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A STATE SPACE MODELS

SSMs are cyclic processes with latent states, which map a 1-D equation or sequence x (t) ∈ RN to
y (t) ∈ RN by a latent state h (t) ∈ RN . The process is mathematically denoted as a linear ordinary
differential equation as follows

y (t) = Ch (t) , h′ (t) = Ah (t) +Bx (t) , (7)

where the three parameters A ∈ RN×N , B ∈ RN , and C ∈ RN represent the state matrix, input
matrix, and output matrix, respectively. Since the above SSMs run on continuous inputs and are not
applicable to discrete inputs such as images and text, they cannot be introduced into deep models.
Thus, it is necessary to discretize them, and the zero-order hold is commonly used as a discretization
method. The discretized formulas are as follows

ht = Āht−1 + B̄xt, yt = Cht, (8)

where Ā and B̄ are the results of discretizing the continuous parameters A and B by a time scale
∆, denoted as

Ā = e∆A, C̄ = C, B̄ = (∆A)
−1(

e∆A − I
)
(∆B). (9)

Since processing the input and latent state equally, previous approaches focusing on linear time-
invariant SSMs (where Ā and B̄ are invariant) may fail to capture critical information from con-
text. Hence, Mamba proposes a novel SSM termed S6 by integrating an input-dependent selective
mechanism into SSMs, where Ā and B̄ are the functions of inputs, indicating Mamba is linear
time-variant.

B DATASETS AND EVALUATION METRICS

ModelNet40 dataset contains 12,311 CAD models across 40 categories, with 9,843 samples in the
training set and 2,468 samples in the test set. Data preprocessing follows the method of Qi et al.
(2017a), where 1,024 points and their normal vectors are uniformly sampled from each sample as
input. As per most relevant studies in the literature, the overall accuracy (OA) is adopted as an
evaluation metric.

ShapeNet dataset comprises 16,878 samples from 50 parts across 16 categories, with 14,005 samples
in the training set and 2,873 in the test set. Data preprocessing is consistent with that applied to
ModelNet40 dataset. As per most relevant studies in the literature, the instance mIoU (Ins. mIoU)
is adopted as an evaluation metric.

S3DIS dataset comprises 3D point cloud data from 271 indoor scenes across 6 areas, with each
point annotated with one of 13 semantic labels. Data preprocessing follows the method of Qi et al.
(2017a), where input features include point coordinates, RGB color, and normalized positions. As
per most relevant studies in the literature, area 5 is used as the test set, while the remaining areas are
used for training, and the mean IoU (mIoU) is adopted as an evaluation metric.

ScanObjectNN (PB T50 RS variant) contains 14,450 valid samples across 15 categories, with
11,636 samples for training and 2,814 for testing. Except for using only coordinates as input, data
preprocessing and evaluation metric are consistent with those used for ModelNet40 dataset.

The default parameters for training our network from scratch can be found in the configuration file
within the code provided in the supplementary materials.

C MORE ABLATION STUDIES

C.1 ABLATION COMPARISON ON THE SERIALIZATION

Serialization. Based on point cloud serialization, the context-scan state space generates a continu-
ous scanning path with inter-point structural dependencies. To validate the rationale behind selecting
the Hilbert curve, Tab. 9 compares the ablation results of various serialization strategies. When two
serialization methods are employed, they are applied separately to the two directions of the bidi-
rectional S6. Quantitative analysis indicates that while combining multiple serialization strategies
can provide richer spatial information, differences in spatial relationships between these strategies
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Serialization Params FLOPs Throughput OA
None 7.36M 0.610G 219FPS 91.34

Hilbert 7.36M 0.610G 163FPS 94.17
Z-Order 7.36M 0.610G 209FPS 93.06

Hilbert & Trans-Hilbert 7.36M 0.610G 133FPS 93.78
Hilbert & Z-Order 7.36M 0.610G 155FPS 93.52

Table 9: Ablation results with multiple serialization strategies.

may introduce confusion and interfere with the learning of spatial consistency. By leveraging its
exceptional spatial locality-preserving property, as shown in Fig. 5, the Hilbert curve establishes
a high-fidelity spatially adjacent scanning path reliable inter-point structural dependencies for the
state space model. This aligns with the visual search pattern of eye movements scanning continu-
ously along spatially adjacent regions, thereby achieving an optimal balance between accuracy and
efficiency.

(a) Serialization/reordering of randomly located points by the Hilbert curve 

(b) Serialization/reordering of randomly located points by the Z-order curve 

Figure 5: Comparison of the serialization of randomly located points by the Hilbert curve (top) and
Z-Order curve (bottom).

C.2 ABLATION COMPARISON OF IPP AND FPS

/ 4 / 8 / 1 6 / 3 2 / 6 4 / 1 2 8 / 2 5 6 N o n e
9 3 . 0

9 3 . 3

9 3 . 6

9 3 . 9

9 4 . 2

OA
 (%

)

S a m p l i n g  r a t e s

 I P P
 F P S

Figure 6: Quantitative results of IPP and FPS.

In our work, we employ the proposed Induced
Point Pooling (IPP) for spatial downsampling. To
investigate its ability to flexibly adapt to the non-
uniform distribution of point clouds for global
semantic integration, we present ablation results
comparing IPP with the Farthest Point Sampling
(FPS) at different sampling rates in Fig. 6, where
/N denotes the sampling rate relative to the in-
put number of points, and None indicates the ab-
sence of the spatial downsampling branch. In-
tuitively, at low sampling rates, both methods
exhibit comparable performance, indicating that
FPS can obtain better global semantics with its ex-
cellent spatial coverage when sufficient sampling
points are available. However, as the downsam-
pling rate increases, the performance of FPS de-
clines sharply. At a sampling rate of /256, its ac-
curacy approaches the baseline without the downsampling branch, suggesting its inability to capture
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critical semantics from non-uniform point clouds at high sparsity. In contrast, IPP exhibits a more
gradual performance decrease, maintaining an excellent accuracy of 93.39% even at the /256 sam-
pling rate. This confirms that IPP, through trainable induced points that adaptively learn the point
cloud distribution, can more flexibly and robustly integrate global semantics, providing effective
coarse-grained information for the point-focused attention.

D COMPLEXITY ANALYSIS

Following the same settings as Eq.(6) and considering the feature transformation, the computational
complexities of each module in the point-focused attention are as follows:

Ω (LNB) = 3ND2 + 2NKD

Ω (SSD) = ND2 + 2MD2 + 2NMD

Ω (IPP) = 2ND2 + 2NMD

(10)

Finally, we have a complexity of Ω (PFA) = 6ND2 + 2MD2 + 2NKD + 4NMD for the point-
focused attention. Since the context-scan state space inherits the linear complexity inherent in the
state space model, the overall network exhibits linear complexity.

E VISUALIZATIONS

To intuitively demonstrate the performance of our network, we present in Fig. 7 the visualization
results of our network alongside the top-performing SSM method (PointMamba (Liang et al., 2024))
and attention method (GAD (Li et al., 2024b)) from Tab. 2 on ShapeNet dataset, where the red points
denote that these points are misclassified. The comparison of the visualization results reveals that
our network is able to achieve better part segmentation results at the boundaries of objects.

F THE USE OF LARGE LANGUAGE MODELS (LLMS)

The authors utilized large language models (LLMs) to a limited extent for proofreading and improv-
ing grammatical correctness. All key aspects of the research, encompassing innovation, conceptual
development, and literature discovery, were solely driven by the authors without LLM assistance.
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Figure 7: Visualization results of PointLearner, PointMamba, and GAD.
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