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Apprentissage profond géométrique robuste et généralisable pour les représentations 3D
de nuages de points

Ali BAHRI

RÉSUMÉ
L’apprentissage profond a révolutionné la perception tridimensionnelle, permettant la reconnais-

sance, la segmentation et la reconstruction précises des nuages de points dans des domaines tels

que la robotique, la navigation autonome et la réalité augmentée. Cependant, deux défis majeurs

persistent. Premièrement, les modèles 3D à grande échelle dépendent fortement de jeux de

données annotés, dont la création est coûteuse et chronophage. Cela motive le développement de

méthodes d’apprentissage auto-supervisé capables de préentraîner des modèles sur des données

non annotées et d’apprendre des représentations géométriques transférables pour des tâches en

aval disposant de peu d’annotations. Deuxièmement, les modèles entraînés dans des conditions

fixes échouent souvent à se généraliser lorsqu’ils sont exposés à des décalages de distribution

réels causés par le bruit, les variations des capteurs ou les changements d’environnement. Ce

problème motive la conception de cadres d’apprentissage à la fois robustes face aux décalages de

distribution et adaptatifs à de nouveaux environnements, sans nécessiter de données annotées.

Cette thèse fait progresser la robustesse et la généralisabilité de l’apprentissage profond 3D

à travers une exploration unifiée de l’apprentissage de représentations auto-supervisé et de

l’apprentissage en phase de test (TTL). La première partie étudie comment construire des

priors géométriques permettant aux modèles d’apprendre des représentations 3D significatives

et transférables. (1) GeoMask3D introduit une stratégie de modélisation masquée sensible

à la géométrie, alignant explicitement le préentraînement masqué sur les indices structurels

des formes 3D, améliorant ainsi l’interprétabilité et l’invariance des caractéristiques apprises.

(2) Spectral-Informed Mamba étend les modèles d’espace d’état aux nuages de points en

exploitant le spectre laplacien des graphes de variétés, définissant un ordre de parcours invariant

à l’isométrie qui améliore la robustesse aux changements de point de vue et la précision de

la segmentation, tout en atteignant une complexité computationnelle linéaire par rapport aux

conceptions quadratiques des Transformers.

La seconde partie traite de l’adaptation à des conditions de test inédites, en proposant des

méthodes efficaces et fiables d’entraînement en phase de test (TTT) et d’adaptation en phase de
test (TTA). (3) Sampling-Variation Weight Averaging (SVWA) présente la première stratégie

TTA complète pour les nuages de points, combinant la variation d’échantillonnage et la moyenne

des poids afin d’obtenir une adaptation robuste grâce à une optimisation autour de minima

plats. (4) SMART-PC introduit un cadre TTT basé sur le squelette qui apprend des abstractions

géométriques compactes durant le préentraînement, permettant une adaptation en temps réel

sans rétropropagation en mettant à jour uniquement les statistiques de BatchNorm.

Ensemble, ces contributions établissent un cadre cohérent pour un apprentissage profond

géométrique 3D à la fois robuste et généralisable. En unifiant le préentraînement auto-supervisé

et l’apprentissage efficace en phase de test, cette thèse fait progresser les systèmes de perception
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3D vers des performances stables, adaptatives et résilientes face aux décalages de distribution

réels, tout en préservant l’interprétabilité et l’efficacité computationnelle.

Mots-clés: Apprentissage auto-supervisé, Apprentissage de représentations 3D, Adaptation en

phase de test, Entraînement en phase de test



Robust and Generalizable Deep Geometric Representation Learning for 3D Point Clouds
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ABSTRACT
Deep learning has revolutionized 3D perception, enabling accurate recognition, segmentation,

and reconstruction of point-cloud data across robotics, autonomous navigation, and augmented

reality. However, two major challenges remain. First, large-scale 3D models rely heavily

on labeled datasets, which are costly and time-consuming to acquire. This motivates the

development of self-supervised learning methods that can pretrain models on unlabeled data

and learn transferable geometric representations for downstream tasks with limited annotations.

Second, models trained under fixed conditions often fail to generalize when exposed to real-world

distribution shifts caused by noise, sensor variation, or environmental changes. This challenge

motivates the development of learning frameworks that are both robust to distribution shifts and

adaptive to new environments without requiring labeled data.

This thesis advances the robustness and generalizability of 3D deep learning through a unified

exploration of self-supervised representation learning and test-time learning (TTL). The first

part investigates how to construct geometric priors that enable models to learn meaningful and

transferable 3D representations. (1) GeoMask3D introduces a geometry-aware masked modeling

strategy that explicitly aligns masked pretraining with structural cues of 3D shapes, improving

the interpretability and invariance of learned features. 2) Spectral-Informed Mamba extends

state-space models to point clouds by leveraging the Laplacian spectrum of the underlying

graph manifold, producing an isometry-invariant traversal order that strengthens the quality of

self-supervised geometric representations while maintaining linear computational complexity

compared to quadratic Transformer designs.

The second part addresses adaptation under unseen test conditions, proposing efficient and

reliable methods for test-time training (TTT) and test-time adaptation (TTA). (3) Sampling-

Variation Weight Averaging (SVWA) presents the first fully TTA strategy for point clouds,

combining sampling variation and weight averaging to achieve robust adaptation through

flat-minima optimization. (4) SMART-PC introduces a skeleton-based TTT framework that

learns compact geometric abstractions during pretraining, enabling real-time adaptation without

backpropagation by updating only BatchNorm statistics.

Together, these contributions establish a cohesive framework for robust and generalizable deep

geometric representation learning in 3D. By unifying self-supervised pretraining with efficient

test-time learning, this thesis advances toward 3D perception systems that are stable, adaptive,

and resilient to real-world distribution shifts while preserving interpretability and computational

efficiency.

Keywords: Self-Supervised Learning, 3D Representation Learning, Test-Time Adaptation,

Test-Time Training
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INTRODUCTION

Deep learning has transformed 3D perception, establishing point-cloud analysis as a foundation

for applications in autonomous driving, augmented and virtual reality, and robotics. Despite

remarkable progress achieved through supervised models such as pointnet (Qi, Su, Mo & Guibas,

2017a), DGCNN (Phan, Le Nguyen, Nguyen & Bui, 2018), and Transformer-based encoders,

large-scale 3D learning continues to face a fundamental bottleneck: the scarcity and cost of

labeled data. While progress has been made in semi-automatic and synthetic 3D annotation,

creating large-scale labeled datasets still remains far more demanding than in 2D. Point-level

segmentation, correspondence, and registration typically require specialized tools and substantial

expert supervision, making large 3D datasets costly and time-intensive to curate. This high

labeling burden limits the scalability and generalization of purely supervised 3D networks.

This limitation has spurred the rapid development of self-supervised representation learning

(SSL) as an alternative paradigm for 3D perception. Self-supervised methods aim to learn

meaningful and transferable representations from unlabeled data by defining auxiliary pretext

tasks that exploit the intrinsic structure of 3D geometry. Instead of relying on human supervision,

these tasks encourage the network to capture spatial organization, local surface characteristics,

and global topology directly from raw point clouds. Once pretrained, the encoder can be

fine-tuned for downstream tasks such as classification, segmentation, or reconstruction using

only a small fraction of labeled data. This approach not only reduces annotation cost but also

encourages the learning of geometric representations that are more stable across variations in

sampling density and viewpoint.

Among self-supervised frameworks, masked representation learning has emerged as one of

the most influential approaches. Inspired by the success of Masked Autoencoders (MAEs) in

vision and language modeling, 3D masked modeling pretrains a network by reconstructing

masked regions of the point cloud from their visible context. The principle is straightforward: by
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recovering the missing geometry, the encoder is forced to learn meaningful spatial correlations

between observed and unobserved regions. In all transformer-based methods, each patch is

represented by its patch center, which serves as a positional embedding for both the encoder and

decoder. This center-based positional encoding provides an approximately translation-invariant

reference frame for point patches and allows the model to reason about local geometry without

relying on a fixed grid. However, early 3D MAE approaches adopted random masking strategies,

where the masked patches were selected arbitrarily, without considering their geometric

importance. While this random selection ensures coverage, it overlooks which regions of the

point cloud contribute most to structural understanding. Smooth or flat regions, for example,

provide little geometric information compared to canonical or high-curvature areas that define

the shape’s structure. As a result, purely random masking may cause the model to overemphasize

trivial regions, limiting the richness and discriminative power of learned features.

Beyond the design of pretext tasks, another major limitation lies in the computational efficiency

of existing architectures. Transformer-based networks, which dominate current 3D SSL

approaches, scale quadratically with the number of tokens, making them computationally

expensive for dense or large-scale point clouds. Their reliance on global self-attention also

introduces redundancy, as all token pairs are treated equally regardless of spatial relevance. This

inefficiency becomes particularly critical in 3D domains, where point sets can contain tens or

even hundreds of thousands of points. Recently, state-space models with linear computational

complexity, originally developed for sequence modeling in text, have emerged as direction-

sensitive alternatives to Transformers and have shown promising results in 2D vision tasks.

However, extending these models to 3D point clouds remains challenging due to the irregular,

unordered, and sparse nature of 3D data, which lacks a natural sequential structure or canonical

ordering. This absence of inherent spatial sequence makes it difficult to define meaningful

traversal paths or neighborhood relationships required by state-space formulations.
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While self-supervised representation learning alleviates the dependency on large annotated

datasets, another critical challenge persists in 3D perception: ensuring model robustness when

exposed to data that differs from the training distribution. In real-world deployment, point

clouds are often subject to unpredictable variations caused by changes in sensor type, scanning

distance, sampling density, illumination, occlusion, or environmental conditions such as fog

and dust. These factors introduce distribution shifts between the training (source) and testing

(target) domains. Even small discrepancies in input statistics can cause substantial degradation

in performance, as deep networks tend to memorize domain-specific patterns rather than learn

representations that are truly invariant to such changes. This sensitivity undermines the reliability

of 3D models in safety-critical applications, where consistent behavior across varying conditions

is essential.

Traditional approaches to mitigate distribution shift, such as domain adaptation (DA), assume

access to both labeled source data and unlabeled or partially labeled target data during training.

These methods aim to align the source and target distributions through adversarial learning,

feature alignment, or discrepancy minimization before deployment. However, in many practical

scenarios, target data are unavailable prior to deployment, and models must operate in unseen

environments where collecting or labeling new samples is infeasible. Furthermore, privacy

restrictions, limited computational resources, and real-time processing requirements make

it impractical to retrain or fine-tune large models for each new domain. These constraints

underscore the need for test-time learning frameworks that can adapt online and autonomously

to unseen distributions without requiring access to target data during training.

This has led to the emergence of test-time learning (TTL), a paradigm that allows models to

adapt on-the-fly to unseen domains using only unlabeled test data. TTL encompasses two

complementary directions: Test-Time Training (TTT) and TTA. Both seek to mitigate performance

degradation under distribution shift but differ in their requirements and adaptation strategies.
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TTT assumes that, during pretraining, an auxiliary self-supervised objective—such as rotation

prediction, reconstruction, or feature alignment—has been integrated alongside the main task.

At test time, the model leverages this auxiliary loss as a proxy signal to update its parameters

without requiring labels. TTA, on the other hand, performs adaptation directly during inference

by optimizing unsupervised objectives derived from the model’s predictions, such as entropy

minimization, pseudo-label consistency, or confidence calibration. Unlike TTT, TTA operates

entirely without access to source data or auxiliary branches. It adapts the pretrained model

solely based on the statistical properties of unlabeled test samples encountered during inference.

Despite their promise, both TTT and TTA face fundamental challenges when extended to 3D point-

cloud data. The inherent irregularity and geometric variability of 3D structures make it difficult

to define stable and generalizable adaptation objectives that remain consistent across different

shapes, sampling densities, and corruption types. Moreover, most existing approaches depend

on iterative gradient-based updates during inference, which are computationally demanding and

impractical for real-time systems such as robotics and autonomous navigation.

0.1 Research Statement

The primary objective of this thesis is to construct a unified lifecycle for 3D deep learning

that is both data-efficient in training and robust in deployment. We posit that achieving this

requires addressing four fundamental limitations in current methodologies, ranging from how

representations are learned offline to how models adapt online.

1. Integrating Geometry into Self-Supervised Masking: Current masked representation learning

treats all point patches as equally informative, often employing random masking strategies. We

argue that this approach ignores the intrinsic topological hierarchy of 3D shapes. The first

objective of this thesis is to determine how geometric complexity can guide the masking process

to ensure models learn features that are structurally significant rather than trivially smooth.
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2. Reconciling Computational Efficiency with Geometric Fidelity: There exists a dichotomy

in 3D backbone design: Transformers offer high modeling power but suffer from quadratic

complexity, while efficient linear models (such as state-space models) struggle to process the

unordered nature of point clouds. The second objective is to investigate how spectral graph

theory can be leveraged to define a canonical, isometry-invariant traversal order, thereby enabling

linear-complexity models to capture complex 3D structures effectively.

3. Mitigating Sampling Instability through Weight Averaging: Real-world point clouds are

subject to significant variations in sampling and noise. In the context of TTA, the final objective

is to turn this randomness into an advantage. We investigate a strategy where we adapt the model

on multiple variations of the same object and then average the model weights. We hypothesize

that this averaging process leads the model to a stable "flat minimum," making it robust to noise

and sampling differences without needing labeled data.

4. Enabling Adaptation via Geometric Abstraction: Models trained on static data often fail when

the testing environment changes (distribution shift). We hypothesize that while fine surface

details may change, the high-level structure—specifically the object’s skeleton—remains stable.

The third objective is to develop a TTT framework that utilizes these stable geometric priors

to guide self-supervised adaptation, allowing models to adjust to new environments without

requiring backpropagation.

0.2 Contributions

This thesis addresses three overarching challenges in 3D point-cloud perception—learning

meaningful geometric representations, defining effective traversal strategies for efficient state-

space models, and improving robustness under distribution shifts—through four complementary

contributions. Two contributions focus on advancing self-supervised representation learning,

while the other two introduce novel strategies for test-time learning. Together, these works
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enable deep 3D models to learn effectively from limited annotations and adapt reliably to diverse

real-world conditions.

In all papers for which I am the first author, I made the primary contributions to the work,

including the formulation of the main research ideas, development of the proposed methods,

implementation, experimental evaluation, and preparation of the manuscript. The second author

contributed to discussions related to the research ideas and assisted in preparing some of the

visual figures and the manuscript. The remaining co-authors, who are members of our research

group, provided comments and suggestions on the writing, presentation, and visualization of the

work, as well as general feedback during the research process. My supervisor and co-supervisor

guided the overall direction of the research, supervised the development of the ideas, and

provided continuous feedback throughout the preparation of the papers.

• Chapter 2: This chapter introduces GeoMask3D, a geometry-informed masking strategy for

Self-Supervised Learning (SSL) in point clouds. Unlike prior Masked Autoencoder (MAE)

frameworks that rely on random patch selection, GeoMask3D prioritizes informative regions

based on geometric complexity, enabling the model to focus on structurally significant areas

while ignoring less informative smooth surfaces. The method incorporates a feature-level

knowledge distillation mechanism that transfers geometric cues from a pretrained teacher

network to the student, improving the stability and expressiveness of learned representations.

Integrated into the pretraining process of existing MAE-based architectures, GeoMask3D

achieves consistent gains across multiple downstream tasks such as classification, part

segmentation, and reconstruction, demonstrating its ability to capture richer and more

discriminative geometric features.

Related publication:

- GeoMask3D: Geometrically Informed Mask Selection for Self-Supervised Point Cloud

Learning in 3D (Bahri et al., 2024b), published in Transactions on Machine Learning

Research (TMLR), 2024.
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• Chapter 3: The second contribution introduces Spectral-Informed Mamba, a novel

methodology that integrates state-space sequence models with masked autoencoders for

efficient and geometry-aware 3D point-cloud representation learning. While state-space

models (SSMs) such as Mamba have shown remarkable performance in natural language

processing and 2D vision, their extension to 3D data remains non-trivial due to the irregular

and unordered nature of point clouds. Spectral-Informed Mamba addresses this challenge

by leveraging the spectrum of a graph Laplacian to capture patch connectivity, defining an

isometry-invariant traversal that preserves geometric continuity and robustness to viewpoint

changes. In addition, a hierarchical local traversal strategy recursively partitions spectral

components to enhance segmentation and local feature reasoning. Finally, a token-alignment

strategy restores masked tokens to their original spatial order within the sequence, ensuring

consistency between geometric structure and sequence dynamics. Together, these spectral

traversal, hierarchical segmentation, and token-alignment mechanisms allow Spectral-

Informed Mamba to achieve linear computational complexity while maintaining geometric

fidelity, substantially improving classification, segmentation, and few-shot performance

across standard 3D benchmarks.

Related publication:

- Spectral Informed Mamba for Robust Point Cloud Processing (Bahri et al., 2025b),

published in Computer Vision and Pattern Recognition (CVPR), 2025.

• Chapter 4: This chapter introduces Sampling-Variation Weight Averaging (SVWA), a novel

TTA strategy for 3D point cloud classification that combines the complementary strengths of

sampling diversity and weight averaging. Unlike prior TTA methods that rely on single test

samples, SVWA exploits the inherent stochasticity of 3D sampling by generating multiple

geometric variations of each test instance through FPS and KNN. For each variation, the

model is adapted using an entropy-minimization objective based on the TENT algorithm,

updating only normalization parameters without requiring any source data or labels. The
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adapted models from all variations are then merged via weight averaging, which naturally

converges toward flatter minima in the loss landscape—yielding a model that is more stable

and generalizable under distribution shifts. This strategy effectively reduces sensitivity to

sampling noise and improves robustness to real-world corruptions. Extensive experiments

demonstrate that SVWA consistently outperforms existing adaptation methods such as TENT

and MATE while maintaining minimal computational overhead.

Related publication:

- Test-Time Adaptation in Point Clouds: Leveraging Sampling Variation with Weight

Averaging (Bahri et al., 2025d), published in Winter Conference on Applications of

Computer Vision (WACV)- Oral Presentation, 2025.

• Chapter 5: This chapter introduces SMART-PC (Skeletal Model Adaptation for Robust

Test-Time Training), a skeleton-based strategy designed to improve 3D model robustness

under distribution shift. SMART-PC integrates skeletal prediction and classification within

a unified framework, where the network learns to infer skeletal points and their radii as

geometric abstractions of 3D objects. These skeletal representations encode the intrinsic

topology and structural continuity of shapes, providing stable and noise-resistant features that

generalize well across domains. During pretraining, the model jointly optimizes a skeletal

reconstruction loss—composed of point-to-sphere, sampling, and radius-regularization

terms—and a classification loss, ensuring that the encoder captures both global semantics

and geometric abstraction. At test time, SMART-PC eliminates gradient-based optimization

entirely. Instead, adaptation is achieved by updating only the BatchNorm statistics using

incoming test samples, guided by the learned skeletal priors. This backpropagation-free

strategy enables efficient real-time adaptation. Experiments confirm that SMART-PC

achieves SOTA robustness and efficiency, surpassing previous TTT frameworks such as

MATE in both performance and computational cost.
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Related publication:

- SMART-PC: Skeletal Model Adaptation for Robust Test-Time Training in Point Clouds

(Bahri et al., 2025a), published in International Conference on Machine Learning (ICML),

2025.

This thesis advances the field of 3D representation learning by addressing key challenges in

geometric understanding, efficient token traversal for state-space modeling, and robustness

to distribution shifts. In the SSL domain, it introduces geometry-informed masking and

spectral traversal strategies that enhance structural awareness and improve the scalability of

point-cloud pretraining. In the test-time learning domain, it proposes novel strategies for both

TTT and adaptation, enabling models to dynamically adjust to unseen environments without

labeled supervision. Collectively, these works contribute to the development of data-efficient,

geometry-aware, and resilient 3D perception models for real-world deployment.

0.2.1 Additional Contributions

In addition to the main works presented in this thesis, one complementary study was conducted

that further contributes to the broader understanding of model robustness under distribution

shifts.

• We introduce TRUST, a test-time adaptation method that exploits the unique traversal

structure of State Space Models to enhance robustness under distribution shifts. By

generating multiple directional traverses of the input, TRUST obtains diverse causal views

and uses their predictions as pseudo-labels to refine Mamba-specific parameters. The adapted

weights from each traversal are then averaged, yielding a more stable and generalizable

model. This approach provides the first traversal-aware TTA strategy for SSMs and achieves

strong improvements across multiple robustness benchmarks.



10

Related publication:

- TRUST: Test-Time Refinement using Uncertainty-Guided SSM Traverses (Dastani et al.,

2025), published in Neural Information Processing Systems (NeurIPS), 2025.



CHAPTER 1

LITERATURE REVIEW

1.1 Scope and positioning

Research on 3D point-cloud perception has expanded rapidly in recent years, driven by

applications in autonomous driving, robotics, and mixed reality. Within this landscape, three

lines of work are particularly relevant to this thesis: (i) self-supervised representation learning

for 3D point clouds, which seeks to reduce dependence on large annotated datasets; (ii) the

challenge of defining meaningful token traversal strategies that enable state-space models to

achieve linear scalability while preserving geometric adjacency in unordered point clouds; and

(iii) test-time learning strategies that aim to improve robustness when models are deployed under

distribution shift. Although these research directions are typically examined independently, they

are inherently interconnected. The quality of self-supervised representations shapes the model’s

capacity for reliable fine-tuning, as stronger geometric features provide a more stable foundation

for downstream updates; meanwhile, the design of a meaningful traversal for state-space models

is essential for reducing computational complexity and for preserving geometric continuity in

point clouds, since these models are direction-sensitive and require an ordering that reflects

spatial adjacency; and test-time learning determines how the model behaves once deployed in

shifting environments. Together, these factors jointly shape the overall reliability and robustness

of 3D perception systems in real-world conditions.

This chapter reviews the literature along these three axes, with a particular emphasis on methods

and ideas that form the conceptual foundation of the contributions developed in later chapters.

We first survey SSL for 3D point clouds, covering masked representation learning, and the

design of pretext tasks that exploit geometric structure. Special attention is given to masked

autoencoder (MAE)-style methods and their masking strategies, as they directly relate to the

problem of how to expose informative regions of a shape during pretraining. We then examine

recent state-space models for 2D and 3D vision, which offer linear computational complexity.

In the 3D setting, we outline the challenges these models face—particularly the absence of a
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natural ordering in point clouds—and discuss how tokenization, patchification, and traversal

strategies influence their ability to preserve geometric structure. The final part of the chapter

focuses on robustness under distribution shift and the emerging family of test-time learning

methods, including TTT and TTA. We review normalization-based adaptation, entropy- and

consistency-driven objectives, and recent work on source-free adaptation in 3D.

This review sets the stage for the four research directions developed in the remainder of the thesis.

Chapters 2 and 3 focus on advancing SSL for 3D point clouds: Chapter 2 introduces a geometry-

aware masking strategy that improves the structural fidelity of pretrained representations, while

Chapter 3 develops a spectral traversal approach that enables efficient state-space modeling

despite the lack of natural ordering in point clouds. Chapters 4 and 5 shift the focus to robustness

at deployment. Chapter 4 presents a sampling-variation and weight-averaging method for TTA

under distribution shift, and Chapter 5 proposes a skeletal-based TTT strategy that adapts models

without backpropagation. Together, these chapters illustrate how improved pretraining, efficient

architectural design, and adaptive inference contribute complementary solutions to the broader

challenge of reliable 3D perception in real-world environments.

1.2 Fundamentals of 3D Point Clouds

1.2.1 Definition and Properties

A 3D point cloud is a finite set of points in Euclidean space,

P = {𝑝𝑖}
𝑁
𝑖=1, 𝑝𝑖 ∈ R

3, (1.1)

where each point 𝑝𝑖 = (𝑥𝑖, 𝑦𝑖, 𝑧𝑖) typically encodes the spatial location of a sampled surface

element. Depending on the acquisition device, additional attributes such as color, intensity,

surface normals, or semantic labels may be attached to each point, but in this thesis, we primarily

focus on the geometric coordinates. Figure 1.1 shows an RGB image of an airplane alongside

its corresponding 3D point-cloud representation. The point cloud contains only discrete XYZ
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coordinates, emphasizing the sparse, unordered, and purely geometric form of the data that

underlies all 3D analysis in this thesis. Point clouds differ fundamentally from grid-structured

data such as images or volumes, in several ways.

First, point clouds are unordered. The set P has no canonical indexing: any permutation of

the points represents the same underlying geometry. As a result, architectures designed for

sequential or grid-ordered data cannot be applied directly, and 3D encoders must be permutation

invariant (for global representations) or permutation equivariant (for point-wise predictions).

Second, point clouds are irregular. In contrast to images, where pixels lie on a regular lattice

with fixed and known neighborhoods, point samples are distributed non-uniformly in space.

Local density can vary significantly across the object due to sensor characteristics, occlusions, or

reconstruction pipelines. Neighborhoods must therefore be defined explicitly through geometric

criteria such as KNN or radius-based queries, and these neighborhoods change under resampling.

Third, point clouds are typically sparse. Even for high-resolution scans, the number of points is

small relative to the continuous surface they approximate. Large empty regions separate local

clusters of points, and there is no guarantee of complete coverage of the underlying geometry.

This sparsity complicates the definition of local operators (analogous to convolutions on images)

and makes models sensitive to how points are sampled, grouped into patches, and aggregated.

These properties—unorderedness, irregular sampling, and sparsity—make point clouds a flexible

but challenging representation. They motivate the development of specialized architectures

and learning frameworks that can respect geometric structure without relying on a fixed grid or

canonical ordering.

1.2.2 Patchification

Point-cloud architectures differ in how they process raw 3D data, and not all of them require

tokenization or patchification. Classical architectures such as PointNet (Qi et al., 2017a) operate

directly on the unordered point set by applying shared pointwise MLPs followed by global
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Figure 1.1 A 2D RGB image of an airplane (left) and its corresponding 3D point-cloud

representation (right), illustrating the fundamental difference between dense pixel grids and

sparse, unordered 3D coordinates

pooling. Likewise, graph-based models such as DGCNN (Phan et al., 2018) construct dynamic

graphs at each layer and aggregate local features without explicitly creating fixed tokens or

patches. In these architectures, the model learns representations from raw points or dynamically

constructed neighborhoods without a predefined token structure.

In contrast, transformer-based and state-space–based architectures do require a tokenized

representation. Transformers operate on sequences, and thus point clouds must be converted

into a set of discrete tokens. Similarly, recent state-space models (SSMs) such as Mamba-based

architectures process inputs sequentially, making tokenization essential both for defining the

input elements and for determining the traversal order.

A common tokenization strategy begins by selecting a reduced set of representative points using

FPS, which provides approximately uniform coverage of the point cloud. FPS selects center

points iteratively by maximizing their distances from previously chosen centers:

𝑐𝑖 = arg max
𝑝∈P

min
𝑐 𝑗∈{𝑐1,...,𝑐𝑖−1}

‖𝑝 − 𝑐 𝑗 ‖2. (1.2)

These centers form a compact set of tokens that capture the global geometric structure.
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Figure 1.2 Given an input point cloud (left), token centers are first selected using farthest

point sampling (FPS). Each center then forms a local neighborhood via k-nearest neighbors

(KNN), producing grouped point patches. These patches are subsequently fed into a token

embedder to generate the final sequence of tokens

For models requiring local context, each center point is expanded into a patch via 𝐾-Nearest

Neighbors. For each center 𝑐𝑖, the neighborhood is defined as:

G𝑖 = KNN(𝑐𝑖,P) ∈ R
𝐾×3. (1.3)

Each patch G𝑖 aggregates local geometric information, and the collection of such patches

becomes the token sequence consumed by the model. The tokenization pipeline for 3D point

clouds is illustrated in Figure 1.2.

This FPS + KNN patchification pipeline is now standard in transformer-based methods such

as (Yu, Shen, Qu et al., 2022; Pang et al., 2022; Zhang, Zhang, Jin et al., 2022b) and in

state-space architectures for 3D data, where tokens and traversal define the computational

pathway. Tokenization thus provides an essential bridge between irregular 3D point sets and

sequence-based deep learning architectures.
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1.3 Self-Supervised Geometric Representation Learning

1.3.1 Problem Definition: Learning Geometry Without Labels

SSL for 3D point clouds aims to learn geometric representations from unlabeled data so that the

resulting encoders can be fine-tuned on downstream tasks with minimal annotations (Guo et al.,

2024; Xiao, Wang, Liu et al., 2023). A point cloud contains no inherent structure beyond its 3D

coordinates, and the objective in this setting is to capture both local surface patterns and global

shape structure without relying on labels. Pretext objectives typically include reconstruction,

contrastive matching, or transformation prediction, all of which must operate directly on the

irregular and unordered nature of point-set data (Pang et al., 2022; Yu et al., 2022).

A central challenge arises from the widespread use of random masking strategies in masked

reconstruction frameworks (Liu, Cai & Lee, 2022; Pang et al., 2022; Zhang et al., 2022b).

Inspired by BERT and MAE in NLP and 2D vision (Devlin, Chang, Lee & Toutanova, 2019; He,

Chen, Xie et al., 2022), many 3D methods randomly drop points or patches and train a network

to infer the missing geometry. However, random masking is oblivious to geometric importance:

flat surfaces, smooth regions, and structurally informative areas are treated equally, even though

they contribute very differently to the shape’s topology (Wang, Qian et al., 2023). As a result,

the model may expend most of its capacity reconstructing geometrically trivial regions while

failing to learn features sensitive to edges, high-curvature zones, or distinctive object parts.

A second challenge is the sensitivity of learned representations to sampling variation and

noise. Real-world point clouds are acquired under diverse sensor resolutions, viewpoints, and

environmental conditions, resulting in fluctuations in sampling density, occlusions, and various

perturbations (Ren, Pan & Liu, 2022b). SSL frameworks typically assume relatively clean

and uniformly sampled data during pretraining, which makes them vulnerable to common

corruptions such as jitter, point dropouts, and density shifts (Levi & Avidan, 2023). Moreover,

tokenization schemes based on FPS and kNN introduce stochasticity during patch construction:

different random seeds can lead to different patch groupings, potentially degrading downstream
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performance if the SSL objective is not robust to such variability (Liu, Shapira et al., 2021a).

This highlights a broader limitation of current SSL approaches—the representations they learn

are not inherently stable under realistic acquisition perturbations.

Together, these challenges highlight the need for self-supervised methods that go beyond random

masking, explicitly capture intrinsic geometric structure, and remain robust to sampling variation

and sensor noise.

1.3.2 Masked Pretraining for 3D (MAE Variants)

Masked pretraining has become a dominant paradigm for self-supervised representation learning

in 3D vision, following the success of BERT-style objectives in language (Devlin, Chang,

Lee & Toutanova, 2018) and MAE frameworks in 2D vision (He et al., 2022). Early point-based

networks such as PointNet (Qi et al., 2017a) and PointNet++ (Qi et al., 2017b) established the

foundation by introducing permutation-invariant feature extraction and hierarchical neighborhood

aggregation. PointNet++ (Qi et al., 2017b) is a foundational architecture for point-cloud

representation learning that extends the original PointNet (Qi et al., 2017a) by introducing a

hierarchical, multi-scale feature extraction mechanism. Whereas PointNet applies a shared

MLP and a symmetric pooling operator over all points globally, PointNet++ recursively applies

PointNet modules over local neighborhoods, allowing the network to capture both fine-grained

geometric details and global shape context.

Given an input point cloud

P = {(𝑥𝑖, 𝑓𝑖)}
𝑁
𝑖=1, 𝑥𝑖 ∈ R

3, 𝑓𝑖 ∈ R
𝑑in , (1.4)

PointNet++ builds a hierarchy through a sequence of Set Abstraction (SA) layers. In each SA

layer ℓ:

1. Sampling. FPS selects a representative subset of points,

C(ℓ) = {𝑥 (ℓ)𝑗 }𝑁ℓ

𝑗=1
, 𝑁ℓ < 𝑁ℓ−1, (1.5)
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ensuring spatial coverage across the shape.

2. Grouping. For each sampled center 𝑥 (ℓ)𝑗 , a local neighborhood is constructed via a ball

query or kNN search,

N
(
𝑥 (ℓ)𝑗

)
=
{
(𝑥 (ℓ−1)

𝑘 , 𝑓 (ℓ−1)
𝑘 ) : ‖𝑥 (ℓ−1)

𝑘 − 𝑥 (ℓ)𝑗 ‖2 ≤ 𝑟ℓ
}
, (1.6)

where 𝑟ℓ is the neighborhood radius.

