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CompletionMamba: Taming State Space Model for
Point Cloud Completion
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Abstract—Point cloud completion aims to reconstruct complete
3D shapes from partial scans. The long-range dependencies
between points and shape perception are crucial for this task.
While Transformers are effective due to their global processing
ability, the quadratic complexity of their attention mechanism
makes them unsuitable for long sequences when computational
resources are constrained. As an alternative, State Space Models
(SSMs) provide a memory-efficient solution for handling long-
range dependencies, yet applying them directly to unordered
point clouds presents challenges because of their intrinsic causal-
ity requirements. Existing methods attempt to address this by
sorting points along a single axis. This, however, often overlooks
complex causal relationships in 3D space since adjacency relation-
ships based on Euclidean distance between points in the 3D space
may not be preserved by this linear arrangement. To overcome
this issue, we introduce CompletionMamba, a novel SSM-based
network designed to harness SSMs for capturing both global and
local dependencies within a point cloud. Initially, the input point
cloud is causally structured by rearranging its coordinates. Then,
a local SSM framework is proposed that defines neighborhood
spaces around each point based on Euclidean distance, enhancing
the causal structure. Although local SSM enhances relationships
in short and long distance sequences, it still lacks full shape
modeling of point cloud. To address this, we propose a novel
shape-aware Mamba by integrating the shape code of each 3D
shape into the model, enabling shape information propagation
to all points. Our experiments show that CompletionMamba
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achieves state-of-the-art performance on both the MVP and PCN
datasets.

Index Terms—Point cloud completion, state space models,
short-long-range dependency.

I. INTRODUCTION

THE popularization of Light Detection and Ranging
(LiDAR) and depth cameras has significantly accelerated

the development of 3D computer vision. However, due to lim-
ited viewpoints, occlusions from other objects, and resolution
constraints, captured point clouds often contain missing parts.
Point cloud completion aims to fill in these missing parts,
thereby facilitating downstream tasks such as autonomous
driving and robotic grasping [1], [2], [3], [4].

Point cloud completion methods can be roughly classified
into traditional methods and deep learning based meth-
ods. Traditional methods mainly include geometry-based and
alignment-based approaches. They either use geometric cues
[5], [6], [7], [8], [9], [10], [11], [12], [13], such as local
interpolations and objects’ symmetry, or match the partial
input with template models from a large shape database [14],
[15], [16], [17], [18]. However, these methods can only fill
objects that exhibit small holes. They also require expensive
optimization during inference, making them impractical for
online applications. On the other hand, deep learning-based
methods [19], [20], [21], [22], [23], [24], [25], [26], [27], [28],
[29], [30], [31], [32] follow an Encoder-Decoder structure.
Normally, they adopt PointNet [33], PointNet++ [34] or
DGCNN [35] to achieve feature extraction in the encoder.
Recent research on point cloud completion has focused on
how to obtain the skeleton of objects based on anchor points
[28], [31], [32], [36]. These methods use Transformer to build
relationships between anchor points of incomplete input point
cloud and missing points of complete 3D shapes. Neverthe-
less, these approaches face a major obstacle: the quadratic
complexity of attention mechanisms hampers their scalability
to large-scale point cloud. Consequently, transformer-based
methods typically employ a high down-sampling rate, result-
ing in a significant loss of local details in the input point
cloud.

Recent progress in State Space Models (SSMs) [37], [38],
[39] such as Mamba, an efficient hardware perception algo-
rithm based on structured SSMs with time-varying parameters,
effectively handle long-range dependencies, demonstrating
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Fig. 1. Visualization of point adjacency. The partial object (P) is rendered
using x, y and z values, respectively. Similar colors indicate similar x, y
and z coordinate values. Points p1 and p2 appear adjacent in the z-order
point cloud sequence (Pz) but are distant in the x-order and y-order point
cloud sequences (Px and Py). Despite this, p1 and p2 maintain adjacency
in Euclidean space since their Euclidean distances to the central point are
unchanged in different reordered point cloud sequences (PxKNN, PyKNN
and PzKNN). This demonstrates that local neighborhood structure is preserved
across different coordinate-based orderings.

impressive results in 2D visual tasks. Point Mambas [40],
[41], [42], [43] extend the Mamba framework to 3D data,
effectively capturing point cloud structures and showcasing its
capabilities in 3D visual tasks. There are two primary reasons
that Mamba is suitable for point cloud completion. (1) The
global receptive field characteristic of Mamba is beneficial for
learning global relationships between points, which is the key
to the point cloud completion task. (2) The linear complexity
of Mamba allows longer point relationship building compared
to transformers, leading to detailed preservation and recon-
struction. Addressing the unordered nature of point clouds
poses a significant challenge for vanilla Mamba due to its
causality requirement, which assumes a well-defined order in
the input data. Although previous reordering strategies [40],
[41], [42] can mitigate the unordered characteristic of point
clouds, substantial differences in the 3D spatial coordinates
between adjacent points in the reordered sequence remain
inevitable (as shown in Fig. 1). Furthermore, the vanilla
Mamba framework only establishes relationships between
points, neglecting the relationship between points and the
entire shape. This oversight results in weak detail preservation
and weak global perception abilities, as illustrated in Fig. 2 (a).
The mismatch between the unordered nature of point clouds
and the sequential processing of Mamba necessitates novel
architectural and algorithmic solutions to effectively capture
both local and global relationships within the point cloud data.

