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Abstract

Understanding the three-dimensional (3D) world underpins embodied artificial intelli-
gence, enabling robotics, autonomous driving, augmented and virtual reality, and, more
broadly, spatial intelligence. Yet the most direct representation of a 3D scene can be decep-
tively simple: a point cloud, i.e., a set of Cartesian coordinates sampled from scene surfaces,
from which objects and semantic structure must be inferred. In practice, point clouds are
noisy, incomplete, and irregularly sampled, making reliable interpretation fundamentally
challenging.

Geometry-grounded world understanding demands semantics that are consistent with
metric 3D geometry. Semantic segmentation provides a principled route from geometric
measurements to high-level scene understanding. In 3D point clouds, semantic segmentation
anchors geometry-grounded world understanding by coupling fine-grained semantics with
explicit 3D geometry and confronting a core perceptual challenge: forming structured and
coherent interpretation from noisy, incomplete, and irregular samples.

This thesis investigates how explicit 3D geometry can be elevated from a passive input
to a source of structure for learning and generalization. We treat geometry as a prior that
constrains what a plausible segmentation should look like, modulates how noisy supervision
should be used, and guides how models adapt when spatial statistics shift. Building on this
view, we advance geometry-grounded scene segmentation along three complementary aspects
of the learning problem: (1) the output, by enforcing boundary-aware predictions that preserve
crisp boundaries; (2) the supervision, by using entropy regularization to derive noise-aware
learning signals; and (3) the adaptation, by modeling shifts in geometric context to enable
robust and efficient fine-tuning across downstream scenarios.

First, to impose coherent structure on unorganized measurements, we target crisp semantic
boundaries. We introduce Contrastive Boundary Learning (CBL), which enhances boundary
discriminability and sharpens region separation, yielding segmentations that better respect

ixX
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both geometry and scene boundaries. Second, to address ambiguous supervision, we formalize
noise in the learning signal. We derive Entropy-Regularized Distribution Alignment (ERDA)
within a unified framework of entropy minimization, which enables noise-aware learning and
further overcomes geometric perturbations across modalities, including both 3D point clouds
and 2D images. Third, to support deployment across diverse spatial structures, we address
adaptation under spatial and geometric shift. We propose Geometric Encoding Mixer (GEM)
to account for distribution shifts in both spatial patterns and geometric context, enabling
efficient and geometry-aware transfer to downstream scenarios.

Overall, this thesis approaches scene segmentation by structuring the outcomes of learning,
the supervision that guides learning, and the contexts in which learning occurs, all grounded
in explicit 3D geometry. In doing so, we advance a geometry-grounded view of world

understanding in which explicit 3D geometry shapes both learning and generalization.
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34

3.5

3.6

ABSTRACT

For an indoor scene (a) and an outdoor scene (b), the raw input (left) and the
corresponding per-point semantic labels (right) illustrate the effects of noise,

irregular sampling, and incomplete observations across sensing contexts.

Contrastive Boundary Learning (top) discovers boundary from ground truth
in each sub-sampled point cloud, i.e., sub-scene, through the sub-sampling
procedure. By imposing contrastive optimization on boundary areas at
multiple scales, CBL enhances the feature discrimination across boundaries
(middle). Without an explicit boundary prediction, CBL improves boundary
segmentation and achieves better scene segmentation results (bottom). The

visualization is conducted on S3DIS testset Area 5.

The detailed illustration of the Contrastive Boundary Learning.

The architecture of the 3D ConvNet model, which follows the widely adopted
encoder-decoder paradigm, with an optional multi-scale prediction head.

More details are provided in the appendix.

We compare the results of ConvNet baseline with CBL on several different
scenes and show that the improvements are from boundaries. In offices (top
2), CBL can effectively improve the results on boundary areas, especially in
a cluttered one (2nd row). In the last two rows (hallway and others), CBL
avoids unnecessary boundaries, and repairs the missing boundary between
walls and doors/objects at the right place. The visualization is done on S3DIS

testset Area 5.

The detail architecture of ConvNet baseline.

With every 3 points being sub-sampled into 1 in each stage, tracking distribu-

tion (soft label) describes original input faithfully, but hard label fails due to

accumulated errors.
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3.9

3.10

4.1

4.2

4.3

ABSTRACT

Large rooms. We compare the results of ConvNet baseline with CBL. On
the every second row, we visualize the boundary points calculated from the
ground truth label, and the feature discrimination among neighboring points
for each model. The improvement on the first row and the enhanced feature
discrimination on the second row show that CBL improves the features across
boundaries to obtain a better segmentation quality on boundary areas. The

visualization is done on S3DIS testset Area 5.

Cluttered space. Same as above (Fig. 3.7).

Hallways. Same as above (Fig. 3.7).

Offices. Same as above (Fig. 3.7).

While existing pseudo-labels (a) are limited in the exploitation of unlabeled
points, ERDA (b) simultaneously optimizes the pseudo-labels p and predic-
tions q taking the same and simple form of cross-entropy. By reducing the
noise via entropy regularization and bridging their distributional discrepan-
cies, ERDA produces informative pseudo-labels that neglect the need for
label selection. As the exemplar in (c) on 3D data, it thus enables the model
to consistently benefit from more pseudo-labels, surpassing other methods

and its fully-supervised baseline.

Detailed illustration of our ERDA with the prototypical pseudo-label genera-

tion process, which is prevalently used for 3D point cloud.

[llustration of our ERDA with our query-based pseudo-label generation
process under the weak-to-strong framework, which are widely adopted in
2D label-efficient segmentation. The teacher model could be either shared

with the student [227, 234] or an EMA-updated version of it [36, 273].
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4.7

4.8

4.9

4.10

4.11

ABSTRACT

We show obvious improvement of our ERDA over baseline (RandLA-Net)
on different scenes from S3DIS Area 5. In the office and hallway (top 2),
ERDA produces more detailed and complete segmentation for windows and
doors, and avoids over-expansion of the board and bookcase on the wall,
thanks to the informative pseudo-labels. In more cluttered scenes (bottom
2), ERDA tends to make cleaner predictions by avoiding improper situations
such as desk inside clutter and preserving important semantic classes such as

columns.

We show a clear benefit of our ERDA with query-based pseudo-labeling over
baseline (FixMatch) on Pascal validation. Similar to 3D cases, ERDA pro-
vides cleaner predictions with better separations between different semantic

groups, in both outdoor and indoor scenes.
Visualization of ER and DA throughout the training process.

We show a clear benefit of our ERDA with query-based pseudo-labeling
under strong augmentations [274, 275], where it produce consistent pseudo-
labels with rich semantics to guide the student models towards clean and

complete segmentations. Best viewed in color and zoom-in.

Contour visualization of the gradient update with binary classes for better
understanding. For a clearer view, we use red for positive updates and blue
for negative updates, the darker indicates larger absolute values and the

lighter indicates smaller absolute values.

Statistical difference between projection features “projection” and backbone
features “representation”. The overall mean and standard deviation are shown
as the dots and the vertical lines on the left, and the channel-wise mean and

standard deviation are denoted as lines and shadings on the right.

t-SNE visualization on different scenes sampled from S3DIS Area 5 with

RandLA-Net as baseline. Visualizations in the same row share the same scene.

We visualize the loss curves, following the setting of Fig. 4.1c and Tab. 4.10.

The total loss is the sum of segmentation loss and pseudo-label loss.
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53
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We compare the results of baseline (RandLA-Net [109]) with the proposed
ERDA. We additionally visualize the dense pseudo-labels (3rd column), by

blending the color of different classes according to their estimated class

likelihoods. It shows a clear indication of co-occurrence as semantic cues.

With such dense and informative pseudo-labels for training, our ERDA
can produce a cleaner and better segmentation with more details, as in the
highlighted improvement (last column). The visualization is done on S3DIS

Area 5.

We compare the results of baseline (FixMatch [227]) with the proposed
ERDA. We also provide the dense pseudo-labels by blending the color,
which show informative estimation on likely classes as well as its uncertainty
to guide the model learning. We show that model trained with our ERDA
can produce more accurate and detailed segmentations for both cluttered
indoor scenes and outdoor scenes with occlusions, as in the highlighted

improvement (last column). The visualization is done on Pascal validation.

(a) Existing PEFT methods, such as adapters, prompt tuning, and LoRA,
focus on adaptations inside attention and feed-forward layers. (b) In contrast,
Geometry Encoding Mixer (GEM) explicitly encodes the geometric cues and
mixes them into the pre-trained model, by the Spatial Adapter refining the
pre-trained positional encoding and the Context Adapter complementing the
local attention. (¢) By capturing 3D spatial details and scene-wide geometry
context, GEM reaches full fine-tuning performance while tuning < 2%

parameters, outperforming existing PEFT methods.

Geometry Encoding Mixer. We propose the spatial adapter to enhance the
pre-trained positional encoding, and the context adapter to overcome the local
attention mechanism, thus enhancing the efficient adaptation on large-scale

3D scenes with explicit geometry encoding.

We visualize the attention weights of our latent tokens, comparing to the
attentional weights with the prompt tuning, showing the enhanced geometry

cues produced by GEM. More visualizations in Sec. 5.6.3.
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5.4 Attention maps of our latent tokens in context adapter.

5.5 We compare the results of baseline (lin.) with the proposed GEM.

List of Figures
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consider boundaries.

3.6  Quantitative results on Paris-Lille-3D of NPM3D [70] benchmark, results
obtained from online benchmark site by the time of submission.

3.7 Results on validation set of ScanNet [43]. The CBL @input refers to only
conduct contrastive boundary learning on the input point cloud (with point
feature extracted from last upsampled stage), and @sub-scene refers to the
CBL with sub-scene boundary mining. Default settings are marked in gray
and relative improvements are also noted.
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Quantitative results on Paris-Lille-3D of NPM3D [70] benchmark, results
obtained from online benchmark site by the time of submission.

Same setting as in Tab. 3.1 in main chapter.

Quantitative results on ScanNet [43] benchmark, results obtained from online
benchmark site by the time of submission. We group method by the 3D
representation type, which is respectively, from top to down, 3D + mesh, 3D
voxel and 3D point, and we also use 3D point. The empty line denotes no
record of detailed performance found. The method with * also considers
boundary.

Quantitative results on S3DIS Area 5 dataset [44], showing the mean [oU
(mloU), overall accuracy (OA), mean accuracy (mACC), and per-class IoU

scores. We include both performance reported in original paper (with *,

the first row) and the re-produced performance (without *, the second row).

We observe consistent improvement over both the re-produced PT, and the

performance reported in original paper.

The formulation of L,, using different functions to formulate Lp 4. We study

the gradient update on s;, i.e. —% under different situations. S1: update

given confident pseudo-label, p being one-hot with dp;, € p,pr — 1. S2:
1

update given confusing prediction, q being uniform with ¢; = ... = qx = +.

K
More analysis as well as visualization can be found in the Sec. 4.3.3 and the

supplementary Sec. 4.6.2.

The results are obtained on the S3DIS datasets Area 5. For all baseline
methods, we follow their official instructions in evaluation. The bold denotes
the best performance in each setting.

Results on ScanNet test set.

Results on ShapeNetPart dataset.

Sparse-label results on Pascal.

Results on ACDC medical images.
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Unsupervised results on Cityscapes.

Ablations on ERDA. If not specified, the model is RandLA-Net trained with
ERDA as well as dense pseudo-labels on S3DIS under the 1% setting and
reports in mloU. Default settings are marked in gray .

Ablations on ERDA with query-based pseudo-labels for cross-modality gen-
eralization. For the “PL” column, “sup.” denotes the supervised baseline,
“proto” the prototypical pseudo-labels, “w2s” the weak-to-strong pseudo-
labels, and “query” the proposed query-based pseudo-labels. If not specified,
the models follow the settings in Tab. 4.10 and Tab. 4.5 on 3D and 2D
modalities and report in mIoU.

The formulation of L, using different functions to formulate Lps. We
present the gradients g; = %’ and the corresponding update A = —g; under
different situations. Analysis can be found in the Sec. 4.3.3 and Sec. 4.6.2.
Results on S3DIS 6-fold.

More ablations of pseudo-labeling methods on 3D data. To better study
different variants, we further decouple the pseudo-labeling methods and
the application of ERDA. If not specified, the models follow the settings in
Tab. 4.11 and report in mloU.

Parameter study on ERDA. If not specified, the model is RandLA-Net with
ERDA trained with loss weight &« = 0.1, momentum m = 0.999, and 2-layer
MLPs as projection networks under 1% setting on S3DIS. Default settings
are marked in gray .

Parameter study on ERDA with query-based pseudo-labels. If not specified,
the model is FixMatch with ERDA trained with feature dimensions 64 for
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CHAPTER 1

Introduction

Understanding the three-dimensional (3D) world is central to embodied artificial intelligence.
Robots must act with physical consequences, autonomous vehicles must reason about ge-
ometry in real time, and immersive AR/VR systems must anchor perception and interaction
in metric space rather than pixels alone [1, 2]. Across these settings, intelligence hinges on
spatial representations that support coherent interpretation and remain reliable under noisy

and incomplete sensing.

Yet even the most direct representation of a scene can be deceptively simple: a point cloud,
a set of Cartesian coordinates sampled from visible surfaces [3, 4]. From such sparse and
irregular samples, the goal is to infer surfaces, objects, and semantic structure that support
reasoning and action [3, 5]. This introduces challenges due to occlusion, range-dependent
density, and incomplete observations. In particular, point clouds are noisy, incomplete, and
irregular in space. The same pedestrian may appear as a dense cluster at close range but
only as a few points at distance [6, 7]. The same boundary may be sharp in geometry but

ambiguous in semantics, or vice versa [8].

Geometry-grounded world understanding demands semantics that are consistent with metric
3D geometry. Semantic segmentation provides a principled route from geometric measure-
ments to high-level scene understanding [9—11]. It assigns a semantic label to each point,
turning raw observations into a structured representation. In 3D, however, segmentation
inherits the full complexity of real-world perception. It must contend with irregular sampling,
boundary sensitivity, and supervision that can be sparse, noisy, and context-dependent, as in
Fig. 1.1. Even when human annotation is available, label ambiguity persists in sensor failures,
cluttered scenes, and long-tail categories [12—14]. When supervision is scarce, the challenge

2
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(a) Indoor segmentation (b) Outdoor segmentation

FIGURE 1.1. For an indoor scene (a) and an outdoor scene (b), the raw input (left)
and the corresponding per-point semantic labels (right) illustrate the effects of noise,
irregular sampling, and incomplete observations across sensing contexts.

broadens from accuracy to generalization, from fitting benchmark distributions to deploying

in the wild [15-17].

This thesis is devoted to learning geometric semantics through point cloud scene segmentation:
mapping irregular 3D measurements to coherent per-point semantics that support downstream
reasoning. Its guiding principle is that explicit 3D geometry is not only an input modality
but also a source of structure for learning and generalization. Following this principle, the
thesis treats semantic segmentation as a learning problem and develops structure along three
complementary axes: (i) the outputs of learning, via semantic boundaries; (ii) the supervision
that guides learning, via noise-aware learning signals; and (iii) the context in which learning
occurs, via geometry-aware adaptation. Together, these axes motivate three research questions
(Sec. 1.2) that anchor the thesis, establishing a unified perspective on geometry-grounded

world understanding.

1.1 From Points to Representations

Early progress in point cloud understanding clarified both the promise and the limitations
of learning directly on sets of points. PointNet [18] established that permutation-invariant
processing can yield strong features from unordered points. PointNet++ [19] extended this
insight with hierarchical grouping that better captured local structure. Subsequent work
explored neighborhood operators and geometric priors, including graph-based aggregation
[20, 21], convolution kernels [22, 23], and serializations [24, 25]. More recently, transformer

architectures have offered a compelling route to long-range relation modeling and large
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context [25-27], while large-scale pre-training has begun to reshape the field by scaling data

and models for more general representations [17, 28, 29].

In parallel, two-dimensional vision has provided a playbook for dense semantic learning.
Fully convolutional networks and encoder-decoder designs demonstrate how semantics can
be predicted at pixel resolution [10, 30], and are further strengthened by multi-scale context
and large receptive fields [31]. More recent segmentation frameworks advance high-quality
dense features through transformer-based architectures [32—35]. Foundation models have
further emphasized scale and generality, with pre-trained visual representations that transfer

across tasks and domains [11, 35-38].

These developments suggest a coherent direction for 3D scene segmentation. We can build
expressive representations, but we still confront what makes the 3D case distinct. In three
dimensions, the sampling pattern is part of the input yet varies across space. The geometry
is explicit yet incomplete. The neighborhood structure is neither fixed nor grid-aligned. As
a result, semantic understanding depends not only on backbone capacity but also on the

structure imposed on learning.

1.2 Scene Segmentation through the Lens of Structure

Across decades of segmentation research, three themes recur, largely independent of backbone

choice. For 3D scene understanding, they motivate three research questions:

(1) Output: How can semantic partitions preserve sharp and faithful boundaries in 3D?

(2) Supervision: How can learning remain stable under intrinsic noise and ambiguity in
supervision?

(3) Adaptation: How can pre-trained backbones be adapted efficiently under spatial

and geometric distribution shifts?

In answering them, the thesis advances the broader aim of using explicit 3D geometry as

structure for learning that is accurate, efficient, and adaptable.
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First, the outcome must be structured. Segmentation is not only a set of isolated classifi-
cations, but a partition of space into coherent regions with clear semantic meanings, often
decided at boundaries [39, 40]. Traditional graphical models made this explicit by coupling
local predictions through global consistency, and by sharpening boundaries through dense
contextual smoothing [41]. Modern deep segmentation inherited the same principle that dense
prediction should respect spatial structure rather than merely complete a per-point labeling

task [10, 33].

Second, the supervision signal must be structured. Labels in real scenes can be ambiguous.
Ambiguity arises from sensor noise, occlusion, annotation inconsistencies, and category over-
lap, making noise an intrinsic part of supervision [13, 42]. Even widely used datasets such as
ScanNet and S3DIS exhibit noisy and inconsistent annotations that can degrade generalization
beyond the training distribution [43, 44]. Outdoor benchmarks such as SemanticKITTTI further
amplify this through motion, sparsity, and range-dependent density [6]. Learning should

therefore leverage raw data while being robust to noisy supervision [15, 45].

Third, the context must be structured. Deploying pre-trained models in downstream scenarios
inevitably encounters distribution shift [46, 47]. Sensors change, environments change, and
the geometric statistics of a scene drift. Adaptation is necessary, yet naive fine-tuning can
overfit small downstream sets and catastrophically forget general features. In 2D vision,
parameter-efficient fine-tuning and modular design have emerged as practical tools for adapta-
tion, including adapters and low-rank updates [48, 49]. In 3D perception, the need is sharper
because downstream distribution shifts often manifest directly in geometry, not merely in

appearance.

This thesis treats these three themes as methodological anchors. Each contribution introduces
a geometry-grounded structure that mitigates a recurring challenge in point cloud scene

segmentation.
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1.3 Contributions and Scope

Chapter 3: Structuring Output via Semantic Boundaries. The first contribution concerns
the structure of the output. Semantic segmentation is not merely pointwise classification, but

a geometric partition of space whose fidelity is often determined at boundaries [41, 50].

This chapter introduces Contrastive Boundary Learning (CBL), a framework that treats se-
mantic boundaries as privileged supervision. We show that boundaries are especially fragile
in point clouds. Boundary areas are sparse and difficult to recognize under irregular neigh-
borhoods with varying point density, yet they decisively separate semantics. Quantitatively,
we introduce three metrics, mloU @boundary, mloU @inner, and B-IoU, to examine model
performance on boundary areas. To address the unsatisfactory performance on boundaries,
CBL improves boundary discriminability by encouraging representations to separate across
boundaries while remaining coherent within regions. By seeking crisp segmentation of 3D
scenes, CBL brings boundary-aware learning into the permutation-invariant and non-uniform

geometry of point sets.

Chapter 4: Structuring Supervision via Entropy-Regularized Alignment. The second
contribution concerns the structure of supervision. In practical settings, dense labels are costly,
incomplete, or altogether unavailable. Learning must then draw supervision from weaker
sources, such as partial annotations, self-training, and distillation through pseudo-labeling,

which can however be affected by noise [13, 45, 51].

This chapter develops Entropy-Regularized Distribution Alignment (ERDA) by formalizing
the noise in supervision signals under a unified framework of entropy minimization. By
analyzing the noise level of supervision signals and the discrepancies between generated
pseudo-labels and model predictions, ERDA yields a simple cross-entropy-based objective
grounded in entropy regularization. As ERDA enables noise-aware learning in general, we
further extend pseudo-labeling to remain informative under fully supervised, semi-supervised,

sparsely supervised, and unsupervised settings. To overcome geometric disturbances, not
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only in noisy 3D point clouds but also in heavily augmented 2D images, we devise query-
based pseudo-labels that better exploit the ERDA learning. Overall, ERDA treats noise as an

intrinsic component of supervision, enabling modality-agnostic learning from raw data.

Chapter 5: Structuring Adaptation via Geometric Context. The third contribution
concerns the structure of context. Recent advances in large-scale pre-training have turned
transformers into strong general backbones for 3D understanding [17, 29, 36, 52]. Yet
deployment rarely matches the training scenarios, as sensors change, environments change,

and geometric statistics drift, making adaptation a necessity rather than a choice [46].

This chapter proposes the Geometric Encoding Mixer (GEM), a geometry-aware module de-
signed for parameter-efficient fine-tuning (PEFT) of pre-trained 3D models. We demonstrate
that existing PEFT mechanisms generally overlook the irregularity and structural variability of
3D scenes shaped by various sensing protocols and scene geometry. GEM explicitly enriches
the positional encoding to capture spatial patterns and integrates scene context via efficient
global attention. By adapting to both local structure and geometric context, GEM supports
geometry-aware adaptation and represents the first exploration of PEFT for large-scale 3D

scene segmentation.

Summary. In summary, this thesis contributes a unified view of geometry-grounded world

understanding through three concrete advances.

e A boundary-centered learning framework that improves region separation by struc-
turing representation learning around semantic boundaries.

e A noise-aware pseudo-labeling strategy that leverages entropy regularization to
stabilize learning under diverse label regimes and geometric disturbances.

e A geometry-aware adaptation module that supports robust parameter-efficient fine-

tuning under distribution shift by explicitly modeling geometric context.

Scope. Geometry-grounded world understanding spans a broad stack of problems, from
reconstruction and mapping to tracking, interaction, and decision-making. As outlined above,

this thesis takes semantic segmentation of 3D point clouds as the central pathway from



8 1 INTRODUCTION

perceived geometry to semantic meaning. Its scope is therefore the learning problem: how
to map irregular 3D measurements to coherent per-point semantics, and how to make this
mapping boundary-faithful, robust to noise, and adaptable under geometric shift. Accordingly,
we intentionally leave out complementary tasks such as 3D reconstruction and SLAM,
tracking, object detection, instance or panoptic segmentation, and policy learning or planning,
though our methods are informed by or transferable to them. Instead, we focus on a question
that is both fundamental and enduring. How can explicit 3D geometry be used as structure,

not merely as data, to support learning that is accurate, efficient, and adaptable?

Through these contributions, the thesis argues that, in three dimensions, structure is not an
auxiliary constraint but the substance of learning itself. By treating geometry as a primary
organizing principle for output, supervision, and adaptation, the thesis seeks to advance
semantic segmentation toward a more reliable foundation for embodied perception in real-

world environments.

1.4 Thesis Organization

The remainder of the thesis is organized as follows.

e Chapter 2 provides detailed background for the scope of the thesis and reviews recent
progress in point cloud processing.

e Chapter 3 develops Contrastive Boundary Learning (CBL) and studies how boundary
structure improves semantic discriminability and spatial partition quality.

e Chapter 4 presents Entropy-Regularized Distribution Alignment (ERDA) and ana-
lyzes how structured and noise-aware supervision enables learning across modalities
and label regimes.

e Chapter 5 introduces the Geometric Encoding Mixer (GEM) and examines geometry-
aware adaptation under downstream distribution shift.

e Chapter 6 concludes with limitations and future directions, emphasizing geometry

as a first-class source of structure for scalable 3D perception.
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Background

In this chapter, we review background most relevant to this thesis, with an emphasis on point-
cloud-based 3D perception and semantic segmentation. Our goal is not to enumerate tasks in
isolation, but to clarify a unifying theme that will recur throughout the dissertation: explicit

geometry can act as a source of structure, sitting at the center of the design of methodologies.

Point clouds have become a central pathway to real-world perception, supported by the rapid
maturation of depth sensors and 3D reconstruction pipelines. At the same time, point clouds
differ fundamentally from images, as they are irregular samples of surfaces embedded in 3D
space, typically sparse, unordered, and affected by noise and occlusion. These properties
have motivated a family of deep-learning architectures. They can be viewed through a
representation-oriented lens, where different methods impose or recover structure in different

ways in order to make learning feasible and effective.

2.1 Introduction to Point Cloud

Perceiving the 3D world is pivotal to embodied intelligence, underpinning applications such
as autonomous driving, robotics, and augmented and virtual reality. Among common 3D
representations, e.g., meshes, depth images, and implicit fields, point clouds are particularly
attractive because they can be acquired at scale and in real time from LiDAR and RGB-D

sensors, and they preserve geometry in a direct and lightweight form.

Following the success of deep learning in 2D vision [53, 54], learning-based approaches have

become a dominant paradigm for point cloud understanding. Milestones such as PointNet
9
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and PointNet++ [ 18, 19] have demonstrated that strong performance is possible even when
the input is unstructured, without an image-like grid. These works have grown into a rapidly

expanding literature.

A point cloud is essentially a set of 3D samples, often augmented with attributes such as color
or intensity. Compared with images, point clouds exhibit several distinctive difficulties [4, 9,
18]. (1) Irregularity: points are unstructured and unordered, not lying on a canonical lattice;
(2) Sparsity: observations and sampling typically lie on thin surface manifolds, leaving most
of the 3D volume empty; (3) Varying density and incompleteness: sampling density varies
with range, viewpoint, and occlusion, leading to varying and missing spatial distribution; (4)
Measurement noise: sensor artifacts and clutters introduce outliers and missing regions. These
factors complicate feature extraction, neighborhood reasoning, and the coherent understanding

of scene semantics.

Many successful architectures can be interpreted as different strategies for injecting structure
into irregular geometry. In particular, we group methods into three representative families
according to the representation they construct. The first are multi-view networks, which project
points onto one or more 2D views, perspective images or range images, and then leverage
mature designs from 2D vision. The price is that projection may discard or distort the explicit
spatial relations among points and introduce occlusions during perspective projection [4]. The
second are voxel networks, which directly discretize the space into structured 3D grids, trading
geometric fidelity for efficiency and resolution [55]. The third are point-based networks, which
retain the raw samples and operate directly on unordered points, using permutation-invariant

mappings, hierarchical set abstraction, and various local operators.

In addition to the choice of representation, we further complement these representation-
oriented taxonomy by discussions on geometry-guided learning signals and generalization

under imperfect supervision and distribution shift.

In the following, we review common datasets with point cloud data in Sec. 2.2, examine three
representative model families, as summarized in Tab. 2.1, extend the discussion to spatial

intelligence in Sec. 2.6, and conclude with a brief summary.
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Trends and Focuses ~ Advantages Challenges
Sec. 2.3 Multi-View Network Multi-view Dense, compact and ordered representation. Losing 3D spatial structure.
Specific view Well-established research with mature network designs. Introducing occlusion and cluttering in view projection.
Resolution limited by images.
Sec. 2.4 Voxel Network Grid voxelization Ordered representation. Losing detail due to limited resolution.
Non-grid voxelization Retaining rough spatial structure. Computation burden due to additional dimension.
Easy extension from 2D CNN to 3D CNN. Sparsity due to large unoccupied space.
Sec. 2.5 Point Network Point-wise MLP All spatial information and detail retained. Unordered representation demanding new designs.
Point hierarchy Light-weight and affordable computation. Sparsity due to large unoccupied space.
Local operation Not explicitly representing the empty space.

Additional modality

TABLE 2.1. Overview on Networks
2.2 Popular Datasets

We briefly review commonly used datasets and benchmarks for point cloud understanding.
There are usually two sources for creating a dataset, synthetic assets, such as CAD models,
and real-world captures from RGB-D or LiDAR sensors. While the former provides scalable
and clean geometry, the latter faithfully reflects the noise, incompleteness, and complexity of

the real-world environment.