3. Local Feature Extraction. A PointNet module is applied to each neighborhood. For center

𝑥 (ℓ)𝑗 , the output feature is

𝑓 (ℓ)𝑗 = 𝛾ℓ

({
𝜙ℓ ( [ 𝑥

(ℓ−1)
𝑘 − 𝑥 (ℓ)𝑗 , 𝑓 (ℓ−1)

𝑘 ])
�� (𝑥 (ℓ−1)

𝑘 , 𝑓 (ℓ−1)
𝑘 ) ∈ N (𝑥 (ℓ)𝑗 )

})
, (1.7)

where 𝜙ℓ is a shared MLP and 𝛾ℓ is a symmetric pooling operator (commonly max pooling).

Using relative coordinates 𝑥 (ℓ−1)
𝑘 − 𝑥 (ℓ)𝑗 allows the network to encode local geometric

structure invariant to global translation.

By stacking multiple SA layers with progressively larger radii (𝑟1 < 𝑟2 < . . . ), the receptive

field grows while the number of points decreases, forming a fine-to-coarse hierarchy analogous

to the downsampling path in CNNs.

To address variations in sampling density, PointNet++ introduces two important extensions:

• Multi-Scale Grouping (MSG). Multiple neighborhoods with different radii (𝑟ℓ,1, 𝑟ℓ,2, . . . )

are constructed around each center, and their corresponding features are concatenated:

𝑓 (ℓ)𝑗 = concat
(
𝑓 (ℓ)𝑗 ,1 , 𝑓

(ℓ)
𝑗 ,2 , . . .

)
. (1.8)

• Multi-Resolution Grouping (MRG). To handle non-uniform density, features from the

current abstraction level are fused with features directly summarized from the previous, finer

level. This allows the network to rely on coarser patterns when the local density is too sparse

to support fine-grained feature extraction.
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Figure 1.3 Illustration of hierarchical feature learning architecture and its application for

set segmentation and classification using points in 2D Euclidean space as an example.

Single scale point grouping is visualized here

Taken from (Qi et al., 2017b)

Overall, PointNet++ provides a principled tokenization and aggregation mechanism for point sets,

forming the backbone of many modern 3D architectures. Figure 1.3 illustrates the hierarchical

set-abstraction pipeline used in PointNet++.

However, these architectures relied heavily on supervised labels, motivating the development of

self-supervised alternatives capable of learning geometry directly from raw point sets.

A central line of work adapts masked reconstruction to irregular 3D data. Point-BERT (Yu et al.,

2022) demonstrated that point clouds can be tokenized into discrete latent codes using a dVAE

and reconstructed through a Transformer encoder–decoder, enabling BERT-style pretraining on

point patches.

Point-MAE (Pang et al., 2022) extends the Masked Autoencoder (MAE) paradigm to irregular

3D point sets by introducing a transformer-based framework that reconstructs masked point

patches. Given an input point cloud

P ∈ R
𝑁×3, (1.9)



20

the method first applies FPS to select 𝑀 patch centers. For each center, the 𝐾 nearest neighbors

are gathered using kNN, producing a collection of local patches

{P𝑖}
𝑀
𝑖=1, P𝑖 ∈ R

𝐾×3. (1.10)

Each patch is normalized (e.g., by subtracting its centroid) and encoded with a lightweight

PointNet-style network to obtain a patch embedding

𝑧𝑖 = 𝑓patch(P𝑖) ∈ R
𝑑 . (1.11)

A fixed masking ratio 𝑟 is applied by randomly selecting a subset of patch indices to hide.

Only the visible tokens are fed into a ViT-style encoder, while the decoder receives both the

encoded visible tokens and learnable mask tokens inserted at the masked positions. The decoder

performs several transformer layers and reconstructs the masked patches in 3D coordinate space.

The reconstruction objective is defined as a Chamfer Distance loss between the original and

generated masked patches:

LCD =
∑
𝑖∈M

𝑑CD

(
P𝑖 , P̂𝑖

)
, (1.12)

where M denotes the set of masked patch indices and P̂𝑖 is the reconstructed patch. The Chamfer

Distance between two point sets 𝑋 and 𝑌 is given by

𝑑CD(𝑋,𝑌 ) =
1

|𝑋 |

∑
𝑥∈𝑋

min
𝑦∈𝑌

‖𝑥 − 𝑦‖2
2 +

1

|𝑌 |

∑
𝑦∈𝑌

min
𝑥∈𝑋

‖𝑥 − 𝑦‖2
2. (1.13)

Through large-scale pretraining on ShapeNet and other datasets, Point-MAE learns rich

geometric priors that transfer effectively to downstream tasks such as classification (ModelNet40,

ScanObjectNN) and part segmentation (ShapeNetPart). Figure 1.4 illustrates the overall Point-

MAE pipeline, including patch grouping, random masking, the transformer encoder–decoder,

and masked patch reconstruction.
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Figure 1.4 Overview of Point-MAE (Pang et al., 2022). The point cloud is partitioned

into local patches using FPS+KNN. A random subset of patch tokens is masked, and only

visible tokens are encoded. The decoder inserts mask tokens and reconstructs masked

patches via a transformer-based autoencoder

Taken from (Pang et al., 2022)

MaskPoint (Liu et al., 2022) introduced a discriminative alternative to the generative paradigm

predominantly used in masked modeling. Identifying that standard reconstruction objectives—

such as minimizing Chamfer distance—are sensitive to sampling variance and often lead to

trivial solutions where the model memorizes coordinates rather than learning structure, the

authors reformulate the pretext task as an occupancy learning problem. In this framework, the

encoder processes only the visible subset of point patches, while the decoder is tasked with a

binary classification objective: distinguishing between “real” points sampled from the masked

regions and “fake” noise points sampled uniformly from the 3D space. By forcing the network

to hallucinate whether a specific coordinate in the masked region belongs to the object or empty

space, MaskPoint encourages the learning of global geometric semantics without the ambiguity

inherent in dense point reconstruction.

Several follow-up methods have investigated different tokenization schemes and reconstruction

formulations. Point-M2AE (Zhang et al., 2022b) introduces a multi-scale masked autoencoding

framework built upon a pyramid-structured Transformer backbone, specifically tailored for
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hierarchical point cloud pre-training. Unlike single-scale Point-MAE, the encoder in Point-M2AE

progressively downsamples point tokens across stages and applies a coordinated multi-scale

masking strategy that preserves consistent visible regions across different resolutions. This

enables the model to jointly capture coarse structural cues and fine-grained geometric detail.

The decoder is implemented as a lightweight upsampling pyramid with skip connections,

allowing multi-scale features to be fused gradually from global to local representations during

reconstruction (Zhang et al., 2022b). Through this hierarchical design, Point-M2AE effectively

models both semantic shape structure and detailed local geometry, achieving strong performance

on linear probing, full fine-tuning, part segmentation, and few-shot recognition tasks.

MAE3D (Jiang, Lu, Zhao, Dazeley & Wang, 2023) extends masked autoencoding to point-cloud

representation learning by designing a patch-wise framework tailored to irregular 3D geometry.

The method splits a point cloud into FPS–KNN patches, applies high-ratio block masking,

and extracts latent features using a PointNet-based patch embedding module. An asymmetric

Transformer architecture encodes only visible patches, while the decoder reconstructs both patch

centers and complete geometry using a folding-based reconstruction head with a multi-task

Chamfer loss. This patch-wise design enables MAE3D to capture strong local geometric

structure and leads to improved performance on downstream classification tasks.

Point-GPT (Chen et al., 2024) extends GPT-style autoregressive pretraining to point clouds by

treating a 3D shape as an ordered sequence of point patches rather than an unordered set. The

input point cloud is first partitioned into local patches and then arranged into a geometry-aware

sequence based on spatial proximity, producing an approximate traversal that preserves global

structure. An extractor–generator Transformer decoder is trained with a dual-masking strategy

in an auto-regressive manner: conditioned on previously observed tokens, the model predicts

the next patch in the sequence, thereby learning long-range dependencies and global geometric

relations. After pretraining, the backbone is fine-tuned on downstream tasks such as classification

and segmentation, where Point-GPT demonstrates strong performance on different datasets,

highlighting the effectiveness of autoregressive generative modeling for 3D representation

learning. Figure 1.5 illustrates the overall Point-GPT pipeline.
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Figure 1.5 Overall architecture of PointGPT. (a) The input point cloud is divided into

multiple point patches, which are then sorted and arranged in an ordered sequence. (b) An

extractor-generator based transformer decoder is employed along with a dual masking

strategy for the auto-regressively prediction of the point patches. In this example, the

additional mask of the dual masking strategy is applied to the same group of random tokens

for better illustration purposes

Taken from (Chen et al., 2024)

Cross-modal transfer has also been explored as a way to inject strong inductive biases into

point-cloud encoders. ACT (Dong et al., 2022) transfers knowledge from pretrained 2D vision

Transformers by aligning intermediate features across modalities: a point-cloud encoder is

trained to mimic the representations of an image encoder through contrastive and reconstruction

objectives, enabling 3D models to inherit structural priors such as texture–geometry consistency

and global spatial organization. Similarly, I2P-MAE (Zhang et al., 2023) performs masked

autoencoding in the point domain while guiding the reconstruction process with features

extracted from a pretrained image MAE. By projecting 2D image features onto 3D points and

enforcing cross-modal consistency, I2P-MAE compensates for the sparse and irregular nature of

point clouds, leading to richer geometric representations and improved generalization across

downstream tasks.

Despite their success, most masked pretraining methods share two fundamental limitations.

First, they rely heavily on random masking of points or patches. Random selection is agnostic to



24

geometric importance, treating flat surfaces and high-curvature regions as equally informative.

This makes masked reconstruction dominated by smooth or uninformative areas, while the

model learns little about edges, thin structures, or distinctive local geometry, as observed in

several recent analyses.

This limitation motivates geometry-aware masking strategies that prioritize informative regions

and strengthen local structural encoding—an idea developed in this thesis through contributions

such as GeoMask3D in Chapter 2.

1.3.3 Computational Scalability in 3D SSL

Transformer-based architectures have become a dominant backbone for SSL on point clouds due

to their ability to model long-range dependencies via self-attention. However, a core limitation

of these models is the quadratic computational and memory complexity of self-attention with

respect to the number of tokens. Given a token sequence of length 𝑁 , a standard multi-head

attention layer computes all pairwise interactions between tokens, leading to 𝑂 (𝑁2) time and

space complexity. This is already challenging for high-resolution 2D images, and becomes even

more restrictive in 3D, where raw point sets can easily contain tens or hundreds of thousands of

points (Vaswani et al., 2017; Guo et al., 2021).

To make Transformer-based 3D SSL feasible, most methods apply aggressive token reduction

before attention. Previous methods, such as Point-MAE (Pang et al., 2022), Point-M2AE (Zhang

et al., 2022b), and MAE3D (Jiang et al., 2023), first partition the point cloud into a relatively

small number of local patches using FPS and kNN, then treat each patch as a single token.

While this reduces 𝑁 and makes masked pretraining tractable, it also introduces a trade-off:

coarse patchification may blur fine-grained geometric details, whereas finer patch granularity

leads to prohibitive attention cost. Similar issues arise in point-cloud Transformers such as

Point Transformer (Zhao, Jiang, Fu, Jia et al., 2021), which either restrict attention to local

neighborhoods or rely on hierarchical pooling to control token count, at the cost of increased

architectural complexity and potential loss of detail at early stages.
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Another difficulty is that, unlike images where a regular grid induces a natural notion of locality,

point clouds are irregular and unstructured. Local/self-attention schemes that constrain each

token to attend only to its 𝑘 nearest neighbors can mitigate the quadratic scaling, but their

effectiveness depends heavily on the neighborhood construction and positional encoding used

to approximate the underlying manifold (Zhao et al., 2021; Wu, Qi & Fuxin, 2019). Poorly

chosen neighborhoods or positional priors can lead to fragmented receptive fields or unstable

geometry-aware attention, especially under non-uniform sampling and noise. As a result,

scaling self-supervised Transformers to large, dense point clouds remains challenging: one must

simultaneously control the 𝑂 (𝑁2) cost, preserve local geometric fidelity, and maintain sufficient

receptive field for global context.

These limitations have motivated growing interest in alternative backbones with linear complexity

in sequence length, such as state-space models and Mamba-style architectures, for 3D

representation learning (Gu, Dao, Erichson, Rudin & Darrell, 2023). However, applying

sequence-based architectures to point clouds remains challenging because point sets have no

natural spatial order. Effective use of state-space models therefore requires constructing an

explicit token traversal that maintains computational efficiency while accurately reflecting the

geometry of the 3D surface.

1.3.4 State-Space Models in 2D and 3D SSL

State–space models (SSMs) were originally developed to describe the evolution of continuous-

time dynamical systems, but recent advances have adapted them into deep sequence-processing

layers capable of modeling long-range dependencies efficiently. Early neural SSMs such as

HiPPO-Legendre memory units (Gu, Dao, Ermon, Rudra & Ré, 2020) and the LSSL layer

introduced continuous-time representations but suffered from high computational overhead when

applied to long sequences. The S4 architecture (Gu, Goel & Ré, 2022a) addressed this limitation

by using structured state matrices, parameter normalization, and efficient kernelization, enabling

sequence modeling with linear-time complexity. Subsequent extensions investigated diagonal
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state parametrizations (Gupta, Faqir-Rhazoui, Dao & Gu, 2022), and liquid state formulations

with adaptable dynamics (Hasani et al., 2022).

The introduction of Mamba (Gu & Dao, 2024) marked a major shift in the design of state-space

models by combining continuous-time SSM dynamics with a content-dependent selection

mechanism that modulates how information is propagated across a sequence. In contrast to

classical Linear Time-Invariant (LTI) SSMs, whose parameters (𝐴, 𝐵, 𝐶) define fixed dynamics

after discretization (as in Eq. 1.14 and 1.15), Mamba incorporates learnable, input-conditioned

gating that allows the model to selectively retain or discard information at each step. This

improves contextual awareness while preserving the linear-time recurrence structure of the

discrete SSM,

ℎ𝑘 = 𝐴̄ℎ𝑘−1 + 𝐵̄𝑥𝑘 , (1.14)

𝑦𝑘 = 𝐶̄ℎ𝑘 , (1.15)

making Mamba competitive with Transformers, but with significantly lower computational cost.

Building on these ideas, VMamba (Liu et al., 2024) proposes a visual state-space backbone

tailored to 2D images through a selective scan design. VMamba (Liu et al., 2024) adapts

the Mamba state-space architecture to vision by introducing Visual State Space (VSS) blocks

equipped with the 2D-Selective-Scan (SS2D) module. Unlike standard Mamba, which operates

on 1D sequences, SS2D unfolds image features along four complementary traversal paths,

enabling each location to aggregate global context through directional selective-scanning while

maintaining linear-time complexity. This design bridges the gap between the ordered structure

of sequence models and the spatially non-sequential nature of images, offering an efficient

alternative to quadratic self-attention. Built on stacks of VSS blocks across a hierarchical

backbone, VMamba achieves strong performance on classification and dense prediction tasks,

demonstrating that state-space models can serve as competitive vision transformers with superior

input-scaling efficiency. Figure 1.6 illustrates the core selective-scan mechanism and its

integration into the VMamba architecture.
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Figure 1.6 Illustration of 2D-Selective-Scan (SS2D). Input patches are traversed along

four different scanning paths (Cross-Scan), with each sequence independently processed by

separate S6 blocks. The results are then merged to construct a 2D feature map as the final

output (Cross-Merge)

Taken from (Liu et al., 2024)

Figure 1.7 The pipeline of PointMamba. PointMamba starts by using FPS and KNN to

obtain point patches, and then embed them into point tokens. After that, it reorders and

triples the sequence. Finally, it feeds the token sequence into the Mamba blocks

Taken from (Liang et al., 2024)

Similarly, Vision Mamba (Zhu, Gao, Shen & Li, 2024) introduces bidirectional Mamba

blocks for building high-performance vision backbones, demonstrating that carefully designed

SSM architectures can serve as competitive alternatives to Transformers in large-scale visual

representation learning.
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Extending SSMs to 3D point clouds is considerably more challenging. Unlike text or images,

point clouds lack any canonical spatial ordering: points are unordered, irregularly sampled, and

exhibit no grid-aligned structure that can be naturally traversed. As a result, the fundamental

requirement of SSMs—processing inputs as sequences—is nontrivial in 3D. Recent attempts

have relied on handcrafted traversal heuristics. Point-Mamba (Liang et al., 2024) introduces

one of the earliest attempts to adapt state-space models to 3D point clouds by designing a

pipeline that converts unordered patches into a geometry-aware 1D sequence suitable for Mamba

processing. As illustrated in the main architecture figure of the paper (Figure 1.7), the method

begins by tokenizing the point cloud into local patches using FPS and kNN, followed by a

lightweight PointNet encoder that produces a set of point tokens. Since Mamba performs causal,

direction-sensitive sequence modeling, the tokens cannot remain in the random order typically

used in Transformer-based point models. To address this, Point-Mamba proposes a simple but

effective axis-based reordering strategy that sorts the patch tokens according to the coordinates

of their patch centers along the 𝑥, 𝑦, and 𝑧 dimensions. A detailed illustration of this reordering

mechanism is shown in Figure 1.8. Instead of relying on the original random sequence—which

lacks spatial coherence and disrupts the causal modeling behavior of Mamba—the tokens are

sorted three times (once per axis) and concatenated into a tripled sequence. This produces a

more orderly geometric scan that better matches Mamba’s autoregressive dynamics while still

preserving local spatial relationships among patches. The reordered sequence is then processed

through stacked Mamba blocks, including layer normalization, depth-wise convolution, selective

state-space updates, and residual connections. Despite its simplicity, this reordering strategy

significantly improves global modeling capability and enables Point-Mamba to outperform

Transformer baselines under comparable computational budgets.

Point Cloud Mamba (PCM) (Zhang et al., 2025) adapts Mamba’s state-space modeling to

3D point clouds by converting unordered coordinates into structured 1-D sequences using a

Consistent Traverse Serialization strategy that preserves spatial adjacency. Multiple traversal

variants are combined to provide diverse geometric perspectives, while order prompts and

coordinate-based positional encodings enable the model to handle different sequence layouts.
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Figure 1.8 A simple illustration of the reordering strategy. The point patches are

reordered and concatenated along the x, y, and z axes

Taken from (Liang et al., 2024)

Integrated with local feature extraction modules, PCM achieves global modeling with linear

complexity and improves performance across classification and segmentation benchmarks. This

demonstrates that Mamba-based architectures can outperform transformer- and MLP-based point

cloud networks when equipped with geometry-aware serialization and encoding mechanisms.

Some existing approaches share a common limitation: their traversal orders are based on

handcrafted or heuristic rules that may introduce viewpoint dependency and are not inherently

grounded in the intrinsic geometry of the point cloud. As a result, such orderings may not

consistently preserve locality or rotational stability, and the resulting sequences may fail to

fully capture the true geometric connectivity of the underlying 3D structure. This challenge

motivates methods that compute traversal orders directly from the geometry itself. In Chapter 3,

we build on this direction by introducing a spectral traversal strategy derived from the Laplacian

eigenstructure of the point cloud’s patch-connectivity graph. Unlike voxel or grid-based

heuristics, this spectral ordering is isometry-invariant, preserves manifold continuity, and enables

efficient Mamba-based masked autoencoding for 3D SSL.



30

1.4 Test-Time Learning for Robust 3D Perception

1.4.1 Test-Time Adaptation (TTA)

Modern machine learning systems frequently encounter distribution shift, where the data

observed at test time differ from the distribution seen during training. Such shifts may arise from

changes in sensors, environments, acquisition conditions, or noise characteristics. When this

mismatch occurs, even well-trained models can experience substantial performance degradation,

particularly in open-world or safety-critical applications.

TTA addresses the problem of distribution shift in the fully source-free and label-free setting,

where a pretrained model must adapt to unseen target domains using only the incoming test

samples. Unlike traditional domain adaptation, no source data, source statistics, or target labels

are available during deployment. The key objective is therefore to update a model online so that

its predictions remain stable when the test distribution deviates from the source distribution.

Since no ground-truth labels or source data are accessible, TTA methods optimize an unsupervised

test-time objective on the target inputs. A common formulation is entropy minimization, which

encourages confident predictions:

Lent(𝑥𝑡 ; 𝜃) = −

𝐶∑
𝑐=1

𝑝𝜃 (𝑦 = 𝑐 | 𝑥𝑡) log 𝑝𝜃 (𝑦 = 𝑐 | 𝑥𝑡). (1.16)

The model parameters are then updated online via

𝜃𝑡+1 = 𝜃𝑡 − 𝜂∇𝜃Lent(𝑥𝑡 ; 𝜃𝑡), (1.17)

where 𝜂 is the adaptation learning rate. In practice, many methods restrict updates to a small

subset of parameters—such as the affine BatchNorm parameters (𝛾, 𝛽)—to avoid instability and

computational overhead.
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More generally, TTA aims to learn an adaptation operator

𝜃𝑡+1 = 𝐴(𝜃𝑡, 𝑥𝑡), (1.18)

that adjusts model parameters using only unlabeled test samples from the shifted target distribution

D𝑡 , while preventing catastrophic drift in the absence of supervision. The overarching objective

is to maintain reliable performance even as the test-time distribution evolves in ways unseen

during training.

Early 2D advances in this direction introduced lightweight adaptation objectives operating

directly on unlabeled test inputs. TENT (Wang, Shelhamer, Liu, Olshausen & Darrell, 2021a)

instantiated entropy minimization in the TTA setting by updating only BatchNorm affine

parameters during inference, offering a simple and efficient adaptation rule. SHOT (Liang,

Hu & Feng, 2020) is a source-free unsupervised domain adaptation framework that adapts a

pretrained source model to a target domain without any access to source data. The method

freezes the source classifier (the “hypothesis”) and learns a target-specific feature encoder using

information maximization (certainty + diversity) to align target features to the fixed classifier.

To further stabilize adaptation, SHOT introduces a self-supervised pseudo-labeling mechanism

based on clustering target features, yielding SOTA results across closed-set, partial-set, and

open-set UDA settings. MEMO (Zhang, Menon, Jiang, Andreassen & Kumar, 2022a) shows

that performing entropy minimization on augmented versions of a single test input can also

stabilize predictions without storing source data.

TTA for 3D Point Clouds. Applying TTA to point clouds introduces additional challenges

due to sampling irregularity, noise sensitivity, and the absence of fixed spatial structure. Only

a small number of works have explored TTA in the 3D domain. CoTTA (Wang et al., 2024a)

addresses continual TTA, where the target domain evolves over time rather than remaining static.

To mitigate error accumulation from unreliable pseudo-labels, CoTTA uses weight-averaged

and augmentation-averaged predictions for more stable adaptation. To prevent catastrophic

forgetting, it periodically restores a random subset of neurons back to their source weights,
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enabling long-term, fully-parameterized adaptation in dynamic environments. Other direction-

specific TTA designs include MM-TTA (Shin, Choi, Kim & Choi, 2022) for multimodal

3D semantic segmentation, Point-TTA (Hatem, Taleb, Xiao & Xu, 2023b) for point cloud

registration using auxiliary self-supervised objectives, and a meta-learned strategy for point-

cloud upsampling (Hatem, Qian & Wang, 2023a). BFTT3D (Wang et al., 2024b) introduces

a backpropagation-free framework for 3D TTA, addressing the high computational cost and

instability of gradient-based TTA methods. The model employs a two-stream architecture

that preserves source-domain knowledge while extracting target-specific features through a

non-parametric point cloud network composed of training-free operations such as FPS, k-NN

grouping, trigonometric embeddings, and pooling. To bridge the source–target gap, BFTT3D

performs subspace alignment via Transfer Component Analysis and derives target-specific logits

through similarity matching against a compact prototype memory. These logits are combined

with the source-model predictions using a novel entropy-based adaptive fusion mechanism,

enabling robust adaptation without pseudo-labeling, self-supervision, or parameter updates. The

overall pipeline is illustrated in Figure 1.9.

Although TTA has been extensively explored in 2D vision, its development for 3D point-cloud

classification remains limited, and directly applying 2D methods to point clouds is fundamentally

inadequate. Unlike images, point clouds are unordered, irregularly sampled, and highly sensitive

to changes in density, occlusion, and FPS/KNN neighborhood construction; ignoring these

geometric properties leads to unstable or unreliable adaptation. Existing TTA approaches for

point clouds do not explicitly address these geometry-specific challenges and therefore lack

robustness under realistic corruptions. To date, no method has been designed specifically for

stable, corruption-resilient 3D point-cloud classification, leaving a critical gap in real-world

deployment where models must adapt reliably using only unlabeled test samples.

In this direction, Chapter 4 presents Sampling-Variation Weight Averaging (SVWA), which

takes an initial step toward 3D-specific TTA by exploiting sampling variation and stabilizing

model behavior during adaptation.
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Figure 1.9 BFTT3D stores a compact prototype memory by extracting source features

with a non-parametric network. At test time, the same non-parametric network produces a

target feature 𝑓𝑡 , which is projected into a shared subspace and matched against the stored

prototypes to compute a target-specific logit 𝑙𝑏 𝑓 . This logit is then fused adaptively with the

source-model logit 𝑙𝑠 using an entropy-based mechanism to produce the final prediction 𝑙𝑡 .
All components—feature extraction, subspace mapping, and fusion— operate without any

backpropagation, enabling efficient test-time adaptation

Taken from (Wang et al., 2024b)

1.4.2 Test-Time Training (TTT)

As mentioned, deep models often suffer from performance degradation when the test distribution

differs from the training distribution. Unlike TTA, which performs unsupervised adaptation

directly on test inputs, TTT equips the model with an auxiliary self-supervised task during

pretraining, which is then re-used at test time to update the model parameters. Formally, given

an auxiliary objective Laux(𝑥) learned during training, TTT performs online updates at test time

via:

𝜃𝑡+1 = 𝜃𝑡 − 𝜂∇𝜃Laux(𝑥𝑡 ; 𝜃𝑡), (1.19)

allowing the model to correct itself on-the-fly without requiring source data or labels.

The first TTT method, TTT (Sun et al., 2020), introduced the idea of learning an auxiliary

rotation-prediction task during training and updating the network at test time via this self-
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supervised signal. TTT++ (Liu, Wang, Zhu, Darrell & Gonzalez, 2021b) extends TTT by

introducing an online feature alignment strategy—using offline feature summarization and

moment matching—to keep test-time features close to the source distribution, and by replacing the

rotation-prediction auxiliary task with a stronger contrastive-learning objective (SimCLR), which

together yield more robust adaptation under severe distribution shifts. TTT-MAE (Gandelsman

et al., 2022) proposed a masked autoencoding-based auxiliary task to tackle one-sample learning

and demonstrated strong performance on diverse visual benchmarks. These works highlight

the central philosophy of TTT: a model should be equipped during training with an internal

mechanism that allows it to self-correct when facing unseen test conditions.

TTT for 3D Point Clouds. TTT for 3D perception remains largely unexplored, with only a

few emerging works extending the idea to geometric data. A representative example of TTT for

3D point clouds is MATE (Masked Autoencoders are Online 3D Test-Time Learners) (Mirza

et al., 2023). MATE targets point-cloud classification under distribution shift by attaching

a masked autoencoder branch to a standard backbone (e.g., a PointNet++/Transformer-style

encoder) and using it as an auxiliary self-supervised task during adaptation. At test time, each

incoming point cloud is first partitioned into local patches; a large subset of these patches is

then masked, and the MAE decoder is trained to reconstruct the missing geometry from the

visible context. The classification head is never supervised on target labels; instead, the encoder

is updated by backpropagating only the reconstruction loss, so that improvements in geometric

encoding indirectly benefit the downstream classifier. MATE operates in an online fashion on

a stream of test samples, repeatedly re-masking and reconstructing each target point cloud to

refine the encoder’s features under the shifted distribution. This design allows the method to

remain label-free, while still leveraging powerful masked reconstruction signals tailored to 3D

geometry. As illustrated in Figure 1.10, the overall pipeline consists of a shared encoder feeding

both the classification head and a lightweight MAE decoder, with heavy masking applied to

target point clouds and reconstruction-driven updates performed on-the-fly during inference.
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Figure 1.10 Overview of the 3D Test-Time Training pipeline in MATE. A point cloud is

first tokenized into patches, after which a large portion of patches is randomly masked.

During pretraining, visible patches are encoded to obtain latent features used

simultaneously for classification and for reconstructing the masked patches via a

lightweight MAE decoder. At test time, only the masked-reconstruction branch is used: the

encoder is adapted on a single out-of-distribution input by minimizing the MAE

reconstruction loss, and the updated encoder is then used for final classification

Taken from (Mirza et al., 2023)

Other recent works explore meta-learning or backpropagation-free strategies for geometric tasks,

but they primarily target segmentation, upsampling, or registration and do not directly address

stable TTT for point cloud classification.

Despite recent progress, existing TTT methods for 3D point clouds remain extremely limited.

The only method specifically designed for point-cloud classification, MATE, requires full

per-sample backpropagation during inference, which makes adaptation slow and impractical

for real-time 3D perception systems where latency is critical. Moreover, the broader TTT

literature has focused almost entirely on 2D vision, leaving very few works exploring how

to design efficient and stable TTT objectives for irregular, unordered 3D point sets. As a

result, there is currently no TTT framework tailored for fast, stable, and corruption-resilient 3D

point-cloud classification, creating an important gap between research progress and the demands

of real-world 3D applications.
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In this direction, Chapter 5 presents SMART-PC, a geometry-aware TTT framework that

leverages skeletal structure to enable faster, more stable, and more corruption-resilient adaptation

for 3D point-cloud models.

1.5 Final Remarks

This chapter has surveyed three tightly connected research axes that underpin modern 3D

point-cloud perception: self-supervised geometric representation learning, scalable state-space

architectures with meaningful traversal strategies, and test-time learning methods for robustness

under distribution shift.

From the perspective of SSL, existing masked pretraining frameworks have shown strong

downstream performance but mostly rely on geometry-agnostic random masking and coordinate

reconstruction, which can overemphasize smooth, uninformative regions while underusing

structurally salient parts. In parallel, state-space models such as Mamba and its visual variants

offer linear-time sequence modeling, yet their success in 3D hinges on constructing traversal

orders that preserve locality and manifold continuity in the absence of a natural grid. Finally,

while TTA and TTT have been extensively explored in 2D vision, their direct application to point

clouds remains challenging due to the unique properties of 3D data and the high computational

cost of per-sample backpropagation, leaving a gap in stable, geometry-aware test-time learning

for 3D classification.

These observations motivate the four research directions developed in the remainder of this

thesis. Chapter 2 introduces GeoMask3D, a geometry-aware masking strategy that steers masked

pretraining toward structurally informative regions. Chapter 3 proposes a spectral traversal

mechanism that derives token orderings directly from the point-cloud geometry, enabling

efficient Mamba-based masked autoencoding. Chapter 4 presents Sampling-Variation Weight

Averaging (SVWA), which exploits sampling diversity to stabilize TTA in a 3D-specific manner.

Chapter 5 introduces SMART-PC, a skeletal-structure–aware TTT framework designed for fast,

stable, and corruption-resilient adaptation. Together, these contributions advance a unified,
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geometry-centric view of pretraining, architectural design, and test-time learning for reliable 3D

perception in real-world environments.
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Abstract

We introduce a novel approach to self-supervised learning for point clouds, employing a

geometrically informed mask selection strategy called GeoMask3D (GM3D) to boost the

efficiency of Masked Auto Encoders (MAE). Unlike the conventional method of random

masking, our technique utilizes a teacher-student model to focus on intricate areas within the

data, guiding the model’s focus toward regions with higher geometric complexity. This strategy

is grounded in the hypothesis that concentrating on harder patches yields a more robust feature

representation, as evidenced by the improved performance on downstream tasks. Our method

also presents a feature-level knowledge distillation technique designed to guide the prediction of

geometric complexity, which utilizes a comprehensive context from feature-level information.

Extensive experiments confirm our method’s superiority over SOTA baselines, demonstrating

marked improvements in classification, segmentation, and few-shot tasks. Code is available on

our GitHub.

2.1 Introduction

The advent of large-scale 3D datasets (Deitke et al., 2023; Slim et al., 2023) has propelled

research on deep learning for point clouds, leading to notable improvements in complex 3D

tasks. However, the time-consuming nature of data collection, compounded by the complexity of
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Figure 2.1 A relative comparison of the SOTA point cloud MAE methods on different

tasks. Here, the center and the outer circles represent the lowest and highest values on each

task, respectively

3D view variations and the mismatch between human perception and point cloud representation,

significantly hinders the development of effective deep networks for this type of data (Xiao et al.,

2023). In response to this challenge, SSL has emerged as a promising solution, facilitating the

learning of representations without relying on manual annotations. SSL not only circumvents

the issues of costly and error-prone labeling but also improves the model’s generalization ability,

offering a pivotal advancement in the field of point cloud-based deep learning (Fei, Cao, Wang,

Bai & Liu, 2023).