Our approach aims to address the unordered nature of
point clouds for Mamba via leveraging local neighborhood
information. A key insight is that, no matter how a point
cloud is rearranged, the local k nearest neighbors of each
point in 3D space remains consistent. By utilizing these local
neighborhood points surrounding each point, we can capture
the intrinsic local geometric structure and relationships, which
are invariant to the overall ordering. Moreover, to enhance

the shape perception ability of vanilla Mamba, we propose to
integrate global features of objects into Mamba. Thus, in this
paper, we propose CompletionMamba, which combines the
proposed Local Mamba block (LM) and Shape-aware Mamba
block (SM) to form the Local and Shape-aware Mamba block
(LSM), for point cloud completion, as shown in Fig. 2 (b).
Specifically, inspired by [40], we first reorder the point cloud
as well as the point-wise features in ascending order of their
(x, y, z) coordinates to mimic the causal data structure required
by the LSM block. After the reordering operation, we obtain
three reordered point cloud sequences (e.g., Px represents the
point cloud sequence P sorted in ascending order along the
x-axis). Unlike [40], we apply the proposed LSM block to
sequentially process the Px, Py and Pz point cloud and point-
wise features rather than directly concatenating these three
ordered point clouds. In the LM module, we use k-Nearest
Neighbors (KNN) to establish local neighborhoods in the 3D
space and then apply Mamba to build relationships within
these local areas. Note that, KNN refers to the k nearest
neighbors of each point in the Euclidean space rather than the
adjacent k points in the reordered point cloud. This approach
not only effectively extracts local geometric structures but
also promotes causality between points in the reordered point
cloud. For point cloud completion, global shape perception
(normally represented by a global feature) can enhance the
completeness of point cloud completion. In the proposed SM
block, we introduce the shape code as the first hidden state in
Mamba to increase shape awareness for point-wise features.
Experimental results show that our CompletionMamba can
recover detailed complete 3D shapes and achieve state-of-the-
art results on both MVP [44] and PCN datasets [19]. Our
contributions are as follows:
• We propose a new Mamba-based point cloud comple-

tion framework, termed CompletionMamba, which builds
short and long distance dependency with linear complex-
ity;

• The proposed CompletionMamba framework integrates
two novel key components: a local Mamba module that
captures fine-grained details, and a shape-aware Mamba
module that models global shape information. These
components are combined with a reordering strategy that
mimics causal data for point clouds, enabling better local
preservation and global perception abilities;

• The proposed CompletionMamba achieves state-of-the-
art completion results on MVP, PCN and ShapeNet-55/34
datasets.

II. RELATED WORK

In this section, we review existing research on point cloud
processing, focusing on two main areas: point cloud comple-
tion (Sec. II-A) and State Space Models (SSMs) (Sec. II-B).

A. Point Cloud Completion

Historically, significant progress in 3D reconstruction and
shape completion has been made using structured volumetric
methods and robust 3D convolutions [45], [46], [47], [48],
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Fig. 2. Comparison of prior approaches and the proposed method. (a) Prior Works: Vanilla Mamba processes the reordered point cloud as a simple causal
sequence of all points, resulting in a lack of local preservation and shape perception, as shown by the disordered structure. (b) Proposed Approach: Our
method introduces a novel Local-Shape Mamba (LSM) framework, consisting of Local Mamba and Shape-aware Mamba. Local Mamba operates within the
local neighborhood of each point, determined by its k-nearest neighbors (kNN) in Euclidean space, preserving local structure effectively. Shape-aware Mamba
integrates shape codes with Vanilla Mamba, applying them across the entire point cloud to establish global relationships among points, enhancing both local
preservation and shape perception. Here,g f represents the global shape feature, contributing to a more coherent representation of the object’s structure.

[49], [50]. These approaches, however, come with high com-
putational and memory requirements. Sparse representation
techniques [51], [52] attempt to address these issues, but
often result in the loss of detailed information due to the
quantification involved.