Object-centric benchmarks. These datasets provides collection of 3D objects and shapes.
ModelNet [56] and ShapeNet [57] are widely used for object classification and part seg-
mentation on CAD models. PartNet [58] further provides fine-grained and hierarchical part
annotations aligned with semantic trees. ScanObjectNN [59] complements these synthetic
benchmarks with object instances cropped from real scans. Objaverse [60] scales the object
collections to internet-scale 3D assets and has become a common source for large-scale 3D

pre-training.

Indoor scenes. Indoor datasets feature scenes with cluttered objects and many serve as

common benchmarks for 3D semantic segmentation and scene understanding.

ScanNet [43] and S3DIS [44] are widely adopted, covering diverse indoor scenes with per-
point annotations. SUN RGB-D [61] aggregates multiple RGB-D sources with dense annota-
tions, and Matterport3D [62] provides high-quality reconstructions across buildings. Recent
extensions broaden the semantic and geometric scope. ScanNet200 [14] expands ScanNet to a

long-tail 200-class vocabulary. ScanNet++ [63] improves capture fidelity with high-resolution
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imagery and laser scans. To scale the data diversity and coverage beyond curated scans,
synthetic and video/mobile captures are increasingly used. Structured3D [64] offers large
synthetic indoor layouts with photorealistic renderings, and RealEstate10K [65] collects
posed internet videos to support reconstruction of large-scale 3D scenes. ARKitScenes [66]
and EFM3D [67] provide mobile and ego-centric sequences, broadening evaluation beyond

static scans.

Outdoor scenes. Outdoor datasets cover large open environments with diverse geometry,

dynamics, and sensing conditions.

Semantic3D [68] provides dense terrestrial scans captured by static high-resolution Li-
DAR. Mobile mapping and aerial platforms broaden the scale and viewpoint variation,
ranging from Toronto-3D [69], NPM3D [70], to city-scale datasets such as SensatUrban [71].
Autonomous driving benchmarks provide multi-modal sensor suites and support a range
of understanding tasks, including detection, segmentation, tracking, and scene flow. Se-
manticKITTI [6] supplies point-wise annotations for LiDAR sequences derived from the
classic KITTI benchmark [72]. Other comprehensive autonomous driving datasets include
nuScenes [7], Waymo [73], and A2D2 [74]. To reduce annotation cost in these settings,
weakly labeled variants such as ScribbleKITTI [75] study LiDAR segmentation under label
efficiency. Large-scale unlabeled corpora such as Argoverse2 [76] further support self-

supervised pre-training.

2.3 Multi-View Network

These networks first project the 3D object to one or multiple views and then process with
2D CNNs. The extracted feature maps can either directly produce the desired output or be

reprojected back to the point cloud for point-wise results.

By projecting to 2D image plane, the point cloud representation is no longer unordered or

sparse, and can take advantage of the established study in image processing.
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The downside of such projection is the loss of explicit 3D structure. In a single image, the
2D relation usually corresponds to multiple valid 3D scene and the same pixel distance on
the image can correspond to very different Euclidean distance in 3D space. As a result, apart
from the information loss caused by limited resolution and potential occlusion, it also incurs

obscured 3D structure, resulting in the inconsistency between 2D measure and the 3D scene.

To overcome these drawbacks, there are two forms in the projection from continuous Cartesian
coordinate to discrete image coordinate, which differ by how the view is chosen for such

projection.

Multi-view processing. Multi-view is obtained by sampling a series of image planes, on
which the point cloud is projected. A common choice is to select or sample a series of
camera poses, providing descriptive descriptions from different perspectives and thus reducing

ambiguity.

MVCNN [77] is a seminal work, which takes several perspectives of a given 3D object and
processes them with standard 2D CNN. The results from each view are finally aggregated by
a max pooling into a global feature vector for classification. For segmentation, multi-view
CNN can be combined with surface-based CRFs for part segmentation [78], where CNN
predicts per-view confidence map that are backprojected to 3D surface, and CRFs consider
geometric consistency in producing the final result. Similarly, SnapNet [79] and [80] target
on large-scale segmentation, where a series of virtual camera positions are sampled for view
rendering and per-view segmentation result are re-projected back to original point cloud.
Multi-view features can also enhance the 3D backbones via feature fusion. Representative
backbones include 3DMV [81] and MVPNet [82], which reproject multi-view CNN features

into 3D for point-wise prediction.

Front-view processing. Front view (FV) is obtained by spherical or cylindrical projection,
resulting in an input image with the range information encoded in image channel. It converts
point cloud into a dense and compact representation, yet other challenges emerge, such as

varying scale, occlusion and clutter, similar to 2D image [83, 84].
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SqueezeSeg [85] constructs FV by spherical projection, followed by a SqueezeNet [86]-based
CNN and a Conditional Random Fields (CRF) for segmentation. The image segmentation
is then reprojected to points and a clustering algorithm is then applied to further perform

instance segmentation on the semantically segmented points.

2.4 Voxel-based Network

Such networks first preprocess point cloud into 3D voxels, i.e. voxelization, which is done by
placing a 3D grid in the space to slice and assign points into voxels. 3D convolution layers are
applied on voxels to extract feature volumes, which are then fed into task-specific prediction

head. For segmentation, models need to consider per-point label given its voxel feature.

Indeed, with 3D convolution, voxel-based network can extend classic 2D framework to
voxelized point cloud data, as it can be regarded as a direct generalization of 2D convolution
to 3D space to perform hierarchical feature extraction. It also offers an easy construction of

local neighborhood for each point, equipped with 3D convolution to explore the local context.

Nonetheless, it heavily relies on the discretization imposed by the voxelization and the 3D
convolution is usually slower than the 2D version, due to its large search space caused by
additional z axis. These constraints result in slow inference if using high resolution, or loss of
detail if using low resolution, thus composing a trade-off between computation burden and

performance [55].

As aresult, apart from using a uniformly separated grid, there are also other approaches to
perform voxelization. The discussion is grouped by these voxelization approaches, including

grid voxelization and non-grid voxelization.

2.4.1 Grid Voxelization

Grid voxelization is arguably the simplest way. It places a uniform 3D grid and each cell of
the grid becomes a voxel. The feature of each voxel are extracted from the points inside. For

example, the occupancy feature is to place a 1 if there is any point inside and 0 otherwise.



2.4 VOXEL-BASED NETWORK 15

Additionally, in order to achieve the balance in computation and preserving detail, it requires
to choose a suitable pre-defined resolution according to the density of point cloud at hand. It
is thus difficult to describe the non-uniformly distributed points, especially when point density

varies greatly across different upcoming point cloud.

Direct processing. These methods directly use 3D convolutions, and focus on the design of

3D CNN as well as matching. extracted feature volumes to task-specific requirement.

This line of work starts from a classic 3D CNN approach based on such grid voxelization [56].
Following works [55, 87, 88] further explores designs to enhance the resolutions and improve

the efficiency.

For segmentation, it is commonly required to re-project from voxel to point. 3D CNN
approach [89] starts by assigning the same label to all points within a voxel. Later works
focus on improving the mapping from voxel features back to original points and enforces

consistency [90, 91].

As a widely used baseline, SparseUNet [92] modernizes such 3D convolutional backbones by

providing an efficient CUDA implementation.

Sparse convolutions. To improve efficiency and overcome the sparsity in 3D space, various
forms of sparse convolutions are explored, enable high-resolution voxel processing with

affordable compute.

Early work [93] generalizes 2D sparse convolutions to 3D voxels, avoiding the wasteful
calculation on empty space. Vote3Deep [94] casts 3D convolution as feature-centric voting
from occupied locations and obtains the result by vote aggregation, thus avoiding the iterative
query and greatly reducing the complexity of 3D convolution to be proportional to the
number of non-empty voxels. SECOND [95] further enables GPU acceleration in sparse 3D
convolution, making more complex network design affordable in real-time 3D detection with

voxels.

Meanwhile, submanifold convolutions [96] further restricts the output locations and can thus

control and maintain the degree of sparsity throughout the processing, thus further improving
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the efficiency. SSCN [97] then introduces such submanifold convolutions into point cloud

segmentation and demonstrates its ability and efficiency.

Besides, 3D atrous convolutions are also explored for lightweight computation. VoxSeg-
Net [98] designs to cover a dense cubic receptive fields without holes while only using 3D

atrous convolutions.

2.4.2 Non-grid Voxelization

There are also other approaches towards voxelization apart from placing a uniform grid, such
as using space-partitioning data structure, usually a tree, or transforming the Euclidean space
into permutohedral lattice. These methods avoids the use of uniform grid to circumventing

the constraints.

Space partitioning. Such approach addresses the problem of fixed resolution by allocating
more voxels for space with. points and less for empty space. With such a dynamic resolution, it
can then avoid wasting compute at vacancy and can afford better resolution and representation

ability for space with dense points.

KD-Networks [99] uses the construction of K-D tree to perform dynamic voxelization, which
helps reveal the spatial structure of the point cloud. It also proposes a smart 3D convolution
that leverage the KD-tree structure to speed up the computation. OctNet [100] uses a hybrid
grid-octree approach where a shallow octree is constructed for each cell of the 3D grid. With
constraining the maximal depth of octree, it can afford deep network. Similarly, O-CNN [101]
proposes to use octree to split the point cloud and designs an efficient convolution that utilizes

the octree structure.

Thanks to the efficient allocation of representation, octree representation enables efficient

attention that scales to large transformer backbones [102].

Permutohedral lattice. The construction of lattice can be regarded as projecting a voxeliza-
tion with uniform grid to the hyperplane H : p - 1 = 0, where p is the plane normal and

1 = (1,1,1) in Euclidean space.
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Splatnet [ 103] proposes to use bilateral convolution and fuse with image feature by converting
feature maps to the same lattice space. Later works [104, 105] improves by further projecting

point cloud features to the lattice space.

2.5 Point-based Network

These networks directly process point cloud without any discretization, hence retaining the
full detail to the network. At the same time, they need to handle the intrinsic challenges in

point cloud, such as unorderedness and sparsity.

To overcome unorderedness, PointNet [ 18] sets up an efficient framework for direct processing
on point cloud using point-wise MLPs. Further research then explores to better capture
spatial structure described by points, which include constructing hierarchical processing and
developing local-aware operation in point cloud. Besides, additional data can also be fused

with point cloud to further improve the network ability.

Therefore, we first introduce the point-wise MLPs as a basis and then discuss point hierarchy,

local operation and additional modality.

2.5.1 Point-wise MLP

Point-wise MLPs is the basic form of point-based networks, an efficient architecture to obtain
global descriptor directly from point cloud without any projection or voxelization, which is
proposed by the seminal work, PointNet [18]. Its essence is to apply to each point a series
of shared MLPs to extract per-point feature, followed by a max pooling to aggregate into
a global feature encoding the point cloud semantic. To bring the global context back to
each point, the global feature is concatenated to per-point features and segmentation cam be
performed with a few more shared MLPs. Due to max pooling, such architecture can base the
prediction on a set of key points and is thus robust to outliers and missing data. A parallel
work, DeepSet [106] reveals, from a theoretical view, that the key for point-based network is

being input permutation invariant and equivariant. Concretely, point-based network can be
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formulated as
f(P)=p{eé(p),p€P}) 2.1)

Here, P is the point cloud; ¢ is the operation applied to each point, such as MLPs ; and p is
an permutation invariant operation, such as max pooling. The output f(7P) can be followed
by other task-specific network, such as fully connected layers for classification and further

point-wise operation for segmentation.

In the direct follow-up works, various more advanced features shows improvements and
better generalization, such as the moment of point coordiantes [107] and rotation-invariant

feature [108].

2.5.2 Point Hierarchy

Spatial hierarchy is found to be vital, because PointNet [18] uses a single max pooling
to obtain the final descriptor from the entire point cloud and can suffer from insufficient
exploitation in local and fine-grained pattern. Especially, the representability is restricted by

the length of max-pooled descriptor and local structure is missing.

One explicit and popular way to address such problem is to perform hierarchical processing
on point cloud. Compared with using only global feature, hierarchical processing extracts
features at multiple scales and is able to process large scan taken in real-world scenario, where

the point cloud describes complex scene with multiple objects.

Overall, point hierarchy usually takes a downsampling-upsampling structure. The global
descriptor could be obtained at the end of the downsampling stage and upsampling part can

recover the lost points for per-point prediction.

Despite there exists a natural hierarchy on 2D images by decreasing the resolution, hierarchy
in point cloud is open to various construction and we find there are mainly two popular

approaches, sampling-grouping and space partitioning.

Sampling and grouping. Such procedure is to sample a few representative points at each

stage, each of which becomes the. center point and explores local context by considering its
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neighbor points (grouping). PointNet++ [19] is a pioneer and uses fartherest point sampling
(FPS) to sample a set of center points at each stage and creates local point sets via K-
NN. It utilizes a simplified PointNet [18] to extract feature from local point set at various
downsampling stage. For each upsampling stage, it uses interpolation and concatenates with
the corresponding low-level point-wise feature via skip connection. The interpolation can be

also replaced by other upsampling operation such as nearest upsampling.

RandLA-Net [109] proposes to use random sampling for much faster inference in large-scale
point cloud, and designs novel local feature aggregation based on attention and residual
connection. HPEIN [110] proposes an additional edge branch in the upsampling stage. It
establishes a coarse graph on points of last downsampling stage and upsamples the edge
features along with the points. It effectively upsamples into a larger and denser graph with
both point and edge features. S-NET [111] proposes a learnable sampling module and
incorporates a sampling loss for joint training with task-specific loss. AdaCoSeg [112]
achieves adaptive shape co-segmentation based on PointNet++ [19]. With weak supervision,
it overcomes inconsistent training labels by iteratively minimizing a group consistency
loss defined over a set of shapes and their pre-segmented parts. DPAM [113] proposes an
attention-based downsampling, where each sampled point is interpolated by all input points of
current hierarchy. Similarly, PAT [114] proposes Gumbel Subset Sampling, which introduces

Gumbel-Softmax and Gumbel reparameterization into the attention.

Meanwhile, the extracted features show effectiveness in deriving semantic clusters. SPGN [115],
a pioneering work, novelly represents instance segmentation via predicting a similarity matrix
that scores the similarity between points. Yet, the similarity matrix size grows quadratically
with the point number, becoming a high memory burden. To improve efficiency, metric
learning is introduced and utilized by clustering algorithms. ASIS [116] benefits instance
and semantic segmentation from each other, by fusing both the features and the clustering
results with each other. JSIS3D [117] explores a more explicit joint optimization, feeding per-
point semantic and instance feature into a multi-value CRF to jointly perform semantic and

instance segmentation. The seminal work, PointGroup [118], further advances the bottom-up
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clustering paradigm by introducing a dual-set clustering algorithm, grouping points based on

both their original and offset-shifted coordinates to better separate adjacent objects.

Combining with space partitioning. Voxelization can be viewed as an naive space par-
titioning approach to assign points into different groups and can deeply integrates voxel

represnetation into point-based network.

On one hand, it provides an approximated yet fast access to local neighborhood. On the
other hand, voxel can be interpreted as a point with feature locating at the voxel center, thus
introducing 3D convolutions to perform hierarchical processing. A specific advantage of
having such conceptual voxel is to explicitly account for empty space, while empty space is

never presented to classic point-based network.

PVCNN [119] reduces large memory footprint of voxels and avoids irregular memory access
for points. Concretely, at each stage, it fuses point features from two branches, one interpolated
from voxel features after 3D convolutions and the other one extracted by point-wise MLPs.
Part-A? Net [120] views voxel as a point at voxel center, so that it can use sparse convolution
to extract features and PointRCNN [121] to generate proposals. It enable part awareness by
exploring the relative locations of foreground points w.r.t. to their corresponding 3D boxes,
and by Rol-aware pooling to aggregate features and capture the geometry, including empty
space, of the proposal. Similarly, PV-RCNN [122] considers each non-emtpy voxel as a point
at voxel center and samples a set of keypoints to aggregate the extracted voxel features. With
proposal given by 3D CNN, 3D Rol-pooling also considers each 3D bin center as a point to
aggregate neighboring keypoints. With rich context from 3D CNN and fine location from

keypoints, it achieves leading performance.

2.5.3 Local Operators

Local operation is applied to a local point subset to explore local contextual information. As
being local-aware, it can increase the receptive fields by stacked local operations in network.
These operations can thus bring more powerful representation ability into the point-wise MLP

and point hierarchy architecture.
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With different formulation, the operation applied on the local point set can be viewed as
point-based network, convolution and/or graph network. We provide separate discussion for
each of these perspectives. Additionally, there are also methods focusing on neighborhood

construction, instead of the widely used KNN and radius neighborhood.

Point networks. Small point-based network is the most general formulation of local operation,
which takes only local. point as input and is shared across local point sets. It can be formulated

as
fo = ({0, 9);a € N(p)}) (2.2)

Here, p is the chosen center point; A/ (p) is its neighbor point set; ¢ a shared operation
(e.g. MLPs); and p a permutation invariant operation (e.g. pooling or summation) to obtain
the output feature f,. We note that K-NN and radius neighborhood are commonly used to

construct NV (p) due to their simplicity.

As similar to the formulation of point-based network in Eq. (2.1), a natural implementation
is to use a simplified PointNet [18], e.g. MLPs with pooling, to perform local feature
aggregation, as in PointNet++ [19]. DensePoint [123] densely concatenate all previous point
features as an enhancement. LSANet [124] proposes to learn a spatial attention to weight the

local neighbors of a point.

Convolutions. To adapt the success of CNNs to irregular point sets, significant effort has
been made to parameterize local aggregation through learnable kernels. Under Eq. (2.2), a

general convolution can be written as:

fo=(fog)) = > 9lp—a)f(a) (2.3)

q€N (p)
where p is the center point, ¢ € N (p) is a neighbor, f(q) denotes its feature, and g(-)
is a kernel function defined over relative coordinates. With this definition, two common

instantiations emerge.

Typically, KPConv [22] structures kernel weights as a feature with local location, a kernel

point. Given a local point set, it explores and aggregates the interaction between each pair
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of input point and kernel point. Similarly, ConvPoint [125] associates location to kernel
weights, but apart from correlating kernel weights with point features, it separately processes

the spatial relation to provide dynamic spatial weights.

From another perspective, MC Conv [126] formulates convolution on points as a Monte-
Carlo integration problem, where MLPs map local coordinate ¢ — p into kernel weights. It
also weights the points by reversed point density to account for the underlying non-uniform
distribution. Following such formulation, PCNN [127] improves by using Gaussian function
as radial basis functions (RBF) for points. Similarly, RS-CNN [128] also performs a weighted
sum in convolution, where weights are learned from relation between p and each neighbor
q; PointConv [129] also learns the weights from point density and provides a more efficient

implementation.

Stacking such convolutional operators increases the receptive field, enabling hierarchical and
multi-scale context modeling. Recent conv-style backbones, such as PointNeXt [130], revisit

these designs with modern training and scaling strategies, setting as a strong baseline.

Attentional operations. Attention complements kernelized convolutions with content-
adaptive weighting of local neighborhoods. Early backbones, such as RandLLA-Net [109],
already employ attentive pooling inside local feature aggregation to emphasize informative
neighbors while remaining efficient. Point transformer families elevate this principle to the
backbone. Point Transformer (PT) [26] formulates vector attention over £-NN neighborhoods
with relative position encoding. Successors, such as Stratified Transformer [131], PTv2 [132],
and PTv3 [25], further improve efficiency and scalability via stratified sampling, grouped

attention, patchification and serialization schemes, as well as lightweight positional encoding.

Despite their name, these models are still predominantly local, as full global attention over
million points of a scene is prohibitive. Long-range context is accumulated through stacking,

hierarchical downsampling, or window/partitioned attention [25, 131].

Ordering and serializations. There are attempts to establish order in g, by serializing

neighbor points.
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Some methods make the use of local surface to introduce 2D convolutions. [133] proposes
tangent convolution for efficient segmentation, which projects neighbor points to the local
tangent plane defined by the normal of center point and interpolates into a tangent image
for 2D convolutions. Similarly, A-CNN [134] proposes annular convolution, using ordered
and constrained K-NN to construct neighborhood. Specifically, it considers a ring-shape
neighborhood and projects neighbors to the local surface plane, which are then processed
in counter-clockwise order. FPConv [135] flatten the local patch of points onto a 2D grid
plane by dynamically predicting projection weights, followed by regular 2D convolutions for

efficient processing.

While some others directly establish order in 3D space by space partitioning. PointSift [136]
splits point neighborhood into a 2 x 2 x 2 cube based on octree and incorporates SIFT
descripter, and ShellNet [137] divides radius neighborhood by a series of concentric spherical

shells.

Additionally, point features can be used in ordering. SFCN [138] performs graph convolu-
tion with neighbor points sorted by their feature similarity with the center point, and uses
balanced binary tree to determine nodes order in graph coarsening. PointCNN [24] proposes
X transformation to transform local point set into ordered features to match the order in
convolution weights, with the transformation matrix dynamically produced by MLPs based
on point feature. Similarly, [139] applies MLPs on local point set to estimate a transformation

of points from geometry space to discret kernel space.

More recently, PTv3 [25] establishes the state-of-the-art performance by serializing the
whole point cloud based on space filling curves. It thus enables efficient patchification
of unordered point cloud and can leverage the advancement in training large transformer
models at scale. PTv3 further demonstrates the effectiveness of scaling with large-scale

pre-training [17, 28, 29].

Graph model. Graph can effectively describe the local point sets, where each point in the

local region is considered as. a vertex and the relation between center p and each neighbor
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point q is explicitly modeled as an edge. Recently, graph network is also an emerging research

field, introducing powerful operations such as graph convolution.

ECC [140] is the first to introduce graph convolution in point cloud classification, where the
convolution weights of each neighbor is conditioned on its edge label. The seminal work
DGCNN [20] learns the edge feature by MLPs on pair of points, which is then aggregated
to be the feature for center point. Further improvements include adding shortcuts between
different semantic level for multi-scale features [141], capturing richer spatial information
from neighboring points [142], introducing attention mechanism with shape context [143],

and creating densely connected graph for better point-wise correlation [144],

2.6 From 3D Modeling to Spatial Intelligence

Beyond the representation-centric taxonomy above, recent work increasingly scales point
cloud backbones through self-supervised pre-training and connects 3D geometry to foundation
models. These trends position point transformers as geometry-grounded spatial encoders.
They produce queryable and compositional spatio-semantic representations, and increasingly
support open-vocabulary recognition and language-conditioned interaction in embodied

settings.

Large-scale pre-training for 3D point transformers. Recent work increasingly treats 3D
backbones as scalable transformer encoders that benefit from self-supervised pre-training
on large and diverse corpora. Early contrastive approaches such as CSC [145] and Point-
Contrast [146] show that unsupervised pre-training can transfer across datasets and tasks
for scene understanding. More recent masked modeling paradigms [52] further adapt the
language/image pre-training recipe to irregular 3D inputs by predicting masked geometry
or features. Several object-centric works include Point-BERT [147] with masked point
modeling, point-MAE [148] with masked auto-encoding on points, as well as hierarchical
extensions [149]. ReCon [150] further bridges generative and contrastive paradigms by using
reconstruction-guided distillation to improve scalability and generalizability. Masked Scene

Contrast [151] explores the combination of contrastive learning with masked point modeling
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at the scene level. Sonata [17] explicitly mitigates geometric shortcuts during pre-training and
scales both the data and model to obtain high-quality features that supports effective linear

probing and efficient adaptation.

Multimodal pre-training and open-vocabulary alignment. Another direction aligns 3D
features to stronger 2D vision-language spaces to inherit semantic priors. At object level,
ULIP [152, 153] learns unified representations across language, images, and point clouds,
while PointCLIP [154] and its successor [155] transfer CLIP knowledge via multi-view pro-
jections or distillation. For scene-level semantics, OpenScene [156] aligns dense 3D points
with CLIP pixel/text embeddings to enable open-vocabulary queries, and OpenMask3D [157]
extends this paradigm to open-vocabulary instance segmentation by lifting features of founda-
tion models based on masks proposals from SAM [11]. Concerto [29] further improves Sonata
by distilling rich 2D semantics from DINOv2 [37] into 3D representations with the help of
feed-forward 3D reconstructions [1, 158, 159]. These approaches blur the boundary between
representation learning and supervision. Features or tokens from large foundation models
serve as the labels, while geometry provides the spatial scaffold to localize and aggregate

them.

From point clouds to high-level and embodied understanding. Building on multimodal
alignment, a new wave of 3D-capable LLM/VLM systems aims to accept point clouds
(objects or scenes) as first-class inputs and to output language-conditioned interpretations
suitable for interaction and robotics. Representative examples include PointLLM [160]
and MiniGPT-3D [161] for instruction following at the level of 3D objects, as well as
ShapeLLLM [162] and its extension [163] for embodied interaction. Scene-oriented systems,
such as SpatialLM [164], encode scenes into 3D tokens and couple with LLM reasoning to
support grounding, captioning, question answering, and scene parsing via structured outputs
like code. In parallel, recent efforts study how explicit 3D tokens can augment visual token
streams in multimodal models [165]. A common design pattern is to first encode geometry
with a pre-trained 3D backbone, then compress or tokenize 3D features, and finally align to
LLMs with lightweight projectors or parameter-efficient tuning. This line of work provides a

natural endpoint for geometry-grounded perception, where spatio-semantic representations
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not only assign labels, but also support compositional querying, referencing, and reasoning in

embodied settings.

Deployment under noise and shifts. Spatial intelligence is ultimately evaluated in de-
ployment, where observations, label spaces, and environments evolve beyond the training
distribution [46]. To be reliable beyond curated benchmarks, despite, such systems must
transfer across sensors and environments, and adapt under limited or indirect supervision.
While large-scale self-supervision and multimodal distillation demonstrates superior gen-
eralizability, 3D-related annotation remains limited, costly and can be inconsistent [12]. It
makes the scaling of large-scale self-supervision and multimodal distillation particularly hard
if relying on only curated datasets. As a result, it makes the learning under noisy or sparse

supervision a primary concern [ 166, 167], and the transfer to new environments vital.

For the first concern, various label-efficient methods have been explored for 3D vision [75,
168—170]. For the latter problem, it is commonly formalized through domain adaptation [171—
173]. During the era of large models, parameter-efficient fine-tuning emerges as an practical
alternative [174—177]. Notably, dense labeling tasks such as semantic segmentation often
serve as the first and most sensitive probe of these shifts, making robustness to shift and
weak/indirect supervision a central requirement for geometry-grounded perception in the

wild [16, 170].

2.7 Summary

In this chapter, we review common datasets and representative network families for point
cloud understanding, with an emphasis on semantic segmentation. Multi-view methods exploit
mature 2D backbones through projection; voxel methods discretize space and apply 3D, often
sparse, convolutions for context modeling; and point-based methods operate directly on raw
points via permutation-invariant mappings, hierarchical sampling, and local operators such as
convolution and attention. Across these paradigms, a unifying theme is the pursuit of structure
that renders irregular geometry semantically learnable. We also discussed the emerging

scaling trends, including self-supervised pre-training, multimodal alignment, and point-cloud
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interfaces to LLM/VLM systems, which increasingly position point transformers as geometry-
grounded spatial encoders for embodied 3D understanding. Finally, we highlighted how
supervision noise and distribution shifts constrain deployment in the wild, motivating the
geometry-guided learning objectives, learning under imperfect supervision, and adaptation

mechanisms developed in the subsequent chapters.



CHAPTER 3

Structuring Output via Semantic Boundaries

Following the thesis view that explicit 3D geometry serves as a source of structure, we begin
with the structure of the model output. In scene segmentation, this structure is most explicit
at semantic boundaries, which is thin yet difficult regions where geometry and semantic
ambiguity meet, and where small local errors can distort the global partitions. In this chapter,
we thus explore structural coherence in the model output. From a geometry-grounded view,
scene segmentation is not only about improving average accuracy, but also about enforcing

semantic structure in the model predictions, especially for 3D models.