MAEs, as simple yet effective self-supervised learners, have gained prominence by learning to

recover masked parts of data. This approach has significantly advanced NLP models and has

resulted in exceptional vision-based representation learners (Devlin et al., 2019; He et al., 2022)

when applied to vision tasks. Building on their success, MAEs have recently been adapted

for point cloud representation learning, leading to SOTA methods including MaskPoint (Liu

et al., 2022), Point-Bert (Yu et al., 2022), Point-MAE (Pang et al., 2022), Point-M2AE (Zhang
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et al., 2022b), I2P-MAE (Zhang et al., 2023), and MAE3D (Jiang et al., 2023). However, these

methods share a common limitation stemming from the random masking strategy they use,

where masked regions of the point cloud are selected arbitrarily without taking into account their

informativeness. As demonstrated in recent work on Masked Image Modeling (MIM) (Wang

et al., 2023), employing a selection strategy that prioritizes informative regions over background

areas can significantly enhance the robustness of the learned representation. While such a

strategy has shown promising results for image processing, its application to point clouds has

not been explored so far.

To bridge this gap, we study the use of a targeted masking strategy for point clouds within

the MAE framework, applicable across both single and multi-scale methods. We introduce

GeoMask3D (GM3D), a novel geometrically-informed mask selection strategy for object point

clouds. Due to the lack of background data in the object’s point clouds, GM3D enables models to

concentrate on more complex areas, such as canonical ones with higher connections to the other

areas, and pay less attention to the geometrically simple areas like smooth surfaces, as depicted

in Figure 2.2. To showcase the effectiveness of our method, we integrate it into the pretraining

process of both single-scale Point-MAE and multi-scale Point-M2AE, the leading MAE methods

for point clouds. As illustrated in Figure 2.1, our method exhibits notable enhancements over

the earlier SOTA approaches across a range of challenging tasks.

To the best of our knowledge, this represents the first attempt to implement a masking strategy for

point clouds, independent of additional modalities such as multi-view images. Our contributions

are summarized as follows:

1. We propose a novel masking approach for point cloud MAEs, which selects patches based

on their geometric complexity rather than selecting them randomly. This approach employs

an easy-to-hard curriculum learning strategy where the ratio of patches selected using

geometric complexity is gradually increased during training.

2. We also introduce a feature-level knowledge distillation technique to further guide the

prediction of geometric complexity. Instead of relying on the noisy and incomplete

information of 3D points, this efficient technique transfers latent features from a frozen
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teacher model, encoding higher-level information on the geometry, to the student model

learning the point cloud representation.

3. We integrate these mechanisms into the pretraining process of single-scale Point-MAE

and multi-scale PointM2AE, both of which are SOTA point cloud MAEs, significantly

enhancing their performance in diverse downstream tasks.

2.2 Related Works

Point Cloud Learning. PointNet (Qi et al., 2017a) established point cloud processing as a key

method in 3D geometric data analysis by addressing the permutation issue of point clouds with

a max-pooling layer. To further enhance performance and capture both local and global features,

PointNet++ (Qi et al., 2017b) introduced a hierarchical structure, expanding the receptive fields

of its kernels recursively for improved results over PointNet. Another study (Jaritz et al., 2019)

focused on point cloud scene processing, where multi-view image features are combined with

point clouds. In this study, 2D image features are aggregated into 3D point clouds and a

point-based network fuses these features in 3D space for semantic labeling, demonstrating the

substantial benefits of multi-view information in point cloud analysis.

MAE for Representation Learning. Leveraging the success of MAEs in text and image

modalities, Point-BERT (Yu et al., 2022) introduced an approach inspired by BERT (Devlin

et al., 2018) adapting Transformers to 3D point clouds. This approach creates a Masked Point

Modeling task, partitioning point clouds into patches and using a Tokenizer with a discrete

Variational AutoEncoder (dVAE) to produce localized point tokens, with the goal of recovering

original tokens at masked points. Similarly, Point-GPT (Chen et al., 2024) introduced an

auto-regressive generative pretraining (GPT) approach to address the unordered nature and

low information density of point clouds. ACT (Dong et al., 2022) proposed a cross-modal

knowledge transfer method using pretrained 2D or natural language Transformers as teachers for

3D representation learning. MaskPoint (Liu et al., 2022), a discriminative mask pretraining

framework for point clouds, represents the point cloud with discrete occupancy values and

performs binary classification between object points and noise points, showing resilience to point
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Figure 2.2 Visualization of estimated GC progression throughout training is depicted. The color

spectrum denotes GC, ranging from low (Blue) to high (Red). GC values are normalized per object

to reflect relative complexity across patches within each object’s point cloud. As training progresses

(from left to right), initial GC rankings display a random distribution (a). After 100 epochs, the

model learns to assign lower complexity rankings to smooth areas (b) and higher rankings to

complex regions (c). Through GC guided masking, the model increasingly focuses on complex areas

from epochs 200 to 300, resulting in a reduction of GC ranking (d) and smoothing of the complexity

ranking distribution, accompanied by a decrease in total complexity loss L𝐺𝐶 (e). Eventually, the

model converges to a low L𝐺𝐶 value, consistently targeting canonical patches while maintaining a

smoother GC distribution (f)

sampling variance. Point-MAE (Pang et al., 2022) adapted MAE-style pretraining to 3D point

clouds, employing a specialized Transformer-based autoencoder to reconstruct masked irregular

patches and demonstrating strong generalization in various tasks. Following this, MAE3D (Jiang

et al., 2023) used a Patch Embedding Module for feature extraction from unmasked patches.

Point-M2AE (Zhang et al., 2022b) introduced a Multi-scale MAE framework with a pyramid

architecture for self-supervised learning, focusing on fine-grained and high-level semantics.

I2P-MAE (Zhang et al., 2023) further improved the self-supervised point cloud learning process

by leveraging pretrained 2D models through an Image-to-Point transformation.

Our proposed method, which can be integrated into any point cloud MAE architecture, differs

from previous approaches like Point-MaskPoint, MAE, MAE3D and Point-M2AE that are based

on random patch selection. Moreover, unlike recent point cloud learning approaches such as

I2P-MAE (Zhang et al., 2023), which rely on image information and 2D backbones, our method

only requires 3D coordinates as input.
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2.3 Method

2.3.1 Preliminaries

Masked Auto Encoders. Autoencoders use an encoder E to map an input 𝑋 to a latent

representation 𝑍 = E(𝑋) and a decoder to reconstruct the input as 𝑋̂ = D(𝑍). Masked Auto

Encoders (MAE) are a special type of autoencoder that receive a masked-patch input composed

of a set of visible patches (with positional encoding) 𝑋𝑣 and the index set of masked patches 𝑀 ,

and reconstruct the masked patches as follows:

[𝑋𝑣, 𝑋̂𝑚] = MAE(𝑋𝑣, 𝑀) = D
(
[E(𝑋𝑣), 𝑇𝑀]

)
(2.1)

The encoder E and decoder D are both transformer-based networks. The encoder only transforms

the visible patches to their latent representations 𝑍𝑣 = E(𝑋𝑣). On the other hand, the decoder

takes as input 𝑍𝑣 and a set of tokens 𝑇𝑀 =
{(
𝑡mask, 𝐸pos(𝑖)

)
| 𝑖 ∈ 𝑀

}
where 𝑡mask is a global

learnable mask token and 𝐸pos(𝑖) is the positional embedding of masked patch 𝑖 ∈ 𝑀. Let

𝑁 = 𝑁𝑣 +𝑁𝑚 be the number of patches in the input, with 𝑁𝑣 = |𝑋𝑣 | and 𝑁𝑚 = |𝑀 |, the masking

ratio is defined as 𝑚ratio = 𝑁𝑚/𝑁 .

MAE for Point Clouds. A 3D point cloud 𝑃 is a set of 𝑁𝑝 points 𝑝 𝑗 ∈ R
3. For this type

of data, patches correspond to possibly overlapping subsets of 𝐾 points in 𝑃. While there are

various ways to generate patches from a point cloud, we follow the strategy employed by several

related methods (Pang et al., 2022; Zhang et al., 2022b) where each patch 𝑥𝑖 is defined as a

center point 𝑐𝑖 and the set 𝑃𝑖 ⊂ 𝑃 of KNN to this center. To uniformly represent the whole point

cloud, patch centers 𝑐𝑖 are obtained using a FPS algorithm, where a first center is randomly

chosen from 𝑃 and then the next one is selected as the point in 𝑃 furthest away from previously

selected centers. Assuming that 𝑐𝑖 is included as the first element of its nearest-neighbor list 𝑃𝑖,

we can represent the patchified version of the point cloud as a tensor 𝑋 ∈ R
𝑁×𝐾×3.



45

EMA Update

Predicted GC

epoch = 1 epoch = t

Teacher

FDK Update

Ԑ

Student

Selecting patches for 
masking based 

on predicted GC an N

0 1 2 3 4 5 6 7 8 9
Patch Number

Pr
ed

ic
te

d
G

C
Pr

ed
ic

te
d 

G
C

Forward

Backward

Stop Gradient

Exponential Moving Average (EMA)

Feature-level Distilled Knowledge (FDK)

Selection of Patches based on

Frozen Network

Ԑ

epoch = 1 epoch = t

Masked Input based on GC

Input Point Cloud

Input Point Cloud

Selected Patches
for Masking

Knowledge Teacher

Ԑ

N

Point-space

Feature-space

Used in Downstream Tasks

Figure 2.3 Overview of the GeoMask3D (GM3D) method for self-supervised

representation learning in point clouds. The Teacher network predicts Geometric

Complexity (GC), and patches with the highest GC, denoted by 𝑁sel, are selected for

masking. The Student network is then trained to reconstruct these masked tokens while

simultaneously learning GC through the loss L𝐺𝐶 . The reconstruction loss is defined as

Lrec = Lrec𝑝 + Lrec 𝑓 . The Teacher network’s weights are updated using the Exponential

Moving Average (EMA) of the Student’s weights, while the Knowledge Teacher remains

frozen and is used for generating encoder features essential for the Student’s training with

Lrec 𝑓

In autoencoders for images, a pixel-wise L2 reconstruction loss is typically used for training the

MAE. In our case, since patches 𝑥𝑖 ∈ 𝑋 are points sets, we instead employ the Chamfer distance

to measure the reconstruction error Lrec𝑝 of masked patches:

Lrec𝑝 =
1

𝑁𝑚

𝑁𝑚∑
𝑖=1

Chamfer(𝑥𝑚𝑖 , 𝑥
𝑚
𝑖 ), (2.2)

where the Chamfer distance between two sets of points 𝑆 and 𝑆′ is defined as

Chamfer(𝑆, 𝑆′) =
∑
𝑝∈𝑆

min
𝑝′∈𝑆′

‖𝑝 − 𝑝′‖2
2 +

∑
𝑝′∈𝑆′

min
𝑝∈𝑆

‖𝑝 − 𝑝′‖2
2. (2.3)
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In the next section, we build on these definitions and present our GeoMask3D method for

self-supervised point cloud representation learning.

2.3.2 GeoMask3D

In the originally proposed MAE, masked patches are selected randomly during each iteration

without considering the varying impacts that different patches may have on the training process.

This random masking approach may not be efficient, as patches in a point cloud can exhibit

varying levels of Geometric Complexity (GC), which pose different degrees of challenge to the

learning network. Inspired by the principles of human learning—where repeatedly tackling

challenging tasks enhances performance over time—we propose prioritizing geometrically

complex patches during the pre-training phase of a MAE network. A MAE network can achieve

more efficient and effective learning by shifting from random masking to a strategy focusing on

complex patches.

This strategy raises a fundamental question: what is Geometric Complexity (GC), and how

can it be measured? We define GC for a patch as the relative difficulty of reconstructing that

patch using an MAE network. Specifically, a patch is considered complex if the MAE network

demonstrates difficulty in reconstructing it, as indicated by higher reconstruction loss Lrec𝑝 .

To this end, we propose GeoMask3D (GM3D) as a modular component that integrates with any

point cloud MAE backbone. This component is incorporated into the pretraining phase of a

chosen method, shifting from a basic naive random masking approach to a selective focus on

geometrically complex patches for masking. The architecture of GM3D employs an auxiliary

head D𝐺𝐶 for predicting the geometric complexity 𝐺𝐶 ∈ R
𝑁 across the input patches, which is

trained with a loss L𝐺𝐶 .

A teacher-student framework is utilized to integrate GM3D with a target network. We denote as

GM3D𝑠= (E𝑠,D𝑠,D𝑠
𝐺𝐶) the student and as GM3D𝑡 = (E𝑡 ,D𝑡 ,D𝑡

𝐺𝐶) the teacher, both of them

having their own encoder, decoder and auxiliary head. In line with (He, Fan, Wu, Xie & Girshick,

2020), we apply a momentum update method to maintain a consistent teacher, updating it in
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each iteration,

GM3D𝑡 = 𝜇 ·GM3D𝑡 + (1−𝜇) ·GM3D𝑠 (2.4)

where 𝜇 represents the momentum coefficient. Both networks predict the GC based on the

patch’s informational content, as elaborated in Section 2.3.2.1. We employ the prediction of

GC in the masking strategy of the method during its pretraining stage. The GC of the student

network (GCs) is predicted based on the masked input 𝑋𝑣 , while the GC of the teacher (GCt) is

calculated in inference mode using the complete input 𝑋:

𝐺𝐶𝑎 =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
D𝑎

𝐺𝐶 (E(𝑋)), if 𝑎 = 𝑡 (teacher)

D𝑎
𝐺𝐶

(
[E(𝑋𝑣), 𝑇𝑀]

)
, if 𝑎 = 𝑠 (student)

(2.5)

The overview of our method for self-supervised representation learning in the point cloud is

depicted in Figure 2.3. The GeoMask3D (GM3D) approach involves three interconnected

steps, which will be explained in the following sections. Additionally, we provide a detailed

explanation of the Knowledge-Distillation-Guided GC strategy in Section 2.3.3.

2.3.2.1 Prediction of Geometric Complexity (GC)

During this stage, our goal is to evaluate GC of each patch in 𝑋𝑚, relative to the others within

the same set. We achieve this by using a Dense Relation Comparison (DRC) loss (Wang et al.,

2023) which enforces the GC of masked patch pairs (𝑘, 𝑙), predicted by the student (i.e., 𝐺𝐶𝑠
𝑘

and 𝐺𝐶𝑠
𝑙 ), to follow the same relative order as their loss values Lrec

𝑘 , Lrec
𝑙 :

L𝐺𝐶 =
𝑁𝑚∑
𝑘=1

𝑁𝑚∑
𝑙=1
𝑙≠𝑘

I+
𝑘𝑙 log

(
𝜎(𝐺𝐶𝑠

𝑘 − 𝐺𝐶𝑠
𝑙 )
)
− I−

𝑘𝑙 log
(
1 − 𝜎(𝐺𝐶𝑠

𝑘 − 𝐺𝐶𝑠
𝑙 )
)

(2.6)

where I+
𝑘𝑙 = 1(Lrec

𝑘 >Lrec
𝑙 ), I−

𝑘𝑙 = 1(Lrec
𝑘 <Lrec

𝑙 ), 𝜎(·) is the sigmoid function, and L𝑟𝑒𝑐 is

detailed in Section 2.3.3.



48

This loss function enforces consistency between the predicted 𝐺𝐶𝑠 values and Lrec as the

ground truth, effectively guiding the student model to learn a meaningful ranking of geometric

complexities for the masked patches. By comparing all pairs of patches, the loss ensures a robust

evaluation of relative complexity within 𝑋𝑚.

2.3.2.2 Geometric-Guided Masking

Patches with a high GC score are typically those that the model struggles to reconstruct accurately

(see Figure 3.1). This difficulty often stems from their complex geometry, compounded by the

absence of color and background information. While choosing those patches for masking might

seem straightforward, there are two challenges to this approach. First, during training, the GC is

evaluated by the student for masked patches 𝑋𝑚, yet we need to pick candidate patches from the

entire set. Second, the student’s GC estimation can be noisy, making the training unstable. We

address both these challenges by instead selecting patches based on the teacher’s score (GCt).

Thus, at each iteration, the teacher predicts the GC for all patches in 𝑋 , including unmasked ones.

Thanks to the momentum update of Figure 2.4, the teacher’s predictions are more consistent

across different training iterations.

2.3.2.3 Curriculum Mask Selection

During the initial phases of training, the model may struggle to reconstruct fine details and is

often overwhelmed by the complexity of the point cloud structure. To mitigate this problem, we

follow a curriculum easy-to-hard mask selection strategy by starting from pure random masking

at the initial training epoch and gradually increasing the portion of geometric-guided masking

until the maximum epoch 𝑒max. Let 𝐴 ∈ [0, 1] be the maximum ratio of patches that can be

selected using GCt. At each epoch 𝑒𝑡 , we select the 𝑁sel = 
𝑒𝑡/𝑒max × 𝐴 × 𝑁𝑚� patches with

highest GCt value, and the remaining 𝑁𝑚 − 𝑁sel ones are selected randomly based on a uniform

distribution.
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2.3.3 Knowledge-Distillation-Guided GC

Instead of relying exclusively on point geometry, our approach employs a knowledge distillation

strategy to also learn from latent features. This strategy involves transferring geometric

knowledge from a frozen teacher network F = (E 𝑓 ,D 𝑓 ) that processes the full set of patches

to the student GM3Ds observing unmasked patches. This encourages the student GM3Ds to

replicate the feature activations of the knowledge teacher F, indirectly learning from the full

structure of data. This unique setup enables the student network to benefit from the global

geometric context provided by the teacher network, which is constructed from the complete point

cloud. As a result, this process facilitates the learning of robust and meaningful representations,

which improve performance on downstream tasks. The complexity of patches in the feature

space is determined by employing the Mean Square Error loss between the output of E 𝑓 and the

output of D𝑠 before converting back to point space:

Lrec 𝑓 =
1

𝑁𝑚

𝑁𝑚∑
𝑖=1

��E 𝑓(𝑋 ) 𝑖 − D𝑠([E𝑠 (𝑋𝑣) , 𝑇𝑀]
)
𝑖

��2
(2.7)

This loss, combined with the Chamfer loss Lrec𝑝 applied in the point space, serves as the

ground-truth loss Lrec for the prediction of GC:

Lrec = Lrec𝑝 + Lrec 𝑓 (2.8)

The total training loss L is calculated as

L = 𝛼L𝐺𝐶 + 𝛽Lrec𝑝 + 𝛾Lrec 𝑓 (2.9)

where 𝛼, 𝛽, and 𝛾 are hyper-parameters.
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2.4 Experiments

Several experiments are carried out to evaluate the proposed method. First, we pretrain both

Point-MAE and Point-M2AE networks utilizing our GM3D approach on the ShapeNet (Chang

et al., 2015) training dataset. Moreover, we assess the performance of these pretrained models

across a range of standard benchmarks, such as object classification, few-shot learning, and

part segmentation. It is important to note that, to maintain a completely fair comparison, we

exclusively utilize the encoder of the student network for downstream tasks, ensuring it is

identical to the encoder used in the method of interest.

In our approach, we adopt network configurations consistent with those used in the Point-MAE

and Point-M2AE models to guarantee a fully fair comparison, notably using masking ratios of

60% for Point-MAE and 80% for Point-M2AE. This involves the technique of dividing point

clouds into patches, along with employing the KNN algorithm with predetermined parameters

for consistent patch uniformity. While our autoencoder architecture, including the configuration

of Transformer blocks in both encoder and decoder, generally follows the patterns established in

these models, we have uniquely tailored the decoder’s design specifically for the GC estimation

purposes. Moreover, the specifics of our network’s hyperparameters for the pretraining and

fine-tuning phases are comprehensively detailed in the Supplementary Materials.

2.4.1 Pretraining Setup

We adopt the ShapeNet dataset (Chang et al., 2015) for the pretraining of our technique, in

line with the practices established by Point-MAE and Point-M2AE. This dataset, known for its

diverse and extensive collection of 3D models across various categories, provides a robust basis

for training and evaluation. It contains 57,448 synthetic 3D shapes of 55 categories.

After this pretraining phase, we assess the quality of 3D representations produced by our

approach through a linear evaluation on the ModelNet40 dataset (Wu et al., 2015). We extract

1,024 points from every 3D model in ModelNet40 and then pass them through our encoder, which

remains unchanged during this phase to preserve the learned features. The linear evaluation is
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performed by a SVM fitted on these features. This classification performance is quantified by

the accuracy metrics detailed in Table 2.2. The results clearly indicate that our technique, when

applied to Point-MAE and Point-M2AE, enhances the network’s performance.

2.4.2 Downstream Tasks

Object Classification on Real-World Dataset. In self-supervised learning for point clouds, it

is crucial to create a model that exhibits strong generalization abilities across various scenarios.

The ShapeNet dataset, which is favored for pretraining, contains clean, isolated object models,

lacking any intricate scenes or background details. Inspired by this limitation, and building

on prior approaches, we put our methods to the test on the ScanObjectNN dataset (Uy et al.,

2019b), a more demanding dataset that represents about 15,000 real-world objects across

15 categories. This dataset presents a realistic challenge, with objects that are embedded in

cluttered backgrounds, making it an ideal benchmark for assessing our model’s robustness and

generalization in real-world scenarios.

We carry out tests on three different variants: OBJ-BG, OBJ-ONLY, and PBT50-RS. It is

important to note that we do not employ any voting techniques or data augmentation during

the testing phase. The outcomes of these experiments can be found in Table 2.1. These results

demonstrate that integrating the GM3D module with Point-MAE and Point-M2AE significantly

boosts their object classification accuracy on this dataset. These findings underscore our

method’s effectiveness in complex real-world scenarios.

Object Classification on Clean Objects Dataset. For the task of object classification on

the ModelNet40 dataset(Wu et al., 2015), we evaluated our pretrained models using the same

protocols and configurations as the Point-MAE approach. ModelNet40, featuring 12,311 pristine

3D CAD models across 40 categories, was divided into a training set of 9,843 models and

a testing set of 2,468 models, adhering to established norms. Throughout the training, we

employed common data augmentation strategies, including random scaling and shifting. To

ensure fair comparisons, the standard voting method (Liu, Fan, Xiang & Pan, 2019b) was also
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Table 2.1 Object classification on real-world ScanObjectNN dataset (Uy et al., 2019b).

We evaluate our approach on three variants, among which PB-T50-RS is the hardest setting.

Accuracy (%) for each variant is reported. S
S represents self-supervised pretraining

Method OBJ-BG OBJ-ONLY PB-T50-RS

PointNet (Qi et al., 2017a) 73.3 79.2 68.0

SpiderCNN (Xu, Fan, Xu, Zeng & Qiao, 2018) 77.1 79.5 73.7

PointNet++ (Qi et al., 2017b) 82.3 84.3 77.9

DGCNN (Wang et al., 2019) 82.8 86.2 78.1

PointCNN (Li et al., 2018c) 86.1 85.5 78.5

BGA-DGCNN (Uy et al., 2019b) - - 79.7

BGA-PN++ (Uy et al., 2019b) - - 80.2

GBNet (Qiu, Anwar & Barnes, 2021) - - 80.5

PRANet (Cheng, Chen, He, Liu & Bai, 2021) - - 81.0

Transformer (Yu et al., 2022) 79.86 80.55 77.24

S
S Transformer-OcCo (Yu et al., 2022) 84.85 85.54 78.79

S
S Point-BERT (Yu et al., 2022) 87.43 88.12 83.07

S
S I2P-MAE (Zhang et al., 2023) 94.15 91.57 90.11

S
S Point-GPT-S (Chen et al., 2024) 91.6 90.0 86.9

S
S ACT (Dong et al., 2022) 93.29 91.91 88.21

S
S Point-MAE (Pang et al., 2022) 90.02 88.29 85.18

S
S Point-MAE + GM3D 93.11 90.36 88.30

S
S Point-M2AE (Zhang et al., 2022b) 91.22 88.81 86.43

S
S Point-M2AE + GM3D 94.14 90.70 87.64

applied during the testing phase. According to Table 2.4, integrating our GM3D module with

Point-MAE has yielded a classification accuracy of 94.20%, which surpasses the performance

of the standalone Point-MAE and even the more complex Point-M2AE on this dataset.

Few-shot Learning. Following the protocols of earlier studies (Yu et al., 2022; Sharma & Kaul,

2020; Wang et al., 2021b), we conduct few-shot learning experiments on ModelNet40 (Wu

et al., 2015), using an 𝑛-way, 𝑚-shot configuration. Here, 𝑛 is the number of classes randomly

chosen from the dataset, and 𝑚 is the count of objects randomly selected for each class. The

𝑛 × 𝑚 objects are utilized for training. During the test phase, we randomly sample 20 additional

unseen objects from each of the 𝑛 classes for evaluation.
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Table 2.2 Linear evaluation on ModelNet40 (Wu et al., 2015) by SVM

Method SVM

MAP-VAE (Wang et al., 2019) 88.4

VIP-GAN (Guo et al., 2021) 90.2

DGCNN + Jiasaw (Yu et al., 2022) 90.6

DGCNN + OcCo (Yu et al., 2022) 90.7

DGCNN + CrossPoint (Yu et al., 2022) 91.2

Transformer + OcCo (Yu et al., 2022) 89.6

Point-BERT (Yu et al., 2022) 87.4

Point-MAE (Pang et al., 2022) 91.05

Point-MAE + GM3D 92.30
Point-M2AE (Zhang et al., 2022b) 92.90

Point-M2AE + GM3D 93.15

Table 2.3 Part segmentation on ShapeNetPart (Yi et al., 2016). mIoU𝑐 (%) and mIoU𝑖 (%)

denote the mean IoU across all part categories and all instances in the dataset, respectively.

S
S represents self-supervised pretraining

Method mIoU𝑐 mIoU𝑖

PointNet (Qi et al., 2017a) 80.39 83.70

PointNet++ (Qi et al., 2017a) 81.85 85.10

DGCNN (Wang et al., 2019) 82.33 85.20

Transformer (Yu et al., 2022) 83.42 85.10

S
S Transformer + OcCo (Yu et al., 2022) 83.42 85.10

S
S Point-BERT (Yu et al., 2022) 84.11 85.60

S
S I2P-MAE (Zhang et al., 2023) 85.15 86.76

S
S Point-GPT-S (Chen et al., 2024) 84.10 86.2

S
S ACT (Dong et al., 2022) 84.66 86.16

S
S Point-MAE (Pang et al., 2022) 84.19 86.10

S
S Point-MAE + GM3D 84.49 86.04

S
S Point-M2AE (Zhang et al., 2022b) 84.86 86.51

S
S Point-M2AE + GM3D 84.91 86.52

The results of our few-shot learning experiments are summarized in Table 2.5. In this highly

saturated benchmark, the combination of the GM3D module exhibits outstanding performance

across all tested scenarios. It is worth noting that I2P-MAE (Zhang et al., 2023) which

additionally benefits from multiple 2D views provides only marginal improvements in results.

Furthermore, Point-GPT (Chen et al., 2024) and ACT (Dong et al., 2022), despite being SOTA
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Table 2.4 Linear evaluation on ModelNet40 (Wu et al., 2015). ‘points’ and ‘Acc’ denote

the number of points for training and overall accuracy. S
S represents self-supervised

pretraining

Method Points Acc (%)

PointNet (Qi et al., 2017a) 1k 89.2

PointNet++ (Qi et al., 2017a) 1k 90.5

S
S SO-Net (Li, Chen & Lee, 2018a) 5k 92.5

DGCNN (Wang et al., 2019) 1k 92.9

Point Transformer (Zhao et al., 2021) 1k 93.7

Transformer (Yu et al., 2022) 1k 91.4

S
S Transformer + OcCo (Yu et al., 2022) 1k 92.1

S
S Point-BERT (Yu et al., 2022) 1k 93.2

S
S Point-BERT (Yu et al., 2022) 4k 93.4

S
S Point-BERT (Yu et al., 2022) 8k 93.8

S
S Point-M2AE (Zhang et al., 2022b) 1k 94.00

S
S Point-GPT-S (Chen et al., 2024) 1k 94.00

S
S ACT (Dong et al., 2022) 1k 93.5

S
S I2P-MAE (Zhang et al., 2023) 1k 94.1

S
S Point-MAE (Pang et al., 2022) 1k 93.80

S
S Point-MAE + GM3D 1k 94.20

and complex methods, show only slight improvements compared to each other and other SOTA

methods. Our findings highlight the effectiveness of our method as our Point-MAE+GM3D

model has already achieved higher accuracy than single-scale Point-MAE and multi-scale

Point-M2AE.

Part Segmentation. Our method’s capacity for representation learning was assessed using

the ShapeNetPart dataset (Yi et al., 2016), which includes 16,881 objects across 16 different

categories. In alignment with the approaches taken in prior studies (Qi et al., 2017a,b; Yu et al.,

2022), we sampled 2,048 points from each object to serve as input.

For this highly competitive benchmark, our GM3D method achieves a slight improvement on

both the Point-MAE and Point-M2AE networks, as detailed in Table 2.3. Considering that

our approach exclusively utilizes 3D information, the observed improvement over methods

like I2P-MAE(Zhang et al., 2023) that supplement 3D with additional 2D data is reasonable,
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Table 2.5 Few-shot classification on ModelNet40. We report the average accuracy (%)

and standard deviation (%) of 10 independent experiments. S
S represents self-supervised

pretraining

Method
5-way 10-way

10-shot 20-shot 10-shot 20-shot

DGCNN (Wang et al., 2019) 91.8± 3.7 93.4± 3.2 86.3± 6.2 90.9± 5.1

S
S DGCNN + OcCo (Wang, Liu, Yue, Lasenby & Kusner, 2021b) 91.9± 3.3 93.9± 3.1 86.4± 5.4 91.3± 4.6

Transformer (Yu et al., 2022) 87.8± 5.2 93.3± 4.3 84.6± 5.5 89.4± 6.3

S
S Transformer + OcCo (Yu et al., 2022) 94.0± 3.6 95.9± 2.3 89.4± 5.1 92.4± 4.6

S
S Point-BERT (Yu et al., 2022) 94.6± 3.1 96.3± 2.7 91.0± 5.4 92.7± 5.1

S
S I2P-MAE (Zhang et al., 2023) 97.0± 1.8 98.3± 1.3 92.6± 5.0 95.5± 3.0

S
S Point-GPT-S (Chen et al., 2024) 96.8± 2.0 98.6± 1.1 92.6± 4.6 95.2± 3.4

S
S ACT (Dong et al., 2022) 96.8± 2.3 98.0± 1.4 93.3± 4.0 95.6± 2.8

S
S Point-M2AE (Zhang et al., 2022b) 96.8± 1.8 98.3± 1.4 92.3± 4.5 95.0± 3.0

S
S Point-MAE 96.3± 2.5 97.8± 1.8 92.6± 4.1 95.0± 3.0

S
S Point-MAE + GM3D 97.0± 2.5 98.3± 1.3 93.1± 4.0 95.2± 3.6

especially considering the slight enhancements achieved by I2P-MAE. Furthermore, Point-GPT

(Chen et al., 2024) and ACT (Dong et al., 2022), despite being SOTA and complex methods,

show only slight improvements over each other and other SOTA methods. Based on the results

of SOTA methods presented in Table 2.3, it is evident that this dataset is highly challenging

and competitive. This highlights the effectiveness of our masking strategy in enhancing the

understanding of detailed, point-wise 3D patterns.

2.4.3 Additional Visualization

Geometric Complexity. Figure 2.4 illustrates the GC of randomly selected point clouds from

the ShapeNet dataset. This illustration highlights the model’s capability to assess GC at the

patch level, where the red points denote areas of high GC and blue ones indicate areas of low

GC. As mentioned in our methodology section, the model bases the masking process on the

predicted GC of the patches. Consequently, patches representing regions with higher GC are

preferentially masked. This strategic masking induces the model to focus intensively on intricate

point cloud regions containing salient geometric information, thereby enhancing its overall
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Figure 2.4 Visualization of GC values on diverse point clouds from the ShapeNet dataset

(Chang et al., 2015)

performance in tasks requiring nuanced geometric understanding. It is important to note that

the provided normalized GC scores are computed relative to the individual patches within each

point cloud sample from the ShapeNet dataset. This normalization ensures that the GC scores

are a reflection of the variation in complexity within a given sample, enabling the model to

internally assess and compare different regions of the same point cloud.

2.4.4 Additional Analyses

Pretraining Phase. The convergence rates shown in Figure 2.5 clearly highlight the efficiency

of our proposed modules. Among the models, the Point-MAE+GM3D model stands out for

its fast convergence, reaching high SVM accuracy with fewer epochs compared to the other

methods. This quick convergence suggests that the GM3D module helps the model focus on

important features in the data more effectively, speeding up the learning process.
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The Point-MAE model, while still effective, achieves a lower accuracy and takes more epochs

to get there, indicating that it learns more slowly. On the other hand, the Point-MAE+GM3D*

version (integrating the GM3D method with Point-MAE alongside Lrec𝑝 and L𝐺𝐶) is also

effective but doesn’t converge as quickly as the Point-MAE+GM3D, showing the importance of

knowledge distillation alongside GM3D module. These findings highlight the practical benefits

of adding the GM3D module to the Point-MAE framework. By helping the model learn faster

and more reliably, the GM3D module not only improves the model’s overall performance but

also reduces the time needed to achieve high accuracy.