Recent shifts toward unstructured point clouds as represen-
tations for 3D objects have helped to reduce memory usage
and better preserve fine details. This transition brings new
challenges, as standard convolution operations do not translate
well to the unordered nature of point clouds. Innovations like
PointNet and its variants [33], [34] have allowed for the direct
handling of 3D points across multiple downstream tasks. The
PCN network [19] adopts a global feature extraction method
inspired by PointNet [33] and introduces a folding technique
[23] for point generation. Efforts to capture local structures
in point clouds have led to multiscale feature extraction
methods [53]. Lyu et al. [54] and Chen et al. [55] approached
point cloud completion as a conditional generation task using
Denoising Diffusion Probabilistic Models (DDPM) [56], [57],
[58]. Although these methods achieve fine-grained completion
using a simple mean squared error loss function [59], they are
computationally demanding, limiting their usage to the pre-
liminary stages of coarse point cloud generation. Examining
the role of viewpoint information, Fu et al. [60] found that it
enhances completion quality and performance but requires an
additional trained model for viewpoint representation learning.
More recent architectures [28], [29], [30], [31], [32], [36],
[43] use Transformers for point cloud completion due to their
ability to establish long-range dependencies. However, the
quadratic complexity of their attention mechanism makes them

unsuitable for long sequences (a large number of points) when
computational resources are limited. In this paper, we achieve
point cloud completion using Mamba [37], a memory-efficient
solution for handling long-range dependencies.

B. State Space Models

State Space Models (SSMs) have emerged as a promising
solution to effectively manage long sequence data, enhancing
long sequence modeling. For example, HiPPO [61] combines
linear state space equations with deep learning techniques. Gu
et al. [62] employs linear state space equations in conjunc-
tion with a simple neural network, leading to state-of-the-art
performance on temporal sequences. The Structured State
Space Sequence Model (S4) [63] introduces a parameterization
method for stable diagonalization, while Gated State Space
[64] reduces the dimensionality of the state space module.
Smith et al. [65] simplifies the S4 structure for practical
implementation.

Unlike previous time-invariant systems, Mamba [37] has
undergone significant development with the introduction of
a selection mechanism and hardware-aware algorithms for
efficient information processing. MoE-Mamba [66] integrates
the Mixed Expert Model (MoE) with Mamba, improving state
selection and improving model expressiveness and generaliza-
tion. MambByte [67] operates directly on bytes, eliminating
errors and overhead from word segmentation. GraphMamba
[68] extends the state space model to non-sequential graph
data, improving contextual reasoning through node priori-
ties and arrangement strategies. Mamba has also achieved
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Fig. 3. Overview of the CompletionMamba framework. The overall architecture is illustrated in (a), comprising four main stages: patch embedding, the
LSM block (details in (b) Local Mamba and (c) Shape-aware Mamba), seed generation (d), and refinement. The proposed Local-Shape Mamba (LSM) block
integrates Local Mamba and Shape-aware Mamba modules to capture local and global shape information, respectively. Local Mamba leverages local
neighborhood information using k-nearest neighbors (kNN), while Shape-aware Mamba establishes shape coherence by incorporating global shape features
(gf). The refinement stage includes feature interpolation and up-sampling, producing a coherent output that preserves structural details. Key components include
Depth-Wise Convolution (DWConv), Multi-Layer Perceptrons (MLPs), point embedding (PE), and normalization layers.

remarkable results in biomedical imaging [69], [70], [71], [72].
For instance, U-Mamba [73] enhances image segmentation
accuracy and robustness, while SegMamba [74] performs
segmentation on 3D images by leveraging Mamba. FDVMNet
[75] introduces a network based on the frequency domain
for the correction of image exposure in endoscopic images.
Vivim [76] effectively handles changes in medical videos
using Mamba in video frames. Mamba has been applied in
point cloud applications [40], [41], [42], [43], [77], leveraging
its efficient linear complexity for long-sequence modeling.
However, attempts to address Mamba’s intrinsic causality
requirements by sorting points along a single axis may over-
look complex causal relationships in 3D space. This linear
arrangement often fails to preserve adjacency relationships
between points, which are crucial for capturing intricate spatial
dependencies.

In contrast to previous approaches [40], [41], [42], [43],
[77], we propose to leverage local neighborhood information
to address their limitations. Additionally, we introduce a
shape-aware Mamba block to establish connections between
individual points and the overall shape, enhancing Mamba’s
ability to perceive accurate shapes.

III. METHOD

A. CompletionMamba

1) Overview: In this paper, we follow an Encoder-Decoder
structure to achieve point cloud completion (as shown in
Fig. 3 (a)). The encoder is composed of patch embedding
and the proposed LSM block. The decoder consists of the
seed generator and the refinement module. Given an input
incomplete point cloud shape I ∈ RN×3, we first use a

set abstraction module as in [34] to achieve patch embed-
ding, obtaining down-sampled M points P as well as the
corresponding point-wise features F. In addition, we apply
the max-pooling operation on the point-wise features to
extract the global feature g f . Then, the features are fed to
the proposed local and shape-aware Mamba (LSM) block
to build the mapping between observed points and missing
points. Next, we propose a seed generator to obtain a coarse
prediction. Finally, the proposed refinement, which consists
of the feature interpolation module, the LSM block, and
the upsampling module, is utilized to predict the refined
shape.