Point cloud segmentation is fundamental in understanding 3D environments. However,
current 3D point cloud segmentation methods usually perform poorly on scene boundaries,
which degenerates the overall segmentation performance. In this chapter, we focus on the
segmentation of scene boundaries. Accordingly, we first explore metrics to evaluate the
segmentation performance on scene boundaries. To address the unsatisfactory performance
on boundaries, we then propose a novel contrastive boundary learning (CBL) framework for
point cloud segmentation. Specifically, the proposed CBL enhances feature discrimination
between points across boundaries by contrasting their representations with the assistance of
scene contexts at multiple scales. By applying CBL on three different baseline methods, we
experimentally show that CBL consistently improves different baselines and assists them
to achieve compelling performance on boundaries, as well as the overall performance, e.g.
in mloU. The experimental results demonstrate the effectiveness of our method and the
importance of boundaries for 3D point cloud segmentation. Code and model will be made

publicly available at https://github.com/LiyaoTang/contrastBoundary.
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3.1 Introduction

3D point cloud semantic segmentation aims to assign semantic categories to each 3D data
point, while robust 3D segmentation is very important for various applications [4, 9], including

autonomous driving, unmanned aerial vehicles, and augmented reality.

However, despite that various point cloud segmentation methods have been developed, little
attention has been put on boundaries in 3D point clouds. Accurate segmentation on scene
boundaries can be of great importance. Firstly, a clean boundary estimation can be beneficial
for overall segmentation performance. For example, in 2D image segmentation, accurate
segmentation on boundary is the key to generate high-fidelity masks [178—180]. Secondly,
compared to object categories that usually have a large portion of 3D points, such as buildings
and trees, erroneous boundary segmentation could affect the recognition of object categories
with much fewer points (e.g., pedestrians and pillars) to a greater extent. This can be
particularly hazardous for applications like autonomous driving, e.g., crashing into curbs if

boundaries are recognized inaccurately by a self-driving car.

Unfortunately, most previous 3D segmentation methods generally overlook the segmentation
on scene boundaries. Though a few methods have considered boundaries, they still lack
an explicit and comprehensive investigation to analyze the segmentation performance on

boundary areas. They also perform unsatisfactorily on the overall segmentation performance.

Therefore, to deliver a more thorough study of the segmentation on boundaries, we first explore
metrics to quantify the segmentation performance on scene boundaries. After revealing the
unsatisfactory performance, we propose a novel Contrastive Boundary Learning (CBL)
framework to help optimize the segmentation performance on boundaries particularly, which

also consistently improves the overall performance for different baseline methods.

In particular, current popular segmentation metrics lack specific measurements on boundaries,
making it difficult to reveal the boundary segmentation quality in existing methods. To
make a clearer view on the performance on boundaries, we calculate the popular mean

intersection-over-union (mloU) for boundary areas and inner (non-boundary) areas separately.
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FIGURE 3.1. Contrastive Boundary Learning (top) discovers boundary from ground
truth in each sub-sampled point cloud, i.e., sub-scene, through the sub-sampling
procedure. By imposing contrastive optimization on boundary areas at multiple scales,
CBL enhances the feature discrimination across boundaries (middle). Without an
explicit boundary prediction, CBL improves boundary segmentation and achieves
better scene segmentation results (bottom). The visualization is conducted on S3DIS
testset Area 5.

By comparing the performance on types of areas as well as the overall performance, the
unsatisfactory performance on boundary areas can be directly revealed. Moreover, to describe
the performance on boundaries more comprehensively, we consider the alignment between
the boundary in the ground truth and the boundary in model segmentation results. Therefore,
we introduce the popular boundary IoU [179] score (B-IoU) used in 2D instance segmentation
for evaluation, which also gives a much lower score compared with the overall performance

in mloU.
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After identifying the boundary segmentation difficulties, we further propose a novel contrastive
boundary learning (CBL) framework to better align the boundaries of model predictions with
ground-truth data’s boundaries. As shown in Fig. 3.1, CBL optimizes a model on the feature
representation of points in boundary areas, enhancing the feature discrimination across the
scene boundaries. Furthermore, to make model better aware of the boundary areas at multiple
semantic scales, we also develop a sub-scene boundary mining strategy, which leverages the
sub-sampling procedure to discover boundary points in each sub-sampled point cloud, i.e.,
sub-scene. Specifically, CBL operates across different sub-sampling stages and facilitates 3D

segmentation methods to learn better feature representation around boundary areas.

Empirically, we experiment with three baselines across four datasets. We first present the
unsatisfactory performance on boundary areas when using current point cloud segmentation
methods and then show that CBL can assist baseline in achieving promising boundary and
overall performance. For example, the proposed CBL helps RandLLA-Net surpass current
state-of-the-art methods on the Semantic3D dataset and enables a basic ConvNet to achieve

leading performance on the S3DIS dataset.

The main contributions of this chapter are as follows:

e We explore the boundary problem in current 3D point cloud segmentation and
quantify it with metrics that consider boundary area, e.g., boundary IoU. The results
reveal that current methods deliver much worse accuracy in boundary areas than
their overall performance.

e We propose a novel Contrastive Boundary Learning (CBL) framework, which im-
proves the feature representation by contrasting the point features across the scene
boundaries. It thus improves the segmentation performance around boundary areas
and subsequently the overall performance.

e We conduct extensive experiments and show that CBL can bring significant and
consistent improvements on boundary area as well as overall performance across
all baselines. These empirical results further demonstrate that CBL is effective for
improving boundary segmentation performance, and accurate boundary segmentation

is important for robust 3D segmentation.
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FIGURE 3.2. The detailed illustration of the Contrastive Boundary Learning.

3.2 Related Work

Point cloud segmentation. Point cloud semantic segmentation aims to assign semantic labels
to each 3D point. Recent deep learning methods have taken over traditional methods [181,
182] that use hand-crafted features, which can be roughly divided into projection-based and

point-based methods.

Projection-based methods project 3D points to grid-like structure, either 2D image [183—-186]
or 3D voxels [90, 92, 187, 188]. For the 2D image plane, we can make use of existing studies
for 2D image processing. However, a complete 3D segmentation generally requires taking
multiple viewpoints and re-projection [79, 80], which may result in surface occlusions. For
3D voxels, sparse convolutions [23, 98] are proposed to alleviate the resource consumption in
voxel construction, considering the large emptiness in 3D space. In general, the voxel resolu-
tion incurs the trade-off between losing detail and being resource-demanding [55]. Point-based
network directly operates on 3D points, while a pioneering work in this direction is Point-
Net [18], which uses point-wise MLPs to process per-point feature. Following this success,
recent works adopt an encoder-decoder paradigm [19]. Various local aggregation modules are
proposed to examine the local context in point clouds, including 3D convolution [22, 24, 129],

attentional operations [26, 109, 189], and graph-based operation [20, 190]. To better process
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unstructured point cloud, sub-sampling [111, 114, 191], up-sampling [192, 193], and post-
processing modules [194, 195] are also considered to enhance point cloud representation.
Despite these developments in different modules, the boundary in point cloud segmentation

has rarely been explored.

Boundary in segmentation. Boundary problem has a long history in 2D image process-
ing [178-180, 196], whereas only few works [195, 197] realize the significance of boundary
in 3D point cloud segmentation. However, both works involve complex modules for explicit
boundary prediction [195, 197] or local aggregation [195]. These operations largely increase
the model complexity, yet yield limited performance gain for overall metric. Regarding seg-
mentation performance on boundaries, they also only give qualitative results. In comparison,
we present a contrastive learning framework that brings little overhead to the model and can
improve upon various baselines with simple adaption. Additionally, we would like to note
that, we for the first time, quantify the boundary quality with numeric metric, and demonstrate

that boundary problem is indeed widely existing across current methods.

Contrastive learning. Contrastive learning [198—202] has shown promising performance
in representation learning for computer vision tasks, ranging from unsupervised settings to
supervised settings. In recent works, contrastive learning has also been introduced into 2D
segmentation [203, 204] as well as unsupervised representation learning in point cloud process-
ing [145, 146, 205]. Especially, PointContrast [ 146] conducts point-wise contrastive learning
to overcome geometric transformation, such as rigid transformation. P4Contrast [205] sug-
gests a more flexible contrasting strategy to promote multi-modal fusion between geometric
and RGB information. In contrast, in our work, we take a supervised setting and demonstrate
with CBL that contrastive learning is well-suited for improving segmentation quality on
boundary areas. Additionally, unlike the above works that only use points at input point cloud,

we utilize the sub-sampled point cloud to examine scene context at multiple scales.
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3.3 Segmentation on Boundaries

Since most of the current works focus on the improvement of general metrics, such as
mean intersection over union (mloU), overall accuracy (OA), and mean average precision
(mAP), the boundary quality in point cloud segmentation is usually overlooked. Unlike recent
boundary-related works [ 195, 197] that give only qualitative results on boundaries, we are the
first to quantify the quality of segmentation on boundaries. Particularly, we introduce a series
of metrics for presentation, including mloU @boundary, mloU @inner and the boundary IoU

(B-IoU) score from 2D instance segmentation tasks [179].

Based on ground-truths data, we consider a point as a boundary point if there exist points that
have a different annotated label in its neighborhood. Similarly, for model predictions, we
consider a point as a boundary point if there exist nearby points with a different predicted
label. More formally, we note the point cloud as X and the i-th point as x;, whose local
neighborhood is \V; = N (x;), corresponding ground truth label is /;, and the model predicted
label is p;. We further note the set of boundary points in ground-truth as B; and those in

predicted segmentation as 3, thus we have:

BZZ{ZEZ'EX|E|CL’]‘E./\/Z‘, lj%ll},
B,={xi€ X|3z; € N}, p; # pi},

3.1)

where we set ; to be the radius neighborhood with a radius of 0.1 following the common

practice [22, 206].

To examine the boundary segmentation results, an intuitive way is to calculate the mloU
within the boundary area, i.e., mloU @boundary. To further compare the model performance
in boundary and non-boundary (inner) area, we further calculate the mloU in the inner area,

i.e. mloU@inner. Given that mloU is calculated on the whole point cloud X as:

1 & Y cx lpi = kAL =K

IoU(X) = —
mloU(X) K3 cxllpyj=kVi =kl

(3.2)

where K is the total number of classes and 1[-] represents a boolean function that outputs

1 if the condition within [-] is true and O otherwise. We have the mIoU@boundary and
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mloU @inner defined as:

mloU@boundary = mloU(5;),
mloU @inner = mloU(X — B)),

(3.3)

where X' — B3, is the set of points in inner area.

However, the mloU @boundary and mIoU @inner do not consider the false boundary in model
predicted segmentation. Inspired by boundary IoU [179] for 2D instance segmentation, for
better evaluation, we consider the alignment between boundary in segmentation predictions
and boundary in ground truth data. It thus leads to the following B-IoU for evaluation:

|B, N B,

B-IoU = .
1B, U B,|

34)

3.4 Method

In this section, we present our contrastive boundary learning (CBL) framework, shown
in Fig. 3.2. It imposes contrastive learning to enhance the feature discrimination across
boundaries. Then, to deeply augment the model performance on boundaries, we enable the

CBL in sub-sampled point clouds, i.e., sub-scene, through the sub-scene boundary mining.

Contrastive Boundary Learning. We follow the widely used InfoNCE loss [198] and its
generalization [199, 207] to define the contrastive optimization goal on boundary points. In
particular, for a boundary point x; € BB;, we encourage learned representations more similar
to its neighbor points from the same category and more distinguished from other neighbor

points from different categories, i.e.,

> exp(=d(fi, £;)/7)

—1 d?'EM/\lj:li
Lepr = —= log = : ) (3.5)
51 22" S esp(d 07
szM

where f; is the feature of z;, d(-,-) is a distance measurement and 7 is the temperature in
contrastive learning. The contrastive learning described by Eq. (3.5) focuses on boundary

points only (the dashed circles in red in Fig. 3.2). First, we consider all the boundary points
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B, from ground-truth data as defined in Eq. (3.1). Then, for each point x; € I5;, we restrict the
sampling of its positive and negative points to be within its local neighborhood ;. With such
strong spatial restriction, we obtain positive pairs for z; as {z; € N; A l; = [;}, and other
neighboring points, i.e. {x; € N; Al; # l;}, are negative pairs. Therefore, the contrastive
learning enhances the feature discrimination across scene boundaries, which is important for

improving segmentation on boundary areas.

Sub-scene Boundary Mining. To better explore scene boundaries, we examine the boundaries
in sub-sampled point clouds at multiple scales, which enables the contrastive boundary
learning on different sub-sampling stages of a backbone model. Collecting boundary points
from the input point cloud is straightforward with the ground truth label. However, after
sub-sampling, it is difficult to obtain a proper definition of boundary point set following
Eq. (3.1), due to the undefined label for sub-sampled points [208]. Therefore, to enable
CBL in sub-sampled point cloud, we propose the sub-scene boundary mining that determines
the set of ground-truth boundary points in each sub-sampling stage. Specifically, we use
superscripts to denote stage. At the sub-sampling stage n, we represent its sub-sampled point
cloud as X™. For input point cloud, we have X = X. When collecting a set of boundary
points ;' € X" in stage n, it is required to determine the label [ of a sub-sampled point
x} € X", ie., the sub-scene annotation. As each sub-sampled point 27" € X" is aggregated
from a group of points in its previous point cloud X"~!; we thus utilize the sub-sampling
procedure to determine the label iteratively. We take [ to be the one-hot label of ground truth

label [; for point a:? = x;, and have the following:

' = AVG{l; it e N )Y, (3.6)

()

where N~ 1(z7') denotes the local neighbors of 27 in previous stage (the dashed circles in
grey in Fig. 3.2), i.e., the group of points aggregated from X"~ ! to be represented by the

single point z' € X" after sub-sampling procedure, and AVG is the average-pooling.

With Eq. (3.6) and ground-truth labels, we can iteratively obtain the sub-scene annotation [} as

a distribution, whose k-th location describes the proportion of k-th class in its corresponding
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Input ' MLP head

MLPs
Convolution Multi-scale
Sub-sampling Concat head

Up-sampling
Skip connection

FIGURE 3.3. The architecture of the 3D ConvNet model, which follows the widely
adopted encoder-decoder paradigm, with an optional multi-scale prediction head.
More details are provided in the appendix.

group of points in the input point cloud. To determine the set of boundary points in sub-
sampled point cloud X", we simply take arg max /] to allow the evaluation of boundary
point in Eq. (3.1)", and use the feature of sub-sampled point for the contrastive boundary
optimization in Eq. (3.5). Finally, with sub-scene boundary mining, we have CBL applied at

all stages and the final loss is
L = Leross entropy T A Z Lg’BL, 3.7

where L. 5, is the CBL loss at stage n and A is the loss weight.

3.5 Implementation Details and Baselines

As 3D ConvNet has been a popular backbone model for point cloud processing, to present a
generalized implementation, we illustrate with a ConvNet baseline (Fig. 3.3) as a case study

for applying CBL in point cloud processing. Following [125, 126], we build the ConvNet

'We choose arg max for its simplicity and non-parametric nature. We provide more analysis on this choice
in the appendix.
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with convolution in 3D continuous space:

fi=(hog)(w) =Y glwi—w;)h(), (3.8)

z;EN;
where o denotes convolution operator and the continuous kernel g(-) is approximated by
one-layer MLP and set h(z;) = f; to simply use the feature of point ;. We note that the
3D convolution in Eq. (3.8) is purely based on spatial location between the center point and
its neighbors, compared to other advanced local aggregation modules that utilize the local

context [26, 109].

To better utilize the boundary features optimized by CBL at multiple scales, we use a multi-
scale head for prediction, which simply concatenates the point feature from each sub-sampled
point cloud into the last output layer. As we would show in the ablation study (Sec. 3.6.3),
such concatenation across multiple scales fails without the CBL. Note that CBL can be
married to any other multi-stage backbone. Specifically, we also apply the CBL to two
other popular baselines: the RandLLA-Net [109] and CloserLook3D [206], to demonstrate the
generalizability. RandLLA-Net leverages random sampling and attentive local aggregation
to handle the large-scale scene with fast processing; CloserLook3D proposes a parameter-
free PosPool module that largely reduces model parameters and resources consumption,
while achieving comparable performance against other methods with parametric aggregation
module, such as KPConv [22]. Together with the ConvNet baseline, our experiments cover
the backbone with most of the typical local aggregation methods for point cloud, ranging
from convolution, attentional operation, to parameter-free operation. For training, we follow
the setup of baseline and set the loss weight A = 0.1. More details will be provided in the

appendix.

3.6 Experiments

We first present the boundary problem with experiments. We then evaluate the benefits of the
proposed CBL on multiple large-scale point cloud segmentation datasets, including in-door

scenes (S3DIS [44], ScanNet [43]) and out-door scenes (Semantic3D [68], NPM3D [70]).
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mloU

methods overall @boundary @inner B-ToU
pointnet [18] | 41.1 30.2 534 35.6
KPConv [22] | 67.3 50.5 71.1 58.9
JSE-Net [195]* | 67.7 50.5 71.4 60.9
RandLLA-Net [109] | 62.6 441 65.8 454
CloserLook3D [206] | 66.9 50.0 70.7 59.2
ConvNet | 67.4 50.1 71.2 59.6
65.3 47.4 67.2 49.9
RandLA-Net+CBL | 5,9 133 +14 | +45
67.5 50.6 71.0 60.4
CloserLook3D + CBL +0.6 +0.6 +03 +1.2
69.4 52.6 73.1 61.5
ConvNet+CBL | 1,9 125 +19 | +1.9

TABLE 3.1. The results are obtained on the S3DIS datasets testset Area 5, following
the instruction of the officially released code of each method. Method with * also
consider boundaries.

3.6.1 The Boundary Problem in Experiment

We experimentally compare the score given by mloU, mloU @boundary, mloU @inner as
well as the B-IoU. As shown in Tab. 3.1, for recent 3D point cloud segmentation methods,
the mloU @boundary is much lower than the mloU @inner. With the overall performance
sitting between these two scores, it suggests that it is the boundary area that degenerates the
overall segmentation performance. Similarly, B-IoU also agrees with the mloU @boundary
by giving a score that is far lagged behind the general performance of mloU score. Hence,
such observation indicates the unsatisfied segmentation quality on boundary areas. While
with the proposed CBL, the improvement on both mloU @boundary and B-IoU is larger than
the improvement on overall mloU as well as the mloU @inner, across all three baselines. Due
to the limited space, we provide more thorough studies in presenting the boundary problem in

the appendix.

3.6.2 Performance Comparison

S3DIS Indoor Scene Segmentation. S3DIS [44] is a challenging point cloud dataset of

indoor scenes. It contains 3D RGB point clouds of 6 indoor areas covering 272 rooms. Each
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methods | mloU OA mACC | ceiling floor wall beam column window door table chair sofa bookcase board clutter
PointNet [18] | 41.1 - 49.0 88.8 973 69.8 0.1 39 463 10.8 59.0 526 59 40.3 264 332
SegCloud [90] | 489 - 574 90.1 96.1 699 0.0 18.4 384 2311 704 759 409 584 13.0 41.6
PointCNN [24] | 57.3 859 639 923 982 794 00 17.6 228 621 744 80.6 31.7 667 62.1 56.7
SPGraph [190] | 58.0 864 66.5 894 969 78.1 0.0 42.8 489 61.6 847 754 69.8 52.6 2.1 522
PCT[189] | 61.3 - 67.7 925 984 80.6 0.0 19.4 61.6 48.0 76.6 852 462 677 679 523

HPEIN[110] | 619 872 683 91.5 982 814 00 233 653 400 755 877 585 67.8 65.6 494

MinkowskiNet [92] | 65.4 - 71.7 91.8 98.7 86.2 0.0 34.1 489 624 8l1.6 89.8 472 74.9 744 58.6
KPConv [22] | 67.1 - 72.8 928 973 824 0.0 239 580 69.0 815 91.0 754 75.3 66.7 58.9
JSENet [195]* | 67.7 - - 93.8 97.0 830 0.0 232 613 716 899 79.8 75.6 72.3 727 60.4
CGA-Net [194] | 68.6 - 945 983 830 0.0 25.3 59.6 710 922 826 764 71.7 69.5 615

RandLA-Net [109] | 624 872 714 91.1 956 802 0.0 24.7 623 477 762 837 60.2 71.1 65.7 53.8
+CBL | 653 875 745 922 977 810 0.0 36.8 61.0 394 78.1 88.1 814 71.5 68.7 52.6
CloserLook3D [206] | 66.9 90.0 72.1 948 984 825 0.0 25.5 513 709 92.1 819 76.7 70.1 645 612
+CBL | 67.5 902 727 949 984 831 0.0 27.3 55.0 712 919 829 759 71.3 63.5 604

ConvNet | 674 90.1 729 941 98.1 831 0.0 24.9 535 730 91.7 823 765 72.3 669  60.8

+CBL | 694 90.6 752 939 984 842 0.0 37.0 577 719 917 818 718 75.6 69.1 629

TABLE 3.2. Quantitative results on S3DIS Area 5 dataset [44], showing the mean loU
(mloU) overall accuracy (OA) and the mean accuracy (mACC). Method with * also
consider boundaries in their design.

point is annotated with one of the 13 semantic categories, e.g., ceiling, floor, clutter. As
shown in Tab. 3.2, our methods consistently improve across all three baselines, showing to be
effective with different local aggregation modules. Notably, the improvements are much more
significant in classes, such as column (+13 compared to ConvNet baseline), than in other
classes with large areas, such as wall and ceiling. Such observation shows our effectiveness on
boundary areas; and with the consistent improvement across different classes, it also suggests
that the CBL is NOT trading off between scenes of major and minor classes, but is indeed
separating them more clearly. With the benefit of a cleaner boundary, the ConvNet finally

achieves a leading performance of 69.4 in mIoU.

We further demonstrate qualitatively in Fig. 3.4 that, the CBL effectively improves the overall
performance by improving segmentation on boundary areas. Compared with JSENet [195] that
also considers boundaries, we demonstrate our superiority by obtaining a much larger relative
improvement to our baselines than that made by JSENet on its baseline, i.e., KPConv [22],
especially in classes that boundaries are important, e.g., column, window, sofa, bookcase and
clutter, as well as the overall performance. To avoid overfitting on S3DIS Area 5, we further
conduct the 6-fold cross-validation, with the result reported in Tab. 3.3. A large improvement
is also shown in column (+9.5), and consistent improvement is made across all classes except
one (-0.2). Therefore, the proposed CBL can be indeed regarded as a general and effective

method, achieving 73.1 in mIoU with a common ConvNet baseline.
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Input Ground Truth Baseline CBL Improvement

FIGURE 3.4. We compare the results of ConvNet baseline with CBL on several
different scenes and show that the improvements are from boundaries. In offices (top
2), CBL can effectively improve the results on boundary areas, especially in a cluttered
one (2nd row). In the last two rows (hallway and others), CBL avoids unnecessary
boundaries, and repairs the missing boundary between walls and doors/objects at the
right place. The visualization is done on S3DIS testset Area 5.

methods | mloU OA mACC | ceiling floor wall beam column window door table chair sofa bookcase board clutter
PointNet [18] | 47.6 78.6 662 | 83.0 887 693 424 231 475 516 541 420 9.6 38.2 29.4 352
RSNet [209] | 56.5 - 66.5 925 928 786 328 344 51.6  68.1 59.7 60.1 164 502 449 520
SPG[190] | 62.1 864 73.0 | 89.9 951 764 628 47.1 553 684 735 692 632 459 8.7 529
PointCNN [24] | 654 88.1 756 | 948 973 758 633 517 584 572 716 69.1 39.1 61.2 522 586
PointWeb [144] | 66.7 873 762 | 935 942 808 524 413 649 68.1 714 67.1 503 627 622 585
ShellNet [137] | 66.8 87.1 - 90.2 936 799 604 441 649 529 716 847 538 646 486 594
RandLA-Net [109] | 70.0 88.0 82.0 | 93.1 96.1 80.6 624 48.0 644 694 694 764 60.0 642 65.9  60.1
KPConv [22] | 70.6 - 79.1 93.6 924 831 639 543 66.1 766 57.8 640 693 749 61.3 603
SCF-Net [210] | 71.6 88.4 827 933 964 809 649 474 645 701 714 816 672 644 67.5 609
BAAF [192] | 722 8389 83.1 933 968 81.6 619 495 654 733 720 837 675 643 67.0 624
ConvNet | 69.7 88.6 76.8 938 919 842 463 521 66.7 785 752 72.8 70.1 71.7 57.1 613
+CBL | 731 89.6 794 | 941 942 855 504 58.8 703 783 175.7 750 71.8 740 60.0 624

TABLE 3.3. Quantitative results on S3DIS [44] with 6-fold cross validation.

Semantic3D Outdoor Scene Segmentation. In addition to improvement on S3DIS [44],
we demonstrate the generalizability across different types of scenes by evaluating CBL
on point cloud collected at the outdoor environment, the Semantic3D [68] dataset. It is a
large-scale dataset comprising over 4 billion points and provides 15 large point clouds for
training, with each point annotated to one of the 8 classes, e.g., cars, buildings. We use
the reduced-8 benchmark and present the quantitative results in Tab. 3.4. We evaluate with

both ConvNet and RandLLA-Net [109] as baselines and observe consistent improvements.
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methods | mIoU (%) OA (%) | man-made. natural. high veg. low veg. buildings hard scape scanning art. cars
SnapNet [79] 59.1 88.6 82.0 71.3 79.7 22.9 91.1 18.4 37.3 64.4
SEGCloud [90] 61.3 88.1 83.9 66.0 86.0 40.5 91.1 30.9 27.5 64.3
SPG [190] 732 94.0 97.4 92.6 87.9 44.0 83.2 31.0 63.5 76.2
RGNet [211] 74.7 94.5 97.5 93.0 88.1 48.1 94.6 36.2 72.0 68.0
KPConv [22] 74.6 92.9 90.9 82.2 84.2 47.9 94.9 40.0 77.3 79.7
RFCR [208] 77.8 94.3 942 89.1 85.7 54.4 95.0 43.8 76.2 83.7
SCF-Net [210] 77.6 94.7 97.1 91.8 86.3 51.2 95.3 50.5 67.9 80.7
ConvNet 72.8 92.6 92.2 79.9 84.4 41.3 95.2 41.2 62.6 85.6

+ CBL 75.0 94.0 96.2 90.1 84.0 47.5 94.7 36.0 64.8 86.3
RandLA-Net [109] 774 94.8 95.6 914 86.6 51.5 95.7 51.5 69.8 76.8
+ CBL 78.4 95.0 95.3 91.3 87.9 55.6 96.3 56.2 65.9 78.2

TABLE 3.4. Quantitative results on Semantic3D reduced-8 benchmark [68]. The met-
rics shown the mean IoU (mloU) and overall accuracy (OA) obtained from benchmark
site with only the recent published works included.

Especially, RandLLA-Net has achieved state-of-the-art performance on multiple outdoor
datasets and the improvement made on it can better demonstrate the effectiveness of our CBL.
Notably, significant improvement is made in the high vegetation and low vegetation class,
which are two classes that confuse most of the other methods. It is because the high/low
vegetation usually co-exists at a near spatial distance and has a similar appearance, e.g., trees
surrounded by bushes/grass, which makes the separation of these two scenes challenging. The
large improvement in both of these two classes demonstrates the effective improvement on
scene boundaries. Lastly, with CBL, RandLLA-Net obtains a leading performance of 78.4 in
mloU.

Further experiments on NPM3D and ScanNet. To further demonstrate the generalization of
the proposed CBL, we report on another two popular dataset, the ScanNet [43] (indoor scene)
and NPM3D [70] (outdoor scene). As shown in Tab. 3.5 and Tab. 3.6, our method achieves
reasonable results and consistent improvement over the baseline. It thus shows that CBL is
robust to different baselines, datasets, and types of scenes. Detailed results are available in

the appendix.