Fine-tuning Phase. Figure 2.6 displays the fine-tuning accuracy on the OBJBG dataset,

providing clear evidence of the benefits brought by integrating our GM3D module with Point-

MAE. The results reveal that the Point-MAE+GM3D model not only achieves the highest

accuracy but also maintains this improvement consistently over the course of 400 epochs. This

consistent performance highlights the stability and effectiveness of the GM3D module in guiding

the model to learn more relevant features from the data.

2.4.5 Ablation Study

Our ablation study focuses on the incremental improvements offered by our proposed method

GM3D when integrated with the original Point-MAE framework. The original Point-MAE serves

as our baseline, using the Chamfer loss for self-supervised learning and setting a performance

benchmark on subsequent pretraining and fine-tuning tasks.

Table 2.6 Comparison of Point-MAE, and Point-MAE+GM3D on Pretraining (SVM) and

Fine-tuning (OBJ-ONLY) Tasks. ‘*’ stands for our method without Lrec 𝑓

Model Loss Function
SVM

ModelNet40
OBJ-ONLY

Point-MAE Lrec𝑝 91.05 88.29

Point-MAE + GM3D* Lrec𝑝 +L𝐺𝐶 91.45 89.50
Point-MAE + GM3D Lrec𝑝 +Lrec 𝑓 +L𝐺𝐶 92.30 90.36
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Figure 2.5 Comparison of convergence speed during the training phase (Point-MAE)

Figure 2.6 Fine-tuning vs. training from scratch on ScanObjectNN (Point-MAE)

GM3D. Initially, we integrate the GM3D method with Point-MAE alongside Lrec𝑝 and

L𝐺𝐶 . As reported in Table 2.6, this combination, termed Point-MAE+GM3D*, shows a clear

improvement over the baseline model by achieving higher pretraining SVM evaluation metrics

on ModelNet40 and better fine-tuning results on ScanObjectNN (OBJ-ONLY). This supports

the idea that a training focus on more geometrically complex patches contributes to improved

model generalization.
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Table 2.7 Ablation study on different maximum hard patch ratios (𝐴). The highest

performance is observed at 50%, where the OBJ-ONLY score reaches 90.36%

Model 𝐴 obj-only

Original Point-MAE 0 88.29

Point-MAE+GM3D 0.4 89.67

Point-MAE+GM3D 0.5 90.36
Point-MAE+GM3D 0.7 89.84

Building on this structure, we enhance the performance by incorporating knowledge distillation

alongside the GM3D module. The improved model, Point-MAE+GM3D, which employs three

distinct loss functions, not only outperforms the baseline Point-MAE but also shows further

improvement over the Point-MAE+GM3D* approach that utilizes only Lrec𝑝 and L𝐺𝐶 . This

advancement validates the effectiveness of our knowledge distillation strategy, which focuses on

accurate reconstruction while also capturing the complex geometric interrelations in the data.

The various impacts of knowledge distillation are further explored in Table 2.8.

Maximum Hard Patch Ratios. The data presented in Table 2.7 offer insights into the ablation

study focusing on different hardness ratios, denoted by 𝐴, within the context of point cloud

modeling. It is noteworthy that the inclusion of GM3D enhances the performance across different

𝐴 settings when compared to the original model, with the highest performance observed at a

50% hardness ratio, where the OBJ-ONLY score reaches 90.36%.

Additional Configurations. In Table 2.8, which details our ablation study, we investigate the

various configurations of our proposed method. The ‘Input’ column pertains to the input utilized

by the knowledge-teacher network;

it specifies whether complete data 𝑋 is provided or only partial data 𝑋𝑣 are used. The second

column, denoted by L, encompasses both Lrec 𝑓 and Lrec𝑝 , representing the reconstruction

loss functions in two spaces. In the third column, we analyze the impact of the chosen loss

functions serving as the ground truth for L𝐺𝐶 , which is our geometric complexity loss. As can

be seen, the performance is enhanced by the geometric complexity guidance, which is informed
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Table 2.8 Ablation study on different components of our method based on Point-MAE

Input � 𝐹 L Lrec
� L𝐺𝐶 𝐺𝑀3𝐷𝑡

Lrec 𝑓 OBJ-ONLY
𝑋𝑣 𝑋 Lrec 𝑓 Lrec𝑝 Lrec 𝑓 Lrec𝑝 𝜇

𝑎 � � � � E 𝑓
� D𝑠 89.32

𝑏 � � � � � � E 𝑓
� D𝑠 90.18

𝑐 � � � � � E 𝑓
� D𝑠 89.67

𝑑 � � � � E 𝑓
� D𝑠 89.50

𝑒 � � � � � E 𝑓
� D𝑠 89.33

𝑓 � � � � � � E 𝑓
� E𝑠 89.15

𝑔 � � � � � � E 𝑓
� D𝑠 90.36

by the feature-level knowledge distillation (rows c, and g). The subsequent column considers the

influence of momentum, a parameter linked to the performance of GM3Dt. In the fifth column,

we evaluate the impact of implementing Lrec 𝑓 on the interactions between various components

of GM3Ds and F. As evidenced by the results, each setting has been systematically varied to

assess its effect on the final performance metric, OBJ-ONLY, demonstrating the significant

contributions of each component to the model’s learning efficacy.

2.5 Conclusion

We presented a geometrically-informed masked selection strategy for point cloud representation

learning. Our GeoMask3D (GM3D) approach leverages a teacher-student model to find

complex-to-reconstruct patches in the point cloud, which are more informative for learning

robust representations. A knowledge distillation is further proposed to transfer rich geometric

information from the teacher to the student, thereby improving the student’s reconstruction of

masked point clouds. Comprehensive experiments on several datasets and downstream tasks

show our method’s ability to boost the performance of point cloud learners.
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3.1 Abstract

State Space Models (SSMs) have shown significant promise in Natural Language Processing

(NLP) and, more recently, computer vision. This paper introduces a new methodology that

leverages Mamba and MAE networks for point-cloud data in both supervised and self-supervised

learning. We propose three key contributions to enhance Mamba’s capability in processing

complex point-cloud structures. First, we exploit the spectrum of a graph Laplacian to capture

patch connectivity, defining an isometry-invariant traversal order that is robust to viewpoints

and captures shape manifolds better than traditional 3D grid-based traversals. Second, we

adapt segmentation via a recursive patch partitioning strategy informed by Laplacian spectral

components, allowing finer integration and segment analysis. Third, we address token placement

in MAE for Mamba by restoring tokens to their original positions, which preserves essential

order and improves learning. Extensive experiments demonstrate the improvements that our

approach brings over state-of-the-art baselines in classification, segmentation, and few-shot

tasks. The implementation is available at: https://github.com/AliBahri94/SI-Mamba.git.

3.2 Introduction

The analysis of 3D point cloud data is fundamental for various applications, including autonomous

driving (Qi et al., 2021; Shi, Wang & Li, 2019), VR/AR (Guo et al., 2020), and robotics
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Figure 3.1 (a) Surface-Aware Spectral Traversing (SAST) applied to the patched point

clouds of a mesh surface. (b) Traversal from left to right, based on the first to fourth

non-constant smallest eigenvectors. (c) Traversal based on the largest eigenvector, forming a

non-continuous sequence of tokens

(Rusu & Cousins, 2011). Compared to the organized structure of 2D images, point clouds

consist of 3D coordinates without direct adjacency information forming an unordered bag.

In recent years, considerable efforts have been dedicated to adapt deep learning models such

as convolutional neural networks (CNNs) and Transformers to this type of data (Qi et al.,

2017b; Yu et al., 2022; Pang et al., 2022; Zhang et al., 2022b; Bahri et al., 2024b; Bahri,

Desrosiers & Swamy, 2024a). Due to their permutation-invariant self-attention mechanism,

Transformer networks are particularly well suited for the unordered nature of point clouds.

However, the quadratic complexity of this mechanism, requiring the computation of a weight

between each pair of tokens, impedes the application of these networks to large-sized inputs (e.g.,

2D images or 3D point clouds represented by many patches). This has prompted researchers

to explore more efficient solutions, including the Set Transformer (Lee et al., 2019), Sparse

Transformer (Child, Gray, Radford & Sutskever, 2019), Longformer (Beltagy, Peters & Cohan,

2020) and Sinkhorn Transformer (Tay, Bahri, Yang, Metzler & Juan, 2020).

Recently, methods based on Structured State Space Sequence (S4) (Gu et al., 2022a) such

as Mamba (Gu et al., 2023) have gained significant traction as a more efficient alternative to

Transformers (Liu et al., 2024; Zhu et al., 2024). So far, very few studies have investigated

the potential of S4 approaches such as Mamba for 3D point clouds. Existing methods like

Point-Mamba (Liang et al., 2024) and PCM (Zhang et al., 2025) extend the 2D grid-based

traversal used for images to a 3D grid. However, this straightforward adaptation to point clouds

suffers from three crucial problems. First: whereas patches from 2D images have adjacency
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information, which could be exploited by the grid-based traversal, the 3D point patches in

point clouds offer a sparse representation of the object’s surface, and nearby patches on a 3D

grid are not necessarily adjacent on this surface. Second: in the absence of self-attention,

task-specific performance is highly influenced by the nature of the token traversal strategy. For

example, a traversal suitable for point cloud classification may not be effective for a local task

such as point-level classification (i.e., segmentation). Third: due to the “direction-sensitive”

nature of Mamba, the self-supervised MAE pre-training step of leading point cloud models like

Point-MAE (Pang et al., 2022) and Point-M2AE (Zhang et al., 2022b) cannot be used directly

as there is no attention mechanism to learn the masked tokens’ positions.

The contribution of our work focuses on addressing these problems as follows:

1. We introduce a SAST strategy based on the Laplacian spectrum of a patch-connectivity

graph. Compared to the 3D grid traversal of current approaches like Point-Mamba, our

strategy is invariant to isometric transformations (e.g., choice of viewpoint) and better

captures the object’s surface manifold.

2. We also present a HLT for point-level classification (segmentation) that partitions patches

recursively based on their spectral coordinates. Unlike our SAST strategy for classification,

which considers Laplacian eigenvectors separately in different traversals, this HLT combines

them in a single ordering for a more precise modeling of geometry.

3. During the MAE-based SSL, we propose a TAR strategy to align the masked tokens

according to their spectral adjacency. This strategy addresses the critical issue of spatial

adjacency preservation unique to Mamba networks.

3.3 Related Works

Deep Point Cloud Learning. Deep neural networks have increasingly been applied to point

clouds, with early architectures like PointNet (Qi et al., 2017a) and PointNet++ (Qi et al., 2017b)

inspiring further work (Atzmon, Maron & Lipman, 2018; Deng, Zhang, Ding & Zhang, 2023;

Landrieu & Simonovsky, 2018; Li et al., 2018c; Zhao, Jiang, Fu & Jia, 2019) focused on

capturing local context. Transformer-based frameworks (Vaswani et al., 2017), including the
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Point Transformer (v1–v3) (Wu et al., 2023b; Wu, Lao, Jiang, Liu & Zhao, 2022; Zhao et al.,

2021) and Stratified Transformer (Lai et al., 2022), have set new benchmarks by integrating

both local and global features. Recently, self-supervised pre-training has gained traction by

leveraging masked point modeling (Liu, Chen, Wang, King & Liu, 2023; Tang et al., 2023) to

train Transformers on unlabeled data.

Building on the effectiveness of MAE in Text and Image domains, Point-BERT (Yu et al.,

2022) presented a revolutionary method inspired by BERT (Devlin et al., 2018), tailoring

Transformers to 3D point cloud processing. Point-MAE (Pang et al., 2022) applied MAE-style

pre-training to 3D point clouds using a custom Transformer-based Autoencoder (AE) designed

to reconstruct masked irregular patches. The use of multi-scale masking and local spatial

self-attention mechanisms in Point-M2AE (Zhang et al., 2022b) has led to SOTA results in 3D

representation learning. Furthermore, I2P-MAE (Zhang et al., 2023) improved self-supervised

point cloud processing with a masking strategy leveraging pre-trained 2D models through an

Image-to-Point transformation. Point-GPT (Chen et al., 2024) introduced an auto-regressive

generative pretraining (GPT) approach to address the unordered nature and low information

density of point clouds. ACT (Dong et al., 2022) proposed a cross-modal knowledge transfer

method using pretrained 2D or natural language Transformers as teachers for 3D representation

learning. Finally, GeoMask3D (Bahri et al., 2024b) is a self-supervised point cloud method

that uses a teacher-student model to select harder, geometrically intricate regions for masking,

thereby improving feature representations.

3.3.1 State Space Models

State Space Models. SSMs have been foundational in control theory and signal processing

for modeling dynamic systems. Recently, they have been adapted to deep learning, with

advancements like the Linear State-Space Layer (LSSL), which uses a continuous-time

memorization framework based on the HiPPO operator (Gu et al., 2020) to model long-

range dependencies. However, LSSL’s high computational demands limit its practicality. To

address this, the S4 model (Gu et al., 2022a) introduced parameter normalization techniques,
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paving the way for structured SSMs with enhancements like complex-diagonal structures (Gupta

et al., 2022; Gu, Goel & Ré, 2022b), support for multiple-input/output (Gu et al., 2022b), and

low-rank decomposition (Hasani et al., 2022). Recent developments include Mamba (Gu et al.,

2023), which achieves linear-time inference and efficient training through selection mechanisms

and hardware-aware algorithms. MoE-Mamba further boosts efficiency by integrating a Mixture

of Experts (MoE), outperforming both Mamba and Transformer-MoE models (Pioro, Dao & Gu,

2024).

SSMs for Vision Tasks The above-mentioned works primarily focused on the application of

SSMs to long-range or causal data types such as language and speech. In the field of vision,

a notable study (Liu et al., 2024) proposed the VMamba model which features a Cross-Scan

Module (CSM) for enhanced 1D selective scanning in 2D spaces and architectural optimizations

that significantly improve its performance and speed across various visual tasks. Another

significant paper is Vision Mamba (Zhu et al., 2024) which introduces a novel vision backbone

called Vim utilizing bidirectional Mamba blocks.

For point cloud analysis based on Mamba, two key works are Point-Mamba (Liang et al., 2024)

and PCM (Zhang et al., 2025). PointMamba introduces a simple approach to token reordering

for point cloud analysis by strategically organizing point tokens based on a 3D grid. Similarly,

PCM enhances Mamba with a Consistent Traverse Serialization (CTS) technique that converts

3D point clouds into 1D point sequences while maintaining spatial adjacency. Building upon

these approaches, our method introduces the Spectral Spatial Traversing (SST) strategy, which

improves token ordering and maintains spatial adjacency within Mamba networks.

3.4 Method

We begin by outlining the fundamental concepts of SSMs and spectral graph analysis which are

at the core of our work. We then give an in-depth presentation of our Surface-Aware Spectral

Traversing (SAST) strategy for point cloud processing that improves the model’s robustness

to isometric transformations and better captures the underlying manifold of the point cloud.
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Figure 3.2 Overview of the proposed Spectral Spatial Traversing (SST) method. (a) Point

cloud, (b) Patchification, (c) Forming the adjacency graph, (d) Traversal based on SAST

using 𝑠 non-constant smallest eigenvectors, (e) HLT for segmentation tasks, (f) TAR

strategy for Masked Autoencoders. The process includes reverse and concatenation

operations, with learnable tokens, representations, and masked tokens highlighted. (g) The

classification task involves sorting tokens by different eigenvectors, concatenating them, and

then feeding them into the network. (h) The segmentation task where HLT is applied on the

tokens (�𝑞) and �𝑞 is fed into the network. (i) A flowchart visualizing the techniques used in

self-supervised learning and various downstream tasks

Thereafter, we provide detailed specifications of our Hierarchical Local Traversing (HLT)

strategy for point-level classification, which defines a more structured patch traversal order based

on the recursive partitioning of spectral information. Finally, we introduce our Traverse-Aware

Repositioning (TAR), which improves the handling of learnable tokens in masked autoencoders
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within Mamba networks. Figure 3.2 illustrates the overview of the proposed Spectral Spatial

Traversing (SST) method.

3.4.1 Preliminaries

State Space Models (SSMs) use a series of first-order differential equations to describe how

the state of the linear, time-invariant system evolves over time:

�ℎ(𝑡) = 𝐴ℎ(𝑡) + 𝐵𝑥(𝑡), 𝑦(𝑡) = 𝐶 �ℎ(𝑡) + 𝐷𝑥(𝑡), (3.1)

Here, �ℎ(𝑡) denotes the time derivative of the state vector ℎ(𝑡). The matrices 𝐴, 𝐵, 𝐶, and 𝐷 are

the weighting parameters.

Due to their reliance on continuous data streams 𝑥(𝑡), SSMs are not natively equipped to handle

discrete inputs represented as {𝑥0, 𝑥1, . . .}. This necessitates the use of a discretized SSM

version for practical applications:

ℎ𝑘 = 𝐴̄ℎ𝑘−1 + 𝐵̄𝑥𝑘 , 𝑦𝑘 = 𝐶̄ℎ𝑘 + 𝐷̄𝑥𝑘 . (3.2)

The state space model in its discrete version utilizes a recursive function to link each state

ℎ𝑘 to its preceding state, encapsulated by the matrices 𝐴̄ ∈ R
𝑁×𝑁 , 𝐵̄ ∈ R

𝑁×1, and 𝐶̄ ∈ R
𝑁×1,

which are tuned parameter matrices. While matrix 𝐷̄ ∈ R
𝑁×1 may be employed as a residual

connection, we follow previous work and exclude it from our model. The transition from a

continuous signal representation 𝑥(𝑡) to a discrete sequence involves sampling 𝑥(𝑡) at intervals

defined by Δ, setting each discrete input as 𝑥𝑘 = 𝑥(𝑘Δ). This adjustment to a discrete framework

results in revised matrix definitions:

𝐴̄ = (𝐼 −
Δ
2
𝐴)−1(𝐼 +

Δ
2
𝐴), 𝐵̄ = (𝐼 −

Δ
2
𝐴)−1Δ𝐵, 𝐶̄ = 𝐶. (3.3)

However, the fixed dynamics of Linear Time-Invariant (LTI) models, exemplified by the constant

parameters 𝐴, 𝐵, and 𝐶 in Eq. (3.3), restrict their capacity to selectively retain or discard
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relevant information, thereby limiting their contextual awareness. To improve content-aware

reasoning, we use Mamba’s selection mechanism that manages the propagation and interaction

of information across the sequence dimension (Gu et al., 2023).

Spectral Graph Analysis. Popularized by Chung in the 90s (Chung, 1997), spectral graph

analysis characterizes the properties of a graph 𝐺 = (𝑉, 𝐸) by the spectrum (eigenvalues and

corresponding eigenvectors) of its Laplacian matrix 𝐿. This analysis can be understood as a

discretized version of the Laplace-Beltrami Operator Δ of a function 𝑓 defined on a Riemannian

manifold:

Δ 𝑓 = div(grad 𝑓 ) (3.4)

where grad 𝑓 is the gradient of 𝑓 and div the divergence on the manifold. The solution to

the Laplacian eigenvalue problem Δ 𝑓 = −𝜆 𝑓 , known as Helmholtz wave equation, is an

eigenfunction corresponding to the natural vibration form of a homogeneous membrane with

eigenvalue 𝜆 (Reuter, Wolter & Peinecke, 2005).

Following methods for spectral clustering (Ng, Jordan & Weiss, 2001) and normalized cuts

(Shi & Malik, 2000), we consider a weighted adjacency matrix 𝑊 : 𝑉×𝑉 → R+ where 𝑊𝑖 𝑗 = 0

if (𝑖, 𝑗) ∉ 𝐸 to model the Euclidean distance of nearby patches (see Section 3.4.3). The

Laplacian matrix of 𝐺 is defined as 𝐿 = 𝐷 −𝑊 where 𝐷 is the diagonal degree matrix such that

𝐷𝑖𝑖 =
∑

𝑗 𝑊𝑖 𝑗 . To account for variability in the scale of weights 𝑊𝑖 𝑗 or the distribution of node

degrees 𝐷𝑖𝑖, it is preferable to employ a normalized version of the Laplacian. In this work, we

use the Random Walk Laplacian 𝐿rw = 𝐼 − 𝐷−1𝑊 which has the following useful properties:

1. 𝐿rw is positive semi-definite and has |𝑉 | non-negative real-valued eigenvalues 0 = 𝜆1 ≤

. . . ≤ 𝜆 |𝑉 |;

2. 0 is an eigenvalue of 𝐿rw with the constant vector as eigenvector and its multiplicity equals

the number of connected components in the graph;

3. Following Courant’s Nodal Line Theorem (Courant & Hilbert, 2008), the 𝑛-th eigenmode

of 𝐿rw has at most 𝑛 poles of vibration;
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4. The representation of a shape by the spectrum of 𝐿rw is invariant to isometry (i.e., distance-

preserving transformation).

Our method uses the 𝑠 first non-constant eigenvectors of 𝐿rw (i.e., the eigenvectors corresponding

to the 𝑠 smallest non-zero eigenvalues) to define traversal orders for classification (Section 3.4.3)

and segmentation (Section 3.4.4) that are robust to the viewpoint (due to isometry invariance)

and provide a smooth parametrization of the surface manifold. We consider the first eigenvectors

as they encode low frequency information (by Courant’s Nodal Line Theorem), making the

resulting traversal more robust to shape variability and noise. Figure 3.1 illustrates this concept:

(a) shows the original mesh, (b) shows traversals based on the first to fourth non-constant smallest

eigenvectors, and (c) shows traversal based on the largest eigenvector forming a non-continuous

sequence of tokens.

3.4.2 Point Cloud Patchification

Given a point cloud P = {𝑝𝑖}
𝑁𝑝

𝑖=1
, each point represented by 3D coordinates, we convert P to

a reduced set of patches that can be processed more efficiently. Toward this goal, we employ

the FPS algorithm to select a subset C ⊂ P of 𝑁𝑐 points offering a good coverage of the entire

point cloud. These selected points will act as the centers of local patches within the point

cloud. For each center point 𝑝𝑠𝑖 ∈ C, we then identify 𝑁𝑛 nearest points N(𝑝𝑠𝑖 ) ⊂ P using the

KNN algorithm. Following this, each patch is defined as a center 𝑝𝑠𝑖 and its corresponding

nearest-neighbors N(𝑝𝑠𝑖 ).

3.4.3 Surface-Aware Spectral Traversing (SAST)

Current point cloud processing approaches using Mamba, such as Point-Mamba (Liang et al.,

2024) and PCM (Zhang et al., 2025), simply extend the 2D grid-based traversal for images to a

3D grid. As mentioned before, this naive strategy suffers from two issues: 1) the 3D grid is

view dependent, thus rotating the point cloud or moving the camera yields a different traversal

order; 2) unrelated patches may be adjacent in 3D space, hence can be traversed subsequently.
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To address these problems, we define a traversal order based on the Laplacian spectrum of the

patch-connectivity graph.

In this graph, each node corresponds to a patch and the weighted adjacency matrix 𝑊 is defined

using the Euclidean distance between patch centers. For patches 𝑖 and 𝑗 defined by center points

𝑝𝑠𝑖 and 𝑝𝑠 𝑗 , we add an edge (𝑖, 𝑗) if 𝑝𝑠 𝑗 is among the 𝐾 nearest neighbors of 𝑝𝑠𝑖 or vice-versa.

The weight of this edge is computed using a Gaussian kernel: 𝑊𝑖 𝑗 = exp
(
−‖𝑝𝑠𝑖 − 𝑝𝑠 𝑗 ‖

2
2
/𝜎

)
where 𝜎 is a hyperparameter controlling the kernel width.

Following Section 3.4.1, we compute the 𝑠 first non-constant eigenvectors of the Random Walk

Laplacian 𝐿rw. This can be achieved efficiently using an iterative method like the Arnoldi

algorithm (Golub & Van Loan, 2013) by exploiting the following facts: 1) matrix 𝑊 is very

sparse, and 2) only the first few eigenvectors need to be computed. Eigenvector 𝑣 (𝑘) ∈ R
𝑁𝑐 ,

𝑘 ∈ {1, . . . , 𝑠}, assigns an eigenfunction value 𝑣 (𝑘)𝑖 to each patch 𝑖. In each Mamba block of our

model, we perform two separate traversals of tokens (each token corresponds to an input patch)

for every eigenvector: a forward traversal by increasing value of 𝑣 (𝑘)𝑖 and a reserve traversal by

decreasing value of 𝑣 (𝑘)𝑖 . At the end of the block, we concatenate the tokens from the 𝑠 × 2

traversals. The visual effect of each traversal is illustrated in Figure 3.1(b) and Figure 3.3(a).

Canonicalization of spectrum. Although the spectrum of 𝐿rw forms an isometry-invariant

representation of the surface manifold, this representation may be impacted by two sources of

ambiguity: 1) the sign of eigenvectors is undetermined (i.e., if 𝑣 (𝑘) is an eigenvector, then so is

−𝑣 (𝑘)), and 2) the order of eigenvectors with similar eigenvalues may vary. We address these two

sources of ambiguity with the following canonicalization procedure. For the first one, we flip

the sign of an eigenvector 𝑣 (𝑘) (i.e., 𝑣 (𝑘) := −𝑣 (𝑘)) if its first element is negative (i.e., 𝑣 (𝑘)
1

< 0).

To handle the second ambiguity, we first sort the eigenvectors by non-decreasing eigenvalue.

We deal with eigenvalues having a mutliplicity greater than one by finding pairs of consecutive

eigenvectors 𝑣 (𝑘) , 𝑣 (𝑘+1) with near-identical eigenvalues (i.e., |𝜆𝑘 − 𝜆𝑘+1 | ≤ 𝜖). For such pairs,

we flip the order if 𝑣 (𝑘)
1

> 𝑣 (𝑘+1)
1

. This reordering process is repeated until no further change

occurs.
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3.4.4 Hierarchical Local Traversing (HLT) for Segmentation

While effective for classification tasks, the SAST strategy considering each eigenvector in

a separate traversal may not capture the precise relationship between patches needed for

segmentation. To address this issue, we introduce a Hierarchical Local Traversal (HLT) strategy

that considers the full spectrum (all 𝑠 non-constant eigenvectors) simultaneously.

Our strategy is inspired by the recursive binary partitioning technique of normalized cuts

(Shi & Malik, 2000). Starting from the canonicalized spectrum (see Section 3.4.3), tokens are

first split based on the first eigenvector 𝑣 (1) , by comparing their corresponding value in 𝑣 (1)

with the mean value 𝑣 (1) . This yields a binary partition of tokens 𝑏 (1)𝑖 = 1
(
𝑣 (1)𝑖 ≥ 𝑣 (1)

)
∈ {0, 1}

where 1 is the indicator function. Each subgroup is then divided based on the mean of the

second eigenvector 𝑣 (2) , and so on for other eigenvectors. This partitioning process can be seen

as building a binary tree, where each level corresponds to a different eigenvector and leaf nodes

𝑖 are uniquely identified by the sequence of bits 𝑏𝑖= [𝑏 (1)𝑖 , . . . , 𝑏 (𝑠)𝑖 ] on the path from the root to

the leaf. Our HLT method traverses groups of leaf nodes (groups of tokens) sequentially based

on the lexicographic order of their binary code (e.g., [0000], [0001], [0010], [0011], . . . in

the case of four eigenvectors). For convenience, we convert binary codes 𝑏𝑖 to a non-negative

integer 𝑞𝑖 (e.g., bin2Int( [0011])=3) and define two traversal orders, by increasing or decreasing

values of 𝑞𝑖.

For 𝑠 eigenvectors, the HLT strategy described above divides tokens into 2𝑠 segments which

are traversed sequentially. In the best case scenario, �log2(𝑁𝑐)� eigenvectors are thus needed

to split tokens into individual segments. However, it may happen that multiple tokens fall in

the same segment, especially when using fewer eigenvectors. In such case, one can further sort

tokens within each segment, for example, using the values of the first eigenvector (i.e., 𝑣 (1)). In

our implementation, we simply sort these tokens randomly to add stochasticity in the training.

This section is illustrated in Figure 4.1 (e), and Figure 3.3 (b).

As shown in Figure 3.3, the first Laplacian eigenvectors encode high-level spatial relations (e.g.,

bottom vs. top, left vs. right, torso vs. limbs, etc.). In the SAST, because these eigenvectors are
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v(1) v(2) v(3) v(4) q

Figure 3.3 (a) Visualization of the four non-constant smallest Laplacian eigenvectors (𝑣 (𝑘) ,
𝑘 = 1, . . . , 4) and (b) the discrete partitioning (𝑞) of our HLT strategy combining the

information of all four eigenvectors. Note: we assumed that patches contain a single point

for better visualization

used in separate traversals, the network may not be able to differentiate specific regions/parts of

the point cloud. In contrast, our HLT strategy can capture such specific parts (e.g., head, left or

right arm/thigh/calf, pelvis, etc.).

3.4.5 Traverse-Aware Repositioning (TAR) for Masked Autoencoders

Following state-of-art Transformers for point cloud processing, such as Point-MAE (Pang

et al., 2022) and Point-M2AE (Zhang et al., 2022b), our method leverages self-supervised

pretraining based on MAE to boost performance. In Transformer-based approaches, the learnable

tokens of masked patches can be inserted in any position of the sequence (typically at the end)

as the self-attention mechanism can still attend to all tokens irrespective of their positions.

However, this approach presents a significant problem in Mamba networks which are sensitive

to the traversal order of tokens. We handle this problem via a TAR strategy that improves the

placement of learnable tokens in MAE within Mamba networks. Specifically, we restore the

learnable tokens to their original positions rather than appending them at the end of the sequence.

This ensures that the essential order of tokens is maintained, preserving spatial adjacency and

enhancing learning effectiveness within Mamba networks.
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The proposed TAR strategy selects an arbitrary traversal order and randomly masks a subset

of 𝑁𝑚 tokens with the same masking ratio as the transformer-based MAEs. These tokens are

then removed from the sequence, and their positions are recorded. Afterwards, the remaining

(visible) tokens are fed to the encoder that outputs their representation. Before reconstructing the

point cloud using the decoder, we reinsert the learnable tokens in the sequence at their recorded

position. The set of masked patches is used for other traversal orders. This procedure can be

seen in Figure 3.2 (f). Following previous work, we measure the reconstruction error for masked

patches using the Chamfer distance:

Lrec =
1

𝑁𝑚

𝑁𝑚∑
𝑖=1

Chamfer(S𝑖 , Ŝ𝑖), (3.5)

where S𝑖 ∈ R
𝑁𝑛×3 is the set of points forming the 𝑖-th masked patch and Ŝ𝑖 the reconstructed

output for these points. The Chamfer distance between two sets of points S and Ŝ is defined as

Chamfer(S,S′) =
∑
𝑝∈S

min
𝑝′∈S′

‖𝑝 − 𝑝′‖2
2

+
∑
𝑝′∈S′

min
𝑝∈S

‖𝑝 − 𝑝′‖2
2. (3.6)

3.5 Experiments

Several experiments are conducted to evaluate the proposed method. First, we pretrain the

Point-Mamba network using our techniques on the ShapeNet (Chang et al., 2015) training

dataset. We then assess the performance of these pretrained models across a variety of standard

benchmarks, including object classification, few-shot learning, and segmentation. Additionally,

we train the model from scratch on downstream datasets to demonstrate the robustness and

versatility of our method. To have a fair comparison, we adopt the masking ratio (60%) that

was used in the Point-Mamba model. Moreover, a comprehensive analysis of the computational
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Table 3.1 Object classification on ScanObjectNN (Uy et al., 2019b). Accuracy (%) is

reported. † indicates that this method was fine-tuned without rotation augmentation

Methods Backbone Param. (M) FLOPs (G) OBJ-BG OBJ-ONLY PB-T50-RS ModelNet40

Training from scratch
PointNet (Qi et al., 2017a) - 3.5 0.5 73.3 79.2 68.0 89.2

PointNet++ (Qi et al., 2017b) - 1.5 1.7 82.3 84.3 77.9 90.7

DGCNN (Wang et al., 2019) - 1.8 2.4 82.8 86.2 78.1 92.9

PointNeXt (Qian et al., 2022) - 1.4 1.6 - - 87.7 92.9

PointMLP (Ma, Qin, You, Ran & Fu, 2022a) - 13.2 31.4 - - 85.4 -

ADS (Hong, Chou & Liu, 2023) - - - - - 87.5 -

Transformer (Yu et al., 2022) Transformer 22.1 4.8 79.86 80.55 77.24 -

Point-MAE (Pang et al., 2022) Transformer 22.1 4.8 86.75 86.92 80.78 92.3

PointMamba (Liang et al., 2024) Mamba 12.3 3.6 90.87 90.18 85.60 92.4

Ours Mamba 12.3 3.6 92.25 91.39 87.30 92.7
Training from pretrained

Transformer (Yu et al., 2022) Transformer 22.1 4.8 79.86 80.55 77.24 92.1

Transformer-OcCo (Yu et al., 2022) Transformer - - 84.85 85.54 78.79 -

Point-BERT (Yu et al., 2022) Transformer 22.1 4.8 87.43 88.12 83.07 92.7

Point-M2AE† (Zhang et al., 2022b) Transformer - - 91.22 88.81 86.43 94.0

Point-MAE (Pang et al., 2022) Transformer 22.1 4.8 92.77 91.22 89.04 93.2

PointMamba (Liang et al., 2024) Mamba 12.3 3.6 93.29 91.56 88.17 92.8

PCM (Zhang et al., 2025) Mamba 12.3 3.6 - - 86.9 -

Ours Mamba 12.3 3.6 94.32 91.91 89.10 93.4

efficiency, runtime, and memory usage of our SAST approach is provided in the Supplementary

Material.