2) LSM Block: After getting points P and point-wise fea-
tures F from the patch embedding, we use the proposed
LSM Block to predict missing-point features. Specifically, we
first apply Multi-layer Perceptrons (MLPs) to achieve position
embedding Pe, which is added to F, obtaining hidden states
of the LSM block. Then, these hidden states are reordered in
ascending order along the x-axis, y-axis, and z-axis (Px, Py

and Pz). Next, the three reordered point sets (Px, Py and Pz)
and hidden states are sequentially fed to the proposed LSM
block. Here, we describe the LSM using the x coordinate as
an example (shown in Fig. 3 (b) and Fig. 3 (c)). To be specific,
we rearrange the input point cloud P and the hidden states in
ascending order of the x-coordinate values, obtaining Px, Fx.

In local Mamba, we use KNN to search k nearest neighbors
for each point based on the Euclidean distance and then use
the Mamba block (Fig. 3 (b)) to build local relationships
between k closest neighbors. In each Mamba block, layer
normalization (LN), SSM, depth-wise convolution [78], and
residual connections are employed. A standard Mamba layer
is shown in Fig. 3 (b), and the output can be summarized as
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follows:

S ′l = DW(MLP(LN(S l−1))),
S l = MLP(LN(SSM(σ(S ′l )))× σ(LN(S l−1))) + S l−1 (1)

where S l ∈ RM×C is the output of the l-th block and S 0 is
equal to Fx. DW means the depth-wise convolution. Following
the DW, a SiLU [79] and SSM are adopted. Next, we aggre-
gate local geometric information from k nearest neighbors
to each point using the einsum operation. In shape-aware
Mamba (Fig. 3 (c)), we treat the output features FLM of local
Mamba as input hidden states. To enable each point feature
to better capture the overall geometric structure of objects,
we concatenate the global feature g f with FLM and then use
the Mamba block to build relationships among all points and
the relationship between points and the shape. Note that, the
global feature is not updated iteratively. The outputs of the
LSM are FxLS M and PxLS M .

We use the proposed LSM block to process the reordered
point cloud (Px, Py and Pz) sequentially and obtain the
processed points PLS M and features FLS M treated as the point-
wise features of missing points. The LM module and SM
module are iteratively used for L and T times, respectively.

3) Seed Generator: In the seed generator (as shown in
Fig. 3 (d), we first use the max-pooling operation on FLS M

to get the presentation fm of the missing shape. Inspired by
[80], we treat point cloud completion as a partial point cloud
transformation problem. Thus, we concatenate the presentation
fm and FLS M to predict residuals of PLS M , obtaining missing
points Ps. Finally, we concatenate the observed points P and
missing points Ps to achieve the coarse prediction P0.

4) Refinement: In the refinement module, we aim to recon-
struct a high-resolution complete point cloud with detailed
structures. To better build the relationships between the coarse
prediction and the refined prediction, we adopt two stages. In
the first stage, we build the relationships between the observed
points P and the predicted missing points Ps in the feature
space. Specifically, we use trilinear interpolation to acquire
the point-wise features Fi of P using FLS M according to the
position relationships between down-sampled P from input
point cloud and predicted missing points Ps. Then, MLPs
are used to project P0 to point-wise features Fw, which are
concatenated with Fi and fm. The concatenated features are
first processed to initial hidden states of LSM block using
MLPs. Then, the max-pooling operation is used to acquire the
global representation of P0. In the second stage, the point-
wise features Fw, the global representation of P0 and the
initial hidden states are fed to the proposed LSM block to
obtain global relationships between points and relationships
between entire shape and each point. Next, nearest neighbor
interpolation and 1D deconvolution operations are used on
the output points and features of LSM block to achieve point
and feature up-sampling, respectively. Finally, the up-sampled
features are fed to MLPs to acquire the residuals of up-sampled
points, deriving the refined prediction P1.

B. Loss Function

To quantify the disparity between two point clouds,
we adopted the Chamfer Distance (CD) for its efficiency

compared to Earth Mover’s Distance (EMD).

LCD(P,G) =
1
‖P‖1

X
p∈P

min
g∈G
‖p − g‖2

+
1
‖G‖1

X
g∈G

min
p∈P
‖g − p‖2, (2)

where P and G represent the predicted complete point clouds
and the actual ground truth, respectively.