3.6.3 Ablation Studies

We conduct ablation studies on the ScanNet validation set to evaluate the effectiveness of

different components in the proposed CBL scheme.
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methods | modality | mloU (%)
DCM-Net [212] 65.8
VMNet [213] | D FMesh o ¢
SparseConvNet [23] 72.5
MinkowskiNet [92] 73.6
O-CNN [187] | 3D (voxel) 76.2
OccuSeg [188] 76.4
Mix3D [214] 78.1
BA-GEM [197]* 63.5
PointConv [129] 66.6
PointASNL [191] 66.6
KP-Conv [22] | 3D (point) 68.4
FusionNet [215] 68.8
JSENet [195]* 69.9
RFCR [208] 70.2
ConvNet . 69.1
+CBL | 3P oY | 54 5

TABLE 3.5. Quantitative results on ScanNet [43] benchmark. Performance is taken
from the official benchmark site by the time of submission. Methods with * also
consider boundaries.

methods | mloU (%)
HDGCN [216] 68.3
ConvPoint [125] 75.9
RandLANet [109] 78.5
KP-Conv [22] 82.0
FKAConv [217] 82.7
PyramidPoint [193] 82.9
ConvNet 76.2
+ CBL 78.6

TABLE 3.6. Quantitative results on Paris-Lille-3D of NPM3D [70] benchmark, results
obtained from online benchmark site by the time of submission.

The Effectiveness of CBL. As shown in Tab. 3.7, the direct application of CBL on the
input point cloud (without sub-scene boundary mining) can improve the performance, which
demonstrates that boundary areas are worth more attention. By introducing sub-scene bound-
ary mining, a more significant improvement is gained, as boundaries at multiple scales are

identified and optimized in the CBL.
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CBL
@input @sub-scenes mIoU(%) OA(%)
69.71 - 88.97 -
ConvNet v 70.05 (+0.34) | 89.01 (40.04)
v v 7098 (+1.27) | 89.31 (+0.34)
ConvNet 69.83 (+0.12) | 88.88 (—0.09)
(multiscale head) v v 71.33 (+1.62) | 89.40 (+0.43)

TABLE 3.7. Results on validation set of ScanNet [43]. The CBL @input refers
to only conduct contrastive boundary learning on the input point cloud (with point
feature extracted from last upsampled stage), and @sub-scene refers to the CBL
with sub-scene boundary mining. Default settings are marked in gray and relative
improvements are also noted.

The Effect of Multi-scale Head. Comparing the ConvNet baseline with and without the
multi-scale head, we find that a direct application of multi-scale head can even hurt the
performance (-0.09 in OA). It shows that a direct concatenation across multiple scales can not
bring much benefit. In contrast, with multi-scale head, ConvNet with CBL is further boosted
to gain a larger improvement in both mloU and OA. It shows that the main improvement is
originated from the more discriminative features learned by CBL at different sub-sampled

point clouds.

3.7 Summary

In this chapter, we comprehensively analyze the segmentation performance on scene bound-
aries for the current point cloud segmentation methods. We show that the current segmentation
accuracy on boundaries is unsatisfactory and quantitatively present the boundary problem with
metrics, including mloU @boundary and B-IoU. We further propose Contrastive Boundary
Learning (CBL) to explicitly optimize the feature on boundaries and improve the model
performance on boundaries. The leading performance and consistent improvement across
various baselines and datasets demonstrate the effectiveness of CBL and the importance of

scene boundaries in 3D point cloud segmentation.

Limitation and future work. One of our limitation is that we mainly concentrate on the

scene boundaries while ignoring the broad inner areas. Therefore, in the future, we would
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FIGURE 3.5. The detail architecture of ConvNet baseline.

like to further explore the role of boundary in point cloud segmentation and its relation with

inner areas.

3.8 Appendix

In this supplementary material, we provide more details regarding baseline architecture
(Sec. 3.8.1), the boundary problem Sec. 3.8.2, visualization results (Sec. 3.8.3), the training
setup (Sec. 3.8.4), the effect of temperature (Sec. 3.8.5), the effect of design regarding

sub-scene annotation (Sec. 3.8.6), and experiment results (Sec. 3.8.7).

Especially, CBL achieves a new stat-of-the-art on S3DIS with the newly released transformer

model (Tab. 3.14).

3.8.1 Architecture of Baseline

We show the specific architecture of our ConvNet baseline in Fig. 3.5. With a consistent
notation, A is the point cloud in sub-sampling stage n, f; is the feature of point x;, and
N™ = |X"| with N = N°. We use the multi-scale head on all baselines when adapting the
CBL.
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3.8.2 Further Analysis on Boundary Problem

We further account for the type of areas and class-specific analysis for better exploring the
boundary problem. Specifically, we provide per-class IoU score that is separately calculated

on boundary area B; and inner area X — 13;.

As shown in Tab. 3.9, we evaluate for all three baselines with and without the proposed CBL.
We notice that, large improvements are made on small objects, e.g. column, which aligns
with the observation in Tab. 3.2 in main chapter. We would like to add that, despite that CBL.
focuses only on boundaries, improvements are also made on inner area. We hypothesize the
reason might be that the false boundary in model predicted segmentation is restrained, as
features in inner area implicitly becomes more similar when the features across boundaries

are optimized to be more distinctive by the CBL.

Moreover, for all three baselines, the improvement on boundary area is much more than that

made on inner area, which is summarized in Tab. 3.8.

Therefore, with metrics separately calculated on boundary and inner area, we clearly see
that the improvement brought by CBL is mainly from the boundary areas. Such observation

further emphasizes the importance of clear scene boundaries in point cloud segmentation task.

3.8.3 More Visualizations

We provide more qualitative results as a support for the improvement made by CBL on
boundaries. The visualization results include various scenes, including rooms (Fig. 3.7),
cluttered space (Fig. 3.8), hallways (Fig. 3.9), and offices (Fig. 3.10). For each scene,
we further attempt to visualize the features discrimination between center points and their
corresponding neighbors and the results are presented in the every second row. Specifically,
we calculate the normalized feature distance between the point feature f; and features of its

neighboring points { f; | x; € N;}. We then take the mean distance for visualization.

According to the presented figures, it shows that the CBL significantly enhances the feature

distances around the scene boundaries and improves the baseline to obtain a more detailed



3.8 APPENDIX

baselines ( + CBL)

RandLA-Net [109]
CloserLook3D [206]
ConvNet

mloU
boundary inner
+3.3 +1.4
+0.6 +0.2
+2.5 +2.0

OA
boundary inner
+4.1 -0.3
+0.1 +0.2
+1.0 +0.7

47
mACC
boundary inner
+3.4 +2.4
+0.7 +0.4
+3.2 +2.8

TABLE 3.8. The improvement brought by CBL on different baselines and types of
area (boundary / inner area).

methods | mloU OA mACC | ceiling floor wall beam column window door table chair sofa bookcase board clutter
RandLA-Net [109] | 44.1 67.1 59.1 655 694 522 00 214 286 550 550 56.0 41.1 412 458 421
+CBL | 474 712 625 | 782 859 560 00 303 257 426 584 60.9 500 425 522 442
CloserLook3D [206] | 50.0 76.6 585 | 80.7 88.6 639 00 2I.1 156 575 733 647 522 431 372 526
+CBL| 506 767 592 | 809 886 646 00 265 156 559 730 650 504 47.6 384 512

ConvNet | 50.1 76.5 58.3 80.4 883 635 00 265 152 583 721 634 523 408 387 522
+CBL| 526 775 615 | 805 888 657 00 325 209 618 71.7 624 525 @ 46.7 474 525

(A) The full metrics calculated on boundary points from ground truth (i.e., B;) only.

methods | mloU OA mACC | ceiling floor wall beam column window door table chair sofa bookcase board -clutter
RandLA-Net [109] | 65.8 89.6 73.0 | 933 98.6 846 00 259 657 465 81.1 889 654 755 719 582
+CBL | 672 893 754 | 93.0 99.1 846 00 373 64.1 394 827 915 793 1759 739 56.0
CloserLook3D [206] | 70.7 922 752 | 964 999 865 0.0 259 551 765 959 87.1 819 751 725 66.2
+CBL | 709 924 1756 96.5 999 869 0.0 27.0 593 78.1 95.7 87.7 80.8 75.4 69.4  65.6
ConvNet | 71.2 92.1 755 | 950 99.8 859 00 346 56.0 827 954 874 813 738 684 657
+CBL| 732 928 783 | 953 999 880 00 384 622 764 959 875 827 812 752  68.6

(B) The full metrics calculated on inner points from ground truth (i.e., X — B,) only.

TABLE 3.9. The consistent improvement CBL brought on baselines, separately
calculated in boundary area (a) and inner area (b).

temperature | mloU OA mACC
0.3 70.67 89.16 7791
0.5 70.98 89.31 78.27
1 71.33 89.40 78.69
70.73 89.10 77.98
10 70.03 88.97 77.58

TABLE 3.10. The effect of temperature on CBL.

and cleaner boundary in prediction for different type of scenes. The visualization is done on

S3DIS testset Area 5.
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mloU (%) | Ground Building Pole Bollard Trash can Barrier Pedestrian Car Natural
HDGCN [216] 68.3 99.4 93.0 677 157 25.7 447 37.1 81.9 89.6
ConvPoint [125] 75.9 99.5 95.1 71.6  88.7 46.7 52.9 53.5 89.4 854
RandLANet [109] 78.5 99.5 97.0 71.0 86.7 50.5 65.5 49.1 953 91.7
KP-Conv [22] 82.0 99.5 94.0 713 83.1 78.7 47.7 78.2 944 914
FKAConv [217] 82.7 99.6 98.1 772  91.1 64.7 66.5 58.1 95.6  93.9
PyramidPoint [193] 82.9 99.6 97.1 74.6 843 56.0 65.9 79.1 95.1 939
ConvNet 76.2 99.5 96.3 685 674 41.4 41.5 80.6 96.3 94.1
+ CBL 78.6 99.5 96.7 T72.1 726 46.2 60.4 70.1 97.2 932

TABLE 3.11. Quantitative results on Paris-Lille-3D of NPM3D [70] benchmark,
results obtained from online benchmark site by the time of submission.

3.8.4 Training Setup in Details

For the RandLLA-Net [109] and CloserLook3D [206] baselines, we follow their instructions
of released code for training and evaluation, which are here (RandLA-Net) and here (Closer-
Look3D), respectively. Especially, in CloserLook3D [206], there are two non-parametric

module, we use the one with sin/cos spatial embedding.

For the ConvNet baseline, we use the SGD optimizer to train for 600 epoch, with a weight
decay of 0.001. We set the initial learning rate to 0.01 and use a momentum of 0.98 with a
decay rate of 0.1'/2%_ It roughly takes 24 hours to train on 4 Nividia v100 GPUs, and we do

not observe obvious increase in training time after applying the CBL.

3.8.5 Effect of Temperature in CBL

We conduct empirical study on ScanNet [43] validation set to analyze the effect of temperature
7 in the CBL (Eq. (3.5)). We use the ConvNet baseline and train for 600 epoch on training
set. As shown in Tab. 3.10, we find that the proper temperature for CBL is within (0.5, 2),

and we set the temperature to 7 = 1 by default.

3.8.6 Effect of Design of Sub-scene Annotation

While the sub-scene annotation is a distribution, we only use the simple arg max when

evaluating the boundary points. Therefore, it raises two particular question: 1) is it necessary


https://github.com/QingyongHu/RandLA-Net
https://github.com/zeliu98/CloserLook3D
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to maintain the distribution? 2) is there any better way in utilizing the sub-scene annotation

than the arg max?

In this section, we explore other alternatives and answer to this two questions with a particular

focus of how they affect the model performance on boundaries.

Necessities of maintaining distribution. There are two main reasons to leverage the average
pooling on labels and maintain the distribution. First, current methods may not preserve the
original input points after sub-sampling, e.g. grid sub-sampling in KPConv [22]. Therefore,
the original label of a sub-sampled point is not presented and the sub-scene annotation is thus
demanded. Although we may use the label of the nearest point for approximation, Tab. 3.12
shows that CBL (nearest) is sub-optimal. Second, despite that we only use the “argmax* result
of the sub-scene annotation, maintaining distribution still preserves more information than
just maintaining “argmax’ result. As “argmax‘‘ discards the minor classes during sampling,
such elimination of minority may further accumulate through more sub-sampling stages and
leads to imprecise boundary, as depicted in Fig. 3.6. Experimentally, in Tab. 3.12, though

CBL (argmax) improves boundary (B-IoU), it compromises overall performance.

Better treatment than Argmax. While “argmax” is straight forward, it introduces the
problem of “label-flipping” when the distribution of sub-scene annotation is close to a

uniform distribution, i.e., when the number of points of different classes are roughly the same.

To avoid this, we leverage the KL divergence as a measure of the semantic distance among
sub-scene annotations. We then threshold on the KL-distance to determine if two sub-scene
annotations belong to the same semantic class or not, which further enables us to determine
the boundary points in sub-sampled point cloud. Specifically, we set the threshold to 0.5 and
CBL (kl) can be bring a small improvement on overall performance, and a slightly larger boost
on boundary performance, as in Tab. 3.12. Yet, as “thresholding KL distance* introduces extra

hyper-parameters and complexity, we opt for “argmax’ for simplicity in the main chapter.

Summary. Therefore, we summarize the reason for designing the sub-scene annotation as a
distribution as it can preserve much more information and can be extended to a more robust

boundary determination using KL-distance.
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Input label Stage 1 label
1 0 ] Hard | Soft
0 1 - 0 1 173 2%
o 1 |
1 0
0 1 B 0 1 L7552
o 1 ]
1 0 |
1 0 - 1 0 1 O
1 0

Stage 2 label
Hard | Soft
1 5/9 4/9

FIGURE 3.6. With every 3 points being sub-sampled into 1 in each stage, tracking
distribution (soft label) describes original input faithfully, but hard label fails due to

accumulated errors.

mloU
methods overall @boundary @inner B-loU
ConvNet 67.4 50.1 71.2 59.6
ConvNet + CBL 69.4 52.6 73.1 61.5
ConvNet + CBL (nearest) | 68.3 52.1 71.8 60.9
ConvNet + CBL (argmax) | 66.8 50.6 70.4 60.6
ConvNet + CBL (kl) 69.5 52.5 73.2 62.0

TABLE 3.12. Same setting as in Tab. 3.1 in main chapter.

3.8.7 Further Experiments

Results on ScanNet and NPM3D datasets. We provide the detail results on ScanNet in
Tab. 3.13; and the detail results on NPM3D in Tab. 3.11.

CBL with Transformer. We use the open-source code base (here) to re-produce the perfor-

mance of newly released PointTransformer (PT) [26] on S3DIS [44] Area 5 dataset.

In Tab. 3.14, the same consistent improvement is made on classes such as column. CBL with

better boundaries further boosts the overall performance to 71.0 in mIoU, achieving a new

state-of-the-art performance.


https://github.com/POSTECH-CVLab/point-transformer
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Method | mIoU | bathtub bed books. cabinet chair counter curtain desk door floor other pic fridge shower sink sofa table toilet wall wndw

DCM-Net [212] | 658 | 778 702 80.6 619 813 468 693 494 524 941 449 298 510 821 675 727 568 82.6 803 63.7
VMNet [213] | 746 | 87.0 838 858 729 850 50.1 874 587 658 956 564 299 765 900 71.6 812 63.1 939 858 709
SparseConvNet [23] | 72.5 | 64.7 82.1 846 721 869 533 754 603 614 955 572 325 710 870 724 823 628 934 865 683
MinkowskiNet [92] | 73.6 | 859 818 832 709 840 521 853 660 643 951 544 286 731 893 675 772 683 874 852 727
O-CNN [187] | 764 | 758 79.6 839 746 907 562 850 680 672 978 610 335 777 819 847 830 69.1 972 885 727
OccuSeg [188] | 762 | 924 823 844 770 852 577 847 71.1 640 958 592 21.7 762 888 758 813 726 932 868 744
Mix3D [214] | 78.1 | 964 855 843 78.1 858 575 831 685 714 979 594 310 80.1 892 841 819 723 940 887 725
BA-GEM [197] * | 635
PointConv [129] | 66.6 | 78.1 759 699 644 822 475 719 564 504 953 428 203 586 754 66.1 753 588 902 813 642
PointASNL [191] | 66.6 | 70.3 781 75.1 655 83.0 47.1 769 474 537 951 475 279 635 698 675 75.1 553 81.6 80.6 703
KP-Conv [22] | 684 | 847 758 784 647 814 473 772 605 594 935 450 18.1 587 805 69.0 785 614 882 819 63.2
FusionNet [215] | 68.8 704 741 754 65.6 829 50.1 741 609 548 950 522 37.1 633 75.6 715 77.1 623 86.1 814 658
JSENet [195] | 69.9 88.1 762 821 66.7 80.0 522 792 613 60.7 935 492 205 576 853 69.1 758 652 872 828 649
RFCR [208] | 70.2 889 745 813 672 81.8 493 81.5 623 61.0 947 47.0 249 594 84.8 705 779 64.6 89.2 823 61.1
ConvNet+CBL | 705 | 769 775 809 687 820 439 812 66.1 59.1 945 515 171 633 856 720 79.6 668 889 847 68.9

TABLE 3.13. Quantitative results on ScanNet [43] benchmark, results obtained from
online benchmark site by the time of submission. We group method by the 3D
representation type, which is respectively, from top to down, 3D + mesh, 3D voxel
and 3D point, and we also use 3D point. The empty line denotes no record of detailed
performance found. The method with * also considers boundary.

Input Ground Truth Baseline CBL Improvement

FIGURE 3.7. Large rooms. We compare the results of ConvNet baseline with CBL.
On the every second row, we visualize the boundary points calculated from the ground
truth label, and the feature discrimination among neighboring points for each model.
The improvement on the first row and the enhanced feature discrimination on the
second row show that CBL improves the features across boundaries to obtain a better
segmentation quality on boundary areas. The visualization is done on S3DIS testset
Area 5.
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Input Ground Truth Baseline CBL Improvement

FIGURE 3.8. Cluttered space. Same as above (Fig. 3.7).

Input Ground Truth Baseline CBL Improvement

FIGURE 3.9. Hallways. Same as above (Fig. 3.7).
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Input Ground Truth Baseline CBL Improvement

o

FIGURE 3.10. Offices. Same as above (Fig. 3.7).

methods | mloU OA mACC | ceiling floor wall beam column window door table chair sofa bookcase board clutter

PT [26]* | 704 90.8 765 | 940 985 863 0.0 38.0 634 743 89.1 824 743 802 76.0 593
PT[26] | 70.0 905 765 | 952 98.6 851 0.0 36.7 625 759 815 91.0 751 719 76.4  60.2
+CBL |71.0 909 775 | 943 983 874 0.0 42.1 640 785 825 889 751 711 813 59.6

TABLE 3.14. Quantitative results on S3DIS Area 5 dataset [44], showing the mean
IoU (mloU), overall accuracy (OA), mean accuracy (mACC), and per-class IoU scores.
We include both performance reported in original paper (with *, the first row) and
the re-produced performance (without *, the second row). We observe consistent
improvement over both the re-produced PT, and the performance reported in original

paper.



CHAPTER 4

Structuring Supervision via Entropy-Regularized Alignment

This chapter explores how to structure supervision for 3D segmentation models by explicitly
handling noise in the learning signals. This problem is central to 3D point cloud segmentation,
where extracting supervision from noisy and unstructured geometry can be unreliable, and we
further reveal its importance for 2D images in overcoming significant geometric disturbances
caused by strong data augmentations. We study label-efficient regimes in which supervision
is synthesized from model predictions, and we ask how to regularize these signals so that

learning remains stable across modalities and geometric perturbations.

Label-efficient segmentation aims to perform effective segmentation on input data using only
sparse and limited ground-truth labels for training. This topic is widely studied in 3D point
cloud segmentation due to the difficulty of annotating point clouds densely, while it is also
essential for cost-effective segmentation on 2D images. Until recently, pseudo-labels have
been widely employed to facilitate training with limited ground-truth labels, and promising
progress has been witnessed in both the 2D and 3D segmentation. However, existing pseudo-
labeling approaches could suffer heavily from the noises and variations in unlabelled data,
which would result in significant discrepancies between generated pseudo-labels and current
model predictions during training. We analyze that this can further confuse and affect the
model learning process, which shows to be a shared problem in label-efficient learning across
both 2D and 3D modalities. To address this issue, we propose a novel learning strategy
to regularize the pseudo-labels generated for training, thus effectively narrowing the gaps
between pseudo-labels and model predictions. More specifically, our method introduces an
Entropy Regularization loss and a Distribution Alignment loss for label-efficient learning,

resulting in an ERDA learning strategy. Interestingly, by using KL distance to formulate

54
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the distribution alignment loss, ERDA reduces to a deceptively simple cross-entropy-based
loss which optimizes both the pseudo-label generation module and the segmentation model
simultaneously. In addition, we innovate in the pseudo-label generation to make our ERDA
consistently effective across both 2D and 3D data modalities for segmentation. Enjoying
simplicity and more modality-agnostic pseudo-label generation, our method has shown
outstanding performance in fully utilizing all unlabeled data points for training across different
label-efficient settings. This can be evidenced by promising improvement over other state-
of-the-art approaches on 2D image segmentation and 3D point cloud segmentation. In some
experiments, our method can even outperform fully supervised baselines using only 1% of
true annotations, illustrating the importance of reducing noises and variations in labels during
training. We believe these results can demonstrate that our approach represents a substantial
step toward a modality-agnostic label-efficient segmentation solution. Code and model will

be made publicly available at https://github.com/LiyaoTang/ERDA.

4.1 Introduction

Semantic segmentation is an important task for scene understanding, which assigns each
data point a label of certain categories. Although cutting-edge fully-supervised segmentation
approaches achieve promising performance, they heavily rely on large-scale densely annotated
datasets that can be costly to obtain [16, 170, 218]. For example, when annotating 3D point
cloud data, a single scan in ScanNet [43] dataset would require more than 20 minutes [219]
of labeling work. Considering that the dataset comprises over 1500 scans with more than
10° points, the amount of labor time for annotating all the points in this frame would be
overwhelming. Regarding 2D image data, while the annotation could be slightly easier, some
downstream tasks such as medical imaging [220] demand expertise for labeling, which could
still be difficult to access. Nevertheless, annotating 2D or 3D data usually involves multiple
annotators for the same dataset, and the disagreement between annotators could introduce

unnecessary noises to the dataset [12, 221, 222] and thus affect the model performance.


https://github.com/LiyaoTang/ERDA
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To avoid exhaustive annotation process, label-efficient learning has emerged as a promising
alternative. It aims to achieve scene understanding using only limited and sparse annotations,
such as semi-supervised learning and weakly-supervised learning. Effective label-efficient
segmentation approaches can be advantageous for both 2D images and 3D point clouds. For
2D images, effective label-efficient segmentation can help segment image areas of interest
without vast annotations, which is beneficial for downstream tasks like image inpainting [11,
223], image generation [224], and so on. For 3D point clouds, label-efficient segmentation
enables more affordable use of 3D scene understanding techniques in various applications [4,

9], such as autonomous driving, unmanned aerial vehicles, and augmented reality.

Despite the benefits of label-efficient learning, one of the most significant challenges of using
limited labels is that the training signals may not be sufficient to secure a robust model [168].
To tackle this problem, many leading label-efficient segmentation learning strategies [ 168, 225—
227] attempt to generate pseudo-labels from model predictions on unlabelled data points,
aiming to make the best use of unlabelled data for generating richer training signals. In the
related experiments, these pseudo-label approaches have shown promising performance, but
they are soon superseded by some recent consistency regularization methods [228, 229] that
employ consistency constraints after randomly perturbed inputs. By analyzing the existing
pseudo-labeling framework, we find that the current widely used label selection mechanism

could compromise the benefits of pseudo-labels for training.

Typically, the current label selection mechanism is generally designed to select pseudo-
labels with a confidence higher than some threshold, which utilizes only highly confident
pseudo-labels for training and could result in under-explored unlabeled data. While if directly
using less confident pseudo-labels, we find the model performance is negatively affected,
which is also evidenced by studies that reveal the negative impacts of noises [170, 230] and
potential unintended biases [231-233] from these low-confidence pseudo-labels. Accordingly,
we hypothesize that assigning low-confidence pseudo-labels to unlabeled data introduces
discrepancies between these pseudo-labels and the segmentation model outputs, which leads

to unreliable and confusing training signals that hinder performance.
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FIGURE 4.1. While existing pseudo-labels (a) are limited in the exploitation of unla-
beled points, ERDA (b) simultaneously optimizes the pseudo-labels p and predictions
q taking the same and simple form of cross-entropy. By reducing the noise via entropy
regularization and bridging their distributional discrepancies, ERDA produces infor-
mative pseudo-labels that neglect the need for label selection. As the exemplar in (c)
on 3D data, it thus enables the model to consistently benefit from more pseudo-labels,
surpassing other methods and its fully-supervised baseline.

By addressing the above problem, we propose a novel learning-based pseudo-labeling frame-
work for label-efficient segmentation, replacing the widely used hard thresholding label
selection process and augmenting the segmentation performance significantly. Specifically, to
reduce the level of noise in pseudo-labels and alleviate the confusion between pseudo-labels
and segmentation model outputs, we introduce two learning objectives for label-efficient
training with pseudo-labels. Firstly, we introduce an entropy regularization (ER) objective
to reduce the noise and uncertainty in the pseudo-labels. This regularization promotes more
informative, reliable, and confident pseudo-labels, which helps reduce the generation of noisy
and uncertain pseudo-labels. Secondly, we propose a distribution alignment (DA) loss that
minimizes statistical distances between pseudo-labels and model predictions. This ensures that
the distribution of generated pseudo-labels remains close to the distribution of segmentation
model predictions when regularizing their entropy, thus reducing confusion during training.
In particular, we discover that formulating the distribution alignment loss using KL distance
can transform our method into a deceptively simple cross-entropy-style learning objective
that optimizes both the pseudo-label generator and the segmentation network simultaneously.

This makes our method straightforward to implement and apply. By integrating the entropy
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regularization and distribution alignment, we achieve the ERDA learning strategy, as shown

in Fig. 4.1.

Furthermore, due to the significant difference in 2D and 3D data modality, the pseudo-label
generation and training procedures are usually specifically designed to satisfy each modality.
As a result, while both 2D and 3D modalities can suffer from similar problems as discussed
above, it can still be hard to transfer methods derived from one modality to the other. For a
specific instance, using 2D images, it is common to leverage rich and strong augmentations to
supervise the student model with weak-to-strong pseudo-labels [227, 234] from the teacher
model, while prototypical pseudo-labels [168, 225] are more common in 3D due to the
insufficient augmentation methods for 3D data. Moreover, though the pseudo-label generation
strategies are different, neither 2D nor 3D approaches could leverage the information of
all unlabeled data due to the potential noise in pseudo-labels and the discrepancy between
the distributions of pseudo-labels and model predictions. Therefore, to adapt our method
to various data modalities and account for the potential rich augmentations in 2D data
processing, we extend our framework by introducing a novel query-based pseudo-labeling
method. Specifically, we introduce class queries with more stable embeddings to generate
pseudo-labels that are more aligned under various augmentations together with the help of
cross-attention. In this way, we are able to cope with the gap caused by the use of various
modality-specific augmentations in data processing, and can thus enhance the ERDA learning
for pseudo-label generation across modalities. We believe this can represent a substantial step

towards a modality-agnostic label-efficient learning method for semantic segmentation.

Empirically, we comprehensively experiment with different label-efficient settings on both
3D and 2D datasets. Despite its concise design, our ERDA outperforms existing methods
on large-scale point cloud datasets such as S3DIS [44], ScanNet [43], and SensatUrban [71],
as well as 2D datasets such as Pascal [235] and Cityscapes [222]. Notably, our ERDA can
surpass the fully supervised baselines using only 1% labels, demonstrating its significant
effectiveness in leveraging pseudo-labels. Furthermore, we validate the scalability of our
method by successfully generalizing it to other settings, which illustrates the benefits of

utilizing dense pseudo-label supervision with ERDA.
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This chapter develops ERDA as a noise-aware supervision strategy for semantic segmentation

across 2D and 3D modalities. The main contributions of this chapter are as follow.

(1) A unified ERDA learning that couples entropy regularization with distribution align-
ment, yielding a deceptively simple cross-entropy-style objective that jointly im-
proves pseudo-label generation and model learning.

(2) A query-based pseudo-labeling mechanism that improves robustness under modality-
specific perturbations, notably strong 2D augmentations.

(3) Broad empirical validation across semi-supervised, sparse-label, medical-image, and
unsupervised settings, supported by extensive ablations and analyses that isolate the

impact of pseudo-label noise.

