall accuracy (%) on three ScanObjectNN variants and ModelNet40.

5.3. Ablation Studies

To analyze each module in SPM, we conduct a series of
ablative experiments on ScanObjectNN and ModelNet40
datasets. We construct three variants Model I-III, which
correspond to the ablation of our proposed improvements
in two branches. Furthermore, we conduct ablation studies
on the bidirectional strategy, input encoding and time step.

5.3.1. Ablation on SMB

Our proposed SMB enhances both Gate and SSM branches
of Mamba. Therefore, we conduct ablation studies on them,
constructing three variant models (Model I-IIT) as shown in
Fig. 3. Additionally, we conduct a more detailed ablation
on the bidirectional strategy of the SSM branch.

Branch Architecture Fig. 3 shows how SPM enhances
Mamba’s gating and SSM branches for better adaptation
to SNNs. Specifically, Gate I merely replaces ReLU/SiLU
with LIF, while Gate II minimizes information loss from
spike gating. The uni. and bi. refer to unidirectional
and bidirectional SSM branches. From Tab. 4, we observe
that SPM outperforms Models I-III. Compared to Model
I, SPM achieves improvements of 1.9%, 1.6%, 1.1%, and
0.9% OA on OBJ-BG, OBJ-ONLY, PB-T50-RS, and Mod-
elNet40, respectively. This indicates that simply applying
Mamba to SNNss is insufficient. Additionally, both Model

SSM Branch
Token Flip ~ Time Flip

OBJ-BG  PB-T50-RS  ModelNet40

X X 88.9 83.5 91.6
4 X 89.6 83.7 91.7
4 4 89.2 83.4 91.6
X 4 90.2 84.2 92.3

Table 5. Ablation study of the bidirectional strategy. We report
overall accuracy (%) on OBJ-BG, PB-T50-RS and ModelNet40.

IT and Model III outperform Model I, highlighting the ef-
fectiveness of the two SNN-adaptive branches. With these
branches, SMB performs similarly to Mamba while reduc-
ing energy consumption.

Bidirectional Strategy In Tab. 5, we further evaluate the
impact of two bidirectional strategies. Token Flip reverses
the token dimension, while Time Flip reverses the time
dimension. When neither is used, SSM branch degener-
ates into unidirectional SSM leading to poor performance.
Using only Token Flip performs better than unidirectional
SSM, but reflects a 0.4%, 0.4%, and 0.3% drop in OA com-
pared to Time Flip. Additionally, applying both strategies
degrades performance to that of unidirectional SSM. These
results highlight the critical role of bidirectional strategies
in SMB. Specifically, Time Flip proves more effective than
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HDE

OBJ-BG PB-T50-RS  ModelNet40
Forward Backward
X X 88.6 83.7 91.5
X v 89.8 83.8 92.0
v X 89.5 84.0 91.7
v v 90.2 84.2 92.3

Table 6. Ablation study of encoding method performance. We
report overall accuracy (%) on OBJ-BG, PB-T50-RS and Mod-
elNet40. Forward denotes finite forward sliding while Backward
denotes infinite backward extension.

Timestep Energy(mJ) OBJ-BG PB-T50-RS ModelNet40

ANN 18.9 90.2 85.4 92.4
1 1.5 88.9 83.3 91.6
2 2.8 89.8 83.7 91.8
3 39 90.2 83.8 92.1
4 5.4 90.2 84.2 92.3
6 7.6 90.0 84.3 92.3

Table 7. Ablation study of time step. We report overall accuracy
(%) and Energy(mJ) on OBJ-BG, PB-T50-RS and ModelNet40.
ANN refers to PointMamba.

Token Flip in enabling the network to capture more mean-
ingful interaction. However, the combination of both strate-
gies hinders model performance, likely due to the limited
information in the spike input to SSM.

5.3.2. Ablation on HDE

As shown in Tab. 6, we evaluate the impact of finite for-
ward sliding and infinite backward extension of HDE on
the OBJ-BG, PB-T50-RS and ModelNet40 datasets. When
both are applied simultaneously, SPM achieves the best per-
formance on all datasets, with 90.2%, 84.2%, and 92.3%
OA respectively. Conversely, when neither of them is used,
HDE degenerates into direct encoding, reflecting a relative
decline in performance. Furthermore, the performance also
improves when either of them is used individually. This
means that both finite forward sliding and infinite backward
extension contribute effectively to model performance.

5.3.3. Ablation on Time Step

In Tab. 7, we further evaluate SPM’s performance and en-
ergy consumption on OBJ-BG, PB-T50-RS and Model-
Net40 under different time steps, including PointMamba as
ANN counterpart for comparison. Given the high computa-
tional cost, the maximum time step is set to 6.

Unlike previous works [42, 54], we can see that in Tab. 7,
SPM’s performance improves with time steps, plateauing at
4 and 6 with 90.2%, 84.3%, and 92.3% OA, respectively.
This suggests that by introducing temporal dynamics and
leveraging SNN5s’ time feature extraction, SPM alleviates
the redundancy of direct encoding in point cloud analy-

Ground Truth

PointMamba

SPM (Ours)

~A

Airplane Chair Lamp Motorbike Knife

Figure 4. Qualitative results of part segmentation of our SPM and
ANN counterpart (PointMamba) on ShapeNetPart.

Masking

Recon.

GT

Bench Pillow Pistol Car

Figure 5. Qualitative results of reconstruction on ShapeNet.

sis [54]. Meanwhile, SPM achieves a 12.6x energy reduc-
tion over PointMamba at 1 time step and 3.5 at 4 time
steps while maintaining comparable performance.

5.4. Visualizations

We visualize part segmentation results of SPM and its ANN
counterpart, PointMamba, in Fig. 4. The segmentation vi-
sualizations of SPM are nearly identical to PointMamba,
with minor differences in fine details, while overall quality
remains intact. Additionally, we present reconstruction vi-
sualizations of the pre-training in Fig. 5. Despite the high
masking ratio, SPM effectively reconstructs the overall ob-
ject shape. More visualizations can be seen in Appendix D.

6. Conclusion

In this work, we present Spiking Point Mamba (SPM), a
novel SNN framework based on Mamba architecture for
point cloud analysis. The proposed HDE and SMB effec-
tively introduce temporal dynamics and utilize the model-
ing capacity of Mamba and SNNs, achieving a remarkable
performance improvement in the SNN domain. We hope
that SPM can further reduce energy consumption in future
research for neuromorphic hardware deployment.
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