To impose specific constraints on point clouds created dur-
ing coarse and fine completion, we down-sampled the ground
truth point clouds to match the sampling density of P0. In the
refinement stage, CD is used to measure the difference between
the refined prediction P1 and ground truth. We also exploit
the partial matching loss from [81] to preserve the structural
shape integrity of the input point cloud. This is a unidirectional
constraint designed to align one shape to another. The partial
matching loss ensures that the output point cloud partially
matches the input to a certain extent, which we refer to as
the preservation loss, Lpre. The overall training loss is given
as:

L = LCD(P0,Pgt0 ) + LCD(P1,Pgt) + Lpre. (3)

where Pgt0 is down-sampled ground truth point clouds corre-
sponding to P0.

IV. EXPERIMENTS

In this section, we will first introduce the datasets and
discuss the implementation details (Sec. IV-A), then move on
our completion results on both the MVP (Sec. IV-B) and PCN
datasets (Sec. IV-C).

A. Datasets and Implementation Details

1) MVP Dataset [44]: The MVP dataset includes 16
categories with 4000 CAD models. Each model is virtually
scanned from 26 camera positions to create partial scans. In
our experiments, we generate complete point clouds with point
count totals of 2048, 4096, 8192, and 16384 points, paired
with incomplete point clouds of 2048 points. We use the L2
Chamfer Distance version to assess our results.

2) PCN Dataset [19]: Originating from a subset of the
ShapeNet dataset [47], the PCN dataset includes complete
point clouds of 16384 points against incomplete point clouds
with 2048 points. Here, we use the L1 Chamfer Distance
version, in line with the methodology in [19].

3) ShapeNet-55 Dataset [31]: The ShapeNet-55 dataset
contains 55 categories and includes 41,952 and 10,518 shapes
in the training and testing sets, respectively.

4) ShapeNet-34 Dataset [31]: The ShapeNet-34 training
set comprises 46,765 shapes across 34 categories. For eval-
uation, the test set consists of 5,705 shapes, split into two
subsets: 3,400 shapes from the 34 seen categories, and 2,305
shapes from 21 unseen categories.

5) Implementation Details: For patch embedding, we used
FPS to down-sample 512 points from the input incomplete
point cloud in the encoder. For coarse completion, we pre-
dicted an initial complete shape with 1024 points. In the local
Mamba block, we set k to 12 for KNN. We opted for the
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TABLE I
SHAPE COMPLETION RESULTS ON THE MULTI-VIEW PARTIAL (MVP) POINT CLOUD DATASET (16,384 POINTS) IN TERMS

OF L2 CHAMFER DISTANCE ×104 . THE LOWER, THE BETTER

TABLE II
SHAPE COMPLETION RESULTS ON THE MULTI-VIEW PARTIAL (MVP) POINT CLOUD DATASET (16,384 POINTS)

IN TERMS OF F-SCORE@1%. THE HIGHER, THE BETTER

Adam optimization method [83] with β1 = 0.9 and β2 = 0.999
for training, running for 30 epochs on the MVP dataset and
400 epochs on the PCN dataset. The learning rate was set to
10−4, and was reduced by 30% every 20 epochs. All tests were
conducted on an NVIDIA 3090Ti GPU.

B. Completion on the MVP Dataset

We assessed the MVP dataset against a variety of leading-
edge baseline methods using the L2 Chamfer Distance and
F-Score@1% (F1 is the harmonic average of the accuracy
and the completeness) as performance metrics. The results
for the baseline methods [27], [29], [32], [44], [54] were
produced from the codes and pre-trained models available in
their respective official Github projects. The results for the
remaining methods were taken directly from [44] and [54]
and the original publication [60], [80], [82].

1) Quantitative Comparison: The performance of all meth-
ods, measured by CD loss and F-score@1%, is reported in
Tables I and II. The proposed CompletionMamba achieves
comparable CD performance to GTNet [80] (see Table I),
while demonstrating superior F-score@1% across all cate-

gories (see Table II). Although GTNet [80] effectively captures
global shape priors through repetitive geometric structures
(e.g., symmetry, rotation, translation, and uniform scaling), its
capacity for recovering fine-grained local details is limited.
Our LSM block addresses this by jointly modeling local and
global geometric dependencies, resulting in better performance
in terms of F-score@1%. Moreover, the proposed Completion-
Mamba is significantly lighter than GTNet (2.34 M VS 11.2
M), offering a more efficient solution. These comprehensive
experiments robustly validate the effectiveness of our proposed
framework.

We also evaluated our method against others that support
multi-resolution completion, as shown in Table III. In this
comparison, CompletionMamba demonstrated superior and
comparable performance over all the compared methods at
multiple resolutions. The potential reason is that our proposed
LSM block can effectively establish short and long range
dependencies for both coarse and refined predictions, thereby
promoting the completion performance.