4.2 Related Work

Point cloud segmentation. Point cloud semantic segmentation aims to assign semantic
labels to 3D points. The cutting-edge methods are deep-learning-based and can be classified
into projection-based and point-based approaches. Projection-based methods project 3D
points to grid-like structures, such as 2D image [79, 80, 183—186] or 3D voxels [23, 90, 92,
98, 187, 188]. Alternatively, point-based methods directly operate on 3D points [18, 19].
Recent efforts have focused on novel modules and backbones to enhance point features, such
as 3D convolution [22, 24, 129, 130, 206, 217], attentions [26, 109, 131, 189, 236, 237],
graph-based methods [20, 190], and other modules such as sampling [111, 114, 191] with
additional supervision signals [8, 194, 195]. Although these methods have made significant
progress, they rely on large-scale datasets with point-wise annotation and struggle with few
labels [168]. To address the demanding requirement of point-wise annotation, our work

explores weakly-supervised learning for 3D point cloud segmentation.

Weakly-supervised point cloud segmentation. Compared to weakly-supervised 2D im-
age segmentation [227, 238-241], weakly-supervised 3D point cloud segmentation is less
explored. In general, weakly-supervised 3D segmentation focuses on highly sparse labels:

only a few scattered points are annotated in large point cloud scenes. Xu and Lee [168]
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first propose to use 10x fewer labels to achieve performance on par with a fully-supervised
point cloud segmentation model. Later studies have explored more advanced ways to exploit
different forms of weak supervision [169, 219, 242, 243] and human annotations [75, 244].
Recent methods tend to introduce perturbed self-distillation [245], consistency regulariza-
tion [168, 246-249], and leverage self-supervised learning [228, 229, 246, 250] based on
contrastive learning [201, 251]. Pseudo-labels are another approach to leverage unlabeled
data, with methods such as pre-training networks on colorization tasks [225], using iterative
training [226, 252], employing separate networks to iterate between learning pseudo-labels
and training 3D segmentation networks [244], or using super-point graph [190] with graph
attentional module to propagate the limited labels over super-points [253]. However, these
existing methods often require expensive training due to hand-crafted 3D data augmenta-
tions [229, 245, 247, 248], iterative training [226, 244, 252], or additional modules [226, 229],
complicating the adaptation of backbone models from fully-supervised to weakly-supervised
learning. In contrast, our work aims to achieve weakly-supervised learning with straightfor-
ward motivations and simple implementation, which is effective not only for 3D point clouds

but also for other modalities such as 2D images.

Label-efficient image segmentation. Among various label-efficient settings, semi-supervised
segmentation aims to learn segmentation models with only a small set of labeled images
that have per-pixel annotations and an additional set of unlabeled images. With the gen-
eral development of semi-supervised learning [254], there are generally two paradigms for
semi-supervised segmentation, the entropy minimization [15, 45, 255-257] that leverages
model prediction on unlabeled data as pseudo-labels for training, and the consistency regu-
larization [258-265] that encourages model prediction to be invariant to the perturbations
and noise on the unlabeled data. FixMatch [227] proposes to cast the model prediction on
strongly perturbed unlabeled data as pseudo-labels to supervise the model prediction on
weakly perturbed unlabeled data. Such weak-to-strong pseudo-labels combine the benefits
from two schemes into one and have popularized in semi-supervised segmentation. Recent
follow-up methods improves by proposing new pseudo-label selection criteria [240, 266-269]

as well as stronger and more diverse augmentations [234, 270, 271].
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Additionally, some methods incorporate other regularizations to better regulate the segmen-
tation model, such as prototypical prediction heads [272] and contrastive learning [262]. In
particular, ReCo [273] proposes to learn with sparse labels, where each image has only very
few labeled pixels. Apart from weak-to-strong pseudo-labels, it samples unlabeled pixels
based on model confidence to perform contrastive learning, which effectively leverages the

scarce labeled pixels.

These existing works mostly focus on better exploring the supervision signals from the
augmented 2D data, which largely relies on the specific processing and augmentation tech-
niques such as mixups [265, 274, 275] and cut-outs [276]. In comparison, our method views
pseudo-label generation as a unique learning target and introduces query-based pseudo-
labels for end-to-end optimization together with the segmentation task to achieve a more

modality-agnostic pseudo-labeling method.

Unsupervised segmentation. Unsupervised semantic segmentation aims to partition images
into coherent regions without labels. Classical CRF models [41, 277] impose spatial smooth-
ness over connected pixel grids and rely on low-level cues. Modern methods instead learn
pixel-wise semantics with self-supervision, optimizing mutual information between cluster
assignments [278] and enforcing consistency to stabilize pixel-level grouping [279-281]
With the advent of self-supervised pre-training, many methods operate in the feature space
of pre-trained backbones [36, 37], discovering prototypes or regualrizations for iterative
self-distillation [282—285]. These methods typically require additional training on unlabeled
images and, by construction, produce pseudo-labels for pixel-level supervision signals. Our
approach is thus orthogonal and complementary, as ERDA can further learn to refine these

pseudo-labels, thereby improving semantic clustering results.

Pseudo-label refinement. Pseudo-labeling [45], a versatile method for entropy minimiza-
tion [15], has been extensively studied in various tasks, including semi-supervised 2D classifi-
cation [231, 256], segmentation [227, 234], and domain adaptation [286, 287]. To generate
high-quality supervision, various label selection strategies have been proposed based on
learning status [266, 267, 288], label uncertainty [231, 286, 287, 289], class balancing [232],

and data augmentations [227, 232, 234]. Our method is most closely related to the works
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addressing bias and noise in supervision, where mutual learning [288, 290, 291] and dis-
tribution alignment [232, 292, 293] have been discussed. However, these works typically
focus on class imbalance [232, 292] and rely on iterative training [288, 290, 291, 293], label
selection [240, 269, 288, 292], and strong data augmentations [232, 292], which might not be
directly applicable to 3D point clouds. For instance, common image augmentations [227] like
cropping and resizing may translate to point cloud upsampling [294], which remains an open
question in the related research area. Rather than introducing complicated mechanisms, we
argue that proper regularization on pseudo-labels and its alignment with model prediction
can provide significant benefits using a very concise learning approach designed for the

weakly-supervised 3D point cloud segmentation task.

In addition, it is shown that the data augmentations and repeated training in mutual learn-
ing [166, 290] are important to avoid the feature collapse, i.e. the resulting pseudo-labels
being uniform or the same as model predictions. We suspect the cause may originate from the
entropy term in their use of raw statistical distance by empirical results, which potentially
matches the pseudo-labels to noisy and confusing model prediction, as would be discussed
in Sec. 4.3.3. Moreover, in self-supervised learning based on clustering [295] and distilla-
tion [36], it has also been shown that it would lead to feature collapse if matching to a cluster
assignment or teacher output of a close-uniform distribution with high entropy, which agrees

with the intuition in our ER term.

4.3 Methodology

In this section, we first present details about the formulation of the proposed ERDA. Subse-
quently, we discuss how our method can be extended to multiple modalities with the help of a

query-based pseudo-labeling method.

4.3.1 Formulation of ERDA

As previously mentioned, we propose the ERDA approach to alleviate noise in the generated

pseudo-labels and reduce the distribution gaps between them and the segmentation network
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predictions. In general, our ERDA introduces two loss functions, including the entropy
regularization loss and the distribution alignment loss for the learning on pseudo-labels. We
denote the two loss functions as Lgr and Lp 4, respectively. Then, we have the overall loss
of ERDA as follows:

L, =MALgr+ Lpa, 4.1)

where the A > 0 modulates the entropy regularization which is similar to the studies [15, 45].

Before detailing the formulation of Lgr and Lp,4, we first introduce the notation. While
the losses are calculated over all unlabeled points, we focus on one single unlabeled point
for ease of discussion. We denote the pseudo-label assigned to this unlabeled point as p
and the corresponding segmentation network prediction as q. Each p and q is a 1D vector

representing the probability over classes.

Entropy Regularization loss. We hypothesize that the quality of pseudo-labels can be
hindered by noise, which in turn affects model learning. Specifically, we consider that the
pseudo-label could be more susceptible to containing noise when it fails to provide a confident

pseudo-labeling result, which leads to the presence of a high-entropy distribution in p.

To mitigate this, for the p, we propose to reduce its noise level by minimizing its Shannon

entropy, which also encourages a more informative labeling result [296]. Therefore, we have:

Lgr = H(p), (4.2)

where H(p) = ), —p; log p; and i iterates over the vector. By minimizing the entropy of the
pseudo-label as defined above, we promote more confident labeling results to help resist noise

in the labeling process'.

Distribution Alignment loss. In addition to the noise in pseudo-labels, we propose that
significant discrepancies between the pseudo-labels and the segmentation network predictions
could also confuse the learning process and lead to unreliable segmentation results. In general,

the discrepancies can stem from multiple sources, including the noise-induced unreliability of

'We note that our entropy regularization aims for entropy minimization on pseudo-labels, and we consider
noise as the uncertain predictions by the pseudo-labels instead of incorrect predictions.
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pseudo-labels, differences between labeled and unlabeled data [232], and variations in pseudo-
labeling methods and segmentation methods [288, 291]. Although entropy regularization
could mitigate the impact of noise in pseudo-labels, significant discrepancies may still persist
between the pseudo-labels and the predictions of the segmentation network. To mitigate this
issue, we propose that the pseudo-labels and network can be jointly optimized to narrow such
discrepancies, making generated pseudo-labels not diverge too far from the segmentation

predictions. Therefore, we introduce the distribution alignment loss.

To properly define the distribution alignment loss (Lp4), we measure the KL divergence
between the pseudo-labels (p) and the segmentation network predictions (q) and aim to

minimize this divergence. Specifically, we define the distribution alignment loss as follows:

Lpa = KL(p||a), (4.3)

where K L(p||q) refers to the KL divergence. Using the above formulation has several
benefits. For example, the KL divergence can simplify the overall loss L,, into a deceptively
simple form that demonstrates desirable properties and also performs better than other distance

measurements. More details will be presented in the following sections.

Simplified ERDA. With the Lgg and Lp, formulated as above, given that K L(pl||q) =
H(p,q)—H(p) where H (p, q) is the cross entropy between p and ¢, we can have a simplified
ERDA formulation as:

L, = H(p,q) + (A - 1)H(p). 4.4)
In particular, when A\ = 1, we obtain the final ERDA loss*:

Ly=H(p,q) = —pilogg; (4.5)
The above simplified ERDA loss describes that the entropy regularization loss and distribution

alignment loss can be represented by a single cross-entropy-based loss that optimizes both p

and q.

2We would justify the choice of A in the following Sec. 4.3.3 as well as Sec. 4.4.4
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FIGURE 4.2. Detailed illustration of our ERDA with the prototypical pseudo-label
generation process, which is prevalently used for 3D point cloud.

We would like to emphasize that Eq. (4.5) is distinct from the conventional cross-entropy
loss. The conventional cross-entropy loss utilizes a fixed label and only optimizes the term
within the logarithm function, whereas the proposed loss in Eq. (4.5) optimizes both p and q

simultaneously.

4.3.2 Towards Modality-agnostic Pseudo-labeling with ERDA

Pseudo-labels are widely used in the segmentation for both 2D images and 3D point clouds
when rich ground-truth labels are not available. As discussed earlier, we propose that the
generated pseudo-labels would suffer from noises and variations in labels on both data
modalities. As a result, the proposed ERDA method is supposed to be effective in alleviating

the pseudo-label noises on both 2D and 3D data.

However, one of the most challenging problems when adapting ERDA to pseudo-labels on
different modalities is that the ERDA needs to cope well with the diverse pseudo-labeling
methods, which are designed for specific modalities and rise to be a unique problem when

developing more modality-agnostic label-efficient learning.

For label-efficient learning on segmentation, current pseudo-labeling methods rely on high-
quality teacher predictions to train the student model on unlabeled data. The production of
such teacher predictions could however be modality-specific, which is rooted in the modality-

specific data processing and augmentation techniques. For 2D images, strong augmentations
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FIGURE 4.3. Illustration of our ERDA with our query-based pseudo-label generation
process under the weak-to-strong framework, which are widely adopted in 2D label-
efficient segmentation. The teacher model could be either shared with the student [227,
234] or an EMA-updated version of it [36, 273].

like mixups [265, 274, 275] and cut-outs [276] have been shown to be beneficial for model
generalization. Researchers thus generally employ strong augmentations on the student
model but weak augmentations on the teacher model to produce predictions as pseudo-labels,
leading to the weak-to-strong pseudo-labeling strategy. In contrast, in 3D point clouds,
strong augmentations like mixups and cut-outs are not usually used because they could
change the spatial relation and structural information that are of great importance in 3D
modeling. Weak augmentations are thus uniformly applied on both student and teacher
models, and prototypical features are commonly used for pseudo-label generation. We
illustrate different pseudo-labeling procedures in Fig. 4.2 and Fig. 4.3, and provide more
discussion and details for the common practice of augmentations across data modalities, as
well as how various augmentations are employed in the training with pseudo-labels, in the

supplementary Sec. 4.6.1.
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When applying ERDA on 3D data, noises or confusions in pseudo-labels induced by augmen-
tation are limited and can thus be easily dealt with. Instead, when applying ERDA on the
2D data, the disturbances from strong data augmentation might act like large noises in the
pseudo-labels. Directly using ERDA to diminish the noises from pseudo-labels on 2D data
may thus offset the benefits brought by both data augmentation and ERDA, as we expect the
ERDA learning to specifically reduce the noise within pseudo-labels but not the noise brought
by different level of data augmentations®. Due to these differences in data processing and
augmentation strategies, current research towards modality-agnostic pseudo-labeling methods
is very limited. By addressing this, we proposed to enhance the data augmentation awareness
for ERDA to make it better fit to the 2D images, making the proposed ERDA a much more
modality-agnostic strategy that can significantly enhance label-efficient segmentation on both

2D and 3D data.

In this study, we propose to specifically account for the gaps between pseudo-labels and
student network predictions caused by augmentations in pseudo-label generation, so that
ERDA can better address the non-augmentation noises, without affecting the benefits of data
augmentations. In the following, we will discuss in detail how we adapt ERDA to different
data modalities for pseudo-label learning, making our overall ERDA approach an innovative

and more modality-agnostic approach.

Prototypical pseudo-labeling with augmentations. For our ERDA, we derive pseudo-labels
based on prototypes due to simplicity and effectiveness [168, 225, 297] for 3D point clouds
as well as 2D images. Specifically, as shown in Fig. 4.2, prototypes [298] denote the class
centroids in the feature space, which are calculated based on the limited labeled data, and
pseudo-labels can be estimated based on the feature distances between unlabeled points and

the prototypical class centroids.

SWe provide more empirical analysis in Sec. 4.4.4 and Tab. 4.11b.
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That is, supposing that 7 denotes the common augmentations applied on input data x, we

could then generate pseudo-label p and network prediction q based on:

p= SoﬁMax(cos[gp(T(x)), C]),
q = g4(T (x))),

where g, and g, represent a network that maps input data to a feature for pseudo-label

(4.6)

generation and network prediction, respectively, cos|[-, -] is cosine similarity measurement,
and C € R™X is the collection of class centroids, i.e. prototypes. d is the number of feature

dimensions and K is the number of classes.

To avoid expensive computational costs and compromised representations for each semantic
class [225, 228, 229], momentum update is utilized as an approximation to obtain global class
centroids. Given X' as the collection of labeled data and X'* as the collection of unlabelled
data, the momentum-based prototype update for a specific class centroid C';, € C is calculated
by:

A A 1
Cr = mCy+ (1=m)Cy, Cy =+ > a(T(x) 4.7

b xeEX!Ay=k

where N is the number of labeled points of the k-th class.

We note that, in Eq. (4.6), both pseudo-labels and model predictions are generated through
weakly augmented 3D point cloud data. However, when using 2D data, g, and g, are provided
with different augmentations 7, e.g. weak augmentations 7" for g, and strong augmentations
T* for g, in a weak-to-strong strategy [227, 273]. Such practice naturally and intentionally
introduces gaps between p and q, which are shown to be useful for model robustness. To this
end, we propose to innovate g, to make it aware of the augmentation-related gaps and focus

more on the noise within pseudo-labels.

Query-based pseudo-label for strong augmentations. As illustrated in Fig. 4.3, we attempt
to make the pseudo-label generation aware of the gaps between pseudo-labels and student
network predictions caused by augmentations. To achieve this, we first leverage query
embeddings. Since the query embeddings are not dependent on the input, they can be less

sensitive to the gaps caused by diverse data augmentations used on 2D images when generating
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pseudo-labels. Using cross-attention, we can then associate these more ‘“augmentation-
insensitive” embeddings with the current backbone features, which would account for the
irrelevant noise induced by the use of strong data augmentation. With such a process, we can
generate pseudo-labels that would be more sensitive to noises related to the pseudo-labels

rather than the augmentations, making our ERDA more helpful for better learning.

We propose the query-based pseudo-labels:
p = A(C? g, (x))g, (x), (4.8)

where we directly generate pseudo-labels by conditioning the queries C¥ on the current data
through cross-attention .4. We omit the transformation 7 for clarity. g]f( and g;/ are the
functions to extract key and value features, respectively, and generally leverage teacher model
as shown in Fig. 4.3. Here, the query, key, and value align with the transformer decoder [299],
leading to a pseudo-label generation process based on the queries C%, which is implemented

as learnable embeddings in R¥*¥ to be optimized by Eq. (4.1).

Discussion. Although we introduce the transformer decoder with query embeddings and
cross-attention, we would like to emphasize that our approach is novel and different from
existing formulations. On the one hand, we re-formulate the decoding process for our pseudo-
label generation by using the query embeddings to encode class information that is more
augmentation-insensitive. On the other hand, the employed query embeddings replace the
typical class-centroids in prototypical pseudo-labels defined in Eq. (4.7). Compared with
conservative updates such as momentum updates, the cross-attention between queries and
current features makes the pseudo-label generation process aware of the use of various

augmentations on the current input.

Our novel formulation enables our method to be effective in handling various data processing
and augmentation methods for pseudo-label generation, such as the weak-to-strong approach
on 2D images. Weak-to-strong approach combines the pseudo-labeling approaches with
consistency regularizations through the use of rich data augmentations, especially the augmen-
tations on image data. Typically, to enhance such regularization, existing works [227, 273]

use the teacher model to generate pseudo-labels on images with weak augmentations, and
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TABLE 4.1. The formulation of L,, using different functions to formulate Lp 4. We

study the gradient update on s;, i.e. — % under different situations. S1: update given

confident pseudo-label, p being one-hot with Jpr € p,pr — 1. S2: update given
confusing prediction, q being uniform with ¢; = ... = g = % More analysis as
well as visualization can be found in the Sec. 4.3.3 and the supplementary Sec. 4.6.2.

train the student model on images with strong augmentations. Thanks to the well-studied
augmentation techniques [276, 300] on 2D images, such a weak-to-strong approach has been
widely adopted in 2D label-efficient segmentation tasks [227, 234, 273]. Nonetheless, the use
of different augmentations consistently induces large gaps between generated pseudo-labels
and the model predictions, which could overwhelm and hinder the ERDA learning. In com-
parison, with the query-based pseudo-label, the decoder can be optimized to generate better
and more aligned pseudo-labels for the student model under strong augmentations, and makes

ERDA learning focus better on the non-augmentation noise within pseudo-labels.

From the perspective of pseudo-label generation, query-based pseudo-labels could be viewed
as an effective way of integrating prototypical pseudo-labels and weak-to-strong approach
to enjoy both compact representation and strong augmentations. In this view, we marry the
ERDA learning to the weak-to-strong approach with a typical choice of g, being transformer
decoder as in Eq. (4.8) and producing pseudo-labels as Eq. (4.6). More comparison and

analysis can be found in the ablation (Sec. 4.4.4) and supplementary.

4.3.3 Delving into the Benefits of ERDA

To formulate the distribution alignment loss, different functions can be employed to mea-
sure the differences between p and q. In addition to the KL divergence, there are other
distance measurements like mean squared error (MSE) or Jensen-Shannon (JS) divergence
for replacement. Although many mutual learning methods [166, 288, 291, 293] have proven

the effectiveness of KL divergence, a detailed comparison of KL divergence against other
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measurements is currently lacking in the literature. In this section, under the proposed ERDA
learning framework, we show by comparison that K L(p||q) is a better choice, and ER is

necessary for label-efficient segmentation.

To examine the characteristics of different distance measurements, including K L(p||q),
KL(q||p), JS(p|la), and M SE(p||q), we investigate the form of our ERDA loss L,, and
its impact on the learning for pseudo-label generation network given two situations during

training.

More formally, we shall assume a total of K classes and define that a pseudo-label p =
[p1, ..., px] is based on the confidence scores s = [sq, ..., Si], and that p = softmax(s).
Similarly, we have a segmentation network prediction q = [q1, ..., gk for the same point. We
re-write the ERDA loss L, in various forms and investigate the learning from the perspective

of gradient update, as in Tab. 4.1.

Situation 1: Gradient update given confident pseudo-label p. We first specifically study
the case when p is very certain and confident, i.e. p approaching a one-hot vector. As in
Tab. 4.1, most distances yield the desired zero gradients, which thus retain the information of
a confident and reliable p. In this situation, however, the K L(q||p), rather than K L(p||q)
in our method, produces non-zero gradients that would actually increase the noise among

pseudo-labels during its learning, which is not favorable according to our motivation.

Situation 2: Gradient update given confusing prediction q. In addition, we are also
interested in how different choices of distance and A would impact the learning on pseudo-
label if the segmentation model produces confusing outputs, i.e. q tends to be uniform. In
line with the motivation of ERDA learning, we aim to regularize the pseudo-labels to mitigate
potential noise and bias, while discouraging uncertain labels with little information. However,
as in Tab. 4.1, most implementations yield non-zero gradient updates to the pseudo-label
generation network. This update would make p closer to the confused q, thus increasing the
noise and degrading the training performance. Conversely, only K L(p||q) can produce a zero
gradient when integrated with the entropy regularization with A = 1. That is, only ERDA in

Eq. (4.5) would not update the pseudo-label generation network when q is not reliable, which
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avoids confusing the p. Furthermore, when q is less noisy but still close to a uniform vector,
it is indicated that there is a large close-zero plateau on the gradient surface of ERDA, which

benefits the learning on p by resisting the influence of noise in q.

In addition to the above cases, the gradients of ERDA in Eq. (4.5) could be generally
regarded as being aware of the noise level and the confidence of both pseudo-label p and the
corresponding prediction q. Especially, ERDA produces larger gradient updates on noisy
pseudo-labels, while smaller updates on confident and reliable pseudo-labels or given noisy
segmentation prediction. Therefore, our formulation demonstrates its superiority in fulfilling
our motivation of simultaneous noise reduction and distribution alignment, where both Lgp
and KL-based Lp4 are necessary. We provide more empirical studies in ablation (Sec. 4.4.4)

and detailed analysis in the supplementary.

4.3.4 Overall Objective

Finally, with ERDA learning in Eq. (4.5), we minimize the same loss for both labeled and
unlabeled points, segmentation task, and pseudo-label generation, where we allow the gradient

to back-propagate through the (pseudo-)labels. The final loss is given as

1 1
L=5 Lelay)+agy D Llap), (4.9)

xeX! xXeEXu

where L,(q,p) = Le.(q,p) = H(q, p) is the typical cross-entropy loss used for point cloud
segmentation, N "and N* are the numbers of labeled and unlabeled points, and « is the loss

weight.

Aligned with our motivation, we do not introduce thresholding-based label selection or one-
hot conversion [45, 225] to process generated pseudo-labels. Due to the simplicity of ERDA,
we are able to follow the setup of the baselines for training, which enables straightforward
implementation and easy adaptation on various backbone models and supervision settings

with little overhead. More details are in the supplementary.
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settings methods | mloU | ceiling floor wall beam column window door table chair sofa bookcase board clutter

PointNet [18]] 41.1 | 88.8 97.3 69.8 0.1 39 463 10.8 59.0 52.6 59 403 264 332
MinkowskiNet [92] | 65.4 | 91.8 98.7 86.2 0.0 34.1 489 624 81.6 89.8 472 749 744 58.6
KPConv [22]| 65.4 | 92.6 973 814 0.0 16.5 545 695 90.1 80.2 746 664  63.7 58.1
SQN [226]| 63.7 | 92.8 969 81.8 0.0 259 50.5 659 79.5 853 557 725 658 559
HybridCR [228]| 65.8 | 93.6 98.1 823 0.0 244 59.5 669 79.6 879 67.1 730 66.8 55.7

Fully  RandLA-Net [109]] 64.6 | 92.4 96.8 80.8 0.0 18.6 572 54.1 879 798 745 702  66.2 593
+ERDA| 684 | 939 985 834 0.0 289 62.6 70.0 894 827 755 695 753 58.7

CloserLook [206]| 66.2 | 942 98.1 82.7 0.0 222 57.6 704 912 812 753 61.7 65.8 604
+ERDA| 69.6 945 985 852 0.0 31.1 573 722 91.7 83.6 776 748 758 62.1

PT [26]] 70.4 | 940 985 8.3 0.0 380 634 743 89.1 824 743 802 76.0 593
+ERDA| 72.6 958 98.6 8.4 00 439 612 813 93.0 845 77.7 815 745 649

zhang et al. [225]| 45.8 - - - - - - - - - - - - -

PSD [245]| 482 87.9 96.0 62.1 0.0 20.6 493 409 55.1 619 439 507 273 31.1
MIL-Trans [229]| 51.4 | 86.6 932 75.0 0.0 29.3 453 46.7 60.5 623 56.5 475 337 322
HybridCR [228]| 51.5 | 854 919 659 0.0 18.0 514 342 63.8 783 524 59.6 299 39.0

0.02%  RandLA-Net[109]| 40.6 | 84.0 942 590 00 54 404 169 52.8 514 522 169 278 27.0
(1pt) +ERDA| 484 873 963 619 0.0 11.3 459 317 73.1 65.1 57.8 26.1 360 36.4

CloserLook [206] | 34.6 | 33.6 40.5 524 0.0 21.1 254 355 489 489 539 238 353 30.1
+ERDA| 52.0 | 90.0 96.7 70.2 0.0 21.5 458 419 76.0 655 56.1 515 30.6 309

PT[26]| 22 | 0.0 0.0 292 0.0 0.0 00 00 00 00 0.0 0.0 00 0.0
+ERDA| 26.2 | 86.8 96.9 632 0.0 0.0 00 15.1 29.6 263 0.0 0.0 00 228

zhang et al. [225]] 61.8 | 91.5 96.9 80.6 0.0 18.2 58.1 472 758 857 652 689 650 50.2
PSD [245]| 63.5 | 923 97.7 80.7 0.0 278 56.2 625 787 84.1 63.1 704 589 532
SQN [226]| 63.6 | 92.0 964 813 0.0 214 537 732 77.8 86.0 56.7 699  66.6 525
HybridCR [228]| 65.3 | 925 939 82.6 00 242 644 632 783 81.7 69.0 744 682 56.5

1% RandLA-Net [109]| 59.8 | 923 975 770 0.1 159 48.7 38.0 832 78.0 684 624 649 50.6
+ERDA| 672 | 942 975 823 0.0 273 60.7 68.8 88.0 80.6 76.0 70.5 68.7 584

CloserLook [206]| 59.9 953 984 78.7 0.0 145 444 38.1 849 79.0 69.5 67.8 539 54.1
+ERDA| 682 | 940 98.2 83.8 0.0 30.2 56.7 627 91.0 80.8 754 802 745 583

PT [26]| 65.8 | 94.2 982 83.0 0.0 44.2 504 688 88.1 83.0 752 474 643 59.0
+ERDA| 704 955 98.1 8.5 0.0 30.5 61.7 733 90.1 82.6 77.6 80.6 76.0 63.1

Xuand Lee [168]| 48.0 | 90.9 97.3 748 0.0 84 493 273 69.0 71.7 16,5 532 233 428
Semi-sup [250]| 57.7 - - - - - - - - - - - R R
zhang et al. [225]| 64.0 - - - - - - - - - - - R _

SQN [226]| 64.7 | 93.0 97.5 81.5 0.0 28.0 558 68.7 80.1 87.7 552 723 639 57.0

10% RandLA-Net [109]| 61.7 | 91.7 97.8 794 0.0 284 50.8 455 85.2 813 703 57.1 63.8 51.8
+ERDA| 679 | 943 984 832 0.0 30.5 60.7 674 88.8 832 745 688 724 604

CloserLook [206]| 55.5 | 93.0 98.2 73.6 0.0 12.6 25.6 333 87.5 729 65.1 73.1 36.0 5l1.1
+ERDA| 69.1 94.7 98.5 832 0.0 288 53.8 709 915 825 758 821 753 61.6

PT [26]| 66.0 | 93.7 983 837 0.0 35.0 48.1 709 883 819 732 603 673 572

+ERDA| 71.7 94.6 98.5 86.5 0.0 49.7 61.3 824 89.8 843 780 705 741 624

TABLE 4.2. The results are obtained on the S3DIS datasets Area 5. For all baseline
methods, we follow their official instructions in evaluation. The bold denotes the best
performance in each setting.