3.5.1 Pretraining Setup

Following Point-Mamba, we adopt the ShapeNet (Chang et al., 2015) dataset for the pretraining

and assess the quality of the 3D representations produced by our approach through a linear

evaluation on the ModelNet40 (Wu et al., 2015) dataset. The linear evaluation is performed by

a SVM fitted on these features. This classification performance is quantified by the accuracy

metric. Augmentation in pretraining is scale and transform, while in finetuning it is rotation.

3.5.2 Downstream Tasks

Object Classification on Real-World Dataset. To evaluate our method for point clouds, we

test it on the ScanObjectNN dataset (Uy, Pham, Hua, Nguyen & Yeung, 2019a), as described

in previous studies. The augmentation used during training is random rotation. The results,

presented in Table 3.1, show that our strategy significantly improves object classification accuracy



75

in both training from scratch and fine-tuning scenarios. These findings highlight the effectiveness

of our approach in enhancing the model’s ability to identify and classify objects across various

backgrounds, demonstrating its robustness in complex real-world scenarios.

Object Classification on Clean Objects Dataset. We also evaluated our method on the

ModelNet40 (Wu et al., 2015) dataset, following the protocols established in previous works.

The augmentation used during training is scale and transform. As shown in Table 3.1, our

approach achieves notable enhancements on this challenging dataset compared to both the

original Point-Mamba and the Transformer-based Point-MAE. This demonstrates the robustness

and effectiveness of our method when applied to the Point-Mamba network.

Few-shot Learning. We conducted few-shot learning experiments on ModelNet40 (Wu et al.,

2015) dataset, adhering to the protocols of previous studies (Pang et al., 2022; Zhang et al.,

2022b; Liu et al., 2022). The results of our few-shot learning experiments are presented

in Table 3.2. Despite the competitive nature of this benchmark, our method demonstrated

outstanding performance across all tested scenarios. As shown in Table 3.2, our Mamba-

based method achieves results comparable to or exceeding those of transformer-based methods

(Point-MAE and Point-M2AE).

Part Segmentation. We evaluated our method’s representation learning ability on the

ShapeNetPart dataset (Yi et al., 2016) using standard experimental settings (Qi et al., 2017a,b;

Yu et al., 2022). Table 3.3 shows that performance gains in prior methods are minimal,

highlighting the dataset’s challenge. For instance, Point-GPT (Chen et al., 2024) and ACT

(Dong et al., 2022), despite being state-of-the-art and complex methods, show only marginal

improvements over each other and other state-of-the-art approaches. Similarly, I2P-MAE

(Zhang et al., 2023), which combines 3D data with 2D information, shows limited improvement

over Point-M2AE. For the “Training from scratch” setting, our method outperforms several

state-of-the-art approaches. In the “Training from pretrained” setting, we further demonstrate

the effectiveness of HLT strategy compared to SAST in the segmentation task.
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Table 3.2 Few-shot classification on ModelNet40. We report the average accuracy (%)

and standard deviation (%) of 10 independent experiments. ‘∗’ denotes reproduced results.

A st
d represents the average (A) and standard deviation (std), respectively

Method
5-way 10-way

10-shot 20-shot 10-shot 20-shot

DGCNN (Wang et al., 2019) 91.8 3
.7 93.4 3
.2 86.3 6
.2 90.9 5
.1

DGCNN + OcCo

(Wang et al., 2021b)
91.9 3

.3 93.9 3
.1 86.4 5
.4 91.3 4
.6

Transformer (Yu et al., 2022) 87.8 5
.2 93.3 4
.3 84.6 5
.5 89.4 6
.3

Transf. + OcCo

(Yu et al., 2022)
94.0 3

.6 95.9 2
.3 89.4 5
.1 92.4 4
.6

Point-BERT (Yu et al., 2022) 94.6 3
.1 96.3 2
.7 91.0 5
.4 92.7 5
.1

Point-M2AE (Zhang et al., 2022b) 96.8 1
.8 98.3 1
.4 92.3 4
.5 95.0 3
.0

Point-MAE (Pang et al., 2022) 96.3 2
.5 97.8 1
.8 92.6 4
.1 95.0 3
.0

PointMamba∗ (Liang et al., 2024) 95.9 2
.1 97.3 1
.9 91.6 5
.3 94.5 3
.5

Ours 96.4 2.
7 98.5 1.
5 92.0 5.
1 95.1 3.
6

3.5.3 Ablation Studies

In this section, we aim to investigate the effects of different parameters on our method. We will

focus on two key aspects: the effect of the number of non-constant smallest eigenvectors and the

adjacency matrix used in the SAST strategy, and the analysis of the TAR strategy.

Analysis of Eigenvectors and Graph. One of our ablation studies investigates the impact of the

number of non-constant smallest eigenvectors used in the SAST and TAR strategies. As depicted

in Figure 3.4 (Left), the best performance is achieved when using the four non-constant smallest

eigenvectors (blue line) for traversing. When the number of non-constant smallest eigenvectors

increases beyond four, the performance drops. This is because the additional eigenvectors are

closer to the largest eigenvectors, which are less smooth and do not capture the most significant

structural variations effectively. The significantly lower performance of Point-MAE (Pang

et al., 2022), Point-Mamba (Liang et al., 2024), and Point-Mamba with random traversing

(Random-Mamba) compared to ours underscores the importance of appropriate traversing for

Mamba networks.
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Table 3.3 Part segmentation on ShapeNetPart (Yi et al., 2016). We report instance-level

mIoU (Inst.). HLT denotes Hierarchical Local Traversing

Methods Backbone FLOPs (G) mIoU

Training from scratch
PointNet (Qi et al., 2017a) - - 83.7

PointNet++ (Qi et al., 2017b) - - 85.1

DGCNN (Wang et al., 2019) - - 85.2

APES (Wu, Zheng, Pfrommer & Beyerer, 2023a) - - 85.8

Point-MAE (Pang et al., 2022) Transformer 15.5 85.7

PointMamba (Liang et al., 2024) Mamba 14.3 85.8

Ours (HLT) Mamba 14.3 85.9
Training from pretrained

Transformer (Yu et al., 2022) Transformer 15.5 85.1

Point-BERT (Yu et al., 2022) Transformer 15.5 85.6

Point-MAE (Pang et al., 2022) Transformer 15.5 86.1

Point-M2AE (Zhang et al., 2022b) Transformer 15.5 86.5

Point-GPT-S (Chen et al., 2024) Transformer - 86.2

ACT (Dong et al., 2022) Transformer - 86.2

I2P-MAE (Zhang et al., 2023) Transformer - 86.8

PointMamba (Liang et al., 2024) Mamba 14.3 86.0

Ours (SAST) Mamba 14.3 85.7

Ours (HLT) Mamba 14.3 86.1

Another study examines the impact of the number of nearest neighbors used in creating the

adjacency matrix. As shown in Figure 3.4 (Right), the best performance (blue line) is achieved

with 20 nearest neighbors. The model’s accuracy increases as the number of nearest neighbors

increases from 10 to 20, reaching its peak at 20 nearest neighbors. Beyond this point, the

performance starts to decline. All these experiments are trained and evaluated from scratch on

the ScanObjectNN dataset (Uy et al., 2019a) (OBJ-BG) with scale and transform augmentation.

Analysis of TAR Strategy. One of the studies examines the impact of the TAR strategy on the

model’s performance. As shown in Figure 3.5 (Left), the accuracy of the model with and without

the TAR strategy is plotted against the number of epochs. The model incorporating the TAR

strategy (light blue line) demonstrates superior performance compared to the model without
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Figure 3.4 Analysis of the number of non-constant smallest eigenvectors and comparison

with previous methods (Left) and analysis of the number of nearest neighbors 𝐾 (Right)

Figure 3.5 The effect of the TAR strategy in the pretraining phase (Left) and in fine-tuning

(Right)

TAR (dark blue line). This figure relates to the pretraining phase on the ShapeNet (Chang et al.,

2015) dataset, which is subsequently tested on the ModelNet (Wu et al., 2015) dataset using a

SVM.

Additionally, we evaluate the effect of the TAR strategy by fine-tuning pretrained models (with

or without TAR) on four downstream tasks, each corresponding to a distinct dataset. As shown

in Figure 3.5 (Right), the model pretrained with TAR (light blue line) consistently achieves

higher accuracy than the model trained without TAR (dark blue line). This demonstrates that

the model pretrained with the TAR strategy has learned more meaningful features, leading to

better performance in the downstream tasks.
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3.6 Conclusion and Limitation

We introduced three strategies to enhance Mamba networks for point cloud data: isometry-

invariant token traversal, recursive patch partitioning for segmentation, and improved learnable

token placement, each contributing to a robust feature extraction framework. Our methods

demonstrate superior performance over state-of-the-art baselines in classification, segmentation,

and few-shot tasks. A limitation of our approach lies in the selection of the neighborhood size 𝐾 ,

which is treated as a hyperparameter. While tuning 𝐾 per dataset helps optimize performance, it

may limit generalizability across diverse data distributions and require careful adjustment to

maintain robustness.
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4.1 Abstract

Test-Time Adaptation (TTA) addresses distribution shifts during testing by adapting a pretrained

model without access to source data. In this work, we propose a novel TTA approach for

3D point cloud classification, combining sampling variation with weight averaging. Our

method leverages Farthest Point Sampling (FPS) and K-Nearest Neighbors (KNN) to create

multiple point cloud representations, adapting the model for each variation using the TENT

algorithm. The final model parameters are obtained by averaging the adapted weights, leading

to improved robustness against distribution shifts. Extensive experiments on ModelNet40-C,

ShapeNet-C, and ScanObjectNN-C datasets, with different backbones (Point-MAE, PointNet,

DGCNN), demonstrate that our approach consistently outperforms existing methods while

maintaining minimal resource overhead. The proposed method effectively enhances model

generalization and stability in challenging real-world conditions. The implementation is available

at: https://github.com/AliBahri94/SVWA_TTA.git.

4.2 Introduction

Deep neural networks have recently demonstrated impressive capabilities in classifying 3D

point clouds (Qi et al., 2017a,b; Wang et al., 2019; Pang et al., 2022; Zhang et al., 2022b,
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2023). However, this success typically relies on the assumption that the test data is drawn from

the same distribution as the training data. In real-world applications, this assumption is often

invalid. When the test distribution (target) differs from the training distribution (source), the

challenge of distribution shifts arises. In 3D data, such differences can vary widely, as they

may be caused by various factors including the type sensor (e.g., RGB-D camera or Lidar),

conditions of the environment (e.g., low light for RGB-D camera), and occlusions. This make

it impractical to pretrain the network for every possible shift encountered during testing. It is

thus essential to develop methods that can adapt to these distribution changes in real-time, and

without supervision, during the test phase.

By addressing a more realistic setting where distribution shifts can also occur after training,

TTA recently became a focal point for researchers in machine learning and computer vision

(Gandelsman et al., 2022; Gao et al., 2023; Iwasawa & Matsuo, 2021; Lim, Kim, Choo & Choi,

2023; Yeo, Kar, Sodagar & Zamir, 2023; Schneider et al., 2020). TTA uses unlabeled test data

to adapt a source-pretrained model to distribution shifts occurring in the testing phase. In this

paper, we consider the fully-TTA setting where the model is pretrained on source data in a

standard supervised manner, without any additional mechanism for adaptation, and the model is

only adapted in testing. This setting contrast with Test-Time Training (TTT), where specialized

strategies for adaptation are incorporated during source pretraining.

In recent years, various TTA methods have been introduced in the 2D image domain. Key

strategies include regularizing the classifier on test data using objective functions based on the

prediction entropy (Liang et al., 2020; Zhang et al., 2022a), or updating batch normalization

statistics to align with the test data distribution (Mirza, Li & Jabri, 2022). In the context of 3D

point cloud classification, TTA is a relatively new and emerging field, with only two approaches

proposed for this task: MATE (Mirza et al., 2023) and BFTT3D (Wang et al., 2024b). However,

MATE (Mirza et al., 2023) can technically be categorized as Test-Time Training rather than

TTA, as it involves using a masked autoencoder during the source pretraining phase. On the

other hand, BFTT3D (Wang et al., 2024b) employs a set of source prototypes to adapt to new
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target domains. While this prototype memory maintains privacy, it does not fully align with the

core principle of TTA which aims to avoid reliance on source data during adaptation.

In this paper, we propose the first fully-TTA strategy for 3D point cloud classification. Our

approach is inspired by the concept of seeking flat minima via weight averaging as highlighted

in the SWA (Izmailov, Podoprikhin, Garipov, Vetrov & Wilson, 2018) and SWAD (Cha, Kim,

Cho & Ceylan, 2021) papers. Focusing on flat minima, our method aims to enhance model

robustness against distribution shifts, which are common in real-world scenarios. A key

innovation in our approach is the use of sampling variation to drive the adaptation. Specifically,

we employ FPS and KNN to generate multiple variations of sampled points within the point

cloud, thereby introducing controlled stochasticity during adaptation. By combining the weights

obtained using differently-sampled point clouds, the model is steered away from sharp minima

which are more prone to overfitting and less robust to distribution shifts.

The iterative adaptation process of our method, which is guided by the prediction entropy

minimization strategy of TENT (Wang et al., 2021a), ensures that each variation in the sampling

contributes to a broader exploration of the loss landscape. By saving the model weights after

each adaptation, and subsequently averaging them, we converge to a flatter and more stable

region in the loss landscape. This weight averaging technique, inspired by the SWAD approach,

mitigates the impact of noise and outliers within individual samples, leading to a more robust

and generalizable model.

We outline the main contributions of our work as follows:

• Novelty: Addressing the lack of studies in this field, we introduce the first fully-TTA method

specifically designed for 3D point cloud classification. Our method proposes a novel strategy

for this challenging task, which combines sampling variation and weight averaging at test

time.

• Robustness: Our method, which achieves complete TTA without accessing any source data,

demonstrates superior efficiency compared to leading approaches like TENT even with very

small batch sizes.
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• State-of-the-art performance: Through an extensive set of experiments involving three

datasets modeling a broad range of corruptions and three different backbones for point cloud

classification, we show that our method achieves state-of-the-art performance in most test

cases.

4.3 Related Work

Test-Time Adaptation. TTA tackles domain adaptation in the more realistic and challenging

scenario where the target domain data is unlabeled and we have no access to source domain

samples. The primary challenge of this task involves accurately estimating the target domain’s

distribution and indirectly comparing it to the source domain’s characteristics. A typical approach

to reduce domain shift when source data is unavailable involves fine-tuning the model using an

unsupervised loss based on the target distribution. The TTT algorithm (Sun et al., 2020) enhances

the model by updating its parameters in real-time through a self-supervised task applied to the test

data. TENT (Wang et al., 2021a) updates the trainable batch normalization parameters during

testing by minimizing the entropy of the model’s predictions. Source hypothesis transfer (SHOT)

(Liang et al., 2020) combines prediction entropy minimization with a diversity regularization

prior (maximizing the entropy of the class marginal) to train a robust feature extractor from a

pretrained source model. TTT++ (Liu et al., 2021b) incorporates an additional self-supervised

branch that utilizes contrastive learning within the source model to aid in adapting to the

target domain. TTTFlow (Osowiechi, Rasouli, Creighton & Lakshminarasimhan, 2024) utilizes

unsupervised normalizing flows as an alternative to self-supervision for the auxiliary task.

Test-Time Point Cloud Adaptation. The concept of TTA, initially tailored for 2D images,

often faces challenges when applied to 3D data, necessitating specialized approaches. So

far, very few works have studied this problem in the context of 3D point cloud data. One

of the first TTT approaches specifically designed for 3D data, MATE (Mirza et al., 2023),

employs a Masked Autoencoder (MAE) reconstruction objective to enhance the robustness of a

point cloud classification network to distribution shifts in test data. The Continual Test-Time

Domain Adaptation (CTDA) method (Wang et al., 2024a) employs Dynamic Sample Selection
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(DSS) to handle noisy pseudo-labels while adapting a pretrained model to new target domains

without accessing source data. This approach, enhancing model performance through dynamic

thresholding and positive-negative learning, has proven effective in both the 2D image and 3D

point cloud domains.

The work in (Shin et al., 2022) presents a multi-modal extension of TTA for 3D semantic

segmentation. The proposed method introduces Intra-modal Pseudolabel Generation (Intra-PG)

to generate reliable pseudo labels within each modality and Inter-modal Pseudo-label Refinement

(Inter-PR) to refine these labels across modalities. Hatem et al. (Hatem et al., 2023a) introduced

a TTA technique for point cloud upsampling, leveraging meta-learning to improve model

generalization during inference. In point cloud registration, Point-TTA (Hatem et al., 2023b)

offers a TTA framework improving model generalization by adapting to each test instance

through self-supervised auxiliary tasks. This method allows the model to handle unseen data

distributions during testing without prior knowledge. Finally, BFTT3D (Wang et al., 2024b)

introduces a backpropagation-free Test-Time Adaptation (TTA) method specifically designed for

3D data, addressing domain shifts with a two-stream architecture that maintains both source and

target domain knowledge. However, this approach does not fully align with the core principle

of TTA, which aims to avoid reliance on source data during adaptation. Zhang et al. (Zhang

et al., 2022a) introduced MEMO, a method that enhances model robustness during test time by

applying data augmentations to a single test input and adapting model parameters to minimize

the entropy of the averaged output distribution across these augmentations.

Weight Averaging. Weight averaging has become a prominent technique for enhancing

the generalization of deep neural networks during training. Stochastic Weight Averaging

(SWA) (Izmailov et al., 2018) improves model generalization by averaging weights from

different training epochs, promoting smoother optimization and convergence to well-generalized

solutions. Building on this, SWAD (Cha et al., 2021) refines the approach by densely sampling

weights throughout the training process, further boosting generalization and robustness across

tasks. Addressing limitations of traditional WA techniques that average weights post-training,

Lookaround (Zhang, Li, Zhou, Liu & Zhao, 2024) introduces a novel optimization strategy
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Figure 4.1 Overview of our 3D TTA methodology. First, FPS is applied to generate

different samplings from the input point cloud. Patchification is then performed using FPS

for patch centers and KNN to form patches (a and b). The Normalization Layer (NL)

weights are adapted using the TENT algorithm for each sampling. Finally, weight averaging

is applied across all adapted weights to enhance robustness and generalization

integrating diversity into the training process. This method iteratively alternates between two

steps: the “around step,” which enhances network diversity by training multiple models on

differently augmented data, and the “average step” which consolidates these models into a single

network.

4.4 Method

We propose a novel Test-Time Adaptation (TTA) strategy tailored for 3D point cloud classification,

which focuses on enhancing model robustness against distribution shifts. Our method introduces

a dual approach: first, we create diverse perspectives of the input data to address distributional

changes by utilizing sampling variation; second, we integrate this variation with a weight

averaging technique. This combination operates within a purely test-time framework, eliminating

the need for any source data during the adaptation process. The overview of our TTA method

for point cloud data is presented in Figure 4.1.
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4.4.1 Sampling Variation

We start with a 3D point cloud 𝑃 ∈ R
𝑁 𝑝×3 consisting of 𝑁𝑝 points. To address the challenges

posed by distribution shifts, we introduce a method that leverages sampling variation during

test-time adaptation. This begins by creating patches from the point cloud, where each patch is

defined by a center point 𝑐𝑖 and its neighboring points. We employ FPS to select a set of center

points {𝑐1, 𝑐2, . . . , 𝑐𝑁 }. FPS works by iteratively selecting the point in 𝑃 that is furthest from

all previously selected centers:

𝑐𝑖 = arg max
𝑝∈𝑃

min
𝑐 𝑗∈{𝑐1,...,𝑐𝑖−1}

‖𝑝 − 𝑐 𝑗 ‖2 (4.1)

Then, for each center 𝑐𝑖, we use KNN to find its neighboring points, forming a patch of

neighboring points 𝑃𝑖 as follows:

𝑃𝑖 =
{
𝑝 ∈ 𝑃 | 𝑝 ∈ KNN(𝑐𝑖)

}
(4.2)

This process converts the point cloud into a collection of patches P ∈ R
𝑁×𝐾×3, where 𝑁 is the

number of patches and 𝐾 is the number of neighbors in each patch (including the center).

During test-time adaptation, we generate multiple versions of P by varying the selection of

centers and neighbors forming {P1,P2, . . . ,P𝑉 } of size 𝑁𝑉 . For Non-Transformer networks,

we assume 𝐾 = 1, meaning that each patch consists of only the center point selected by FPS

without including any neighbors.

This variation in sampling creates different representations of the same underlying 3D structure

and can be interpreted as transformations that slightly modify the local geometric structure

of patches while maintaining the overall global structure of the point cloud. This helps the

model generalize better by encouraging it to learn robust features that are less sensitive to such

variations (e.g., a and b in Figure 4.1).



88

For each P𝑣, the model is adapted using the TENT (Wang et al., 2021a) algorithm, where

normalization layers’ parameters 𝛾 and 𝛽 are updated to minimize the entropy H of the model’s

output:

𝛾∗𝑖 , 𝛽
∗
𝑖 = arg min

𝛾,𝛽
E [H ( 𝑓𝜃 (P𝑣))] . (4.3)

Here, the expectation E is taken over the distribution of sampling variations P𝑣 , and H represents

the entropy of the model’s predictions, which is minimized to encourage confident and stable

predictions.

4.4.2 Integrating Sampling Variation with Weight Averaging

For each variation P𝑣 , the model is adapted using the TENT algorithm, as outlined in Equation

(4.3). The key innovation here is to combine these adaptations using a refined weight averaging

technique inspired by (Cha et al., 2021; Zhang et al., 2024), leading to a more stable and

generalizable model.

The concept of weight averaging aims to identify a solution in the parameter space that resides

within a flat region of the loss landscape. Flat minima are characterized by a low loss that

remains relatively constant under small variations of the model parameters. Solutions in such

regions tend to generalize better to distribution shifts because the model’s performance is less

sensitive to minor variations or noise in the input data and model parameters.

This integrating sampling variation with weight averaging is related to Robust Risk Minimization

(RRM) (Cha et al., 2021). In our method, we follow a similar principle in the context of test-time

adaptation. In RRM, the goal is to minimize the worst-case empirical loss within a neighborhood

of model parameters. This is formulated as

Ê
𝛾
D
(𝜃) = max

‖Δ‖≤𝛾
ÊD (𝜃 + Δ), (4.4)

where 𝛾 > 0 defines the neighborhood around the model parameters 𝜃, and Δ represents small

perturbations.
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While we do not explicitly optimize this loss function, the concept of locating flat minima is

analogous to our use of parameter averaging. By averaging the weights of models adapted from

different P𝑣, we effectively find a solution in the weight space that resides in a flatter region of

the loss landscape. This improves the model’s generalization during test-time adaptation and

enhances its robustness to distribution shifts.

In our approach, after adapting the model for each variation P𝑣 , we store the adapted weights 𝜃𝑣 .

These weights are then averaged to obtain the final model weights 𝜃avg:

𝜃avg =
1

𝑁𝑉

𝑉∑
𝑣=1

𝜃𝑣 (4.5)

This averaging process provides two key benefits:

1. Flat Minima: Averaging the weights from different adapted models helps to locate a point

in the weight space that is situated at the intersection of several flat regions. This approach

reduces the model’s sensitivity to specific input data configurations, thereby enhancing its

robustness against distribution shifts.

2. Error Reduction: The averaging process mitigates the influence of errors or noise that

may be present in individual model adaptations. By smoothing out fluctuations in different

sub-samples, the average model becomes more stable.

4.5 Experiments

In this section, we conduct a comprehensive evaluation of our proposed method across multiple 3D

point cloud datasets, focusing on both Transformer-based and non-Transformer-based backbones.

To thoroughly assess the robustness and generalization capabilities of our approach, we perform

experiments on three benchmark datasets: ModelNet40-C, ShapeNet-C, and ScanObjectNN-C.

These datasets encompass a range of real-world challenges, including varying levels of corruption

and noise, allowing us to demonstrate the effectiveness of our method in diverse and complex

scenarios.
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4.5.1 Implementation Details

During the TTA phase, we utilized multiple backbones, Point-MAE, PointNet, and DGCNN,

as the source models. Each one is independently trained on its corresponding clean dataset to

evaluate the robustness of our method. Pretrained backbones were adapted using our proposed

approach. For all backbones, we used the AdamW optimizer with a learning rate of 0.001,

consistent with the base learning rate of the TENT algorithm. Detailed information on the settings

and hyperparameters are provided in the Supplementary Material. Additionally, Resource

Overhead – Time and Resource Overhead – Memory related to our method are discussed in

detail in the Supplementary Material.

For the Transformer-based Point-MAE backbone, we explored two distinct adaptation strategies.

In the first approach, only the Batch Normalization (BN) layers were adapted, following

the standard TENT adaptation approach. In the second approach, we adapted both Layer

Normalization (LN) and Batch Normalization (BN) layers. This configuration was then

compared with the TENT algorithm, which similarly adapts both LN and BN layers. The results

of both approaches are compared in detail in the Supplementary Material.

We only adapted the BN layers for the non-transformer-based PointNet and DGCNN backbones

since these architectures do not LN layers. The input point cloud size was set to 1024 points for

all experiments. All experiments were conducted using a single NVIDIA A6000 GPU, ensuring

consistency across all tested configurations.

4.5.2 Datasets

ModelNet-40C. ModelNet-40C (Sun et al., 2022) is a robustness benchmark for point cloud

classification, designed to assess how well architectures can handle real-world distribution shifts.

It introduces 15 common corruption types to the original ModelNet-40 test set, categorized into

three groups: transformation, noise, and density. These corruptions simulate real-world issues,

such as sensor faults and noise in LiDAR scans, providing a realistic challenge for evaluating

model performance under varying conditions.
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Table 4.1 Top-1 Classification Accuracy (%) for all distribution shifts in the

ModelNet-40C dataset. ∗ and † are explained in Section 4.5.3
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Source-Only 66.6 59.1 7.2 31.8 74.6 67.7 69.8 59.3 75.1 74.4 38.0 53.7 70.0 38.6 23.4 53.9

DUA* (Mirza et al., 2022) 65.0 58.5 14.7 48.5 68.8 62.8 63.2 62.1 66.2 68.8 46.2 53.8 64.7 41.2 36.5 54.7

TTT-Rot* (Sun et al., 2020) 61.3 58.3 34.5 48.9 66.7 63.6 63.9 59.8 68.6 55.2 27.3 54.6 64.0 40.0 29.1 53.0

T3A* (Iwasawa & Matsuo, 2021) 64.1 62.3 33.4 65.0 75.4 63.2 66.7 57.4 63.0 72.7 32.8 54.4 67.7 39.1 18.3 55.7

SHOT (Liang et al., 2020) 76.9 71.2 21.4 63.6 79.0 71.2 73.3 75.0 79.6 76.6 55.7 71.8 71.2 46.1 44.7 65.1

MATE* (Mirza et al., 2023) 75.0 71.1 27.5 67.5 78.7 69.5 72.0 79.1 84.5 75.4 44.4 73.6 72.9 39.7 34.2 64.3

PL (Lee et al., 2013) 81.9 78.1 25.4 69.3 77.0 77.4 78.4 83.7 86.8 81.4 63.0 82.3 78.1 52.3 49.5 71.0

MEMO (Zhang et al., 2022a) 83.8 81.0 30.8 68.7 83.6 75.3 77.3 83.0 85.3 74.6 58.0 74.9 67.6 50.3 47.3 69.4

TENT (Wang et al., 2021a) 82.0 78.6 26.7 71.0 78.2 78.4 79.9 84.6 87.0 82.7 65.4 83.5 79.6 52.3 51.2 72.1

Ours 85.0 83.9 33.0 74.6 87.0 80.9 82.3 85.1 88.0 82.7 66.9 84.0 80.5 56.2 55.3 75.0

P
o
in

tN
et

Source-Only 43.2 82.8 4.1 41.6 43.8 44.1 44.6 84.3 86.2 33.6 24.0 83.6 37.9 22.6 21.8 46.5

LAME (Boudiaf, Mueller, Ben Ayed & Bertinetto, 2022) 23.4 15.3 4.0 4.5 32.2 6.6 8.8 40.1 65.2 3.5 2.5 31.48 7.5 4.0 4.0 16.8

SHOT (Liang et al., 2020) 71.8 83.5 11.9 66.4 71.2 61.3 61.6 82.7 83.7 41.2 29.1 80.5 49.0 28.7 28.7 56.8

DUA (Mirza et al., 2022) 67.5 84.7 8.3 61.8 67.1 60.2 60.7 84.6 86.3 43.0 31.1 84.2 51.5 32.9 35.6 57.3

PL (Lee et al., 2013) 72.2 83.5 12.8 67.8 73.3 64.0 66.5 84.2 85.8 46.5 35.7 84.1 56.4 30.0 31.1 59.6

BFTT3D † (Wang et al., 2024b) 85.5 81.7 19.3 68.1 85.2 71.0 72.8 87.2 89.5 60.3 31.4 85.3 66.0 45.9 44.1 66.2

MEMO (Zhang et al., 2022a) 72.5 83.4 11.0 66.2 72.4 63.2 65.5 83.6 85.4 47.0 35.2 80.4 52.3 33.0 26.6 58.5

TENT (Wang et al., 2021a) 72.4 83.5 13.1 68.4 74.1 65.0 68.3 84.1 86.3 48.1 37.6 84.5 57.8 30.4 32.9 60.4

Ours 73.1 84.0 12.1 69.0 73.5 66.1 68.6 84.5 86.1 49.2 40.8 84.0 59.7 34.8 34.2 61.3

D
G

C
N

N

Source-Only 68.1 74.9 13.6 55.1 74.7 74.7 75.3 51.5 82.2 76.7 57.2 57.6 76.4 32.2 12.0 58.8

SHOT (Liang et al., 2020) 75.3 78.2 29.1 66.6 76.0 69.9 68.9 50.4 68.8 59.4 44.7 42.1 47.1 12.5 7.4 53.1

DUA (Mirza et al., 2022) 81.6 83.1 39.4 74.0 83.4 81.2 82.1 71.4 85.5 81.2 72.3 74.3 80.5 39.0 25.5 70.3

PL (Lee et al., 2013) 79.6 81.9 35.4 73.6 79.1 80.0 80.8 78.9 86.8 81.1 72.1 80.0 79.6 38.2 33.8 70.7

BFTT3D † (Wang et al., 2024b) 80.5 80.0 41.5 77.7 75.4 78.0 79.3 76.0 83.5 81.2 68.5 78.4 78.6 43.7 37.8 70.7

MEMO (Zhang et al., 2022a) 79.0 80.7 50.1 67.9 78.7 74.1 74.6 75.7 77.8 66.0 57.9 62.6 56.3 30.7 20.5 63.5

TENT (Wang et al., 2021a) 80.4 82.0 38.6 75.2 80.1 80.8 81.1 78.7 86.0 81.4 74.3 80.8 80.5 39.2 34.9 71.6

Ours 80.1 81.4 56.8 73.2 83.1 79.1 80.6 81.9 86.6 79.3 74.5 81.6 79.0 51.9 43.2 74.2

ShapeNet-C. ShapeNetCore-v2 (Chang et al., 2015) is a large-scale dataset used for point cloud

classification, consisting of 51,127 shapes from 55 categories. It is divided into training (70%),

validation (10%), and test (20%) sets. To assess model robustness under real-world conditions,

(Mirza et al., 2023) applies 15 different types of corruptions to the test set, similar to those

in ModelNet-40-C. These corruptions were generated using an open-source implementation

provided by (Sun et al., 2022). This modified version of the dataset is referred to as ShapeNet-C.