2) Qualitative Comparison: Visual comparison, as dis-
played in Fig. 4, shows that CompletionMamba can produce
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TABLE III
SHAPE COMPLETION RESULTS ON MULTI-VIEW PARTIAL POINT CLOUD (MVP) DATASET WITH VARIOUS POINT CLOUD RESOLUTIONS IN TERMS OF

L2 CHAMFER DISTANCE ×104

Fig. 4. Visual comparisons on the MVP dataset. Note that, the partial point clouds (2048 points) are sparse and self-occluded, as opposed to the reconstructed
and ground truth point clouds (16,384 points), which are dense and complete.

more accurate complete shapes than competing methods.
Although PoinTr [31] can preserve the details of input point
clouds, it struggles to accurately predict the missing parts of
the point cloud. For instance, CompletionMamba can recover
the chair’s missing legs (first row of Fig. 4) by referencing
the visible legs, taking into account the relationships between
visible legs and missing legs. However, PoinTr [85] cannot
fully recover the missing legs. A possible reason is that the
Transformer struggles to establish long-range dependencies
between points in an unordered point cloud and lacks the
ability to perceive the overall shape. In contrast, the proposed
CompletionMamba can better learn local and global structural
relationships under the causal point cloud sequence.

C. Completion on the PCN Dataset

On the PCN dataset, we benchmarked our network against
SOTA baseline methods. The L1 Chamfer Distance served as
our metric for evaluation. The baseline methods’ results of [24]

and [53] were produced from the codes and pre-trained models
provided in their official Github repositories. We gathered
results for other methods from [29], [32], and [86] along with
their respective original publications [27], [31], [60].

1) Quantitative Comparison: The data, presented in
Table IV, demonstrates that our network achieves the lowest
average L1 Chamfer Distance (CD). In all categories, our
method gets comparable or better performances. Especially,
compared to 3DmambaComplete, which directly uses Mamba
on the unordered point cloud without any modifications, the
proposed CompletionMamba achieves significant improve-
ments in all categories due to the establishment of causal
sequences for point clouds by the carefully crafted LSM block.

2) Qualitative Comparison: Fig. IV presents the qualitative
comparison results. Our method stands out by predicting
shapes with greater accuracy and finer details. For example, as
shown in the second and third rows of Fig. IV, our approach
more effectively restores the complex structures on the legs
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TABLE IV

QUANTITATIVE COMPARISON OF SOTA METHODS ON THE PCN DATASET, USING L1 CHAMFER DISTANCE ×103 AS THE EVALUATION METRIC. LOWER
L1 CD VALUES INDICATE BETTER PERFORMANCE

TABLE V

PERFORMANCE COMPARISON IN TERMS OF L2 CHAMFER DISTANCE ×103 (CDL2 ) AND F-SCORE@1% (F1) ON THE SHAPENET-55 DATASET. THE PER-
CATEGORY L2 CHAMFER DISTANCE RESULTS ARE REPORTED ON 5 CATEGORIES WITH MOST TRAINING SAMPLES AND 5 CATEGORIES WITH

THE LEAST TRAINING SAMPLES. CDL2 -S, CDL2 -M AND CDL2 -H DENOTE THE L2 CHAMFER DISTANCE ON THE MASKED POINT CLOUD
WITH THE RATIO OF 25%, 50% AND 75%, RESPECTIVELY. CDL2 AND F1 ARE THE AVERAGED RESULTS ON ALL CATEGORIES AND

ALL DIFFICULTIES. (LOWER CDL2 AND HIGHER F1 ARE BETTER)

of the tables, while the reconstructions from other methods
appear significantly noisier. This highlights our network’s
ability to refine the shape with localized details.

D. Completion on the ShapNet-55/34 Dataset

Following AnchorFormer [32], we report the average CDL2

and F1 scores across all categories, along with the CDL2

performance on masked point cloud data under three different
occlusion ratios (CDL2 -S, CDL2 -M, and CDL2 -H). Addition-
ally, we evaluate per-category CDL2 for two subsets (high-data
categories (table, chair, plane, car, sofa; >2,500 training
samples) and low-data categories (birdhouse, bag, remote,
keyboard, rocket; <80 training samples)). From Table V, we
can see that our CompletionMamba consistently outperforms
competing methods.

To evaluate the generalization capability of Completion-
Mamba for novel object shape completion, we conducted
experiments on ShapeNet-34, measuring performance via
CDL2 and F-Score @1% for both seen and unseen categories.
As shown in Table VI, CompletionMamba achieves perfor-
mance comparable to or better than previous state-of-the-art
methods. This improvement can be attributed to the model’s

enhanced capacity for joint global-local structure modeling,
which enables more robust shape completion under varying
data conditions.