4.4 Experiments

We present the benefits of our proposed ERDA by experimenting with multiple large-scale
datasets on both 2D and 3D modalities. We also provide ablation studies for better investiga-

tion.
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Input Ground Truth Baseline ERDA Improvement

FIGURE 4.4. We show obvious improvement of our ERDA over baseline (RandLA-
Net) on different scenes from S3DIS Area 5. In the office and hallway (top 2),
ERDA produces more detailed and complete segmentation for windows and doors,
and avoids over-expansion of the board and bookcase on the wall, thanks to the
informative pseudo-labels. In more cluttered scenes (bottom 2), ERDA tends to make
cleaner predictions by avoiding improper situations such as desk inside clutter and
preserving important semantic classes such as columns.

4.4.1 Experimental Setup

3D point cloud segmentation. We choose RandLA-Net [109] and CloserLook [206] as
our primary baselines following previous works. Additionally, while transformer mod-
els [301, 302] have revolutionized the field of computer vision as well as 3D point cloud
segmentation [26, 131], none of the existing works have addressed the training of transformer
for point cloud segmentation with weak supervision, even though these models are known
to be data-hungry [301]. We thus further incorporate the PointTransformer (PT) [26] as our
baseline to study the amount of supervision demanded for effective training of transformer on

3D point cloud.

For training, we follow the setup of the baselines and set the loss weight o = (.1. For a fair

comparison, we follow previous works [225, 226, 245] and experiment with different settings,
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settings methods | mIoU settings methods | cat. mIoU ins. mIoU methods 1-pixel 1% 5% 25%
PointCNN [24] | 45.8 KPConv [22] 85.0 86.2 Supervised 603 662 692 73.8
RandLA-Net [109] | 64.5 CloserLook [206] | 84.3 86.0 FixMatch [227] | 637 710 729 758
Fully KPConv [22] | 68.4 Fully PT[26]| 83.7 86.6 ’ : ’ ’
HybridCR [228] | 59.9 CloserLook + ERDA | 85.9 86.6 +ReCo [273] | 66.1 727 74.1 76.0
CloserLook + ERDA | 70.4 PT+ERDA | 852 86.7 + ERDA 702 741 751 764
MIL-Trans [229] | 54.4 CloserLook [206] 74.7 80.6
20PtS | CjoserLook + ERDA | 57.0 - PT[26]| 767 81.5 TABLE 4.5. Sparse-label re-
0.1% SQN [226] | 56.9 PU | CloserLook + ERDA |  78.3 81.9 sults on Pascal.
7| RandLA-Net + ERDA | 62.0 PT+ERDA | 785 82.5 hod 3
zhang efal. [225] | 51.1 CloserLook [206] | 81.9 842 methods Lcase 3cases 7 cases
1% PSD [245] | 54.7 1% PT[26]| 822 85.0 UA-MT [304] - 61.0 815
’ HybridCR [228] | 56.8 “ | CloserLook + ERDA |  83.4 85.2 CNN&Trans [305] - 656  86.4
RandLA-Net + ERDA | 63.0 PT + ERDA 83.3 85.6 UniMatch [234] 85.4 88.9 89.9
+ ERDA 867 899 911
TABLE 4.3. Results on TABLE 4.4. Results on
ScanNet test set. ShapeNetPart dataset. TABLE 4.6. Results on ACDC

medical images.

including the 0.02% (1pt), 1% and 10% settings, where the available labels are randomly

sampled according to the ratio®. More details are given in the supplementary.

2D image segmentation. To systematically analyze the effectiveness of ERDA learning across
the modalities, we consider several important 2D label-efficient settings [234, 267, 268, 303],
including semi-supervised and sparse-label settings, and also generalize to medical images as

well as unsupervised settings.

More specifically, for semi-supervised settings, we follow the standard evaluation protocols
from FixMatch [227, 234], which split the training set into two subsets, which are labeled and
unlabeled images. We also follow the choice of baseline to use DeepLabv3+ [31] with ResNet-
101 [54] as the backbone network. For sparse-label, we follow ReCo [273] that allocates
annotations in the form of the number/ratio of labeled pixels per image. It also follows
the FixMatch [227] in training and generating the pseudo-labels. For medical images, we
follow the Unimatch [234] in using FixMatch with enhanced augmentations on medical image
dataset. For unsupervised learning, we build upon the state-of-art method, SmooSeg [303],
which utilizes the recent large vision transformer [36, 301] as the strong backbone. By default,
we implement the query-based pseudo-labeling method using a transformer decoder with one
transformer layer, which keeps our method simple and lightwight. More details are given in

the supplementary.

4Some super-voxel-based approaches, such as OTOC [244], additionally leverage the super-voxel partition
from the dataset annotations [226]. We thus treat them as a different setting and avoid direct comparison.
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settings methods | mloU methods | 92 183 366 732 1464 methods backbone  Acc. mloU
PointNet [18] | 23.7 Supervised | 45.1 55.3 64.8 69.7 73.5 TIC [278] ResNet+FPN 479 6.4
PointNet++ [19] | 32.9 CPS [270] | 64.1 674 717 759 - MDC [279] ResNet+FPN  40.7 7.1
Full RandLA-Net [109] | 52.7 ST++[269] | 652 71.0 74.6 773 79.1 PiCIE [279] ResNet+FPN 655 12.3
wy KPConv [22] | 57.6 PS-MT [271] | 65.8 69.6 76.6 784 80.0  DINO [36] ViT-S/8 405 137
LCPFormer [306] | 63.4 U?PL [240] | 68.0 69.2 73.7 762 79.5 + TransFGU [283] VIT-S/8 779 168
RandLA-Net + ERDA | 64.7 PCR[272] | 70.1 74.7 77.2 78.5 80.7 + STEGO [284] ViT-S/8 69.8 17.6
SQN [226] | 54.0 FixMatch [227] | 63.9 73.0 755 77.8 79.2 + SmooSeg [303] ViT-S/8 828 184
0.1% | RandLA-Net + ERDA | 56.4 +ERDA | 749 76.6 78.1 78.7 80.4 + ERDA ViT-S/8 823 205
TABLE 4.7. Re- TABLE 4.8. Semi- TABLE 4.9. Unsu-
sults on SensatUr- supervised results pervised results on
ban test. on Pascal. Cityscapes.

4.4.2 Performance Comparison on 3D Segmentation

Results on S3DIS. S3DIS [44] is a large-scale point cloud segmentation dataset that covers
6 large indoor areas with 272 rooms and 13 semantic categories. As shown in Tab. 4.2,
ERDA significantly improves over different baselines on all settings and almost all classes.
In particular, for confusing classes such as column, window, door, and board, our method
provides noticeable and consistent improvements in all weak supervision settings. We also
note that PT suffers from severe over-fitting and feature collapsing under the supervision of
extremely sparse labels of the “1pt” setting; whereas it is alleviated with ERDA, though not
achieving a satisfactory performance. Such observation agrees with the understanding that

the transformer is data-hungry [301].

Impressively, ERDA yields competitive performance against most supervised methods. For
instance, with only 1% of labels, it achieves performance better than its stand-alone baselines
with full supervision. Such result indicates that the ERDA is more successful than expected

in alleviating the lack of training signals, as also demonstrated qualitatively in Fig. 4.4.

Therefore, we further extend the proposed method to fully-supervised training, i.e. in setting
“Fully” in Tab. 4.2. More specifically, we generate pseudo-labels for all points and regard the
ERDA as an auxiliary loss for fully-supervised learning. Surprisingly, we observe non-trivial
improvements (+3.7 for RandLLA-Net and +3.4 for CloserLook) and achieve the state-of-
the-art performance of 72.6 (+2.2) in mIoU with PT. We suggest that the improvements are
due to the noise-aware learning from ERDA, which gradually reduces the noise during the
model learning and demonstrates to be generally effective. Moreover, considering that the

ground-truth labels could suffer from the problem of label noise [12, 166, 167], we also
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hypothesize that pseudo-labels from ERDA learning could stabilize fully-supervised learning

and provide unexpected benefits.

We also conduct the 6-fold cross-validation, as reported in Tab. 4.13 in Sec. 4.6.3. In general,
we find our method achieves a leading performance among both weakly-supervised and

fully-supervised methods, which validates the effectiveness of our method.

Results on ScanNet. ScanNet [43] is an indoor point cloud dataset that covers 1513 training
scenes and 100 test scenes with 20 classes. In addition to the common settings, e.g. 1% labels,
it also provides official data efficient settings, such as 20 points, where for each scene there
are a pre-defined set of 20 points with the ground truth label. We evaluate both settings and
report the results in Tab. 4.3. We largely improve the performance under 0.1% and 1% labels.
In the 20pts setting, we also employ the convolutional baseline, CloserLook [206], for a fair
comparison. With no modification on the model, we surpass MIL-transformer [229] that
additionally augments the backbone with transformer modules and multi-scale inference.
Besides, we apply ERDA to baseline under fully-supervised setting and achieve competitive
performance. These results also validate the ability of ERDA in providing effective supervision

signals.

Results on SensatUrban. SensatUrban [71] is an urban-scale outdoor point cloud dataset
that covers the landscape from three UK cities. In Tab. 4.7, ERDA surpasses SQN [226] under
the same 0.1% setting as well as its fully-supervised baseline, and also largely improves under
full supervision. It suggests that our method can be robust to different types of datasets and

effectively exploits the limited annotations as well as the unlabeled points.

Generalizing to ShapeNet. Apart from real-world 3D scenes, synthetic 3D shapes, such as
CAD models, are also important in 3D processing. For detailed shape analysis, 3D shapes
are usually partitioned into parts, which leads to the task of part segmentation [58, 307].
ShapNet [307] comprises a large collection of 3D shapes (> 16, 000) of 16 categories, each
with 2-6 part annotations, which leads to a total of 50 classes. As in Tab. 4.4, we show
consistent improvement on different baselines and settings. Especially compared with the

improvement on instance mloU, which averages the performance over 3D shapes, we acquire
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ER DA mloU ent. Lpa \ A 0 1 2 k one-hot soft ERDA
baseline 59.8 - - - 65.1 66.3 64 63.1 628 64.5
+ pseudo-labels 63.3 249  KL(p||lq) 66.1 672 66.6 500 63.0 623 64.1

v 65.1 226  KL(q|lp) 66.1 659 652 le3 633 635 655
+ ERDA v 66.1 244 JS 652 654 65.1 led 63.0 629 656

v v 672240 MSE 66.0 662 66.1 dense 62.7 62.6 67.2

(A) ERDA improves the results and (B) ER and DA provide better results  (C) ERDA consistently benefits the
reduces the entropy (ent.), individu- when taking K L(p||q) with A = 1.  model with more pseudo-labels (k).
ally and jointly.

TABLE 4.10. Ablations on ERDA. If not specified, the model is RandLLA-Net trained
with ERDA as well as dense pseudo-labels on S3DIS under the 1% setting and reports
in mloU. Default settings are marked in gray .

larger gains on category mloU, which is more sensitive to the per-category performance. It
then hints that our dense and informative pseudo-labels could better assist the recognition of

hard and minor classes.

4.4.3 Performance Comparison on 2D Segmentation

Semi-supervised results on Pascal. We follow FixMatch [227] in using DeepLabv3+ [31]
with ResNet-101 [54] as baseline. As in Tab. 4.8, we show that ERDA brings consistent
improvement from low to high data regime. It thus indicates the strong generalization of our
method. We also see that the improvement is less significant than the 3D scenes. It might be
because 2D data are more structured (e.g. pixels on a 2D grid) and are thus less noisy than the

3D point cloud from real-world scenes.

Sparse-label results on Pascal. We follow ReCo [273] to experiment with different annota-
tion budgets in the form of pixel ratio in each image, which are similar the weakly-supervised
settings for 3D point clouds. As shown in Tab. 4.5, ERDA surpasses the previous state-of-
the-art method under the sparse-label setting. While noticeable improvements are achieved
under all label ratios, ERDA is shown to be especially effective when given very few labels,
such as the 1-pixel setting. Under confusing student output and strong data augmentations on
2D images, ERDA still learns an effective pseudo-labeling method, which could indicate the

generalization of ERDA across modalities.
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Input Ground Truth Baseline

ERDA Improvement

8

FIGURE 4.5. We show a clear benefit of our ERDA with query-based pseudo-labeling

over baseline (FixMatch) on Pascal validation. Similar to 3D cases, ERDA provides
cleaner predictions with better separations between different semantic groups, in both
outdoor and indoor scenes.

. &

As shown in Fig. 4.5, we further qualitatively compare ERDA with query-based pseudo-labels
to our FixMatch baseline that utilizes strong augmentations. Under the the extremely scarce
labels of the 1-pixel settings, we find ERDA could still strive to produce cleaner semantic
groups with less noise. This could then imply that the model may still suffer from noise even if
it has been trained to overcome the induced strong augmentations; and could also demonstrate
the importance of our ERDA learning with query-based pseudo-labels to specifically address

the noise within pseudo-labels.

Results on medical images. Following recent works [234, 304, 305] that analyze label-
efficient method on medical images for practical use, we investigate ERDA on the ACDC [308]
dataset. Specifically, medical datasets collect training data from different patients (cases).
ACDC contains 70 cases for training and results are mainly reported in Dice Similarity
Coefficient (DSC) averaged on 3 classes. As shown in Tab. 4.6, ERDA improves over the

current state-of-the-art methods on all training scenarios with limited cases.

Generalizing to unsupervised segmentation. While semi-supervised and sparse-label set-

tings still rely on few given labeled pixels, unsupervised segmentation aims to discover
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PL 3D 2D
Ipt 1% 10% 1-pixel 1% 5% 25% Ip I-pixel 1% 5% 25% g, Ipt 1% 10%
sup. 40.6 59.8 61.7 603 66.2 69.2 73.8 - 63.7 71.0 729 758 - 22 65.8 66.0

proto 415 633 640 594 68.1 70.3 74.1 MLPs 64.5 72.0 73,5 75.6 MLPs 262 704 71.7
w2s  41.0 625 639 63.7 71.0 729 758 query 70.2 74.1 75.1 764  query 28.7 71.6 72.7
query 49.1 67.0 68.1 702 74.1 75.1 76.4

(A) Query-based pseudo-labels achieve the best gener- (B) Query-based pseudo- (C) Query-based pseudo-
alizability. labeling adapts better to the labeling further improves
rich 2D augmentations. transformers on 3D data.

TABLE 4.11. Ablations on ERDA with query-based pseudo-labels for cross-modality
generalization. For the “PL” column, “sup.” denotes the supervised baseline, “proto”
the prototypical pseudo-labels, “w2s” the weak-to-strong pseudo-labels, and “query”
the proposed query-based pseudo-labels. If not specified, the models follow the
settings in Tab. 4.10 and Tab. 4.5 on 3D and 2D modalities and report in mloU.

semantically meaningful groups without any manual annotations [278, 279]. Recent advance-
ment [284, 303] in unsupervised segmentation combines vision transformer [36, 37] with
self-supervised training for better feature clustering and categories discovery, which usually

utilize weak-to-strong pseudo-labels.

Since we have only unlabeled data points in the unsupervised setting, we could view the
weights in the final classifier [283, 303] as the queries and incorporate it with our ERDA
learning. As shown in Tab. 4.9, we gain clear improvements without bells and whistles.
Such results further show that ERDA could provide semantically meaningful cues in its
pseudo-labels to learn a more compact features and better clustering results for unsupervised

segmentation.

4.4.4 Ablations and Analysis

We mainly consider the 1% setting and ablates in Tab. 4.10 to better investigate ERDA and
make a more thorough comparison with the current pseudo-label generation paradigm. For

more studies on hyper-parameters, please refer to the supplementary.

Individual effectiveness of ER and DA. To validate our initial hypothesis, we study the
individual effectiveness of Lgi and Lp4 in Tab. 4.10a. While the pseudo-labels essentially
improve the baseline performance, we remove its label selection and one-hot conversion

when adding the ER or DA term. We find that using ER alone can already be superior
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to the common pseudo-labels and largely reduce the entropy of pseudo-labels (ent.) as
expected, which verifies that the pseudo-labels are noisy, and reducing these noises could be
beneficial. The improvement with the DA term alone is even more significant, indicating that
a large discrepancy is indeed existing between the pseudo-labels and model prediction and is
hindering the model training. Lastly, by combining the two terms, we obtain the ERDA that
reaches the best performance but with the entropy of its pseudo-labels larger than ER only
and smaller than DA only. It thus also verifies that the DA term could be biased to uniform

distribution and that the ER term is necessary.

Different choices of ER and DA. Aside from the analysis in Sec. 4.3.3, we empirically
compare the results under different choices of distance for L4 and A for Lggr. As in
Tab. 4.10b, the outstanding result justifies the choice of K L(q||p) with A = 1. Additionally,
all different choices and combinations of ER and DA terms improve over the common

pseudo-labels (63.3), which also validates the general motivation for ERDA.

Ablating label selection. We explore in more detail how the model performance is influenced
by the amount of exploitation on unlabeled points, as ERDA learning aims to enable full
utilization of the unlabeled points. In particular, we consider three pseudo-labels types:
common one-hot pseudo-labels, soft pseudo-labels (p), and soft pseudo-labels with ERDA
learning. To reduce the number of pseudo-labels, we select sparse but high-confidence pseudo-
labels following a common top-k strategy [225, 244] with various values of £ to study its
influence. As in Tab. 4.10c, ERDA learning significantly improves the model performance
under all cases, enables the model to consistently benefit from more pseudo-labels, and
thus neglects the need for label selection such as top-£ strategy, as also revealed in Fig. 4.1.
Besides, using soft pseudo-labels alone can not improve but generally hinders the model
performance, as one-hot conversion may also reduce the noise in pseudo-labels, which is also

not required with ERDA.

Effect on the training process. To analyze how ERDA helps with the model learning, we
visualize the evolution of DA and ER terms along with the pseudo-labels as the training
proceeds (on the training set) in Fig. 4.6. We observe that starting from a random stage,

both the model and pseudo-labels could overfit on simple concepts such as walls in an early
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Entropy KL-Distance Pseudo-Labels

Training§
starts

FIGURE 4.6. Visualization of ER and DA throughout the training process.

stage ( i), which is denoted by the low entropy and KL-distance to the model prediction in
most of the scenes. As the training proceeds, thanks to the noise-aware gradient of ERDA,
pseudo-labels start to diverge from the model prediction and start to take up more complex
concepts in the later stage (%), which is shown by an increased entropy and KL-distance in
the area of the bookcase. It finally stabilizes with the ability to offer estimation with different
levels of uncertainty of the semantic classes, which is denoted by the clearer edges across
boundaries in the entropy map, such as the separation of the door and wall. Additionally, in
the final stage, the KL-Distance to the model predictions is still relatively high in complex
and cluttered areas, which can indicate that the pseudo-labels could capture some different
semantic cues that guide and regularize the model learning. More analysis for the effect of

ERDA on training dynamics are also provided in Sec. 4.6.4.

Modality-agnostic ability of query-based pseudo-label. To study the generalizability of

query-based pseudo-labels across modalities, we compare it to the existing commonly used
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‘Weak-to-strong Pseudo-labels ERDA (MLPs) ERDA (query)

Pseudo-label dicti Gradient (pred) Pseudo-labels Gradient (pseudo) Predictions  Gradient (pred) Pseudo-labels Gradient (pseudo) Predictions Gradient (pred)

Training
starts }!

Inputs Augmented Inputs

FIGURE 4.7. We show a clear benefit of our ERDA with query-based pseudo-labeling
under strong augmentations [274, 275], where it produce consistent pseudo-labels with
rich semantics to guide the student models towards clean and complete segmentations.
Best viewed in color and zoom-in.

pseudo-labels on both 3D and 2D modalities, as in Tab. 4.11. We show that, though the
prototypical pseudo-labels are effective on 3D point cloud, it could however degenerate the
model performance on 2D images, especially when given limited annotations such as the
1-pixel setting, as it can hardly benefit from the rich 2D augmentations. Similarly, compared
to prototypical pseudo-labels, the weak-to-strong pseudo-labels are sub-optimal for 3D point
cloud, which might be due to the lack of effective 3D data augmentation techniques. Such
empirical results could also reflect the motivation and challenge of achieving a more modality-
agnostic pseudo-labeling method. In contrast, the proposed query-based pseudo-labels gain
notable improvements on both 3D and 2D modalities, which indicates that the problem of
the noise within pseudo-labels is indeed shared across modalities. We also notice that query-
based pseudo-labels improve the most under low-data regime for both modalities, further

demonstrating its effectiveness across modalities.

The effectiveness of query-based pseudo-labels on 2D. As the query-based pseudo-labels
are primarily proposed to handle the noise brought by rich augmentations during the data

processing on 2D images, we experiment with other choices of the projection g, in Eq. (4.8).
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As shown in Tab. 4.11b, we consider MLPs, as a typical replacement of transformer decoder,
to directly apply ERDA learning on the weak-to-strong pseudo-labels. This direct application
yields only a marginal gain over the baseline in the 1-pixel setting (+0.8 mIoU), in stark
contrast to ERDA applied on query-based pseudo-labels (+6.5 mIoU). With more ground-truth
supervision, such as the 25% setting, it can even hurt the performance (-0.2 mloU). This
observation thus demonstrates the negative effect of such weak-to-strong augmentations on
the pseudo-label learning methods, including ERDA learning, which are attracted by the
dominant gaps from 7° and overlook the noise within pseudo-labels, thus not fully focusing
on improving the quality of pseudo-labels. On the contrary, with query-based pseudo-labels,

the potential of ERDA could be fully released and bring clear improvements to the model.

The effectiveness of query-based pseudo-labels on 3D. While query-based pseudo-labels
have shown clear benefits for label-efficient segmentation on 2D images, we propose that it
could also further improve the 3D counterparts. Since data augmentations have been shown
as an effective way to alleviate the lack of training data and avoid overfitting [274-276] in
training large models such as transformers [52, 301], we then explore the potential of the
proposed query-based pseudo-labels on recent 3D transformer models (PT) that are more
prone to overfitting, as also shown in Sec. 4.4.2. As shown in Tab. 4.11c, ERDA learning
with query-based pseudo-labels further improves over a direct application of ERDA learning
with prototypical pseudo-labels (denoted as MLPs). These promising results could suggest
that the proposed query-based pseudo-labeling does not hamper the overall generalizability
of our method. However, we also notice that, ERDA can also be effective and performant
when strong augmentations are absent and can match the performance of query-based pseudo-
labels on other convolutional baselines. We consider the effectiveness of the pseudo-labeling
methods can be limited by the capability of the backbones and provide more analysis in

Sec. 4.6.3.

The effect of query-based pseudo-labels under augmentations. We further study the
negative effects of strong augmentations on the learning of pseudo-labeling, which motivates

the proposed query-based pseudo-labels.
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In Fig. 4.7, we compare the training statistics of common weak-to-strong pseudo-labels, a
direct application of ERDA, and the ERDA with query-based pseudo-labels. We notice that
the weak-to-strong pseudo-labels can be sparse and irregular, leading to significant gradients
w.r.t. student predictions even at the final stage of the training. We hypothesize that this can
be the result of the use of label selection, where the spatial distribution of high-confidence

predictions can vary as the training proceeds.

While a direct application of learning-based pseudo-labels improves the amount of effective
pseudo-labels, we notice it can also be unstable during the model training, as indicated by
the high gradients w.r.t. pseudo-labels themselves. Even though ERDA can avoid the noisy
predictions from the student models, we find that the excessive use of augmentations makes
the prediction of student model very noisy, especially at the segmentation boundaries. As a
result, ERDA can only learn from the majority classes that are more stable under the strong
augmentations, such as people and background class. It thus fails to pick up the features for all
semantic classes and produces pseudo-labels only representing the majority class. As shown
in the gradient for student model, such a naive application of learning-based pseudo-labels
can even prevent the student model from predicting other minor classes, e.g. producing large

gradients w.r.t. student prediction to suppress its prediction on “sofa”.

These observations motivate our design of query-based pseudo-labels, where we introduce
dedicated query embeddings to account for all semantic classes. As a result, query-based
ERDA quickly stabilizes pseudo-labels and, more importantly, preserves the rich semantic

cues for student model training. We provide

4.5 Summary

In this chapter, we approach the modality-agnostic label-efficient segmentation, which im-
poses the challenge of insufficient supervision signals for training and the various data
processing techniques across modalities. Though pseudo-labels are widely used, label selec-
tion is commonly employed to overcome the noise, but it also prevents the full utilization

of unlabeled data. By addressing this, we propose a new learning scheme on pseudo-labels,
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ERDA, that reduces the noise, aligns to the model prediction, and thus enables comprehensive
exploitation of unlabeled data for effective training. Moreover, as the problem of noise within
pseudo-labels is shared across both 2D and 3D data, we further propose query-based pseudo-
labels to overcome the modality-specific data processing and augmentations, leading to a
more modality-agnostic pseudo-labeling method. We demonstrate that ERDA reduces to the
deceptively simple cross-entropy-based loss, which leads to straightforward implementation
and easy adaptation on various backbone models with little training overhead. Experimental
results show that ERDA outperforms previous methods in various settings and datasets of
both 3D and 2D modalities. Notably, it surpasses its fully-supervised baselines and can be

further generalized to medical images and unsupervised settings.

Limitation. Despite promising results, our method, like other label-efficient approaches,
assumes complete coverage of semantic classes in the available labels, which may not always
hold in real-world cases. Combining label-efficient method with recent large foundation

models for open-world scenarios could be explored as an important future direction.

4.6 Appendix

In this supplementary material, we provide more details regarding implementation details
and discussion on augmentations in Sec. 4.6.1, more analysis of ERDA in Sec. 4.6.2, full
experimental results in Sec. 4.6.3, studies on parameters in Sec. 4.6.4, and more visualization

in Sec. 4.6.5.

4.6.1 Implementation and Pseudo-labeling Details

Baselines details. For the RandLLA-Net [109] and CloserLook3D [206] baselines, we follow
the instructions in their released code for training and evaluation, which are here (RandLA-
Net) and here (CloserLook3D), respectively. Especially, in CloserLook3D[206], there are
several local aggregation operations and we use the “Pseudo Grid” (KPConv-like) one, which
provides a neat re-implementation of the popular KPConv [22] network (rigid version). For

point transformer (PT) [26], we follow their paper and the instructions in the code base that


https://github.com/QingyongHu/RandLA-Net
https://github.com/zeliu98/CloserLook3D
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claims to have the official code (here). For FixMatch [227], we use the publicly available

implementation here.

While the FixMatch baseline [227] is originally proposed for object recognition, several
works [234, 273] that adapts the original baseline to the tasks of semi-supervised and weakly
supervised image segmentations. We follow these implementations and compare against them
in Tabs. 4.5 and 4.6. We discuss the training and pseudo-labeling details in the following

paragraphs.
Our code and pre-trained models will be released.

Augmentations in training. We provide detailed setup of the typical augmentations employed

in 3D point cloud and 2D images.

For 3D point cloud data, the augmentations 7 are mainly perturbations on point positions and
augmentations on color space. For 2D data, the weak augmentations 7" are the basic resize-
and-crop with minimal chromatic and spatial augmentations, and the strong augmentations
incorporate more aggressive perturbations on both structure, texture, and semantics, such as

mixups [265, 274, 275].