ScanObjectNN-C. ScanObjectNN (Uy et al., 2019b) is a real-world point cloud classification

dataset consisting of 15 categories. It includes 2,309 samples for training and 581 samples for

testing. To evaluate model robustness, (Mirza et al., 2023) introduces 15 distinct corruptions to

the test set, following the methodology outlined in (Sun et al., 2022). This modified version of

this dataset is referred to as ScanObjectNN-C.



92

Table 4.2 Top-1 Classification Accuracy (%) for all distribution shifts in the ShapeNet-C

dataset. ∗ is explained in Section 4.5.3

Method un
i

ga
us

s

ba
ck

g

im
pu

l

up
sa

m

rb
f

rb
f-

in
v

de
n-

de
c

de
ns

-i
nc

sh
ea

r

ro
t

cu
t

di
st

or
t

oc
ls

io
n

li
da

r

Mean

P
o
in

t-
M

A
E

Source-Only 77.4 71.8 8.6 54.4 77.9 75.5 76.0 85.3 76.5 80.5 57.1 85.1 76.0 11.0 7.1 61.3

DUA* (Mirza et al., 2022) 76.1 70.1 14.3 60.9 76.2 71.6 72.9 80.0 83.8 77.1 57.5 75.0 72.1 11.9 12.1 60.8

TTT-Rot* (Sun et al., 2020) 74.6 72.4 23.1 59.9 74.9 73.8 75.0 81.4 82.0 69.2 49.1 79.9 72.7 14.0 12.0 60.9

T3A* (Iwasawa & Matsuo, 2021) 70.0 60.5 6.5 40.7 67.8 67.2 68.5 79.5 79.9 72.7 42.9 79.1 66.8 7.7 5.6 54.4

SHOT (Liang et al., 2020) 78.6 74.2 10.4 62.3 73.9 68.3 64.9 68.1 53.0 52.5 31.4 54.2 41.2 2.3 1.7 49.1

MATE* (Mirza et al., 2023) 77.8 74.7 4.3 66.2 78.6 76.3 75.3 86.1 86.6 79.2 56.1 84.1 76.1 12.3 13.1 63.1

PL (Lee et al., 2013) 80.8 78.4 16.4 71.4 81.2 79.5 79.8 85.3 83.2 81.6 69.4 84.9 79.5 10.7 10.3 66.2

MEMO (Zhang et al., 2022a) 81.2 74.5 17.5 60.3 63.8 58.9 54.0 50.2 40.4 33.8 25.6 23.4 18.4 16.6 16.4 42.3

TENT (Wang et al., 2021a) 81.1 78.7 14.3 71.4 81.6 79.4 79.7 85.9 82.6 81.8 70.0 85.0 79.6 9.9 10.4 66.1

Ours 82.6 81.0 21.2 71.2 82.5 79.8 80.1 85.2 84.8 81.1 70.4 83.9 78.9 11.2 11.5 67.0

P
o
in

tN
et

Source-Only 59.9 76.1 9.3 52.8 60.3 55.3 55.0 83.1 82.6 42.9 26.3 83.0 47.8 6.3 5.5 49.8

SHOT (Liang et al., 2020) 65.5 77.7 6.4 39.2 37.9 27.6 25.6 51.2 39.0 9.0 7.1 39.3 11.8 1.8 2.1 29.4

DUA (Mirza et al., 2022) 66.7 78.6 12.5 57.1 66.4 59.6 60.9 83.1 82.4 46.1 34.1 83.0 52.7 8.2 9.6 53.4

PL (Lee et al., 2013) 67.0 78.7 11.8 57.4 67.8 61.5 62.2 83.2 82.8 48.5 37.6 83.0 54.9 8.5 9.0 54.3

MEMO (Zhang et al., 2022a) 65.9 77.0 13.9 42.9 36.4 27.9 21.9 17.8 16.7 17.3 16.6 16.4 16.5 17.1 16.0 28.0

TENT (Wang et al., 2021a) 67.2 79.1 12.8 59.2 67.8 62.9 63.6 83.4 82.8 51.6 40.9 83.0 58.2 9.6 9.5 55.5

Ours 68.3 79.3 12.4 61.2 70.7 65.8 66.8 82.2 82.3 56.6 46.0 80.9 60.4 10.0 10.1 56.9

D
G

C
N

N

Source-Only 74.7 74.1 30.5 55.9 75.0 77.3 78.1 85.1 81.6 79.2 66.2 84.7 77.4 8.0 6.5 63.6

SHOT (Liang et al., 2020) 73.1 68.2 14.6 52.2 48.9 43.0 36.3 43.8 27.8 22.4 15.4 25.0 14.6 1.9 1.8 32.6

DUA (Mirza et al., 2022) 78.1 77.4 24.5 72.8 78.1 79.9 80.4 85.3 82.5 81 73.3 84.6 79.1 9.3 10.5 66.4

PL (Lee et al., 2013) 78.3 78.2 24.1 73.4 79.3 80.4 81.1 85.5 82.7 81.5 74.5 84.7 80.0 10.1 11.6 67.0

MEMO (Zhang et al., 2022a) 77.5 69.0 34.0 40.0 27.3 23.9 20.6 18.1 17.2 17.0 16.9 16.7 16.7 18.1 16.8 28.7

TENT (Wang et al., 2021a) 78.7 78.7 27.7 73.5 78.6 79.8 80.2 84.4 81.8 79.9 74.6 83.7 79.2 10.6 14.2 67.0
Ours 80.0 80.0 59.0 69.5 77.0 74.9 74.7 80.0 78.9 74.9 70.5 77.9 72.4 9.1 12.0 66.0

4.5.3 Main Results

In all result tables, source only refers to testing the pretrained model directly on the corrupted

dataset without any adaptation. While BFTT3D (Wang et al., 2024b) is included in the tables,

its results are not directly comparable to ours because since, as mentioned in the Introduction,

this method relies on source data during TTA. Except for the ones marked with ∗, all results are

reproduced. Moreover, results marked with † indicate dependence on the source data during

TTA.

ModelNet-40C. We evaluated the effectiveness of our method on the ModelNet40-C dataset

using three different backbones, Point-MAE, PointNet, and DGCNN, under various corruptions.

As reported in Table 4.1, our method consistently outperforms prior approaches across different

backbones and corruptions. For the Point-MAE backbone, our method improves performance

across all corruption types, with the average accuracy increasing from 72.1% (TENT) and 69.4%
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Table 4.3 Top-1 Classification Accuracy (%) for all distribution shifts in the

ScanObjectNN-C dataset. ∗ and † are explained in Section 4.5.3

Method un
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Mean

P
o
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t-
M

A
E

Source-Only 20.8 32.5 16.7 16.0 22.4 32.2 35.3 68.8 64.9 35.8 28.6 69.7 33.9 9.3 9.1 33.1

DUA* (Mirza et al., 2022) - - - - - - - - - - - - - - - 46.0

TTT-Rot* (Sun et al., 2020) - - - - - - - - - - - - - - - 46.1

T3A* (Iwasawa & Matsuo, 2021) - - - - - - - - - - - - - - - 40.3

SHOT (Liang et al., 2020) 38.7 53.7 17.0 31.4 37.9 47.3 46.5 71.7 70.7 50.0 45.5 70.3 49.0 9.4 8.8 43.2

PL (Lee et al., 2013) 38.1 56.0 17.4 31.4 39.6 51.0 53.7 74.6 74.4 54.7 49.0 75.4 56.0 9.0 7.4 45.8

MATE* (Mirza et al., 2023) - - - - - - - - - - - - - - - 47.0

MEMO (Zhang et al., 2022a) 40.4 55.5 18.6 34.0 41.4 51.8 53.3 73.6 74.6 54.5 46.7 73.0 55.7 8.8 9.2 46.1

TENT (Wang et al., 2021a) 38.1 55.8 16.6 32.4 39.6 51.0 54.7 74.2 75.0 54.5 50.0 74.2 56.8 8.8 7.6 45.9

Ours 41.0 58.8 18.7 33.6 39.6 51.9 52.5 72.1 74.2 55.7 48.2 74.0 54.3 8.2 9.0 46.1

P
o
in

tN
et

Source-Only 20.6 36.1 10.3 18.4 20.6 25.6 28.4 63.2 64.5 27.9 23.1 62.8 27.0 6.9 10.0 29.7

SHOT (Liang et al., 2020) 42.2 62.3 15.0 33.8 41.6 35.9 35.3 66.0 66.4 36.3 32.8 65.4 40.4 9.0 8.4 39.4

DUA (Mirza et al., 2022) 28.1 43.3 13.9 21.7 31.2 29.1 34.8 62.9 65.6 30.1 26.0 63.3 31.2 7.6 9.2 33.2

PL (Lee et al., 2013) 40.6 61.5 16.2 36.5 40.4 35.5 36.1 64.8 65.4 36.3 35.1 66.8 39.6 8.0 9.4 39.5

BFTT3D † (Wang et al., 2024b) 42.9 60.1 30.0 34.8 44.1 45.4 47.0 78.7 78.5 41.3 31.2 75.9 44.1 15.0 14.5 45.5

MEMO (Zhang et al., 2022a) 41.6 62.5 17.6 36.1 41.2 37.5 37.7 67.6 65.4 39.1 31.8 65.0 39.8 10.4 9.4 40.2

TENT (Wang et al., 2021a) 40.2 61.5 16.2 35.7 40.8 35.7 37.1 65.4 66.4 35.9 35.1 67.0 39.6 8.8 10.1 39.7

Ours 42.0 61.9 15.8 35.9 41.0 37.1 37.3 67.4 68.2 40.6 35.0 66.8 40.2 10.5 9.2 40.6

D
G

C
N

N

Source-Only 26.7 39.9 27.0 22.5 29.6 41.5 41.3 70.6 60.2 43.4 34.4 70.2 43.0 8.7 9.3 37.9

SHOT (Liang et al., 2020) 36.8 48.9 28.1 45.8 33.8 50.7 49.6 70.8 65.1 53.3 47.4 67.5 51.7 8.7 8.8 44.5

DUA (Mirza et al., 2022) 38.4 51.9 30.2 48.4 39.2 54.0 55.2 73.6 70.7 57.8 50.3 74.3 56.9 9.2 10.8 48.1

PL (Lee et al., 2013) 38.4 53.6 27.6 52.1 39.1 55.0 58.0 73.6 68.2 57.5 53.3 71.3 57.3 9.2 8.1 48.1

BFTT3D † (Wang et al., 2024b) 42.7 58.2 47.7 56.6 46.6 63.2 65.9 77.5 82.3 67.0 61.5 77.8 65.4 14.5 14.6 56.1

MEMO (Zhang et al., 2022a) 37.7 52.6 28.0 52.4 39.2 51.2 54.2 67.2 62.0 48.4 47.9 59.5 50.3 11.3 13.0 45.0

TENT (Wang et al., 2021a) 39.1 55.2 25.3 50.5 39.7 54.0 59.2 73.4 68.4 58.8 54.2 71.9 56.2 10.1 8.3 48.3

Ours 39.2 54.2 27.8 51.6 43.0 58.3 59.9 70.5 71.2 61.4 55.4 74.1 60.6 10.2 10.6 49.9

(MEMO) to 75.0%. This reflects the robustness of our approach in handling distribution shifts

by leveraging the proposed sampling variation and weight averaging technique, as discussed in

Section 4.4. In the PointNet backbone, our method achieves an overall improvement in mean

accuracy from 60.4% (TENT) 58.5 (MEMO) to 61.3%. This improvement is driven by the better

handling of difficult corruptions such as rotation, distortion, and occlusion, where our method

consistently performs better than TENT. For the DGCNN backbone, our method performs

exceptionally well on specific corruptions such as occlusion and lidar, achieving improvements

of 12.7% and 8.3%, respectively, over TENT, and 21.2% and 22.7%, respectively, over MEMO.

This leads to a higher overall average, increasing from 71.6% (TENT) and 63.5% (MEMO)

to 74.2%. These results highlight the effectiveness of our method in improving robustness

under various corruption scenarios, particularly when adapting to real-world data shifts during

test-time adaptation.
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ShapeNet-C. In Table 4.2, we evaluate our method on the ShapeNet-C dataset across the

same three backbones. For the Point-MAE backbone, our method outperforms TENT and

MEMO, achieving a mean accuracy of 67.0% compared to TENT’s 66.1% and MEMO’s 42.3%.

Particularly large gains in performance are obtained by our method for the background and

dens-inc corruptions. We observe similar improvements with the PointNet backbone, as our

method achieves a mean accuracy of 56.9%, surpassing TENT’s score of 55.5% and MEMO’s

score of 28.0%. Our model shows significant performance gains in difficult corruptions like

upsampling, rbf, rotation, shear, and rbf-inv. These results demonstrate the effectiveness of our

method in improving robustness across various corruption types, ensuring the model generalizes

better to corrupted data during test-time adaptation. For the DGCNN backbone, our method

outperforms MEMO, although its performance is somewhat comparable to the TENT method.

ScanObjectNN-C. As a final evaluation, we assessed our method on the ScanObjectNN-C

dataset, using three backbones. As presented in Table 4.3, our method achieved notable

improvements in performance across multiple corruptions and backbones. For the Point-MAE

backbone, our approach improves the mean accuracy to 46.1%, surpassing TENT’s 45.9%, with

notable gains in corruptions such as Gaussian noise (58.8%) and uniform noise (41.0%). On

this dataset with this backbone, our performance is equal to MEMO. Likewise, our method

improved the mean accuracy to 40.6% for the PointNet backbone, outperforming TENT’s 39.7%.

This improvement is particularly evident in challenging corruptions such as occlusion (10.5%)

and shear (40.6%). On this dataset and with this backbone, MEMO performs comparably

to our method. In the DGCNN backbone, our approach yielded a mean accuracy of 49.9%,

outperforming TENT’s 48.3% and MEMO’s 45.0%. Our method showed strong improvements

like in upsample (43.0%), rbf (58.3%), and shear (61.4%), further demonstrating its robustness

in handling distribution shifts across the dataset.

4.5.4 Ablation Study

In this section, we conduct a comprehensive ablation study on the ModelNet40-C dataset using

the Point-MAE backbone to examine the impact of various factors on our model’s performance
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Figure 4.2 Impact of different 𝑁𝑉 on model accuracy

in TTA. Specifically, we evaluate four aspects: Sampling Variation, Number of Iterations, Batch

Size, and Types of Augmentation. For consistency, all experiments were conducted with a

learning rate of 0.001.

Sampling Variation. We first explore the effect of increasing the number of sampling variations

𝑁𝑉 . Figure 4.2 shows the steady rise in model accuracy as we increase the number of sampling

variations. This validates our idea of combining weight averaging and sampling variation

to enhance the model’s robustness. As 𝑁𝑉 increases from 2 to 12, the accuracy improves

approximately from 74.0% to 76.0%. This demonstrates that leveraging more diverse sampling

during TTA enables better adaptation to distribution shifts. Based on these results, we selected

𝑁𝑉 = 6 for all subsequent experiments to balance computational efficiency and performance

improvement. For this experiment, the batch size and iteration are set to 128 and 1, respectively.

Number of Iterations. As shown in Figure 4.4, the accuracy improves as the number of

iterations increases. Our method and TENT show performance gains with more iterations, but

our method consistently outperforms TENT at every stage of the iteration process. Starting with

a gap at the first iteration, our approach maintains a steady improvement, surpassing TENT at

each level. Based on these results, we opted to use just one iteration in subsequent experiments
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Figure 4.3 Impact of batch size on accuracy for two methods

Figure 4.4 Impact of iteration on accuracy for two methods

to prioritize faster model adaptation while still achieving a competitive accuracy boost. For this

experiment, the batch size is set to 128.

Batch Size. As illustrated in Figure 4.3, our method consistently outperforms TENT across

all batch sizes. Notably, the improvement remains steady even at lower batch sizes, such as 8

and 16, where our method achieves approximately 3% higher accuracy. This demonstrates that

our approach is robust across different batch settings, making it effective even in scenarios with
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limited data. Based on these results, we selected a batch size of 128. For this experiment, the

number of iterations is set to 1.

Figure 4.5 Comparison between sampling variation and different augmentations

Types of Augmentation. It can be argued that the effect of sampling variation is akin to

applying various augmentations to the data samples. Hence, we have assessed the integration of

different augmentations into our weight averaging process. As shown in Figure 4.5, we applied

augmentations such as Horizontal Flip, Rotation, Scale, Scale Transform, Jitter, and Sampling

Variation to investigate their impact.

Suprisingly, certain augmentations like Horizontal Flip and Rotation worsened the model’s

performance, reducing accuracy even below the source-only model. However, augmentations

like Jitter and especially Sampling Variation resulted in improvements, with Sampling Variation

outperforming all other strategies. This highlights that our approach, which leverages sampling

variation combined with weight averaging, is highly effective for boosting performance compared

to data augmentations. For this experiment, the batch size and iteration are set to 128 and 1,

respectively.
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4.6 Conclusion

In this paper, we introduced a novel TTA framework combining weight averaging with sampling

variation to enhance model robustness against distribution shifts in 3D point cloud data. Evaluated

on multiple backbones and datasets, our method outperforms existing approaches such as TENT,

particularly under challenging corruptions. Through ablation studies, we demonstrated the

effectiveness of our approach across different batch sizes, iterations, and sampling variations.

Our method offers a robust, efficient solution for improving generalization in 3D point cloud

classification.
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5.1 Abstract

Test-Time Training (TTT) has emerged as a promising solution to address distribution shifts

in 3D point cloud classification. However, existing methods often rely on computationally

expensive backpropagation during adaptation, limiting their applicability in real-world, time-

sensitive scenarios. In this paper, we introduce SMART-PC, a skeleton-based framework

that enhances resilience to corruptions by leveraging the geometric structure of 3D point

clouds. During pre-training, our method predicts skeletal representations, enabling the model to

extract robust and meaningful geometric features that are less sensitive to corruptions, thereby

improving adaptability to test-time distribution shifts. Unlike prior approaches, SMART-PC

achieves real-time adaptation by eliminating backpropagation and updating only BatchNorm

statistics, resulting in a lightweight and efficient framework capable of achieving high frame-per-

second rates while maintaining superior classification performance. Extensive experiments on

benchmark datasets, including ModelNet40-C, ShapeNet-C, and ScanObjectNN-C, demonstrate

that SMART-PC achieves state-of-the-art results, outperforming existing methods such as MATE

in terms of both accuracy and computational efficiency. The implementation is available at:

https://github.com/AliBahri94/SMART-PC.
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Figure 5.1 The blue points represent the sampled points on the surface of spheres created

using the skeletal points as centers and their corresponding radii. Each sphere illustrates the

local geometric structure defined by the skeletal representation

5.2 Introduction

Recent advancements in deep learning have significantly improved the classification of 3D

point clouds (Pang et al., 2022; Zhang et al., 2022b; Bahri et al., 2025c; Liang et al., 2024;

Bahri et al., 2024c). However, these models often assume that the test data distribution matches

the training distribution, an assumption that rarely holds in real-world scenarios. Distribution

shifts, caused by factors such as environmental conditions or sensor inaccuracies in LiDAR

data, can introduce distortions that degrade model performance (Ren, Pan & Liu, 2022a; Sun

et al., 2022). This vulnerability is particularly challenging in critical domains like autonomous

navigation and robotics. As pre-training for all potential scenarios is impractical, robust methods

for unsupervised test-time adaptation are essential to address these shifts effectively.

In TTT for classification, an additional technique is employed during pre-training with the

source dataset, which can be leveraged during the adaptation phase. During adaptation, the

network utilizes unlabeled target data to dynamically adjust to shifts in data distributions at test

time. Recent TTT approaches in the 2D image domain have explored various strategies, such as

entropy-based regularization, updating BatchNorm statistics, and self-supervised tasks (Liang

et al., 2020; Wang et al., 2021a; Mirza et al., 2022; Sun et al., 2020). However, these methods
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struggle when directly applied to 3D point clouds, highlighting the need for TTT techniques

specifically designed for 3D data. In the 3D domain, a notable work is the MATE framework

(Mirza et al., 2023), which addresses the problem of TTT for 3D point cloud classification.

MATE introduces a 3D-specific approach that leverages the self-supervised paradigm, where a

network is adapted to out-of-distribution (OOD) target data by solving a self-supervised task.

MATE utilizes a masked autoencoder (MAE), where the network reconstructs a point cloud

from its partially removed data. This reconstruction process enables adaptation, enhancing

robustness to distribution shifts during test-time.

While MATE represents a significant advancement in TTT for 3D point clouds, it has critical

limitations. MATE focuses on reconstructing points on the surface of objects, making it highly

sensitive to surface-level corruptions, such as noise, which frequently occur in real-world

scenarios. This focus on surface points makes the features learned by MATE highly sensitive to

corruptions, resulting in reduced resilience to distribution shifts. Additionally, MATE heavily

depends on updating all network parameters during adaptation. This approach reduces the

model’s speed, making it less practical for real-time applications due to its lower Frames/Second.

In contrast, our method overcomes these limitations by introducing a skeleton-based framework

for TTT. By capturing the essential geometric structure of 3D point clouds, skeletons enable

the model to learn powerful and meaningful features that are inherently less sensitive to

corruptions. This is achieved through the abstraction property of skeletal representations (Lin

et al., 2021), which simplifies the shape into a compact form, filtering out high-frequency noise

and local distortions. As a result, the model focuses on the underlying geometric structure

rather than surface-level variations, enhancing robustness to distribution shifts. By leveraging

these robust features, our approach eliminates the need for backpropagation during adaptation,

significantly improving speed. Instead, following prior studies (Nado et al., 2020; Li, Wang,

Shi, Hou & Liu, 2018b), we update only the BatchNorm statistics, which effectively adapts the

model to distribution shifts without modifying its learned weights. This efficiency demonstrates

that skeleton-based pre-training inherently equips the model with features that are more resilient

to corruption compared to MATE, providing a lightweight and effective solution for TTT. As
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shown in Figure 5.1, the skeletal representation captures the geometric structure of point clouds

by abstracting them into compact and meaningful features. Our method not only overcomes the

limitations of MATE but also introduces a paradigm shift in TTT by emphasizing the importance

of meaningful feature extraction during pre-training, ensuring robustness and adaptability with

minimal computational effort. Our main contributions are:

• We propose SMART-PC, a skeleton-based framework for TTT that enhances robustness by

extracting geometric features that are less sensitive to distribution shifts.

• Our method achieves test-time adaptation without backpropagation, relying solely on updating

BatchNorm statistics, making it highly efficient for real-time applications.

• We achieve state-of-the-art results on benchmark datasets, demonstrating the effectiveness of

our approach compared to existing methods, including MATE.

5.3 Related Works

Test-Time Training. TTT enhances model adaptability by leveraging unseen target data during

inference, unlike domain generalization or adaptation methods, which operate solely during

training. TTT methods can be broadly categorized into regularization-based and self-supervised

approaches. Regularization-based methods include TENT (Wang et al., 2021a), which minimizes

prediction entropy by adapting BatchNorm parameters, and SHOT (Liang et al., 2020), which

combines entropy minimization with diversity regularization to develop robust feature extraction.

MEMO (Zhang et al., 2022a) applies data augmentations to test inputs and minimizes the entropy

of averaged outputs, improving robustness. DUA (Mirza et al., 2022) updates BatchNorm

statistics to address distribution shifts with minimal overhead, while T3A (Iwasawa & Matsuo,

2021) refines the linear classifier using pseudo-prototypes, achieving backpropagation-free

adaptation. These methods highlight the diversity of TTT strategies for addressing distribution

shifts.

Among self-supervised approaches, TTT++ (Liu et al., 2021b) introduces an additional self-

supervised branch that leverages contrastive learning within the source model to facilitate

adaptation to the target domain. Another method, TTT-MAE (Gandelsman et al., 2022),
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employs a MAE to address the one-sample learning problem effectively, demonstrating improved

performance across various visual benchmarks. A recent method, MATE (Mirza et al., 2023), is

the first TTT framework specifically tailored for 3D point cloud data, enhancing the resilience

of deep networks to distribution shifts during testing. It leverages a MAE objective, masking

a significant portion of each target point cloud and tasking the network with reconstructing

the complete structure before classification. In addition to these approaches, several works

on test-time adaptation have explored updating model parameters during inference to handle

distribution shifts effectively (Wang et al., 2024b; Bahri et al., 2024a).

Skeletal Representation. Skeletal representations are a compact and structural abstraction

of 3D point clouds, capturing the underlying geometric and topological properties of objects.

These representations simplify complex point cloud data by reducing it to a set of key skeletal

points that capture the core of the geometry (fig. 5.1), which are particularly useful for tasks such

as shape analysis, object recognition, and reconstruction. Several methods have been proposed

to generate skeletal representations from 3D data. Early approaches often relied on medial

axis transformations (MAT) (Choi, Choi & Moon, 1997) or Voronoi-based (Ogniewicz & Ilg,

1992) methods to extract the central skeleton of an object. While effective in capturing global

geometry, these methods are typically computationally intensive and sensitive to noise (Li et al.,

2015; Sun, Choi, Yu & Wang, 2015; Yan, Letscher & Ju, 2018). More recent learning-based

approaches, such as Point2Skeleton (Lin et al., 2021) and Learnable Skeleton-Aware 3D Point

Cloud Sampling (Wen, Yu & Tao, 2023), have shifted towards using neural networks to predict

skeletal points directly from input point clouds. These methods leverage local geometric

features and end-to-end optimization to produce accurate and robust skeletal representations.

By capturing the core geometric structure of 3D point clouds, skeletal representations provide a

compact and meaningful abstraction that is less sensitive to noise and distortions compared to

raw point cloud data. This robustness makes them particularly suitable for dynamic adaptation

scenarios, where models need to generalize effectively to unseen conditions. In this paper, we

leverage skeletal representations with technical enhancements that enable the network to learn

robust geometric features, thereby eliminating the need for extensive parameter updates during
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TTA. Instead, our method relies solely on lightweight adjustments, such as updating BatchNorm

statistics. This approach ensures both efficient and effective TTT while fully utilizing the

inherent strengths of skeletal representations.

5.4 Method

5.4.1 Preliminaries

A point cloud is represented as 𝑃 ∈ R
𝑁×3, where 𝑁 is the total number of points, and each point

is defined by its 3D spatial coordinates (𝑥, 𝑦, 𝑧). This representation captures the geometric

structure of 3D objects, but due to the irregular and unordered nature of point clouds, processing

all 𝑁 points can be computationally expensive and redundant. To reduce redundancy and focus

on the most representative points, we apply FPS. This technique selects a subset of 𝑀 points

from the original point cloud as centers, denoted as:

𝐶 = 𝐹𝑃𝑆(𝑃) ∈ R
𝑀×3, (5.1)

where 𝑀 � 𝑁 . The FPS algorithm ensures that the selected centers are evenly distributed

across the point cloud, preserving the overall geometric structure. For each center point 𝑐𝑖 ∈ 𝐶,

we construct its local neighborhood by selecting its 𝐾 nearest neighbors from the original point

cloud 𝑃 using the KNN algorithm. This results in a neighborhood tensor:

𝑃𝑙𝑜𝑐𝑎𝑙 = 𝑘𝑁𝑁 (𝐶, 𝑃) ∈ R
𝑀×𝐾×3, (5.2)

where 𝐾 is the number of neighbors for each center point. Each neighborhood 𝑃𝑙𝑜𝑐𝑎𝑙 [𝑖] ∈ R
𝐾×3,

corresponding to a center 𝑐𝑖, captures the local geometric features around 𝑐𝑖. These neighborhoods

provide localized context, allowing the network to efficiently process the point cloud by focusing

on both global structure (via the centers) and local geometric details (via the neighbors). This

hierarchical tokenization forms the basis for subsequent feature extraction and skeletal prediction.
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With the point cloud tokenized into centers and their local neighborhoods, the next step is to

define the skeletal representation. The skeleton of a 3D shape provides a compact representation

of its intrinsic geometric structure. It abstracts the shape by representing it as a collection of

skeletal points and their corresponding radii, which together form a skeletal mesh. This concept

was introduced by (Lin et al., 2021) for learning-based approaches. A skeletal mesh is defined

as a discrete set of skeletal spheres. Each sphere is represented as:

𝑠 =
(
𝑐𝑠, 𝑟 (𝑐𝑠)

)
∈ R

4, (5.3)

where 𝑐𝑠 ∈ R
3 is the center of the skeletal sphere, referred to as the skeletal point, and 𝑟 (𝑐𝑠) ∈ R

is its associated radius, representing the distance from the center 𝑐𝑠 to the surface of the original

3D shape. The skeletal mesh is constructed by connecting the skeletal spheres using two main

elements. First, edges, denoted as 𝑒𝑖 𝑗 = (𝑐𝑖, 𝑐 𝑗 ), connect two skeletal points 𝑐𝑖 and 𝑐 𝑗 , forming

the basic linear structure of the skeleton. Second, faces, denoted as 𝑓𝑖 𝑗 𝑘 = (𝑐𝑠𝑖 , 𝑐𝑠 𝑗 , 𝑐𝑠𝑘 ), are

triangular connections between three skeletal points that capture 2D non-manifold surfaces

within the mesh.

The skeletal representation possesses two key properties. The first is recoverability, where the

skeletal mesh acts as a complete descriptor of the shape. This means the original 3D shape can

be reconstructed by interpolating the skeletal spheres. For a skeletal sphere 𝑠 = (𝑐𝑠, 𝑟 (𝑐𝑠)), any

point 𝑝 on its surface can be expressed as:

𝑝 = 𝑐𝑠 + 𝑟 (𝑐𝑠) · 𝑣, (5.4)

where 𝑣 is a unit vector specifying the direction. The second property is abstraction, by

which the skeleton simplifies the representation of the shape by capturing its fundamental

structure, significantly reducing the complexity of the original point cloud while retaining

its essential geometric information. This discrete skeletal representation approximates the

Medial Axis Transform (MAT), which is a continuous formulation of the skeleton. Unlike

the MAT, the skeletal mesh is more robust to boundary noise and perturbations, making it
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Figure 5.2 An overview of the SMART-PC framework. The framework integrates skeletal

prediction and classification tasks, leveraging skeletal representations to extract robust

geometric features. During online adaptation, two strategies are employed: adaptation with

the skeletal loss L𝑠𝑘𝑒𝑙 and backpropagation, and a lightweight, backpropagation-free

approach that updates only BatchNorm statistics

suitable for learning-based approaches. By predicting skeletal points and their radii, the skeletal

representation provides a robust and efficient way to analyze and process 3D shapes, even under

noisy or corrupted conditions.

5.4.2 Overview

In this paper, we propose a novel skeleton-based framework for Test-Time Training (TTT)

designed to improve the robustness and adaptability of 3D point cloud classification under

distribution shifts. Our method consists of three components: Framework, Training, and

Test-Time Adaptation (TTA).

In the Framework component, we define the structure of the model, which includes components

for both classification and skeletal point prediction. This involves investigating the architectural

details and ensuring the network is capable of handling both tasks effectively. During the

Training phase, the model is trained on source data to perform two tasks: skeletal prediction and
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classification. The skeletal-based pre-training enables the model to learn robust and meaningful

geometric features that enhance resistance to corruptions and generalize effectively across

varying distributions. In the TTA phase, our method eliminates the need for backpropagation

when the adaptation strategy is online, meaning the model is not reset after each epoch. Instead,

it relies solely on lightweight updates to the BatchNorm statistics, enabling the model to adapt

dynamically to target data while achieving a higher frame rate for real-time applications. The

overall network architecture is illustrated in Figure 5.2.

5.4.3 Framework

Our framework is designed to perform two primary tasks: skeletal point and radius prediction,

and point cloud classification. These tasks share a unified encoder while leveraging separate

network components for their specific objectives. The framework is divided into two key

branches: the skeletal branch for predicting skeletal representations and the classification branch

for predicting class labels.

Skeletal Branch. The skeletal branch predicts skeletal points 𝑆 ∈ R
𝑀×3 and their corresponding

radii 𝑅 ∈ R
𝑀×1 from the input point cloud. The encoder, denoted as 𝐸 , processes the tokenized

point cloud 𝑃𝑙𝑜𝑐𝑎𝑙 ∈ R
𝑀×𝐾×3 to extract global and local geometric features:

𝐹𝑒𝑛𝑐 = 𝐸 (𝑃𝑙𝑜𝑐𝑎𝑙) ∈ R
𝑀×𝑑, (5.5)

where 𝑑 is the dimensionality of the feature space. The encoder captures both local geometric

details and global structural information.