E. Completion on the KITTI Dataset

To demonstrate the effectiveness of our method in real-world
scenarios, we fine-tuned our trained model on ShapeNetCars
[19] following the approach in [25]. We then evaluated our
model’s performance on the KITTI dataset [89], which fea-
tures incomplete point clouds of cars captured in real-world
scenes via LiDAR scans. We assessed the performance using
two key metrics: 1/ Fidelity: This metric calculates the average
distance from each point in the input to its nearest neighbor in
the output. It serves as a measure of how well the input is pre-
served in the output. 2/ Minimal Matching Distance (MMD):
This is determined by the Chamfer Distance (CD) between the
output and the closest car point cloud from ShapeNet in terms
of CD. MMD assesses how closely the output resembles a
typical car shape. These metrics are reported in Table VII,
where our method shows superior quantitative performance
compared to other approaches.
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TABLE VI

PERFORMANCE COMPARISON IN TERMS OF L2 CD×103 (CDL2 ) AND F-SCORE@ 1% (F1) ON THE SHAPENET-34 DATASET. THE L2 CD PERFORMANCES
ON BOTH OF THE 34 SEEN CATEGORIES AND 21 UNSEEN CATEGORIES ARE REPORTED. CDL2 -S, CDL2 -M AND CDL2 -H DENOTE THE L2 CD ON

THE MASKED POINT CLOUD WITH A RATIO OF 25%, 50% AND 75%, RESPECTIVELY. CDL2 AND F1 ARE THE AVERAGED RESULTS ON
CORRESPONDING CATEGORY SUBSET (SEEN/UNSEEN) ACROSS ALL DIFFICULTIES. (LOWER CDL2 AND HIGHER F1 ARE BETTER).

THE BOLD VALUES ARE THE BEST

TABLE VII

PERFORMANCE RESULTS ON LIDAR SCANS FROM THE KITTI DATASET ARE EVALUATED USING THE FIDELITY AND MMD (MINIMAL MATCHING
DISTANCE) METRICS. THE MODEL WAS FINE-TUNED ON PCN CARS, FOLLOWING [25]

TABLE VIII

ABLATION STUDIES FOR COMPLETIONMAMBA, EXAMINING THE EFFEC-
TIVENESS OF THE REORDERING (Model2), THE LOCAL MAMBA BLOCK

(LM) (Model3 AND Model5), THE SHAPE-AWARE MAMBA BLOCK
(SM) (Model4), LSM IN THE ENCODER (ELSM) AND LSM IN

THE DECODER (DLSM). ‘VM’, ‘CD’ AND ‘F1’ DENOTE
VANILLA MAMBA, L2 CD (MULTIPLIED BY 104) AND F

SCORE @1%

V. ABLATION STUDY

This section analyzes the performance of the proposed LSM
block in both the encoder and decoder, specifically targeting
the MVP dataset [44] and working with point clouds consisting
of 2048 points. First, we evaluated the impact of the reordering
operation. Then, we separately tested the effectiveness of
our local Mamba module and shape-aware Mamba module.
Next, we evaluated the impact of LSM block on both the
encoder and decoder. Finally, we analyzed the complexity
of the proposed model. To quantify the performance and
improvements brought by these modifications, we employed
CD and F-Score @1% threshold as our evaluation metrics.

Baseline: To better assess the effectiveness of the proposed
modules, we first built the baseline structure consisting of
patch embedding, seed generator, feature interpolation, and up-
sampling modules (Model0). In the baseline, Mamba blocks
are not incorporated. The performance of the baseline is
shown in Table VIII.

A. Vanilla Mamba

To test the impact of the direct usage of vanilla Mamba
to unordered point cloud completion, we incorporated it after
both patch embedding module and feature interpolation mod-
ule, respectively (Model1). From Table VIII, we can see that
the performance is slightly improved by introducing the vanilla
Mamba. This is because Mamba struggles to model long-range
dependencies in non-causal point clouds.

B. Reordering

To demonstrate the impact of the proposed reordering
strategy, the randomly ordered point cloud and point-wise
features are reordered along x-axis, y-axis and z-axis. Then, we
used the Mamba block to successively process the reordered
points and features (Model2). Compared to the performance
of Model1, the reordered structure improved the completion
performance both in terms of CD and F-Score @1%. This
comparison indicates the effectiveness of the proposed reorder-
ing strategy and also demonstrates that the Mamba block is
adept at handling causal data.

C. Local Mamba Block

To validate the effectiveness of the proposed local Mamba
block, we designed two experiments. Firstly, we directly
replaced the vanilla Mamba of Model2 with the proposed
local Mamba to form Model3. Secondly, we added the local
Mamba block to Model2 to form Model5. Model3 outper-
forms Model2 in terms of both CD and F1 metrics. This
enhanced performance can be attributed to the proposed Local
Mamba Block that effectively models the relationship between
local points in the 3D space. This avoids the substantial
variations in coordinate positions that can occur in the adjacent
points of the reordered point cloud sequence when using the
vanilla Mamba. Model5 integrates the proposed Local Mamba
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Fig. 5. Visual comparisons on the PCN dataset. Note that the partial point clouds (2048 points) are sparse and self-occluded, as opposed to the reconstructed
and ground truth point clouds (16,384 points) which are dense and complete.

block and vanilla mamba, leading to notable improvements in
results. This underscores the complementary strengths of these
two modules in optimising point cloud completion.