For example, Fig. 4.3 demonstrates a typical illustration of weak and strong 2D augmentations,
where the strong augmentations mix up two images into one, significantly altering the input
of the student network. In practice, image crops for mixing come from different images, and

we use the same image for mixups only for a cleaner demonstration.

For clarity, we further provide typical samples of these augmentations in Listing 1 for 3D
point cloud data, Listing 2 for weak augmentations on 2D data, and Listing 3 for strong

augmentations on 2D data.

Pseudo-labeling with augmentations. We also provide details on how the pseudo-labeling
methods are employed for training under different levels of augmentations, such as the

weak-to-strong pseudo-labels.


https://github.com/POSTECH-CVLab/point-transformer
https://github.com/LiheYoung/UniMatch
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Especially, we discuss the application of spatial augmentations on 2D images, which apply

potentially different spatial augmentations that can lead to spatial misalignment.

As outlined above, the weak augmentations 7" and strong augmentations 7° indeed share
the basic spatial augmentation of resize-and-crop, thus still sharing the same spatial content

and ground-truth mask at this stage.

However, while further spatial augmentations in 7° would result in different ground-truth
masks for the student and teacher network, we would like to note that this spatial transform
is tractable. The ground-truth masks, together with the generated masks of pseudo-labels,

would then be transformed to align with the student network.

In particular, we provide pseudo-codes in Listing 4 to demonstrate the overview training
procedures with the pseudo-labeling methods, including the alignment process, the application

of various augmentations, and the proposed ERDA learning.

As denoted in Listing 4, though p and ¢ are spatially aligned for the loss calculation, the
p is inferred on the cleaner input images with weak augmentations 7" while ¢ is inferred
on a much noiser image with strong augmentations 7°. Therefore, ERDA would notice a
significant gap between the p and ¢, not because there is noise within pseudo-labels, but

because this gap is intentionally introduced via the 7.

As a result, we argue that the augmentations cause large gaps between the pseudo-labels p
and the student predictions ¢, in addition to the noise in pseudo-labels p. It thus prevents a
direct and easy application of ERDA on 2D images, and leads to our proposed query-based

pseudo-labeling that accommodates the existence of such noise from augmentations.

4.6.2 Delving into ERDA with More Analysis

Following the discussion in Sec. 4.3, we study the impact of entropy regularization as well as

different distance measurements from the perspective of gradient updates.
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Algorithm 1 Typical sample of augmentations on 3D point cloud.
transform=|
RandomDropout (dropout_ratio=0.2), # random dropout
on points
RandomRotate (angle=[-1, 1], axis="z", p=0.5), # random rotation
(+/— pi) - around z-axis
RandomRotate (angle=[-1/64, 1/64], axis="x", p=0.5), # random rotation
(+/- pi/64) - around x-axis
RandomRotate (angle=[-1/64, 1/64], axis="y", p=0.5), # random rotation
(+/- pi/64) - around y-axis
RandomScale (scale=[0.9, 1.1]), # random scaling
on each axis (+/-0.1)
RandomFlip (p=0.5), # random flipping
, along xy—axes only
RandomJitter (sigma=0.005, clip=0.02), # random Gaussian

noise on per-point xyz
ChromaticAutoContrast (p=0.2),
contrast

ChromaticTranslation (p=0.95, ratio=0.05), #

shift on rgb
ChromaticJditter (p=0.95, std=0.05),
noise on per-point rgb

# enhance

random uniform

# random Gaussian

Algorithm 2 Typical weak augmentations on 2D data.

transform = [
Resize(ratio_range=(0.5, 2.0)),
Crop(size=(321, 321)),
Hflip(p=0.5),

#
#
#

random resize
crop to desired size
horizontal flipping

Algorithm 3 Typical strong augmentations on 2D data.

transform = [
Resize(ratio_range=(0.5, 2.0)),
Crop(size=(321, 321)),
Hflip(p=0.5),
# — strong augmentation:
ColorJitter(0.5, 0.5, 0.5, 0.25),
contrast, saturation and hue
RandomGrayscale (p=0.2),
Blur (p=0.5),
CutMix (p=0.5),
other images

e

S

random resize
crop to desired size
horizontal flipping

largely change brightness,
convert to gray-scale image

add Gaussian blurs
cutout & mixup with crops from
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Algorithm 4 Overview of weak-to-strong pseudo-labeling approach under spatial augmenta-
tions.
img, gt_mask data_loader:
# img: [B, 3, H, W]
# gt_mask: [B, H, W], filled with invalid values for unlabeled images

# — transforms sampled and recorded for this batch
T_w, T_s, T_spatial = get_transforms()

# — inference

logits = student (T_s (img)) # logits predicted by student, with
strong—aug

pseudo_mask = teacher(T_w(img)) # pseudo-labels predicted by teacher
, with weak-aug

# — alignemnt
gt_mask = T spatial (gt_mask)
pseudo_mask = T_spatial (pseudo_mask)

# — loss calculation

I_ce = cross_entropy(logits, gt_mask)
L_p = H(logits, pseudo_mask) # Eg. (5)
L =1 ce + alpha » L_p # Eg. (9)

L.backward ()

2 lohaainEa4-9)
atpharainBg (9
Lpa KL(pllq) KL(qllp) JS(p.q) MSE(p,q)
p+q, 1 T
Ly H(p,q) — (1 - \)H(p) H(q,p) — H(q) + AH(p) Hijﬁf§4%>(mffH@) 3 2 (pi— @) + AH(p)
j2 pi -1, pita 1 pi S j2
g i Zﬁ] log L4 (A=Nlog2) | pi—ai—Ap Y _pilog= | piY_pi(—log =+ (= = Mlog =) | pi(pi — @) =i D_pi(p; — ;) — Api Y _ pjlog =
p] J p] J 2 p] + q 2 p] J J p]
Situations A=—g
pe— 1 0 ¢ — Ly 0 0
i 1 i 1. Kpi+1 1 Pi 5 o i
o= =qx (A= Dp; Y pjlog = — =Pt A Y pilog | iy py(slog +(A—2)logh) “pEp Y P+ Y pilog
- 12 K > 12 po 2 Kp;j+1 2 D) 5 7 V2
- i i+ 1 1 i ; ; i
g —1 + inf 1—pi+Ap; ij log b P Zp] logp +(A=2)log IL) —pi+pi(1—pi) +pi pr + Api ij log b
J Pi i Pi 2 Pi I i Pi
- Pi 1 Pi Pi
Qrpi — 1 — inf —pit A Y _pilog s |y 5 loz, +(A=3)log %) —p? = pipe + 0 D_pi + AP Y pjlog
J P J# + ]lf =k Pj j j P

TABLE 4.12. The formulation of L, using different functions to formulate Lp 4.

We present the gradients g; = 6L7’ , and the corresponding update A = —g; under
different situations. Analysis can be found in the Sec. 4.3.3 and Sec. 4.6.2.

In particular, we study the gradient on the score of the i-th class i.e. s;, and denote it as

g; = %isj, Given that % = 1(;—j)p; — piPj, We have g; = p; Z PJ(%?,? - aLp) As shown in

Tab. 4.12, we demonstrate the gradient update A = —g; under different situations.
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KL(pll9) KL(qllp) JS(p.9) MSE(p, q)
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(D) Gradient updates of Lgr (E) Gradient updates of JS(p, q) with A = 0.5

FIGURE 4.8. Contour visualization of the gradient update with binary classes for
better understanding. For a clearer view, we use red for positive updates and blue for
negative updates, the darker indicates larger absolute values and the lighter indicates
smaller absolute values.

In addition to the analysis in Sec. 4.3.3, we find that, when q is certain, i.e. q approaching a
one-hot vector, the update of our choice K L(p||q) would approach the infinity. We note that
this could be hardly encountered since q is typically also the output of a softmax function.
Instead, we would rather regard it as a benefit because it would generate effective supervision
on those model predictions with high certainty, and the problem of gradient explosion could

also be prevented by common operations such as gradient clipping.
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In Fig. 4.8, we provide visualization for a more intuitive understanding on the impact of
different formulations for L4 as well as their combination with Lgg. Specifically, we
consider a simplified case of binary classification and visualize their gradient updates when
A takes different values. We also visualize the gradient updates of Lzi. By comparing the
gradient updates, we observe that only K L(p||q) with A = 1 can achieve small updates when
q is close to uniform (¢ = % under the binary case), and that there is a close-0 plateau as

indicated by the sparse contour lines.

When A\ = 0, from the visualization, we see that all measurements would tend to have positive
updates when ¢; > p; and negative updates when ¢; < p;, which align with our intuition
that the distribution alignment may be biased to align the p to a uniform distribution. Such
intuition could also be revealed by the (negative) entropy term in the raw measurements of

K L(p||q) and JS(p, q) as in Tab. 4.12.

Additionally, we also find that, when increasing the ), all distances, except the K'L(p||q),
are modulated to be similar to the updates of having Lgp alone; whereas K L(p||q) can still

produce effective updates, which may indicate that i L(p||q) is more robust to the \.

Besides, we find that A = % is a special case for JS(p, q), which could help it overcome the
bias by removing the negative entropy term, as shown in Tab. 4.12 and visualized in Fig. 4.8e.
Experimentally, it achieves a performance of 66.2 in mloU, which surpasses its performance
with other choices of A as in Tab. 4.10b. This also demonstrates the benefits of mitigating the
entropy term in distance measurements. Nonetheless, it is still sub-optimal compared with

our ERDA.

4.6.3 More Results

Full results. We provide full results for the experiments reported in the main chapter. For
S3DIS [44], we provide the results of S3DIS with 6-fold cross-validation in Tab. 4.13 and its
full results in Tab. 4.17. For ScanNet [43] and SensatUrban [71], we evaluate on their online

test servers, which are here and here, and provide the full results in Tab. 4.18 and Tab. 4.19,


https://kaldir.vc.in.tum.de/scannet_benchmark
https://competitions.codalab.org/competitions/31519#learn_the_details
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respectively. For Pascal [235], we provide the full results of different settings in Tab. 4.20.

For Cityscapes [222], we provide the full reuslts of our method in Tab. 4.21.

Query-based pseudo-labeling with 3D convolutional baselines.

4.6.4 Further Ablations and Analysis

On prototypical pseudo-labels. We first study the hyper-parameters involved in the imple-
mentation of ERDA with the typical prototypical pseudo-label generation, including loss
weight or, momentum coefficient m, and the use of projection network. As shown in Tab. 4.15,
the proposed method acquires decent performance (mloUs are all > 65 and mostly > 66) in a
wide range of different hyper-parameter settings, compared with its fully-supervised baseline

(64.7 mIoU) and previous state-of-the-art performance (65.3 mloU by HybridCR [228]).

Additionally, we suggest that the projection network could be effective in facilitating the
ERDA learning, which can be learned to specialize in the pseudo-label generation task.
On the contrary, without the projection network, it may be too demanding to optimize
a shared feature with drastically different gradients and expect it to be optimal on both
segmentation and pseudo-label generation tasks. This could also be related to the advances
in contrastive learning. Many works [251, 309, 310] suggest that a further projection on
feature representation can largely boost the performance because such projection decouples
the learned features from the pretext task. We share a similar motivation in decoupling the
features for ERDA learning on the pseudo-label generation task from the features for the

segmentation task.

To validate this, we sample and evaluate the statistical properties of the projection network
that is optimized by ERDA. Specifically, for a trained network (RandLA-Net + ERDA),
we sample for more than 107 points (~ 1000 cloud samples) to calculate the mean and the
standard deviation for the backbone features, i.e. representation by f(x), and projection
network features, i.e. projection by g o f(x), as shown in Fig. 4.9. The drastically different
statistics of these two types of features could indicate that they are decoupled due to the

projection network.
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FIGURE 4.9. Statistical differ-
ence between projection features

“projection” and backbone fea- FIGURE 4.10. t-SNE visualiza-
tures “representation”. The over- tion on different scenes sampled
all mean and standard deviation from S3DIS Area 5 with RandLA-
are shown as the dots and the Net as baseline. Visualizations
vertical lines on the left, and the in the same row share the same
channel-wise mean and standard scene.

deviation are denoted as lines and
shadings on the right.

settings methods | mloU
PointNet [18] | 47.6
RandLLA-Net [109] | 70.0
KPConv [22] | 70.6
HybridCR [228] | 70.7
Fully PT [26] | 73.5
PointNeXt - XL [130] | 74.9
RandLA-Net + ERDA | 71.0
CloserLook3D + ERDA | 73.7
PT+ ERDA | 76.3

zhang et al. [225] | 65.9

PSD [245] | 68.0

HybridCR [228] | 69.2
RandLA-Net + ERDA | 69.4
CloserLook3D + ERDA | 72.3
PT + ERDA | 73.5

1%

TABLE 4.13. Results on S3DIS 6-fold.

On query-based pseudo-labels. Furthermore, we study several important design choices
for the implementation of our query-based pseudo-labeling method, which are the feature
dimensions used for the transformer decoder, the number of transformer layers, and the

number of attention heads for multi-head attention operations. As shown in Tab. 4.16, the
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query-based pseudo labels demonstrate strong performance across a range of commonly
used transformer settings. We note that, as in Tab. 4.16b, our method could petentially
achieve even better results than the reported performance by stacking more transformer
layers to the commonly used 6-layer transformer. Yet we opt for less layers to keep our
method being simple and lightwight, while achieving comparable performance (both mloUs
> 70). These results indicate that the proposed query-based pseudo-labels could be an robust

pseudo-labeling method under the optimization of ERDA learning.

On 3D pseudo-labeling with ERDA. Compared with 2D images, label-efficient methods
on 3D data are underexplored. Therefore, we would like to expand the ablations of various
pseudo-labels on 3D data to further study the challenges of 3D data from the perspective of
pseudo-labeling. As shown in Tab. 4.14, we extend ERDA based on both the prototypical
pseudo-labels and weak-to-strong pseudo-labels. Specifically, given weak-to-strong pseudo-
labels, naive application of ERDA can even hurt the model performance, as the learning on
pseudo-labels can compromise the benefit of the constructed strong augmentations without
specially designed training recipes, such as iterative training [288, 290, 291, 293]. In compar-
ison, query-based pseudo-labels can still improve based on the weak-to-strong labels, which

is consistent with our motivation and their effectiveness on 2D images.

Moreover, in normal cases without strong augmentations, such as the use case of prototypical
pseudo-labels, we find ERDA is already performant, making the query-based pseudo-labels
hard to stand out. Such observation also indicates that the ERDA learning is an effective

component for 3D label-efficient segmentation tasks.

Furthermore, we note that the weak-to-strong pseudo-labels lag behind the prototypical
pseudo-labels, indicating that augmentations for 3D point cloud demands further study to

serve as effective pseudo-labeling method, which can be an interesting future direction.

On the learning dynamics of ERDA. To better explore how pseudo-labels with ERDA
affect the model training, we visualize the loss curves to demonstrate the learning dynamics
of models under different pseudo-labels. As shown in Fig. 4.11, we find that ERDA can

effectively regularize the model training to enjoy a smoother optimization on the intended
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PL p RandLA-Net [109] CloserLook [206]
p Ipt 1% 10% Ipt 1% 10%
sup. 40,6 598 61.7 346 599 555
- 415 633 640 448 59.6 570
proto ERDA (MLPs) 484 672 679 52.0 682 69.1
ERDA (query) 49.1 670 68.1 525 680 689
- 41.0 625 639 48.2 632 64.7
w2s ERDA (MLPs) 39.7 532 53.6 50.1 613 66.7
ERDA (query) 46.1 63.8 64.6 52.0 653 68.1

TABLE 4.14. More ablations of pseudo-labeling methods on 3D data. To better
study different variants, we further decouple the pseudo-labeling methods and the
application of ERDA. If not specified, the models follow the settings in Tab. 4.11 and
report in mloU.

Total loss Segmentation loss Pseudo-label loss
19.14 | 19.11 |

112{ %

11.29 1 0.5
\

6.4
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35

o
' MMMWMNWMMW
’ 1.7

171 . } . . i ) . . § 0.01 . N . .
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pseudo-label + ERDA pseudo-label (val) + ERDA (val)

FIGURE 4.11. We visualize the loss curves, following the setting of Fig. 4.1c and

Tab. 4.10. The total loss is the sum of segmentation loss and pseudo-label loss.
task of segmentation. We note that, model with existing pseudo-labels saturates on the
optimization much earlier, roughly around the same time when the pseudo-label produces
close-0 losses. We consider this as evidence of the underexplored unlabeled data by the
existing pseudo-labels, where pseudo-labels also saturate and cannot provide effective signals
to keep the model training forward. In comparison, we find ERDA maintains a higher and
non-zero pseudo-label loss towards the end of model training. In this regard, ERDA learning
stays effective in the model training. As ERDA performs noise-aware learning on the pseudo-
labels, it can thus explore on all unlabeled data to provide effective signals throughout the

model training.

4.6.5 Analysis with Visualizations

We provide more qualitative results in demonstrating the effectiveness of the proposed ERDA,

together with the generated pseudo-labels.
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m mloU projection mloU o} mloU
0.9 66.19 - 65.90 0.001 65.25
0.99  66.80 linear 66.55 0.01 66.01
0.999 67.18 2-layer MLPs 67.18 0.1 67.18
0.9999 66.22 3-layer MLLPs 66.31 1 65.95
(A) Momentum update. (B) Projection network. (C) Loss weight.

TABLE 4.15. Parameter study on ERDA. If not specified, the model is RandLLA-Net
with ERDA trained with loss weight o = 0.1, momentum m = 0.999, and 2-layer
MLPs as projection networks under 1% setting on S3DIS. Default settings are marked

in gray .
feature dim. mloU # layers mloU # heads mloU
32 69.80 1 70.19 1 69.88
64 70.19 3 69.75 4 70.16
128 68.96 6 70.25 8 70.19
12 69.96 16 69.93
(A) Feature dimensions. (B) Transformer layers. (C) Multi-heads.

TABLE 4.16. Parameter study on ERDA with query-based pseudo-labels. If not
specified, the model is FixMatch with ERDA trained with feature dimensions 64 for
attention, 1-layer transformer, and 8-heads multi-head attention under 1-pixel setting
on Pascal. Default settings are marked in gray .

Feature visualizations. In Fig. 4.10, we provide t-SNE visualization of the learned features
when training the model with different strategies under the same 1% setting. An interesting
observation is that, while using the existing pseudo-labels (one-hot labels with label selection)
can already provide cleaner features than the baseline, ERDA leads the features of the same
semantic class to be even closer together. In general, ERDA leads to more distinguishable
and compact features for different semantic classes. This suggests that ERDA could facilitate

the learning of more discriminative features from sparse ground-truth annotations.

Visualizations with pseudo-labels. We further plot the pseudo-labels by blending the color
according to the class likelihood estimation. A simple example would be a binary 0-1
classification, where the class 0 uses the color of [255, 0, 0] and class 1 [0, 0, 255]. Given a
likelihood estimation of [0.3, 0.7], we blend its color to be [255, 0, 0] % 0.3+ [0, 0, 255] % 0.7 =
[77,0,178].

The visualization results include various scenes, including rooms and cluttered space (Fig. 4.12a),

hallways (Fig. 4.12b), and offices (Fig. 4.12c). According to the presented figures, ERDA
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assists the baseline with dense and informative pseudo-labels, and thus enables the model to

capture more details and produce cleaner segmentation in different types of scenes.

Visualization on 2D images. Similar to visualization on 3D, we include various scenes for
better investigation, ranging from indoor rooms (Fig. 4.13a), animals (Fig. 4.13a), to outdoor

views (Fig. 4.13c).

settings methods | mIoU | ceiling floor wall beam column window door table chair sofa bookcase board clutter
RandLA-Net + ERDA | 71.0 | 940 96.1 83.7 592 483 627 73.6 656 78.6 715  66.8 654 579
Fully |CloserLook3D +ERDA | 73.7 | 94.1 93.6 858 655 502 587 792 718 79.6 748  73.0 72.0 595
PT+ERDA | 763 | 949 978 862 654 552 64.1 809 84.8 793 740 740 69.3 662
RandLA-Net+ ERDA | 69.4 | 93.8 925 81.7 609 43.0 60.6 708 65.1 764 71.1 65.3 653 550
1% | CloserLook3D + ERDA | 723 | 942 975 84.1 629 462 592 730 715 77.0 736 71.0 67.7 612
PT+ERDA | 735 | 949 977 853 66.7 532 609 80.8 69.2 784 733 677 659 62.1

TABLE 4.17. The full results of ERDA with different baselines on S3DIS 6-fold
cross-validation.

settings methods | mloU | bathtub bed books. cabinet chair counter curtain desk door floor other pic fridge shower sink sofa table toilet wall wndw
Fully CloserLook3D + ERDA | 704 | 759 762 770 682 843 48.1 813 621 614 947 527 199 571 880 759 799 647 892 842 66.6
20pts  CloserLook3D + ERDA | 57.0 | 75.1 625 63.1 460 777 300 649 46.1 436 933 360 154 380 736 516 69.5 472 832 745 478
0.1% RandLA-Net+ ERDA | 62.0 | 757 724 679 569 790 318 73.0 581 473 941 47.1 152 463 692 518 728 565 832 792 62.0
1% RandLA-Net+ ERDA | 63.0 | 632 73.1 665 605 804 409 729 585 424 943 500 350 530 570 604 756 619 788 73.8 62.6

TABLE 4.18. The full results of ERDA with different baselines on ScanNet [43] test
set, obtained from its online benchmark site by the time of submission.

settings methods | mloU OA | Ground Vegetation Buildings Walls Bridge Parking Rail Roads Street Furniture Cars Footpath Bikes Water
Fully RandLA-Net+ERDA | 64.7 93.1| 86.1 98.1 952 647  66.9 596 492 625 46.5 858 451 00 815
0.1% RandLA-Net+ ERDA | 56.4 91.1| 82.0 974 93.2 564 57.1 531 52 60.0 33.6 812 399 00 742

TABLE 4.19. The full results of ERDA with different baselines on SensatUrban [71]
test set, obtained from its online benchmark site by the time of submission.

settings | mloU | aero. bicycle bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train monitor backgrnd
I-pixel | 702 | 91.7 81.1 39.6 787 623 668 88.0 79.9 859 28.8 847 502 83.1 814 749 794 51.1 80.5 419 803 63.5
1% 741 1928 858 384 883 669 758 926 852 894 362 85.6 518 852 845 792 820 538 872 426 815 70.9
5% 75.1 1934 880 372 863 67.1 785 927 87.6 914 332 883 488 878 86.0 799 828 56.1 87.1 475 869 69.7
25% | 764 1939 90.1 402 893 69.8 79.3 935 87.2 91.7 364 88.1 498 875 869 814 839 548 86.0 544 853 74.8
92 749 193.1 869 596 875 67.7 72.0 921 869 915 224 895 588 864 874 789 793 581 889 399 832 62.8
183 76.6 1940 884 673 837 647 763 90.7 86.0 908 284 918 63.7 866 882 832 823 519 893 478 853 63.2
366 782 | 945 914 706 894 7277 775 939 863 935 289 918 633 88.1 888 817 84.6 522 90.1 439 877 71.1
732 787 1948 905 692 91.6 746 793 939 86.6 944 29.1 913 541 897 908 845 859 56.6 879 518 86.8 68.9
1464 | 804 [ 953 908 68.6 90.9 74.7 80.8 939 887 929 33.1 936 63.7 898 90.6 853 874 63.1 877 526 837 75.6

TABLE 4.20. The full results of ERDA under different settings on Pascal [235]
validation set. The methods are FixMatch + ERDA.

settings | mloU_OA [ road_sidewIk parking _track_building_wall fence guard_bridge_tunnel _pole polegroup Tight _sign veg. terrain _sky _person fider _Gar_ruck bus _caravan _traller_traln_motor_bike
Unsup‘Z()S 823‘884 235 0.1 0.1 63.7 268 0.1 0.0 0.0 - 8.7 - 15.1 859 17.1 904 285 00 69.1 0.1 0.0 0.0 0.0 0.0 0.0 149

TABLE 4.21. The full results of ERDA under unsupervised setting on Cityscapes [222]
validation set (27 classes). The baselines are DINO + ERDA. “-” indicates that the
class does not present.
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Input Ground Truth Pseudo Label Baseline ERDA Improvement

N

(C) Offices.

FIGURE 4.12. We compare the results of baseline (RandLLA-Net [109]) with the
proposed ERDA. We additionally visualize the dense pseudo-labels (3rd column), by
blending the color of different classes according to their estimated class likelihoods.
It shows a clear indication of co-occurrence as semantic cues. With such dense and
informative pseudo-labels for training, our ERDA can produce a cleaner and better
segmentation with more details, as in the highlighted improvement (last column). The
visualization is done on S3DIS Area 5.
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Input Ground Truth Pseudo Label Baseline ERDA Improvement

(¢) Outdoor.

FIGURE 4.13. We compare the results of baseline (FixMatch [227]) with the proposed
ERDA. We also provide the dense pseudo-labels by blending the color, which show
informative estimation on likely classes as well as its uncertainty to guide the model
learning. We show that model trained with our ERDA can produce more accurate
and detailed segmentations for both cluttered indoor scenes and outdoor scenes with
occlusions, as in the highlighted improvement (last column). The visualization is done
on Pascal validation.



CHAPTER 5

Structuring Adaptation via Geometric Context

In this chapter, we study geometry-grounded adaptation of large-scale pre-trained point cloud

transformers under spatial and geometric context shift.

The emergence of large-scale pre-trained point cloud models has significantly advanced
3D scene understanding, but adapting these models to specific downstream tasks typically
demands full fine-tuning, incurring high computational and storage costs. Parameter-efficient
fine-tuning (PEFT) techniques, successful in natural language processing and 2D vision
tasks, would underperform when naively applied to 3D point cloud models due to significant
geometric and spatial distribution shifts. Existing PEFT methods commonly treat points as
orderless tokens, neglecting important local spatial structures and global geometric contexts
in 3D modeling. To bridge this gap, we introduce the Geometric Encoding Mixer (GEM), a
novel geometry-aware PEFT module specifically designed for 3D point cloud transformers.
GEM explicitly integrates fine-grained local positional encodings with a lightweight latent
attention mechanism to capture comprehensive global context, thereby effectively addressing
the spatial and geometric distribution mismatch. Extensive experiments demonstrate that
GEM achieves performance comparable to or sometimes even exceeding full fine-tuning,
while only updating 1.6% of the model’s parameters, fewer than other PEFT methods. With
significantly reduced training time and memory requirements, our approach thus sets a new
benchmark for efficient, scalable, and geometry-aware fine-tuning of large-scale 3D point

cloud models. Code is available at https://github.com/LiyaoTang/GEM.

101
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FIGURE 5.1. (a) Existing PEFT methods, such as adapters, prompt tuning, and
LoRA, focus on adaptations inside attention and feed-forward layers. (b) In contrast,
Geometry Encoding Mixer (GEM) explicitly encodes the geometric cues and mixes
them into the pre-trained model, by the Spatial Adapter refining the pre-trained
positional encoding and the Context Adapter complementing the local attention. (c¢)
By capturing 3D spatial details and scene-wide geometry context, GEM reaches full
fine-tuning performance while tuning < 2% parameters, outperforming existing PEFT
methods.

5.1 Introduction

Scene semantic segmentation is a fundamental task for 3D world understanding that underpins
many real-world applications, from autonomous driving and unmanned aerial vehicles to
augmented reality [4, 9, 27]. Recent breakthroughs in large-scale models for language and
2D vision [37, 301, 311-314] have spurred an analogous trend toward training powerful point

cloud backbones capable of capturing rich semantics from 3D scenes [17, 25, 28].

Despite significant capabilities, adapting large pre-trained backbone models to specific down-
stream target domains is non-trivial. The typical strategy heavily relies on full fine-tuning,
a process that is both computationally expensive and storage-intensive, since each down-
stream task demands an independent copy of all model parameters. Furthermore, fine-tuning
large models typically requires extensive datasets to prevent overfitting and catastrophic

forgetting [315, 316], while large datasets are usually inaccessible when adapted to smaller,
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specialized tasks. To address these issues, parameter-efficient fine-tuning (PEFT) methods of-
fer a promising performance in reducing the cost of adaptation while reaching the performance

of full fine-tuning with significantly fewer parameters.