The decoder, denoted as 𝐷, refines the encoded features to produce a contextually enriched

representation:

𝐹𝑑𝑒𝑐 = 𝐷 (𝐹𝑒𝑛𝑐) ∈ R
𝑀×𝑑 . (5.6)
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To predict skeletal points and radii, two separate Multi-Layer Perceptrons (𝑀𝐿𝑃𝑠 and 𝑀𝐿𝑃𝑟)

are applied to the refined features 𝐹𝑑𝑒𝑐. The skeletal points are predicted as:

𝑐𝑠 = 𝑀𝐿𝑃𝑠 (𝐹𝑑𝑒𝑐) ∈ R
𝑀×3, (5.7)

and the radii are predicted as:

𝑟 = 𝑀𝐿𝑃𝑟 (𝐹𝑑𝑒𝑐) ∈ R
𝑀×1. (5.8)

The skeletal branch leverages these predictions to model the underlying geometric structure

of the input point cloud. Unlike existing skeletal prediction methods (Lin et al., 2021; Wen

et al., 2023), which rely on convex combinations of input points to generate skeletal points, our

approach directly predicts the skeletal points and radii from the refined features 𝐹𝑑𝑒𝑐. Convex

combination methods inherently inject raw point cloud data into the prediction process, making

the task easier for the network. However, this dependency on the raw point cloud can hinder the

encoder’s ability to learn robust and meaningful geometric features, especially in the presence

of noise or distribution shifts.

Classification Branch. The classification branch uses the shared encoder to extract features for

class prediction. To enhance the classification performance, the features from the encoder 𝐹enc

and decoder 𝐹dec are combined by a sum:

𝐹𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 𝐹𝑒𝑛𝑐 + 𝐹𝑑𝑒𝑐. (5.9)

This combination allows the classification head to leverage high-level features from the decoder

that are closely related to the skeletal points, alongside the global context from the encoder. By

incorporating these skeletal-related features, the model enhances its ability to classify point

clouds, particularly by utilizing structural information that aids in distinguishing complex or

similar classes. The combined features are passed through the classification head, which consists
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of multiple MLP layers, normalization, and dropout layers, to predict class probabilities:

𝑝 = 𝑆𝑜 𝑓 𝑡𝑚𝑎𝑥(𝑀𝐿𝑃𝑐𝑙𝑠 (𝐹𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑)) ∈ R
𝐾, (5.10)

where 𝐾 is the number of classes.

5.4.4 Training

In our framework, the skeletal branch is trained in a self-supervised manner since no labels are

available for skeletal points, while the classification branch is trained in a supervised manner

using labeled source data. To optimize these branches, we adopt loss functions inspired by prior

works in skeletal representation (Lin et al., 2021; Wen et al., 2023). Below, we detail the loss

functions used for training the skeletal and classification branches.

Skeletal Losses. The skeletal branch optimizes three complementary loss functions to ensure

accurate prediction of skeletal points and their corresponding radii. Unlike existing skeletal

methods that operate at the point level, our approach predicts skeletal points and radii at the

patch level. For each patch, the model predicts the center of a skeletal sphere and its radius,

which together abstract the local structure of the point cloud.

1) Point-to-Sphere Loss. This loss ensures that input points lie on the surface of their

corresponding skeletal spheres and that skeletal spheres align closely with their associated input

points 𝑃:

L𝑝2𝑠 =
∑
𝑝∈𝑃

(
min
𝑠∈𝑆

‖𝑝 − 𝑐𝑠‖2 − 𝑟 (𝑐𝑠)

)

+
∑
𝑠∈𝑆

(
min
𝑝∈𝑃

‖𝑐𝑠 − 𝑝‖2 − 𝑟 (𝑐𝑠)

)
, (5.11)

where 𝑐𝑠 and 𝑟 (𝑐𝑠) again denote the center and radius of skeletal sphere 𝑠.
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2) Sampling Loss. To further ensure alignment between the skeletal spheres and the input point

cloud, the Chamfer Distance between sampled points on the surface of skeletal spheres and the

input points is calculated:

L𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 =
∑
𝑝∈𝑃

min
𝑡∈𝑇

‖𝑝 − 𝑡‖2 +
∑
𝑡∈𝑇

min
𝑝∈𝑃

‖𝑡 − 𝑝‖2, (5.12)

where 𝑇 represents points sampled uniformly on the surfaces of the skeletal spheres. This loss

aggregates geometric information from the neighborhood of input points, effectively reducing

high-frequency noise. As each skeletal point represents the local center of a region in 𝑃, the

influence of individual noisy points is averaged, resulting in 𝑠 being less sensitive to corruption.

3) Radius Regularization Loss. To avoid the instability caused by overly small radii due to

noise, a regularization term that encourages larger radii is also used:

L𝑟𝑎𝑑𝑖𝑢𝑠 = −
∑
𝑠∈𝑆

𝑟 (𝑐𝑠). (5.13)

Furthermore, the radii 𝑟, predicted alongside 𝑐𝑠, capture the extent of each skeletal point’s

influence. This loss encourages larger radii, reducing sensitivity to localized noise by ensuring

that each skeletal sphere represents a broader region of the point cloud. This abstraction

minimizes the effect of outliers, further enhancing robustness.

The total skeletal loss is a weighted combination of these three terms:

L𝑠𝑘𝑒𝑙 = L𝑝2𝑠 + 𝜆1L𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 + 𝜆2L𝑟𝑎𝑑𝑖𝑢𝑠, (5.14)

where 𝜆1 ≥ 0 and 𝜆2 ≥ 0 are hyperparameters balancing the contributions of each loss.

Classification Loss. For the classification branch, we train the network using labeled source

data. The features from the encoder and decoder are combined as described earlier and passed

to the classification head. The classification loss is defined as the cross-entropy between the
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predicted probabilities and the ground truth labels:

L𝑐𝑙𝑠 = −
1

𝐵

𝐵∑
𝑖=1

𝐾∑
𝑘=1

𝑦𝑖𝑘 log( 𝑦̂𝑖𝑘 ), (5.15)

where 𝐵 is the batch size, 𝐾 is the number of classes, 𝑦𝑖𝑘 is the ground truth label for the 𝑖-th

sample in class 𝑘 , and 𝑦̂𝑖𝑘 is the predicted probability for the same class.

The overall loss for training the network is a combination of the skeletal and classification losses:

L𝑡𝑜𝑡𝑎𝑙 = L𝑠𝑘𝑒𝑙 + L𝑐𝑙𝑠. (5.16)

This joint optimization allows the model to learn robust skeletal representations in a self-

supervised manner while simultaneously leveraging labeled source data for classification.

5.4.5 Test-Time Adaptation (TTA)

In this work, we explore two modes of test-time adaptation, inspired by prior works such as

MATE (Mirza et al., 2023): online adaptation and standard adaptation. Both modes aim to

adapt the model to corrupted target data during test time but differ in how the model state is

managed across epochs and corruptions.

Online Adaptation. In the online mode, the model is not reset after each epoch, allowing the

accumulated information from previous batches to influence the adaptation process. However,

the model is reset at the beginning of adaptation for each new corruption type. Initially, we

perform test-time adaptation in a backpropagation-free manner, updating only the statistical

parameters of the Batch Normalization (BatchNorm) layers (i.e., the running mean and running

variance). This approach leverages the observation that the features extracted by the model

during pre-training on source data are highly robust and less sensitive to corruption. By updating

only the BatchNorm statistics, the model dynamically adjusts to the target data, achieving higher

frame rates for real-time applications while maintaining high performance.
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To further analyze the effectiveness of the extracted features, we conducted an additional

experiment where all model parameters, along with the BatchNorm statistical parameters, were

updated during test-time adaptation. Specifically, we optimized the skeletal loss functions L𝑝2𝑠,

L𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔, and L𝑟𝑎𝑑𝑖𝑢𝑠 (as described in section 5.4.4) to adapt the skeletal representation to the

target distribution.

Standard Adaptation. In the standard mode, the model is reset after every batch, meaning each

test batch adapts independently without accumulating information from previous batches. In

this case, updating only the BatchNorm statistics has limited effectiveness since the adaptation

does not retain context across batches. Consequently, for standard adaptation, we update all the

parameters of the model using the skeletal loss functions L𝑝2𝑠, L𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔, and L𝑟𝑎𝑑𝑖𝑢𝑠. This

allows the model to adjust more comprehensively to each batch of corrupted data.

5.5 Experiments

In this section, we present a comprehensive evaluation of our proposed method using multiple

3D point cloud datasets. To thoroughly examine its robustness and generalization capabilities,

we conduct experiments on three benchmark datasets: ModelNet40-C (Sun et al., 2022),

ShapeNet-C (Chang et al., 2015), and ScanObjectNN-C (Uy et al., 2019b). These datasets

encompass a variety of real-world challenges, including different levels of corruption and noise,

enabling us to showcase the effectiveness of our approach in diverse and complex scenarios.

Furthermore, we evaluate the performance of our method in both online and standard modes.

For the online mode, we compare the backpropagation-free strategy with backpropagation-based

adaptation to highlight the efficiency and robustness of our approach. A detailed description of

the dataset, additional experiments, expanded visualization results related to skeletons, and a

comprehensive evaluation of our method across all datasets, including accuracy metrics for each

corruption type, are provided in the Supplementary Materials.
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Figure 5.3 Frames/Second vs. Accuracy for SMART-PC and MATE during online

adaptation on the ScanObjectNN dataset. SMART-PC achieves higher frame rates and

accuracy, surpassing the real-time threshold (30 Frames/Second) in the (N-24) setting

5.5.1 Implementation Details

For both training and adaptation, we employed the Point-MAE backbone, following the settings

outlined in the MATE paper (Mirza et al., 2023) to ensure a fair and consistent comparison.

The batch size is set to 1 for both adaptation modes, with 1 iteration for the online mode and

20 iterations for the standard mode, identical to the MATE paper for fair comparison once

again. The optimizer and learning rate are identical to those used in the MATE paper. For

augmentation, scale-transfer is used during pre-training, similar to MATE. During adaptation,

however, MATE employs random masking, whereas we use random rotation in all experiments.

All experiments were conducted using a single NVIDIA A6000 GPU, ensuring consistency

across all tested configurations. Additionally, we evaluate the frames per second rate of our

method and compare it with MATE.

Real-Time Adaptation. Figure 5.3 illustrates the adaptation performance of SMART-PC and

MATE in terms of Frames/Second on the ScanObjectNN-C dataset. The adaptation strategy

employed is online, with a batch size of 1 and a single iteration per adaptation step. The terms
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“N-48” and “N-24” represent the number of created batches, which are generated differently for

the two methods: MATE uses random masking, while SMART-PC employs random rotations.

A significant advantage of SMART-PC is its ability to perform adaptation in online mode

without requiring backpropagation. By updating only the statistics of BatchNorm layers,

SMART-PC achieves significantly higher Frames/Second compared to MATE, which relies on

computationally expensive backpropagation during adaptation. As shown in fig. 5.3, reducing

the number of batches from N-48 to N-24 does not affect the accuracy of either method. However,

MATE cannot increase its Frames/Second rate due to the inherent limitations of backpropagation.

In contrast, SMART-PC demonstrates a substantial increase in Frames/Second, surpassing

the real-time threshold of 30 Frames/Second when fewer batches are used. This highlights

the efficiency and scalability of SMART-PC, making it a practical solution for real-world

applications requiring real-time adaptation. For additional comparisons with other methods,

including diffusion-based approaches, please refer to the Supplementary Materials.

5.5.2 Main Results

In all results tables, “Org-SO” refers to the evaluation of a naive pretrained model, without

any additional pre-training branch, on the corrupted dataset without adaptation. “MATE-SO”

represents a model pretrained with a reconstruction branch, evaluated on the corrupted dataset

without adaptation. “SMART-PC-SO” denotes our model pretrained with a skeleton branch on

clean data, evaluated on the corrupted dataset without adaptation. Results marked with * indicate

reproduced outcomes, and “†” refers to adaptation using BatchNorm statistical parameters

without backpropagation.

ModelNet-40C. Table 5.1 presents the top-1 classification accuracy on the ModelNet40-C

dataset under various corruption types. In the source-only setting, SMART-PC-SO achieves an

average accuracy of 61.7%, significantly outperforming both MATE-SO (53.7%) and Org-SO

(54.0%). This demonstrates the robustness of our skeleton-based pre-training in handling

distribution shifts without adaptation.
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Table 5.1 Top-1 Classification Accuracy (%) for the ModelNet-40C, ScanObjectNN-C

and ShapeNet-C datasets. Differences between SMART-PC variants and MATE

counterparts are indicated as (±X%). * denotes reproduced results, † denotes adaptation

without backpropagation, and ‡ denotes diffusion-based test-time adaptation methods

ModelNet-40C ScanObjectNN-C ShapeNet-C

Org-SO* 54.0 37.0 61.3

MATE-SO* 54.4 34.5 56.5

SMART-PC-SO 61.7 (+7.3) 38.7 (+4.2) 64.5 (+8.0)
DUA (Mirza et al., 2022) 54.7 38.7 60.8

TTT-Rot (Sun et al., 2020) 53.0 – 60.9

SHOT (Liang et al., 2020) 26.6 29.6 36.2

T3A (Iwasawa & Matsuo, 2021) 55.7 – 54.4

TENT (Wang et al., 2021a) 26.5 27.7 37.4

CloudFixer-Standard‡
(Shim, Kim & Yang, 2024) 68.0 - -

CloudFixer-Online‡
(Shim et al., 2024) 77.2 - -

DDA-Standard‡
(Gao et al., 2023) 68.1 - -

SVWA-Standard* (Bahri et al., 2024a) 57.1 37.4 50.5

MATE-Standard* (Mirza et al., 2023) 63.0 36.9 63.1

SMART-PC-Standard 63.1 (+0.1) 39.6 (+2.7) 64.4 (+1.3)
BFTT3D* (Wang et al., 2024b) 57.2 33.0 60.7

MATE-Online* (Mirza et al., 2023) 70.6 36.9 69.1
SMART-PC-Online† 70.8 46.7 65.9

SMART-PC-Online 72.9 (+2.3) 47.4 (+10.5) 67.1 (-2.0%)

For adaptation strategies, in the standard mode, SMART-PC-Standard achieves an average

accuracy of 63.1%, higher than MATE-Standard (63.0%). In the online mode, SMART-PC-

Online attains the highest average accuracy of 72.9%, compared to 69.6% for MATE-Online.

Notably, SMART-PC-Online† leverages a backpropagation-free strategy, which enables efficient

adaptation while maintaining superior performance. These results highlight the effectiveness

and scalability of SMART-PC in both source-only (without adaptation) and adaptive settings

under challenging conditions.

ShapeNet-C. Table 5.1 summarizes the top-1 classification accuracy on the ShapeNet-C

dataset under various corruption types. In the source-only setting, SMART-PC-SO achieves an

average accuracy of 64.5%, outperforming both MATE-SO (56.5%) and Org-SO (61.3%). This

result highlights the effectiveness of our skeleton-based pre-training in generalizing to unseen

corruptions without adaptation.
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Figure 5.4 Impact of batch size on mean accuracy for the ModelNet-C dataset in standard

mode

ScanObjectNN-C. Table 5.1 presents the top-1 classification accuracy across 15 corruption

types on the ScanObjectNN-C dataset. In the source-only setting, SMART-PC-SO achieves an

average accuracy of 38.7%, significantly outperforming both MATE-SO (34.5%) and Org-SO

(37.0%).

In the standard adaptation mode, SMART-PC-Standard achieves an average accuracy of 39.6%,

slightly higher than MATE-Standard (36.9%). This improvement highlights the effectiveness of

leveraging skeletal representations for enhancing robustness to distribution shifts.

In the online mode, SMART-PC-Online achieves the highest average accuracy of 47.4%,

significantly outperforming MATE-Online (36.9%). Furthermore, SMART-PC†, which utilizes

a backpropagation-free adaptation strategy by updating only the BatchNorm statistics, achieves

a competitive accuracy of 46.7%. The efficiency of the backpropagation-free strategy highlights

its practicality for real-world applications requiring high Frames per Second.

Overall, these results demonstrate that SMART-PC consistently achieves state-of-the-art

performance across all adaptation modes, with notable gains under challenging real-world

corruptions, highlighting its robustness and generalization capability.
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Figure 5.5 Effect of augmentation during adaptation in our method, and comparison with

other methods on the ScanObjectNN dataset in online mode

5.5.3 Ablation Study

Batch Size. We evaluate the effect of batch size on our method’s performance using the

ModelNet40-C dataset in standard adaptation mode, where all parameters are updated, with 20

iterations as in the MATE paper. As shown in Figure 5.4, increasing the batch size improves

accuracy, from 67.94% at batch size 8 to 73.42% at batch size 128. This improvement showcases

the effectiveness of larger batch sizes for achieving higher accuracy. To ensure fairness in

comparison with MATE and other methods and to avoid increasing computational costs, we

used a batch size of 1 for all main results in both standard and online modes.

Augmentation. Figure 5.5 illustrates the impact of different augmentations and the absence

of augmentation on our method during adaptation. This experiment was conducted on the

ScanObjectNN dataset in online mode with batch size 1 and iteration 1. Consistent with the

MATE paper, we created 48 batches using random rotations to introduce diversity among

the data. Even without augmentation (SMART-PC W/O Aug), our method achieves a 46.42%

accuracy, outperforming MATE (36.93%) and demonstrating the robustness of our skeleton-based

framework. Applying random rotations (SMART-PC With Rot) increases accuracy to 47.36%.

Other augmentations, including horizontal flipping (SMART-PC With H-Flip) and translations
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(SMART-PC With Trans), achieve comparable improvements, with accuracies of 46.8% and

47.08%, respectively.

Table 5.2 Ablation study of skeleton loss coefficients on ModelNet40 and ModelNet40-C

(online adaptation). The best configuration corresponds to the original coefficients from the

Point2Skeleton paper

Pt2Sphere Sampling RadiusReg Source Acc(%) Corrupted Acc(%)

1.0 1.0 0.0 91.3 67.82

0.0 1.0 1.0 91.6 67.79

1.0 0.0 1.0 91.6 67.80

1.0 1.0 1.0 91.2 72.84

0.3 1.0 0.4 91.3 72.95

Feature Summation. We conduct an ablation study on the impact of summing the features

from the shared encoder, used for both skeletal and classification tasks, with the decoder features.

This summation improves SMART-PC’s accuracy from 62.4% to 63.1% on the ModelNet-C

dataset in standard mode, compared to using only the encoder features for classification.

Skeleton Loss Coefficients. To further evaluate the contribution of each loss component in

our skeleton-based pretraining, we conducted an ablation study using different coefficients for

the Skeletal loss terms: point-to-sphere loss, sampling loss, and radius regularization. The

experiments were performed on the ModelNet40 and ModelNet40-C datasets under the online

adaptation setting.

As shown in Table 5.2, the best performance is obtained with the coefficient set (0.3, 1.0, 0.4),

which corresponds to the original settings in the Point2Skeleton paper (Lin et al., 2021). This

configuration achieves the highest accuracy of 72.95% on corrupted data (Corrupted Acc),

confirming that each skeletal loss term contributes meaningfully to the learning of robust features

under corruption. Additionally, as described in the main paper, the Radius Regularization Loss

(Equation 6) is designed to avoid instability caused by overly small radii, especially under noisy

conditions. This loss encourages the model to learn larger and more stable radii, which improves

the robustness of the skeletal abstraction. Although we do not observe excessively large radii,

the Point-to-Sphere and Sampling losses (Equations 11 and 12) implicitly constrain radius size
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by preserving geometric consistency. As shown in Table 5.2, removing the regularization term

leads to a drop in performance, confirming its importance.

Table 5.3 Mean accuracy (%) of BFTT3D using different pretrained models under the

backpropagation-free setting. SMART-PC-SO achieves the best results across all datasets

Dataset Org-SO MATE-SO SMART-PC-SO

ScanObjectNN-C 33.00 33.22 35.90
ModelNet40-C 57.16 54.71 65.25
ShapeNet-C 60.73 53.07 62.24

Evaluating Pretraining Strategies in Backpropagation-Free Adaptation. Our method

supports two adaptation modes: one with backpropagation and one that is backpropagation-free.

The goal of the backpropagation-free mode is to show that pretraining with a skeleton-based

decoder encourages the model to learn robust and meaningful geometric features. These features

are resilient enough that, during test-time, simply updating the BatchNorm statistical parameters

(i.e., running mean and variance) is sufficient to improve performance—without performing

gradient-based updates.

To validate this effect, we conducted additional experiments using the BFTT3D (Wang et al.,

2024b) adaptation method across three different pretraining strategies (Org-SO, MATE-SO, and

SMART-PC-SO). Each pretrained model was evaluated using the same BFTT3D adaptation

strategy under the backpropagation-free setting. As shown in Table 5.3, our SMART-PC-SO

model consistently outperforms both Org-SO and MATE-SO across all three datasets. This

provides strong evidence that the skeletal decoder encourages the model to extract more structure-

aware and corruption-resilient features, which support effective test-time adaptation without

updating model weights.

5.6 Conclusion

In this paper, we proposed SMART-PC, a skeleton-based framework for robust and efficient

test-time training of 3D point cloud models under distribution shifts. By leveraging skeletal

representations, SMART-PC enhances robustness to corruptions while enabling high Frames
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per Second during online adaptation through a backpropagation-free strategy that updates only

BatchNorm statistics. Experiments on benchmark datasets, including ModelNet40-C, ShapeNet-

C, and ScanObjectNN-C, demonstrate state-of-the-art performance in both source-only and

adaptation settings. Overall, SMART-PC provides a scalable and practical solution for real-world

applications requiring robust 3D point cloud classification under challenging conditions. Future

work may explore extending this framework to other 3D tasks, such as semantic segmentation,

instance segmentation, and object detection.



CONCLUSION AND RECOMMENDATIONS

This thesis investigated how to build 3D deep learning systems that remain reliable across the

full lifecycle of perception: from label-efficient pretraining, to efficient geometric modeling, to

robust deployment under real-world distribution shift. Despite recent advances in supervised

3D vision, existing models continue to face two fundamental limitations: their dependence on

resource-intensive annotation and computation, and their brittleness when exposed to unseen

sensor conditions or environmental noise. The work developed in this thesis addresses these

challenges by proposing new methods in both self-supervised learning and test-time learning,

unified by the goal of extracting stable geometric structure from raw point clouds.

Chapter 2 focused on learning meaningful and transferable geometric representations without

relying on manual annotations. GeoMask3D introduced a principled geometry-aware masking

strategy that replaces purely random patch selection with a structured, complexity-driven

approach grounded in intrinsic point-cloud geometry. Instead of treating all patches as equally

informative, GeoMask3D computes local geometric complexity to selectively mask or preserve

regions according to their structural importance. This forces the masked autoencoder to

reconstruct geometrically challenging areas rather than overfitting to flat, redundant surface

patches, ultimately yielding richer and more discriminative latent representations. To ensure

consistency and robustness, the method also incorporates a feature-level distillation mechanism

that stabilizes complexity estimation across epochs and prevents drift in geometric predictions

during pretraining. Together, these components encourage the encoder to learn geometry-aware

features that generalize well beyond reconstruction. Extensive evaluations demonstrate that

GeoMask3D consistently improves downstream performance on classification, segmentation,

and reconstruction benchmarks, highlighting the value of integrating explicit geometric priors

into masked point-cloud pretraining.
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Chapter 3 presented Spectral-Informed Mamba, which addressed a fundamental architectural

limitation in adapting state-space models to 3D point clouds: the absence of a stable and

geometry-aware token ordering. Since Mamba requires a sequential input, applying it directly to

unordered point sets leads to ordering ambiguity, sensitivity to rotations, and loss of geometric

coherence. Spectral-Informed Mamba resolves this by leveraging the Laplacian spectrum of the

point-cloud graph to construct an isometry-invariant traversal that respects surface smoothness

and structural continuity. Unlike heuristic or grid-based orderings, the proposed spectral

traversal emerges directly from intrinsic geometry, ensuring consistent ordering. Building on

this ordering, Spectral-Informed Mamba introduces hierarchical local grouping to preserve

fine-scale spatial relations and a token realignment mechanism that aligns Mamba dynamics

with the irregular geometry of 3D neighborhoods. This combination enables state-space models

to operate with linear complexity while capturing long-range dependencies without sacrificing

geometric fidelity. The resulting framework closes a long-standing gap between computational

efficiency and geometric robustness, demonstrating that Mamba architectures—when equipped

with principled geometric traversal—can outperform transformer-based masked pretraining

methods on large-scale 3D representation learning benchmarks.

Chapter 4 addressed robustness under distribution shift, a critical requirement for real-

world 3D deployment. Sampling-Variation Weight Averaging (SVWA) introduced the

first comprehensive TTA strategy tailored to point clouds. The method generates multiple

geometric variations of each test sample—reflecting realistic changes in sampling, and local

neighborhoods—and adapts the model independently to each variant. By harnessing this

sampling diversity rather than treating it as noise, SVWA turns inherent randomness into a

stabilizing signal. Averaging the adapted model weights nudges the solution toward a flatter

optimum, leading to significantly improved generalization under corruption, sensor noise, and

occlusion.
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Finally, Chapter 5 introduced SMART-PC, a skeleton-based test-time training framework that

leverages structural 3D priors to enable fast and stable adaptation. SMART-PC learns robust

skeletal abstractions during pretraining—compact representations that capture object topology

and remain consistent under viewpoint, density, and corruption variations. At test time, these

skeletal features guide adaptation through a lightweight batch-statistics update rather than full

gradient-based optimization, avoiding the latency and instability that characterize conventional

TTT methods. This design allows SMART-PC to operate in real time, making it applicable to

robotics, navigation, and embedded perception systems. By aligning skeletal geometry with

model predictions during deployment, SMART-PC achieves reliable adaptation even under

severe distribution shifts, demonstrating the value of high-level structural cues for resilient 3D

test-time learning.

Taken together, these contributions form a unified pipeline for robust and generalizable 3D

point-cloud perception. The thesis demonstrates that (i) geometric priors are essential for

meaningful self-supervised pretraining, (ii) spectral traversal provides an effective mechanism

for enabling efficient 3D state-space modeling, and (iii) sampling diversity and structured

geometric abstractions can be leveraged to achieve effective test-time learning without labels.

By integrating these insights, this work advances toward 3D perception systems that are efficient,

interpretable, robust to corruption, and suitable for deployment in real-world environments.

While the proposed methods significantly advance the robustness and efficiency of 3D models,

several open directions remain. Extending spectral traversal to large-scale point clouds, streaming

sensors, or LiDAR sequences could broaden its applicability in robotics and mapping. Another

open direction is incorporating skeletal abstractions directly into self-supervised pretraining

objectives, enabling models to learn richer geometric features without relying on test-time

training. Using the stability and topology encoded by skeletons during pretraining may

yield representations that generalize more effectively across tasks and domains. For test-time
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adaptation, exploring continual or lifelong TTA—where models continuously refine themselves

over long deployment periods—remains a promising direction, especially when combined with

memory-efficient mechanisms that avoid catastrophic forgetting.

In summary, this thesis contributes new geometric, spectral, and adaptive principles for 3D

deep learning, laying the groundwork for perception systems that can learn efficiently, operate

robustly, and generalize reliably under diverse real-world conditions.



APPENDIX I

SUPPLEMENTARY MATERIAL FOR THE PAPER TITLED GEOMASK3D:
GEOMETRICALLY INFORMED MASK SELECTION FOR SELF-SUPERVISED

POINT CLOUD LEARNING IN 3D

1. Implementation Pipeline

We used PyTorch to implement the core functionalities of our approach. The codebase is

structured into two primary parts: main-pretrain and main-finetune.

Pretraining Phase (main-pretrain). In the main-pretrain section, we focus on the initial

training phase of our models. In this phase, which is crucial to establish a robust foundation

for our models, we first load the ShapeNet dataset and then apply our methods to train the

models. algorithm 1 summarizes the training steps for GM3D and includes the pseudocode for

the reconstruction of point clouds, generation of geometric complexity, and the distillation of

knowledge within the feature space.

Finetuning Phase (main-finetune). Once the pretraining is complete, we proceed to the

main-finetune part. In this stage, only the encoder of student E𝑠 from the pretrained models is

carried forward. The output of this phase is directly responsible for the experimental results

presented in our paper.

To ensure complete transparency and reproducibility of our results, we have made all relevant

materials publicly available. This includes:

• The full source code for both main-pretrain and main-finetune phases.

• All log files containing the detailed results of our experiments

• Pretrained models for both pretraining and finetuning stages.

All these resources can be accessed through our GitHub repository. This repository includes

everything needed to understand our code, covering all aspects of the implementations and

the reproduction of the results. Moreover, the specifics of our network’s hyperparameters for
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Algorithm 1 Pseudo-Code of GM3D in a PyTorch-like Style

# teacher inference

-, 𝐺𝐶𝑡 = 𝐺𝑀3𝐷𝑡 (𝑋)
# curriculum patch selection

𝑀 = Mask-Generation(𝐺𝐶𝑡 , 𝑁𝑠𝑒𝑙)

# student forward to compute objectives

𝑋𝑟𝑒𝑐, 𝑓 𝑟𝑒𝑐𝑠 , 𝐺𝐶𝑠 = 𝐺𝑀3𝐷𝑠 (𝑋𝑣)

# knowledge teacher (frozen graph)

𝑓 𝑟𝑒𝑐 𝑓 = E 𝑓 (𝑋)
# compute losses

# feature-space

L𝑟𝑒𝑐 𝑓 = 𝑀𝑆𝐸 ( 𝑓 𝑟𝑒𝑐𝑠 [𝑀], 𝑓 𝑟𝑒𝑐 𝑓 [𝑀])

# point-space

L𝑟𝑒𝑐𝑝 = Chamfer(𝑋𝑟𝑒𝑐 [𝑀], 𝑋 [𝑀])

# both spaces

L𝑟𝑒𝑐 = L𝑟𝑒𝑐𝑝 + L𝑟𝑒𝑐 𝑓

# geometric complexity

L𝐺𝐶 = DRC(L𝑟𝑒𝑐, 𝐺𝐶𝑠, 𝑀)

# final loss

L = L𝑟𝑒𝑐 + L𝐺𝐶

return L

the pretraining and fine-tuning phases are comprehensively detailed in Table I-1. Additionally,

the pre-trained model for the Knowledge Teacher is selected based on the baseline methods,

Point-MAE and Point-M2AE.

2. Additional Visualization

Geometric Complexity. Figure I-1 illustrates the GC analysis of randomly selected point

clouds from the ShapeNet dataset. This illustration highlights the model’s capability to assess

GC at the patch level, where the red points denote areas of high GC, while the blue points

indicate areas of low GC.

Reconstructed Points. To elucidate the capabilities of Masked Autoencoders (MAEs) in

processing point cloud data, Figure I-2 provides a visual sequence involving the original input,

the intermediate masking phase, and the reconstructed output. The first column, titled “Input
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Table-A I-1 Hyperparameter configuration

Config Value

Optimizer AdamW

Base learning rate 1e-3

Weight decay 0.05

Momentum 𝛽1, 𝛽2 = 0.9, 0.95

𝛼 1.0

𝛽 (After epoch 15) 1000.0

𝛾 (After epoch 15) 10.0

Batch size (Point-MAE+GM3D) 256

Batch size (Point-M2AE+GM3D) 128

Learning rate schedule cosine decay

Pre-training epochs 400

Fine-tuning epochs 500

Augmentation (pretraining) random scaling and translation

Augmentation (finetuning) random rotation

Point Cloud”, displays the entirety of the point cloud data, illustrating the initial condition before

any processing. The subsequent column, “Masked Point Cloud”, reveals only the points that

remain visible after a portion of the data has been masked. The final column, “Reconstructed

Point Cloud”, demonstrates the model’s ability to infer and restore the masked parts of the

point cloud. The visual comparison in Figure I-2 distinctly highlights the high accuracy of

Figure-A I-1 Visualization of GC values on diverse point clouds from the ShapeNet

dataset
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Figure-A I-2 Reconstruction results on the ShapeNet dataset

the reconstructed points, underscoring the efficacy of our proposed method. It is noteworthy

that these visual results were obtained using Point-MAE+GM3D. For a fair and consistent

comparison, the mask ratio used here is like Point-MAE (60%).
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Figure-A I-3 Comparison of convergence speed during the training phase (Point-M2AE)

3. Additional Analyses

Pretraining Phase. In Figure I-3, we illustrate the progression of SVM Accuracy throughout

the pretraining phase on the ModelNet40 dataset. The red curve represents the Point-M2AE

model, while the blue curve denotes the Point-M2AE enhanced with our GM3D method. It is

evident from the graph that the incorporation of GM3D leads to a substantial improvement in

SVM accuracy, reflecting the model’s enhanced classification performance. A key observation is

the accelerated convergence rate of the GM3D-augmented model; it achieves a rapid increase in

accuracy within the initial epochs, demonstrating not only the efficacy of GM3D in facilitating

faster learning but also indicating an enhanced ability to generalize from the training data.