D. Shape-aware Mamba Block

To evaluate the impact of the proposed shape-aware Mamba
block, we directly replaced the vanilla Mamba of the Model2
with the proposed shape-aware Mamba, forming Model4. By
comparing Model2 with Model4, we find that the proposed
shape-aware Mamba block significantly promotes point cloud
completion, especially in F-Score @1%. This is because the
mechanism of the Mamba allows shape codes to be propagated
to each individual point, thereby obtaining a better perception
of the whole geometric structure.

E. LSM in the Encoder

To further test the effectiveness of the proposed LSM block
in the encoder, we removed this module from the encoder of
CompletionMamba, forming Model6. Then, we directly used
the global feature g f and P f extracted from patch embedding
to predict missing points. From the result in Table VIII, we
can see that the performance experiences a significant drop in
terms of CD and F-Score @1%, from 4.99 and 0.536 to 5.65
and 0.502, respectively. This demonstrates that the proposed
LSM block can effectively build the relationships between the
observed points and the missing points.

F. LSM in the Decoder

To validate the impact of the proposed LSM block in
the decoder, we directly removed it from the decoder of
CompletionMamba, forming Model7. From Table VIII, we
can conclude that the proposed LSM block has a significant
impact on the performance of point cloud completion. This
is because the proposed LSM block can effectively model the
overall shape of the point cloud based on the input coarse
prediction, thereby facilitating detailed reconstruction.

Fig. 6. The impact of k in KNN.

TABLE IX
COMPLEXITY ANALYSIS ON THE PCN DATASET [19], WITH THE NUMBER

OF PARAMS, FLOPS AND INFERENCE TIME (MS) AS REFERENCES.
THE BOLD VALUES ARE THE BEST

G. PointMamba [40] in Point Cloud Completion

To further validate the validity of the proposed LSM block
and our reordering strategy, we replace them with the Mamba
block in PointMamba [40] (Model8). The comparison between
Model2 and Model8 shows the effectiveness of our reordering
strategy. Moreover, compared to Model8, our Completion-
Mamba achieves significant improvement both in CD and
F-Score @1%. This is attributed to our LSM block, which
can better deal with the reordered point cloud.

H. Impact of k in KNN

We present the impact of k in KNN in terms of CD and
F-Score@1% in Fig. 6. Considering the trade-off between
performance and computational cost, we set k to 12.

I. Complexity Analysis

We also conducted a complexity analysis in Table IX,
demonstrating our superior completion results with smaller

Authorized licensed use limited to: Hong Kong Polytechnic University. Downloaded on February 25,2026 at 11:02:30 UTC from IEEE Xplore.  Restrictions apply. 



FU et al.: CompletionMamba: TAMING STATE SPACE MODEL FOR POINT CLOUD COMPLETION 5483

computational cost and memory consumption. Note that, the
number of parameters in our method is only 8% of that in
AnchorFormer.

VI. CONCLUSION

In this paper, we presented a novel segmentation-by-
tracking approach In this paper, we proposed a novel
Mamba-based network, named CompletionMamba, for point
cloud completion. Directly applying Mamba to point cloud
completion is non-trivial due to its causality constraint and the
unordered nature of point clouds. To address this challenge,
we proposed a two-stage approach to transform the unordered
point cloud into an approximately causal sequence. We first
reorganized the point cloud independently along the x-, y-, and
z-axes, resulting in three structured point sequences. Then,
inspired by the observation that the k nearest neighborhood
points of each point remain unchanged in the 3D space
regardless of reordering, we proposed the local Mamba module
to model local relationships between points within these neigh-
borhoods. This alleviates the impact of spatial inconsistency
between adjacent points introduced by axis-based reordering.
Furthermore, while the vanilla Mamba is effective at capturing
long-range dependencies between reordered points, it lacks the
capacity to explicitly model the relationship between points
and the whole shape. Thus, we proposed the shape-aware
Mamba, treating the shape code as the first hidden state to
propagate shape information to each point. By combining local
and shape-aware Mamba, CompletionMamba achieves supe-
rior performance with lower computational and memory costs
on MVP, PCN and ShapeNet-55/34 datasets. The limitation
of this work is that our method struggles to complete input
point clouds that are missing a large portion of their structure.
In this paper, we opted for a simple and scalable sorting
strategy. Future work will investigate advanced reordering
approaches that balance computational efficiency with stronger
preservation of local geometry. Also, we plan to extend
CompletionMamba to other point cloud tasks.
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