Fine-tuning Phase. Figure I-4 displays fine-tuning accuracy on the OBONLY dataset, revealing

that the integration of our GM3D module with Point-M2AE leads to the highest accuracy.

Compared to the baseline Point-M2AE and the model trained from scratch, Point-M2AE+GM3D

demonstrates a more significant improvement and exhibits less variability.

Integration of GeoMask3D into Point-FEMAE. In this section, we present an experimental

evaluation of integrating our GeoMask3D approach into the Point-FEMAE (Zha et al., 2024)

framework. Point-FEMAE employs two types of masking strategies: global masking and local
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Figure-A I-4 Fine-tuning vs. Training from scratch on ScanObjectNN (Point-M2AE)

masking. To enhance its capability, we modified the network by incorporating the geometric

complexity decoder D𝑠
𝐺𝐶 and replacing the original random global masking strategy with our

geometrically guided masking technique.

While Point-FEMAE also utilizes local masking, where Euclidean distances guide the selective

masking of tokens related to meaningful parts of the object, this strategy already contributes to

capturing geometric structures effectively. However, this local masking approach may overlap

with the objectives of our GeoMask3D, potentially reducing its distinct impact. Despite this,

integrating these two methods provides valuable insights into the effectiveness of geometrically

guided masking.

To assess the effectiveness of our approach, we pre-trained Point-FEMAE+GM3D on the

ShapeNet dataset and evaluated it on the OBJ-ONLY dataset. The results, presented in Table I-2,

demonstrate that our modification improves performance. For comparison, we reproduced the

baseline results of Point-FEMAE on this dataset using the original code and the pre-trained

model available in the official repository.
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Table-A I-2 Point-FEMAE with and without GeoMask3D on the OBJ-ONLY dataset

Method OBJ-ONLY

S
S Point-FEMAE 92.08

S
S Point-FEMAE + GM3D 92.77

Impact of Geometric-Guided Masking. To further analyze the contribution of geometric-

guided masking to the performance improvements observed in our method, we conducted an

ablation study to isolate its effect from the GC prediction task.

To investigate the isolated impact of GC prediction, our method is pre-trained using the

Point-MAE backbone with GC prediction but without geometric-guided masking. Instead

of our masking strategy, we employed random masking. The objective of this experiment

was to determine whether GC prediction alone contributes to the performance gains or if the

synergy with geometric-guided masking is essential. We evaluated the pretrained model on the

OBJ-ONLY dataset, as presented in Table I-3.

As shown in the results, the model trained with both GC prediction and geometric-guided

masking outperforms the one using GC prediction alone. This highlights the necessity of

integrating geometric-guided masking with GC prediction to achieve optimal performance.

4. Time Analysis

In this section, we provide a detailed analysis of the computational resources required by our

method compared to the baseline Point-MAE backbone. All experiments were conducted under

identical hardware settings using an NVIDIA A6000 GPU with a batch size of 128.

Table-A I-3 Ablation study on the impact of Geometric-Guided Masking

Method OBJ-ONLY

S
S Point-MAE + GC Prediction + Random Masking 89.67

S
S Point-MAE + GC Prediction + Geometric-Guided Masking 90.36
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4.1 Pre-Training

To evaluate the computational overhead introduced by our approach, we measured the pre-training

time per epoch. The results indicate that:

• Point-MAE requires approximately 2.8 minutes per epoch.

• Our method requires 4.3 minutes per epoch.

The additional 1.5 minutes per epoch in our method is not solely due to the inclusion of the

knowledge teacher model (which remains frozen during training), but also results from the

computational procedures involved in predicting geometric complexity.

4.2 Downstream Tasks

As highlighted in the main paper, in downstream tasks, only the encoder of the student model is

utilized. Since this encoder is identical to the one used in the baseline methods, our approach

maintains computational efficiency during downstream inference. Thus, our method incurs no

additional computational burden compared to baseline methods in downstream tasks.



APPENDIX II

SUPPLEMENTARY MATERIAL FOR THE PAPER TITLED SPECTRAL INFORMED
MAMBA FOR ROBUST POINT CLOUD PROCESSING

1. Computational Efficiency, Runtime, and Memory Usage

In this section, we conducted a comprehensive analysis regarding the computational efficiency,

runtime, and memory usage of our SAST approach. The focus of these experiments is to assess

the overhead introduced by our SAST in comparison to the Point-Mamba backbone.

Our SAST strategy employs SciPy’s sparse eigen-solver (function eigs implementing the

implicitly restarted Arnoldi algorithm) to compute the first eigenvectors of the graph Laplacian.

As highlighted in the main paper, this operation is not expensive since the size of this matrix

depends on the number of patches which is much less than the original number of points (128

vs. 2048). Additionally, even when increasing the number of patches (tokens), the computational

overhead of this step is limited due to three reasons: i) the Laplacian matrix is very sparse as we

only consider the 𝐾 nearest neighbors of each patch (𝐾 ≈ 20), ii) we only compute the first 𝑘

eigenvectors (𝑘 ≈ 5 in our experiments), and iii) this computation is done only once for each

point cloud in a pre-processing step.

Memory Usage: As shown in Figure II-1, the memory usage of our SAST strategy (black line)

is significantly lower than the memory usage of the Point-Mamba backbone (red line). When

increasing the number of patches along the x-axis, our strategy based on a sparse eigen-solver

does not require substantially more memory compared to the backbone. The star in this figure

shows the used number of tokens in downstream tasks.

Runtime: Our SAST strategy, which can be implemented in the data loader and ran in parallel

on CPU, is also fast. As can be seen in Figure II-2, the runtime of SAST scales well when

increasing the number of patches (tokens), and only a small amount of runtime is added in

training or inference for the token length of 128 used in our main experiments (yellow star).
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Figure-A II-1 Memory Usage Over Tokens Length. Both axes are scaled by log2 for better

visualization

FLOPS: Figure II-3 presents the relationship between FLOPS and token length for both the

Point-Mamba backbone and our SAST method. Compared to running the Point-Mamba back,

our SAST demonstrates a more gradual increase in FLOPS due to the use of sparse computations

and the low number of eigenvectors involved. Once again, this shows the limited overhead of

incorporating SAST, even as token length increases.

Figure-A II-2 Runtime Over Tokens Length. Both axes are scaled by log2 for better

visualization
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Figure-A II-3 FLOPS Over Tokens Length. The horizontal axis is scaled by log2 for

better visualization

2. Additional Ablation Study

The Effect of HLT on Classification: In this section, we investigate the effect of the HLT

strategy on the classification task. The results for HLT on the ObjectNN dataset are shown in

Table II-1. As observed, the HLT strategy underperforms compared to SAST across all three

settings (OBJ-BG, OBJ-ONLY, and PB-T50-RS), regardless of whether the model is trained

from scratch or pretrained.

This performance gap highlights the limitations of the HLT strategy in tasks requiring global

understanding, such as classification. Specifically, HLT processes high-level information from

all eigenvectors simultaneously in a single traversal order (forward and backward), which is

effective for segmentation tasks but may lead to insufficiently distinct feature representations

for global classification. In contrast, SAST processes information from different eigenvectors

in separate traversals, enabling better representation of high-level structures critical for

classification tasks.

Number of Eigenvectors in HLT: Table II-2 evaluates the impact of varying the number

of eigenvectors in our proposed HLT strategy on part segmentation performance using the
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Table-A II-1 Object classification on ScanObjectNN. Accuracy (%) is reported

Methods Backbone OBJ-BG OBJ-ONLY PB-T50-RS

Training from scratch
Ours (HLT) Mamba 90.87 90.53 86.22

Ours (SAST) Mamba 92.25 91.39 87.30
Training from pretrained

Ours (HLT) Mamba 91.80 91.42 87.52

Ours (SAST) Mamba 94.32 91.91 89.10

ShapeNetPart dataset, considering both training from scratch and training from pretrained

weights.

In both scenarios, the segmentation accuracy, measured by the mean Intersection over Union

(mIoU), demonstrates that the number of eigenvectors directly influences performance. The

accuracy peaks at four eigenvectors, achieving 85.9% (scratch) and 86.1% (pretrained), as this

setting provides an optimal balance for spatial encoding.

When the number of eigenvectors is low, the model fails to partition points accurately, resulting

in unrelated points being grouped into the same segment. Conversely, when the number

of eigenvectors is high, the performance decreases slightly due to redundancy and noise.

Higher-order eigenvectors encode finer details or localized variations, which may not align with

meaningful segmentation. This can lead to overfitting or confusion between closely related parts.

Table-A II-2 Part segmentation on ShapeNetPart

Methods Param. (M) Eigenvectors mIoU

Training from scratch
Ours (HLT) 12.3 3 85.6

Ours (HLT) 12.3 4 85.9
Ours (HLT) 12.3 5 85.9

Ours (HLT) 12.3 6 85.8

Training from pretrained
Ours (HLT) 12.3 3 85.8

Ours (HLT) 12.3 4 86.1
Ours (HLT) 12.3 5 86.0

Ours (HLT) 12.3 6 85.8
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GT

Predicted

Airplane Bag Car Chair Motorbike Guitar

Figure-A II-4 The qualitative results of part segmentation of our HLT method on

ShapeNetPart dataset

3. Additional Visualization

Segmentation Results. Figure II-4 provides results for six object categories (“Airplane,” “Bag,”

“Car,” “Chair,” “Motorbike,” and “Guitar) obtained by our HLT method. In this figure, each

point is color-coded based on its class label. The comparison between the ground truth (GT)

and the predicted segmentation demonstrates the outstanding performance of our method, as

well as its ability to capture fine-grained details.

Dataset Challenges and Ground Truth Anomalies in ShapeNetPart. The ShapeNetPart

dataset is widely recognized as a challenging benchmark for 3D point cloud segmentation. Upon

further investigation of the dataset, we observed certain inconsistencies and inaccuracies in the

provided GT annotations. As illustrated in Figure II-5, our method exhibits a visually better

segmentation than the ground truth.

Such discrepancies in the ground truth highlight potential limitations in the dataset itself,

which poses a challenge for both training and evaluation. This phenomenon also provides

an explanation for the observation that recent state-of-the-art methods (as listed in Table 3.3

of the main paper) achieve similar mIOU performance on this dataset, with only marginal
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Figure-A II-5 An example illustrating inconsistencies in the ground truth (GT)

annotations. The predicted segmentation (right) is geometrically more accurate and

consistent compared to the GT (left)

Figure-A II-6 Reconstruction results on the ShapeNet dataset
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improvements. The inherent noise and errors in the ground truth annotations make it difficult for

methods to demonstrate significant gains in segmentation quality.

Despite these challenges, our method still achieves competitive performance while maintaining

robust predictions that align closely with the underlying geometric features of the objects.

Reconstruction Results. Figure II-6 showcases the reconstruction capability of Masked

Autoencoders (MAEs) on point cloud data using the ShapeNet dataset. The figure consists of

three columns for each sample, illustrating the progression from the input point cloud to the

final reconstructed result.

The first column, “Input Point Cloud”, represents the original point cloud data, providing a

complete view of the object before any masking or processing. This serves as a reference for

evaluating the quality of the reconstruction. The second column, displays the same point cloud

after a portion of the data has been masked out. The visible points indicate the sparse information

available to the model during the reconstruction phase.The third column, “Reconstructed Point

Cloud”, demonstrates the MAE’s ability to predict and restore the masked regions, resulting in a

nearly complete reconstruction that aligns closely with the original structure.

These results underline the effectiveness of MAEs in capturing and reconstructing geometric

details from incomplete data, making them well-suited for extracting meaningful features.





APPENDIX III

SUPPLEMENTARY MATERIAL FOR THE PAPER TITLED TEST-TIME
ADAPTATION IN POINT CLOUDS: LEVERAGING SAMPLING VARIATION WITH

WEIGHT AVERAGING

1. Implementation

We used PyTorch to implement the core functionalities of our approach. The codebase is

structured into two main parts: Pretrain and adaptation.

Pretrain. We begin by focusing on the initial pretraining phase of the base models (Point-MAE,

PointNet, DGCNN, and CurveNet). During this phase, we pretrain the backbones in a fully

supervised manner, following the standard definition of Test-Time Adaptation (TTA). The

pretraining is conducted on clean datasets such as ModelNet, ShapeNet, and ScanObjectNN.

This phase ensures that the models are adequately prepared for the subsequent adaptation steps.

Adaptation. After completing the pretraining phase, we transition to the adaptation stage. In

this phase, we only update the Normalization Layers of the models using our method, which is

built upon the TENT algorithm. By selectively adapting the normalization layers, we efficiently

adjust the models to handle corrupted data without requiring full retraining. This targeted

approach not only reduces computational costs but also enhances the model’s ability to generalize

to different data distributions. The results of this adaptation phase are directly reflected in the

experimental findings presented in this paper.

To ensure complete transparency and reproducibility of our results, we have made all relevant

materials publicly available. This includes:

• The full source code for both Pretrain and Adaptation phases;

• All log files containing the detailed results of our experiments;

• Pretrained the base models for all backbones.
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All these resources can be accessed through our code. This repository includes everything needed

to understand our code, covering all aspects of the implementations and the reproduction of the

results. Moreover, the specific hyperparameters used for all backbones are comprehensively

outlined in Table III-1.

2. Resource Overhead

Time. Our method builds on the TENT algorithm but extends it by introducing multiple

sampling variations P𝑣 during TTA. While there may be concerns about potential resource

overhead, particularly regarding execution time, our method is designed to run in parallel for all

P𝑣 . This parallelization allows the model to adapt independently for each variation, significantly

reducing time costs compared to a sequential approach. The comparison between parallel

and sequential adaptations is detailed in the Supplementary Material Section 3. To quantify

the computational cost, we evaluated our method on the PointNet backbone, comparing it

directly with TENT. Using 𝑁𝑉 =6, the average adaptation time for TENT is approximately 21

ms, whereas our method required around 26 ms. This marginal difference indicates that the

parallelization ensures minimal resource overhead, making our approach highly efficient even

with multiple sampling variations.

Memory. Given that our method adapts only the learnable parameters of the normalization

layers, keeping the other weights frozen and shared, it involves a limited number of parameters

Table-A III-1 Hyperparameters

Backbone Config Value

All Optimizer AdamW

All learning rate 1e-3

All Weight decay 0.0

All Momentum 𝛽 = 0.9
All Iteration 1

All FPS 512, 1024

PointMAE-PointNet Batch size 128

DGCNN-CurveNet Batch size 16, 64
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in the adaptation process. For instance, in the PointNet backbone, there are approximately

3,500,000 parameters, and we adapt only around 12,000 parameters, which constitutes 0.3% of all

parameters. Consequently, when using 𝑁𝑉 =6, the memory resource overhead is approximately

1.8% of the whole backbone, which is negligible.

3. Additional Experiments

Parallel vs Sequential WA. We investigated two different strategies to handle model adaptation

across multiple variations:

• Parallel Mode: After adapting the model using each variation P𝑉 , the model is reset to its

initial state before the next adaptation begins. The weights adapted from each variation 𝜃𝑣

are stored individually. The final model weights 𝜃avg are then calculated by averaging all

the adapted weights across the variations. This approach enables the model to process each

variation independently, offering faster adaptation.

• Sequential Mode: In this method, the model does not reset after each adaptation. Instead,

the adapted model from one variation serves as the starting point for the next variation. This

results in iterative adaptation, where the model progressively refines its parameters after each

variation P𝑉 , creating a cumulative adaptation process. The final model weights 𝜃avg are

then calculated by averaging all the adapted weights across the variations.

As shown in Figure III-1, both modes offer similar performance as the number of variations 𝑁𝑉

increases. However, since speed and efficiency are critical for TTA, we select the parallel mode,

as it allows for faster processing by adapting the model simultaneously across all variations.

This experiment was conducted using the Point-MAE backbone on the ModelNet-40C dataset.

Integration of Jitter and Sampling Variation. In this experiment, we investigate the effect

of combining jitter augmentation with the sampling variation as a new strategy P to generate

model diversity in our method. As seen in Figure III-2, jitter is selected for this combination

because it shows the best performance among other augmentation techniques (as noted in Figure

3 of the main paper). However, while combining jitter with sampling variation yields better
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Figure-A III-1 Impact of Parallel vs Sequential on

Accuracy

Figure-A III-2 Comparison between Sampling

Variation and Different Augmentations

results compared to using jitter alone, it does not surpass the performance of our method when

using sampling variation exclusively.

Impact of Batch Normalization and Layer Normalization. In Table III-2, we investigate

the effect of updating Batch Normalization (BN) layers only versus updating both Batch

Normalization (BN) and Layer Normalization (LN) layers during test-time adaptation. The

results demonstrate that updating only BN layers significantly improves performance over the
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Table-A III-2 Top-1 Classification Accuracy (%) for all distribution shifts in the

ModelNet-40C dataset
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Source-Only 66.6 59.1 7.2 31.8 74.6 67.7 69.8 59.3 75.1 74.4 38.0 53.7 70.0 38.6 23.4 53.9

Ours (BN) 85.4 84.7 29.9 74.8 87.1 80.9 82.3 85.1 88.4 82.4 67.9 83.9 80.7 55.7 54.8 74.9

Ours (BN & LN) 85.0 83.9 33.0 74.6 87.0 80.9 82.3 85.1 88.0 82.7 66.9 84.0 80.5 56.2 55.3 75.0

Source-Only baseline. Furthermore, updating both BN and LN layers leads to a slight but

consistent improvement across most corruptions, resulting in a higher mean accuracy (75.0%)

compared to updating BN layers alone (74.9%). The experiment was conducted with a batch size

of 128 and 5 iterations, using PointMAE as the backbone. The dataset used was ModelNet40-C,

and weight averaging was performed in parallel mode.

Evaluation on the CurveNet Backbone. In order to further assess the robustness and

generalizability of our method, we conducted additional experiments using a different backbone

architecture, CurveNet, on the ModelNet-40C dataset. The results are summarized in Table III-3.

As can be seen, our method demonstrates consistent improvements over baseline approaches,

achieving a mean accuracy of 76.2%, which is notably higher than TENT’s accuracy of 75.3%.

The improvements are particularly significant in corruptions like occlusion (56.3%), and lidar

(56.4%), where our method consistently outperforms the other approaches.

Table-A III-3 Top-1 Classification Accuracy (%) for all distribution shifts in the

ModelNet-40C dataset
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Source-Only 67.3 77.1 7.6 47.6 70.1 78.6 80.6 79.2 88.1 77.0 68.8 78.6 77.6 35.5 26.5 64.0

SHOT (Liang et al., 2020) 75.5 78.3 22.4 61.1 68.7 72.9 69.1 62.3 64.7 39.2 31.0 30.6 27.1 10.7 8.0 48.1

DUA (Mirza et al., 2022) 81.5 84.3 27.5 71.1 81.3 82.6 84.5 85.5 89.0 82.1 76.9 85.2 81.7 46.6 45.8 73.7

PL (Lee et al., 2013) 79.5 84.0 29.5 72.6 82.7 82.0 83.1 85.9 88.7 81.2 78.9 85.3 81.6 52.8 52.5 74.7

TENT (Wang et al., 2021a) 80.9 84.9 29.0 73.9 83.8 83.1 85.5 85.2 89.3 83.0 79.8 85.8 83.6 50.2 51.0 75.3

Ours 80.9 85.6 30.0 74.7 83.9 83.2 84.3 86.1 88.7 82.8 81.2 85.7 82.7 56.3 56.4 76.2
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Figure-A III-3 Detailed diagram of our method’s Parallel mode

Efficient Parallel Implementation. Figure III-3 illustrates the detailed implementation of

our method in parallel mode. When adapting only the normalization layers, we handle 𝑁𝑉

variations P𝑣 in parallel. For each sampling variation P𝑣 , our method adapts the corresponding

normalization layers independently. This means that the weights of the rest of the network (the

majority) are shared across variations, reducing the memory overhead significantly. As shown

in Figure III-3, we construct a “Weight Average Normalization Layer,” which comprises the 𝑁𝑉

individual normalization layers.

During adaptation, all the variations are processed through their respective normalization layers.

After adaptation, the normalization layer parameters 𝛾 and 𝛽 are then averaged to produce

the final set of normalized parameters. With this technique, we avoid saving or reloading the

backbone weights for each variation, which leads to memory efficiency. For example, in the

PointNet backbone, the normalization layers constitute only 0.3% of the total network parameters.

Hence, by adapting only these layers, we reduce the memory resource overhead to a mere 1.8%

when using 𝑁𝑉 =6, compared to the 500% memory overhead of the naive implementation.



APPENDIX IV

SUPPLEMENTARY MATERIAL FOR THE PAPER TITLED SMART-PC: SKELETAL
MODEL ADAPTATION FOR ROBUST TEST-TIME TRAINING IN POINT CLOUDS

1. Implementation

Our approach was implemented using PyTorch, with the codebase organized into two main

components: Pretrain and Adaptation.

Pretrain. We start with the initial pretraining phase of the base models (Point-MAE). In this

phase, the backbone is pretrained with a classification branch in a fully supervised manner and a

skeleton branch in a self-supervised manner. The pretraining is performed on clean datasets

such as ModelNet, ShapeNet, and ScanObjectNN, ensuring the models are well-prepared for the

subsequent adaptation steps.

Adaptation. After completing the pretraining phase, we transition to the adaptation stage,

which consists of two modes: online and standard. In the standard adaptation mode, all

model parameters are updated using the skeleton loss, allowing the model to comprehensively

adjust to the target data. In the online adaptation mode, we employ two distinct strategies. The

first strategy involves adapting only the statistical parameters of the BatchNorm layers (e.g.,

running mean and variance) without backpropagation. This approach significantly reduces

computational costs, enabling our method to achieve higher Frames per Second (FPS) and

making it suitable for real-time applications. The second strategy involves updating all model

parameters using the skeleton loss, similar to the standard mode. These flexible adaptation

strategies highlight the efficiency and scalability of our method, catering to both real-time and

high-accuracy requirements. The code will be published upon the acceptance of the paper.
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2. Datasets

ModelNet-40C. ModelNet-40C (Sun et al., 2022) serves as a robustness benchmark for

point cloud classification, designed to evaluate the ability of architectures to handle real-world

distribution shifts. It extends the original ModelNet-40 test set by introducing 15 common

corruption types, grouped into three categories: transformations, noise, and density variations.

These corruptions simulate practical challenges like sensor errors and LiDAR noise, offering a

realistic assessment of model performance under diverse and challenging conditions.

ShapeNet-C. ShapeNetCore-v2 (Chang et al., 2015) is a widely used dataset for point cloud

classification, containing 51,127 3D shapes spanning 55 categories. It is partitioned into three

subsets: 70% for training, 10% for validation, and 20% for testing. To evaluate the robustness

of models under real-world conditions, (Mirza et al., 2023) augmented the test set with 15

types of corruptions, mirroring those in ModelNet-40C. These corruptions, created using the

open-source implementation from (Sun et al., 2022), resulted in a modified version of the dataset

known as ShapeNet-C.

ScanObjectNN-C. ScanObjectNN (Uy et al., 2019b) is a real-world dataset for point cloud

classification, comprising 2,309 training samples and 581 testing samples across 15 categories.

To assess robustness, (Mirza et al., 2023) applied 15 unique corruption types to the test set,

using the approach described in (Sun et al., 2022). The resulting modified dataset is referred to

as ScanObjectNN-C.

3. Detailed Reuslts

In this section, the performance of our method is presented in Table IV-1, Table IV-2, and

table IV-3 showcasing detailed results for each corruption across all datasets. Our method

consistently outperforms previous approaches in source-only (without adaptation), standard

adaptation, and online adaptation modes. In most corruption scenarios, SMART-PC achieves

higher accuracy compared to prior methods, demonstrating its robustness and effectiveness in
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Table-A IV-1 Top-1 Classification Accuracy (%) for all distribution shifts in

ModelNet40-C. All results use a Point-MAE backbone trained on clean data and adapted to

OOD test samples with batch size 1. “*” indicates reproduced results; “†” indicates

adaptation using BN statistics without backpropagation

Corruptions: uni gauss backg impul upsam rbf rbf-inv den-dec dens-inc shear rot cut distort oclsion lidar Avg.

Org-SO 66.6 59.2 7.2 31.8 74.6 67.7 69.8 59.3 75.1 74.4 38.0 53.7 70.0 38.6 23.4 54.0

MATE-SO 59.7 51.3 28.2 55.3 71.5 57.4 60.7 65.2 77.4 67.1 30.2 62.3 61.9 37.2 19.9 53.7

SMART-PC-SO 81.8 79.5 13.6 65.4 84.3 75.7 77.8 62.0 65.9 73.4 42.7 69.1 73.8 36.3 24.4 61.7
DUA 65.0 58.5 14.7 48.5 68.8 62.8 63.2 62.1 66.2 68.8 46.2 53.8 64.7 41.2 36.5 54.7

TTT-Rot 61.3 58.3 34.5 48.9 66.7 63.6 63.9 59.8 68.6 55.2 27.3 54.6 64.0 40.0 29.1 53.0

SHOT 29.6 28.2 9.8 25.4 32.7 30.3 30.1 30.9 31.2 32.1 22.8 27.3 29.4 20.8 18.6 26.6

T3A 64.1 62.3 33.4 65.0 75.4 63.2 66.7 57.4 63.0 72.7 32.8 54.4 67.7 39.1 18.3 55.7

TENT 29.2 28.7 10.1 25.1 33.1 30.3 29.1 30.4 31.5 31.8 22.7 27.0 28.6 20.7 19.0 26.5

MATE-Standard* 69.8 61.8 18.9 63.9 72.5 64.0 66.0 74.0 80.8 71.0 36.7 69.2 66.3 38.4 29.9 58.9

SMART-PC-Standard 82.4 80.1 12.0 67.1 84.5 76.0 78.6 67.3 72.9 73.3 43.9 72.6 73.5 37.4 24.8 63.1
MATE-Online* 80.6 79.5 20.7 71.5 82.6 78.1 80.7 78.1 86.6 79.6 54.9 78.4 77.4 45.4 49.6 69.6

SMART-PC-Online† 85.0 83.2 31.6 77.6 85.9 79.2 80.8 77.8 79.3 77.8 60.3 80.6 76.8 45.2 40.4 70.8
SMART-PC-Online 85.4 84.0 49.4 79.7 85.7 80.1 81.3 81.7 82.7 78.3 60.5 82.6 76.7 44.4 41.8 72.9

Table-A IV-2 Top-1 Classification Accuracy (%) for all distribution shifts in the

ShapeNet-C dataset. All results are based on the PointMAE backbone trained on a clean

training set and adapted to the OOD test set with a batch size of 1. Results marked with *

indicate reproduced outcomes, while “†” denotes adaptation using BatchNorm statistical

parameters without backpropagation

Corruptions: uni gauss backg impul upsam rbf rbf-inv den-dec dens-inc shear rot cut distort oclsion lidar Avg.

Org-SO 77.4 71.8 8.6 54.4 77.9 75.5 76.0 85.3 76.5 80.5 57.1 85.1 76.0 11.0 7.1 61.3

MATE-SO 69.7 63.3 2.1 50.6 71.1 70.2 72.1 85.9 77.8 75.6 44.0 85.4 70.3 7.0 3.1 56.5

SMART-PC-SO 80.6 78.5 11.4 61.3 81.6 81.1 81.5 84.9 74.4 81.1 64.1 85.0 79.9 11.8 10.0 64.5
DUA 76.1 70.1 14.3 60.9 76.2 71.6 72.9 80.0 83.8 77.1 57.5 75.0 72.1 11.9 12.1 60.8

TTT-Rot 74.6 72.4 23.1 59.9 74.9 73.8 75.0 81.4 82.0 69.2 49.1 79.9 72.7 14.0 12.0 60.9

SHOT 44.8 42.5 12.1 37.6 45.0 43.7 44.2 48.4 49.4 45.0 32.6 46.3 39.1 6.2 5.9 36.2

T3A 70.0 60.5 6.5 40.7 67.8 67.2 68.5 79.5 79.9 72.7 42.9 79.1 66.8 7.7 5.6 54.4

TENT 44.5 42.9 12.4 38.0 44.6 43.3 44.3 48.7 49.4 45.7 34.8 48.6 43.0 10.0 10.9 37.4

MATE-Standard 77.8 74.7 4.3 66.2 78.6 76.3 75.3 86.1 86.6 79.2 56.1 84.1 76.1 12.3 13.1 63.1

SMART-PC-Standard 80.8 78.9 8.9 60.4 81.8 81.1 81.7 84.8 78.4 80.8 63.7 84.9 79.8 11.5 8.8 64.4
MATE-Online* 81.5 78.6 40.9 75.9 81.6 79.7 80.1 84.9 85.9 81.8 70.8 85.1 79.0 14.2 16.6 69.1
SMART-PC-Online† 80.4 78.7 21.0 72.7 80.9 80.9 80.6 82.5 78.3 80.9 70.1 82.5 79.0 10.5 9.7 65.9

SMART-PC-Online 81.2 80.5 28.9 74.3 81.2 80.7 80.5 83.1 81.0 80.4 73.2 82.8 79.0 10.0 10.2 67.1

handling distribution shifts across ModelNet40-C, ShapeNet-C, and ScanObjectNN-C. The

improvements are particularly significant in challenging corruption types, highlighting the

advantages of leveraging skeletal representations for test-time training.

4. More Visualizations

In Figure IV-1, we present several 3D objects showcasing the original point clouds (blue dots)

and their corresponding skeletal spheres. Each skeletal sphere is defined by a skeleton point (the
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Table-A IV-3 Top-1 Classification Accuracy (%) for all distribution shifts in the

ScanObjectNN-C dataset. All results are based on the PointMAE backbone trained on a

clean training set and adapted to the OOD test set with a batch size of 1. Results marked

with * indicate reproduced outcomes, while “†” denotes adaptation using BatchNorm

statistical parameters without backpropagation

Corruptions: uni gauss backg impul upsam rbf rbf-inv den-dec dens-inc shear rot cut distort oclsion lidar Avg.

Org-SO 21.7 18.8 16.9 18.4 22.2 46.0 47.0 72.1 69.4 48.9 35.6 73.0 49.4 6.7 9.3 37.0

MATE-SO 20.3 32.2 18.9 21.2 20.5 35.6 36.7 69.9 66.6 38.9 28.7 70.4 39.4 8.3 9.8 34.5

SMART-PC-SO 26.7 37.7 16.9 21.3 27.2 44.2 48.9 69.5 56.3 48.5 43.2 72.3 48.0 8.4 11.0 38.7
DUA* 30.5 40.1 10.2 23.6 29.9 43.7 46.1 68.3 66.3 48.5 38.9 68.7 48.4 8.6 8.1 38.7

SHOT* 30.2 34.1 16.2 22.6 22.6 32.4 32.1 45.5 45.0 34.5 29.3 47.8 36.2 7.1 8.1 29.6

TENT* 29.5 31.6 17.6 24.8 27.2 31.0 32.4 40.7 35.0 30.2 26.6 36.6 29.3 10.5 12.4 27.7

MATE-Standard* 27.5 29.4 14.3 22.2 25.6 40.8 42.0 73.7 63.2 45.1 35.3 73.3 45.3 7.1 9.3 36.9

SMART-PC-Standard 27.5 39.1 19.3 21.5 29.8 44.2 48.9 68.3 60.2 49.4 45.4 70.1 49.1 8.4 12.2 39.6
MATE-Online* 33.0 44.1 13.3 25.3 29.1 36.8 37.7 73.3 65.2 37.2 31.3 72.6 40.6 7.2 7.4 36.9

SMART-PC-Online† 39.4 54.6 19.6 40.1 40.3 54.4 55.9 73.3 69.5 55.1 50.1 74.9 57.8 6.9 7.9 46.7
SMART-PC-Online 42.3 53.7 23.8 37.5 41.6 57.0 57.0 71.1 68.8 57.3 53.4 72.1 58.2 8.4 8.4 47.4

center of the sphere) and its associated radius, which represents the local geometric structure

around the skeleton point. The spheres collectively capture the essential geometric and structural

features of the objects.

This visualization demonstrates the capability of our model to learn meaningful and compact

representations of 3D shapes through skeletal abstraction. The skeleton effectively captures the

underlying structure while filtering out high-frequency noise, enabling the model to focus on

the fundamental geometry of the objects. The diversity of shapes in this figure—ranging from

guitars and airplanes to furniture—highlights the robustness of our approach in generalizing

across different object classes. These visualizations also provide insight into how the skeletal

abstraction simplifies complex point cloud data into manageable representations, facilitating

better performance in downstream tasks such as classification and adaptation under challenging

conditions. This compact representation ensures that the geometric structure is preserved, even

when the original point clouds are corrupted or noisy.



151

Figure-A IV-1 Visualization of 3D objects with original point clouds (blue dots) and their

corresponding skeletal spheres
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