While PEFT has been extensively validated in language processing and 2D vision tasks, its
effectiveness on large-scale 3D point clouds remains largely unexplored and inadequately
addressed. As demonstrated empirically in Fig. 5.1, existing PEFT methods only yield limited
performance gains if directly applied to a 3D point cloud backbone. We tend to attribute this
limitation to a key challenge that is often overlooked by current PEFT methods when using
for 3D point cloud: unlike structured data such as text or images, point clouds are inherently
unordered sets of coordinates in R3. They exhibit strong irregularity, sparsity, and structural
variability, shaped by different sensing protocols and scene geometries. These factors lead to
significant geometric and spatial distribution shifts between large-scale pre-training datasets
and downstream domains, which existing PEFT methods fail to account for. In particular,
representative PEFT methods, such as LoRA [49], adapters [48] and prompt tuning [317, 318],
either adapt models at an isolated, per-point level or insert fixed external tokens at the global
level, thus failing to adequately capture important geometric and spatial contexts inherent in
3D scenes. Moreover, to avoid the prohibitive computational cost of global attention over
a large number of points, current 3D transformers predominantly employ local attention
mechanisms without explicitly modeling global contexts, which further restricts the potential

of current PEFT approaches in performance.

To address the above challenges, we re-examine PEFT for 3D scene understanding and
hypothesize that effective PEFT on 3D scenes could take advantage of explicitly modeling
both fine-grained local spatial patterns and global geometric contexts. We propose that
neglecting either aspect would degrade fine-tuning performance: local-only adaptations may
be prone to noise due to the lack of broader context consideration, whereas global-only
methods would miss local details and lose precision. This motivates a novel PEFT adaptation

framework tailored specifically for 3D scenes to bridge these local and global scales.

We introduce Geometry Encoding Mixer (GEM), a geometry-aware module for parameter-

efficient fine-tuning of point cloud transformer on 3D scenes. It comprises two complementary
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components: a spatial adapter at local neighborhood and a context adapter capturing the
scene geometric context. In the spatial adapter, we employ a lightweight 3D convolutional
bottleneck that operates on points neighborhood, enriching the pre-trained positional encoding
by learning fine-grained local spatial details at target domains. In the context adapter, we
introduce a set of learned latent tokens to serve as global context vectors. These latent tokens
interact with the full point cloud through efficient attention, forming a bottleneck at the token
dimension and bypassing the constraints of local attention, and thus aggregating scene-specific
context from across the entire point cloud. By fusing these two paths, the Geometry Encoding
Mixer effectively bridges local and global representations, providing the fine-tuned model

with a richer understanding of the 3D scene than either component alone.

Empirically, we validate our approach on large-scale 3D scene datasets, including both
indoor [14, 43, 44, 63] and outdoor [6] scenes. Our results indicate that models equipped with
GEM consistently achieve performance matching or sometimes surpassing full fine-tuning
methods, updating merely ~1.6% of model parameters, while being fewer than existing PEFT
alternatives. These findings underscore the importance of explicitly modeling geometric and
spatial contexts for efficient and effective adaptation in 3D scene understanding. To the best of
our knowledge, our work represents the first exploration and validation of PEFT approaches
tailored explicitly for large point cloud transformer under large-scale 3D scenes, hoping to

establish a foundation for future research and practical deployments.

5.2 Related Work

Point cloud segmentation. Point clouds serve as an efficient representation for large-scale 3D
scenes. Consequently, point cloud segmentation becomes a fundamental task that drives the
design of 3D backbone architectures. Since the seminal work PointNet [18, 19], numerous 3D
backbone architectures have been proposed for this task. These backbones either project the
points onto a grid-like structure, e.g. 3D voxel grid, to exploit 3D convolutional networks [23,
90, 92, 187, 188, 319], or directly process the raw unordered point sets [20, 22, 24, 109,

129, 206]. Recently, inspired by the success of large transformer models in natural language
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and 2D vision [33, 299, 301, 320], researchers have started training increasingly large and
powerful point cloud backbones [25, 26, 102, 130-132, 237]. Although these models achieve
strong performance, they typically need to be trained from scratch for each new dataset and
often remain data-hungry [168, 244, 321, 322]. To reach optimal results, specialized training

recipes and learning targets are also commonly required and actively explored [8, 130, 319].

Following the paradigm of large-scale pre-training that has proven successful in vision and
language domains [11, 37, 52, 311, 312, 314], researchers have begun exploring similar
strategies for 3D point clouds. In particular, self-supervised learning (SSL) on large 3D scene
datasets has demonstrated promising results [145, 146, 151, 205]. However, most such efforts
focus on modest convolutional backbones like SparseUNet [92] rather than transformer-based
architectures. Only recently has an SSL approach been applied to a transformer-based 3D
backbone: Sonata [17] introduced SSL for a large point transformer encoder [25], but even
this method still requires full fine-tuning on each downstream dataset to achieve optimal

performance.

In this work, we explore effective PEFT methods for large pre-trained point cloud backbones,
with the goal of reducing the computational and storage overhead when adapting them to

downstream datasets, while matching the performance of full fine-tuning.

Parameter-efficient fine-tuning (PEFT). The ever-growing size of transformer-based founda-
tion models[11, 301, 323] makes full fine-tuning for downstream task prohibitively expensive
in both memory and computation. PEFT methods address this challenge by adapting large
models while updating only a small fraction of their parameters. Existing approaches fall into

four broad categories.

Selective fine-tuning methods update a carefully chosen subset of the original weights. One
simple variant is linear probing [37, 324] that trains only the classification head. Other
strategies restrict training to specific parts of the network, e.g., tuning only bias terms [325]

and selecting a subset of parameters based on gradient magnitude criteria [326].

Adapter-based tuning inserts lightweight bottleneck modules into an otherwise frozen back-

bone. First explored for CNNs [327] and later extended to transformers, adapters may be
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placed sequentially [48, 328] or in parallel [329-332] to the original modules. Beyond single
task, adapters can be composed or fused, promoting knowledge sharing without catastrophic

forgetting [316, 333].

Prompt-based tuning techniques, including prompt tuning [318] and prefix tuning [317],
extend to the prompting paradigm in large language models [174]. Instead of hand-crafted
prompts, these methods learn task-specific vectors that are prepended to the input sequence [318,
334] or injected as extra tokens in transformer layers [317, 335, 336], thereby steering the

model without modifying its original weights [174, 318].

Low-rank adaptation (LoRA) constrains the weight updates to a low-dimensional subspace by
learning a pair of low-rank matrices that are added to each pre-trained weight, typically in the
attention layers [49]. This design approximates the effect of full fine-tuning while introducing
only a small number of additional parameters. Successors further enhance the approximation

ability, robustness, or rank allocation [337-341].

Recent works also propose hybrid schemes that highlight common design principles [175],

for instance, integrating their respective strengths under a unified adapter framework [329].

Although PEFT has proved effective in language and 2D vision, a direct transfer to 3D scene
understanding is often sub-optimal, largely due to the unordered nature of point clouds and
the prominence of geometric cues. Our work thus investigates PEFT strategies tailored to

large-scale 3D scenes.

PEFT for 3D point cloud. In the context of 3D point clouds, PEFT remains relatively
underexplored. Existing methods thus far have focused mostly on object-level inputs with
limited spatial scale. Some approaches introduce prompt tokens that adapt to 3D data, where
the prefix tokens are dynamically generated from intermediate features [176, 342, 343] or
from the spatial centers of local patches [344]. Several works also introduce auxiliary side
networks, operating either in the spectral domain [345] or the spatial domain [346, 347], to
provide geometric context. Other methods construct banks of prompt vectors using domain-
specific dataset to inject 3D prior knowledge [177], or combine language-side prompt tuning

with point-cloud adapters to handle open-vocabulary recognition [348].
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Compared to object-level datasets [57, 58], 3D scene understanding involves much larger in-
puts containing on the order of millions of points [43, 44]. This scale amplifies computational
challenges and underscores the need for PEFT techniques expressly designed for large 3D

scene models, which is however a research direction that remains largely unexplored.

5.3 Methodology

We propose the Geometry Encoding Mixer (GEM) as a lightweight parameter-efficient module

for fine-tuning point-cloud transformer. Fig. 5.2 summarises the overall architecture.

In particular, GEM consists of two complementary adaptations: a Spatial Adapter that refines
the positional encoding of each point, injecting local geometry information overlooked by
generic adapters; and a Context Adapter that distills a compact set of latent tokens that
broadcast global scene-level cues. Both components follow the residual, bottleneck design of

classic adapters, yet emphasize and operate on spatial rather than channel space.

5.3.1 Preliminaries

We first consider the direct application of existing PEFT methods on current point-cloud

transformers.

Challenges under 3D. Following transformer [299, 301], point-cloud transformers also build
upon self-attention layer (Attn) followed by feed-forward network (FFN). However, due to
the large scale input points at million scale, global self-attention over all points would demand
prohibitively large GPU memory and compute resource, if ever possible, due to the quadratic
complexity of the attention operations: O(Attn) = n?, where n denotes the number of input
points. In this regard, state-of-the-art point-cloud transformers propose various designs of
local attentions [25, 26, 102, 131, 132] to cap the complexity, where each point can only
attend to points within the same patch. With a patch size of p, the complexity of local attention
is then O(Attny,.) = np. For example, it is set to p = 16 in PT [26] and p = 1024 in the
larger PTv3 [25].
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The irregular and sparse nature of 3D point cloud, together with these architecture designs,
greatly impede the application of standard PEFT methods such as adapter, LoRA, and prompt
tuning. As shown in Fig. 5.1, directly applying existing methods yields only marginal
gains. We attribute this to their lack of spatial structure awareness of 3D geometry and the
inability to capture scene-wide context under the local attention regimes of modern point

cloud backbones.

Adapters. The adapter-based methods [48, 328] insert small modules after the attention or
FFN layers:
fadapter(w) =x + U(deown>Wupa (51)

where Wy, € R¥" and Wy € R"*< are down and up projections that form a bottleneck
structure with r < d and activation ¢ in the mid, and are also surrounded by residual
connection. As generic MLP bottlenecks, adapters adapt the model on a per-point basis,

overlooking the important spatial cues in 3D point cloud.

LoRA. LoRA methods [49] typically adapt the attention projection layers and approximate

the full fine-tuning with a bottleneck in weight space, transforming the attention into:
Attn ora = Attn(Q + AQ, K + AK, V), (5.2)

where AQ = xWoun Wy, With Wgy, € R and W,, € R™¢, and similarly for AK
with a different pair of weights. While LoRA can leverage the strong ability of the attention
layers, we note that all attentions in point cloud transformer are constrained within local
patches. LoRA methods are thus inherently limited by the prevalent design of local attention.

With only limited rank r» << d, it could fail to provide global context of the target dataset.

Pompt tuning. Prompt tuning methods [317, 318] explicitly introduce global tokens into the
attention:

Attnyomye = Attn(Q, [Pr; K, [Py; V), (5.3)

where Py, Py € R™* are two sets of tokens prepending to the original key-value pair. In

spite of the constraint of local patches, prompt tokens can be duplicated into each patch.
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FIGURE 5.2. Geometry Encoding Mixer. We propose the spatial adapter to enhance
the pre-trained positional encoding, and the context adapter to overcome the local
attention mechanism, thus enhancing the efficient adaptation on large-scale 3D scenes
with explicit geometry encoding.
However, with m << n, it can be hard for a few static external tokens to capture scene-

specific context that can vary across point clouds within the same dataset. In addition, it also

overlooks the spatial pattern of the point cloud, lacking the adaptation to local point features.

Others. There are more methods that explore other aspects. Selective tunings propose to tune
a small subset of the frozen model parameters, such as BitFit [325] that tunes only bias terms.
Hybrid methods are also explored, such as MAM [329] that couples FFN adapter with prompt
tuning for attention layer. These methods still inherit the constraints from those representative
PEFT methods, which are hindered by the local attention and fail to recognize the spatial

structure.

In summary, existing methods overlook 3D geometry and remain confined to local patches,
motivating a PEFT design that incorporates spatial awareness with scene-wide context,

introduced next.

5.3.2 Our Methodology: Geometry Encoding Mixer (GEM)

To address these limitations, we present the Geometry Encoding Mixer (GEM). It refines

positional encodings and injects scene context for efficient adaptation on large-scale 3D
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Scenes:

x < x + pos(x) + fipatial(T), (5.4)

xr +— x+ Attnloc(a:) + fcontext<m)7 (55)

where x denotes input points and pos(+) is the pre-trained positional embedding. Fig. 5.2

llustrats the overall structure.

Spatial Adapter (SA). Point clouds are sparse, irregular samples in 3D. Adapting to their
fine-grained geometry requires explicitly modeling local neighborhoods, which prior PEFT

methods fail to address.

To this end, the spatial adapter refines per-point positional encoding through a lightweight
3D convolutional bottleneck. Concretely, for each point , we consider a 3D grid and gather

points in the vicinity voxels as neighbors, denoted by N:

fspatial(w) =x+ U(Z u/]ic(wwdown»Wup; (56)
ieN

where Wown € R™" and W, € R™*¢ are down and up projectsion with r < d. Wi, € R™*"

composes the spatial kernel weights for i-th neighboring voxel and o (-) is the nonlinearity,

such as ReL.U.

With a common kernel dimension k = 3, the spatial adapter touches at most k3 neighbours
per point and adds 2rd + k3r? parameters, rendering a complexity of O(2ndr + nk3r?) =
O(nd) given k,r < n,d. It thus functions as an efficient convolution-based positional
encoding [349, 350] in parallel to the pre-trained positional encoding, thereby capturing fine

spatial layout to match the target distribution.

Context Adapter (CA). Due to the local attention, any local and channel-wise adaptation
would be constrained from acquiring scene-wide context, hindering the adaptation perfor-

mance on downstream tasks like semantic segmentation.



5.4 EXPERIMENTS 111

To inject global context without breaking the O(n?) barrier, we introduce m latent tokens

L € R™*", where m < n, that attend to all points once:

L.=Aun(LW9, K, V), (5.7)

fcontext(w) =& + Attn(Q7 LCWKy LCWV)Wup7 (58)

where L € R™ and Q, K,V = W2  aWE «WY  are down-projected point

down>?

features.

As both attention costs O(nm) with m < n, global aggregation is affordable and at the same
level of complexity as the conventional prompt tuning [317, 318]. Furthermore, we update
L < L + L. at each adapter insertion to share across layers, yielding dynamic prompts that

capture the context of current scene, unlike static prefixes in prompt tuning.

Discussion. In comparison to existing PEFT methods, GEM explicitly biases the adaptation
to 3D geometry and context. The spatial adapter captures localized variations that generic
adapters, such as LoRA and basic adapters, would miss, since those ignore spatial structure
and use the positional encodings from pre-training. The context adapter circumvents the local
attention design to provide scene-wide context for efficient adaptation with few parameters.
By combining these two components, our approach enables scene-aware adaptation of 3D
transformers, where each point is tuned with respect to both its neighbors and the entire point
cloud. It thus results in significantly improved performance on 3D scene datasets with only a

lightweight adaptation overhead'.

5.4 Experiments

We present the results of our proposed GEM on semantic segmentation of large-scale 3D

scene datasets and experiment with both self-supervised pre-trained backbone, Sonata [17],

'We study the empirical overheads in the supplementary Sec. 5.6.1.
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and supervised pre-trained one, PTv3-PPT [28], for investigation’. We also provide ablation

studies to reveal the detailed effects of different components better.

5.4.1 Experimental Setup

We primarily follow the comprehensive protocols proposed in Sonata [17], covering Scan-

Net [43], ScanNet200 [14], ScanNet++ [63] and S3DIS [44].

We adopt two representative pre-trained backbones, the Sonata model [17] with large-scale
self-supervised training and the PTv3-PPT [28] with supervised pre-training on multiple
large-scale curated datasets. We compare GEM with the existing popular PEFT methods,
including bias-tuning from BitFit [325], Adapter [48], LoRA [49], and Prompt Tuning [317].
We consider linear probing as a baseline and the full fine-tuned model as our target strong
reference. In addition, we note that the Sonata (full.) specifically introduces a task-specific
decoder for semantic segmentation during the fine-tuning, which may not reflect the fair
comparison. Therefore, we revive to the standard full fine-tuning without additional decoder

network, which is denoted by Sonata (ft.).

For training, we follow the widely accepted fine-tuning setups to update only the inserted
or selected weights with the pre-trained backbone weights remaining frozen. All PEFT
baselines follow the implementations from released code, adopt the suggested common
practice [351, 352], and are tuned to their best validation setting in Fig. 5.1(c). Specifically,
we set the default rank to be » = 32 and the number of learnable tokens to be m = 4. More

details are given in the supplementary.

5.4.2 Performance Comparison

Main results. Tab. 5.1 shows that GEM consistently surpasses all representative PEFT
methods across datasets. It matches the performance of full fine-tuning on most datasets and

even exceeds it on ScanNet++ [63]. ScanNet++ comprises large and diverse scenes captured

%For more generalization and comparisons in other settings, such as convolutional model and 3D shape
analysis, please refer to the supplementary Sec. 5.6.2.
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Semantic Seg. Params ScanNet Val [43] ScanNet200 Val [14] ScanNet++ Val [63] S3DIS Area 5 [44] S3DIS 6-fold [44]

Methods Learn. Pct. mloU mAcc allAcc mIoU mAcc allAcc mIoU mAcc allAcc mIoU mAcc allAcc mIoU mAcc allAcc

Training from scratch

SparseUNet [92] 39.2M 100% 72.3 80.2 90.0 250 329 804 28.8 384 80.1 663 725 89.8 724 809 89.9

PTv3 [25] 124.8M 100% 77.6 85.0 92.0 353 46.0 834 42.1 534 856 734 789 91.7 77.7 853 915

Full fine-tuning

Sonata (full.) [17] 124.8M 100% 79.4 86.1 92.5 36.8 46.5 844 437 558 86.6 760 81.6 93.0 823 89.9 933

Sonata (ft.) 108.5M 100% 78.3 859 923 373 47.8 837 498 612 876 724 79.0 922 79.5 873 923

PEFT methods

Sonata (lin.) 0.02M 0.02% 72.5 83.1 89.7 29.3 41.6 81.2 37.3 509 843 723 812 909 765 874 90.8
+BitFit [325] 02M 02% 74.7 84.7 90.8 325 455 820 424 565 857 739 820 915 76.1 87.1 91.0
+Adapter [48] 2.8M 2.5% 77.0 854 91.8 33.6 457 825 426 57.5 856 73.8 829 915 764 875 914
+LoRA [49] 19M 1.7% 76.7 85.7 91.7 33.6 455 827 442 58.0 86.5 745 832 915 774 878 912
+Prompt Tunning [317] 5.5M 4.8% 743 84.1 90.5 314 444 816 412 562 848 734 825 91.0 73.7 86.5 90.5
+GEM (ours) 1.8M 1.6% 783 86.6 92.3 356 469 833 46.6 60.3 863 75.1 83.0 92.1 77.9 882 92.1

TABLE 5.1. Semantic segmentation.

at sub-millimeter resolution, diverging greatly from the spatial distribution of common pre-
training datasets such as ScanNet [43]. Under this domain gap, the joint modeling of local

spatial cues and global scene context introduced by GEM proves especially beneficial.

Interestingly, LoRA [49] and adapter [48] deliver similar scores, despite acting on different
transformer components. This observation implies that, when updates remain local and
geometric is not modeled explicitly, the precise choice of adaptation target can be secondary.
In addition, prompt tuning [317] underperforms even the linear probing baseline in the S3DIS

6-fold evaluation, revealing the penalty of ignoring spatial structure during fine-tuning.

Data efficiency. We assess PEFT methods under the scenarios of limited data and annotations
in Tab. 5.2. The results demonstrate the exceptional data efficiency of GEM, which outper-
forms both other PEFT methods and the full fine-tuning counterparts. Notably, under extreme
data scarcity, such as 1% of the labeled scenes and limited annotations (20 points per scene),
GEM surpasses both Sonata (full.) and Sonata (ft.), highlighting its superiority in low-data

regimes.

Supervised pre-training. While self-supervised methods dominate the language domain,
supervised pre-training remains competitive for vision [11]. To probe the limits of PEFT under
large-scale 3D supervision, we adopt recent advances in 3D supervised pre-training [28],

which achieve leading performance by training on a large collection of curated, labeled scene
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datasets. As shown in Tab. 5.3, existing PEFT methods can even degrade performance, likely
suffering from negative transfer [353, 354]. In contrast, GEM improves upon supervised

backbone, further outperforming the larger PTv3 [25] with only 1.6% additional parameters.

PEFT with decoder. A dedicated segmentation decoder (13% of the total parameters)
is known to lift fully fine-tuned baselines. We therefore ask whether PEFT can still add
value in the presence of such a task-specific head. Tab. 5.4 answers in the affirmative:
GEM outperforms all competing PEFT variants and even surpasses its own fully fine-tuned
counterpart, setting a new state-of-the-art on ScanNet. The result underscores the merit of
jointly modeling local geometry and scene-level context, even when the decoder already

provides task-specific capacity.

Outdoor segmentations. During the original evaluation of Sonata [17], it employs separate
pre-trained models for indoor and outdoor scenarios, due to the significant domain gaps
between indoor and outdoor scenes. Here, we test a stronger setting: transferring an indoor
pre-trained backbone to an outdoor autonomous-driving benchmark. We replace the input
layer with a randomly initialized counterpart to match dimensionality and freeze all remaining

weights.

Tab. 5.5 shows that GEM narrows the gap to a model trained from scratch on outdoor data,
yet a noticeable performance gap persists. Closing this gap remains an interesting direction

for future work.

5.4.3 Ablations and Analsys

We mainly consider the linear probing, Sonata (lin.), as baseline and ablate on ScanNet [43]
to better investigate the key factors for effective PEFT in 3D scenes, shown in Tab. 5.6. For

more studies on the effect of available parameters, please refer to the supplement.

Individual effectiveness of SA and CA. To validate our initial hypothesis, we study the
individual effectiveness of the SA and CA in Tab. 5.6a. We find that both adapters can already

be superior to the baseline and competitive to the existing PEFT methods. We notice that
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Data Efficiency Limited Scenes (Pct.) Limited Annotation (Pts.)  Supervised Pre-train. Params ScanNet Val [43]

Methods 1% 5% 10% 20% Full 20 50 100 200 Full  Methods Learn. Pct. mIoU mAcc allAcc

Training from scratch Training from scratch

SparseUNet [92] 26.047.8 56.7 62.9 72.2 41.953.962.265.5 72.2 SparseUNet [92] 392M 100% 723 80.2 90.0

PTv3 [25] 25.848.9 61.0 67.077.2 60.167.971.472.7 77.2 PTv3 [25] 124.8M 100% 77.6 85.0 92.0

Full fine-tuning Full fine-tuning

Sonata (full) [17] 45365.7 72.4 72.8 79.4 70.573.676.077.0 79.4 i i

Sonata (ft.) 44.463.2 71.3 72.378.3 69.672.675.376.2 78.3 PTV3-PPT (ft) [28] 974M100% 78.6 86.0 92.5

PEFT methods PEFT methods

Sonata (lin.) 43.662.5 68.6 69.8 725 69.070.571.171.5 72.5 FPIV3-PPT g‘“') 0.1M 0.1%78.6. 85.9 [92.5
+BitFit [325] 46.564.9 69.9 71.7 747 71.072.372.973.6 747  *BitFit[325] 02M 0.2% 78.2 85.6 92.3
+ Adapter [48] 464642 70.1 72.277.0 71.873.474.775.0 77.0  +Adapter [48] 1.8M 1.8% 78.5 859 924
+LoRA [49] 46.663.0 70.1 72.6 76.7 72.173.675.275.5 767 ~ TLORA[49] - 1L4M 1.7% 78.4 86.0 92.4
+Prompt Tunning [317]45.562.6 68.9 71.1 74.3 70.271.572.572.8 74.3  *Prompt Tunning [317] 4.8M 4.8% 78.3 859 924
+GEM (ours) 47.565.6 71.0 73.3 78.3 72.374.776.276.6 733  *GEM (ours) 1.8M 1.6% 79.1 86.6 92.6

TABLE 5.2. Data efficiency. TABLE 5.3. Supervised pre-
training.

with Decoder Params ScanNet Val [43] Outdoor Seg. Params Sem.KITTI Val [6]
Methods Learn. Pct. mloU mAcc allAcc Methods Learn. Pct. mloU mAcc allAcc
Training from scratch Training from scratch

PTv3 [25] 124.8M 100% 77.6 85.0 92.0 PTv3 [25] 124.8M 100% 69.1 76.1 92.6
Full fine-tuning Full fine-tuning

Sonata (full.) [17] 124.8M 100% 79.4 86.1 92.5 Sonata (full.) [17] 124.8M 100% 72.6 77.9 93.4
Sonata (full.)* 124.8M 100% 78.5 86.3 92.4 Sonata (ft.) 108.5M 100% 68.8 75.2 92.6
PEFT methods with decoder PEFT methods

Sonata (dec.) 16.3M 13.1% 79.1 86.6 92.7 Sonata (lin.) 0.02M 0.02% 62.0 72.5 91.0
Sonata (dec.)* 163M 13.1% 77.2 859 91.9  Sonata (lin.) 0.02M 0.02% 52.0 63.3 87.1
+BitFit [325] 16.4M 13.2% 78.1 86.1 92.3 +BitFit [325] 0.2M 0.2% 59.9 70.6 91.0
+ Adapter [48] 19.IM 15.0% 782 86.5 923 + Adapter [48] 2.8M 25% 625 722 92.0
+LoRA [49] 182M 14.3% 78.9 87.0 92.5 +LoRA [49] 19M 1.7% 63.8 74.0 92.0
+Prompt Tunning [317] 22.6M 17.2% 77.4 86.1 92.1 +Prompt Tunning [317] 5.5M 4.8% 59.1 71.0 90.8
+GEM (ours) 18.1M 14.3% 79.5 87.3 92.7 +GEM (ours) 1.8M 1.6% 67.7 75.5 93.1

TABLE 5.4. PEFT with segmen- TABLE 5.5. Outdoor seman-

tation decoder. Methods with *
reports our re-produced results.

tic segmentation. Methods with
T use outdoor datasets for pre-

training.

the SA takes the majority part of the introduced parameters, which is partially due to the

inherently expensive 3D convolution with k® kernels. Such challenge is also 3D specific

and urges us to develop the CA, rather than solely relying on the positional encoding to

capture 3D geometry. By combining the two form of spatial adapters, we obtain GEM that

reaches the best performance by comprehensively exploring the 3D scene while remaining

parameter-efficient.
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Understanding the latent tokens. In Tab. 5.6b, we are motivated to further investigate how
efficient and effective the proposed CA could be. We thus study how few tokens it could
afford before failing to capture the global context. Surprisingly, we find that CA can use
as few as one single token to effectively express the global scene context, obtaining clear
improvement over SA-only approach. We consider this to be the effectiveness of weight
decomposition, where we are akin to approximating the n? global self-attention weights
with two n x 1 matrices. In comparison to LoRA that decomposes in the weight space,
we decompose the spatial attention weight matrices and form a spatial bottleneck at token
dimension. In addition, while we are aware that related topics have been similarly explored
for efficient attentions [355, 356], we are, to the best of our knowledge, the first to motivate

their effective application as PEFT methods for 3D scenes understanding.

Sharing the latent tokens. The last experiment, Tab. 5.6c probes whether the latent tokens
learned by CA should remain layer-local or be shared across the hierarchy, assessing its ability
to capture dynamic and scene-specific context. When each layer keeps its own bank of tokens
(N/A), GEM already surpasses SA-only, confirming that CA supplies complementary global
cues. Re-using the same tokens within each encoder stage (per-stage) yields a further yet
modest gain, suggesting that a coherent context inside each resolution level helps the network

reconcile local geometry with mid-range structure.

The strongest result emerges when a single set of latent tokens is shared by all transformer
blocks. We attribute this improvement to its consistency with the fact that 3D point clouds
represent the same underlying 3D geometry in spite of their irregularity and sparsity. From
this perspective, such globally shared latent tokens confine the model to adapt to the actual
underlying scene, rather than overfitting on irrelevant patterns due to the noisy sampled point

cloud.

Revealing the geometry cues in latent tokens. Under the above assumption that latent
tokens regularize the model to capture the underlying 3D scene, we visualize the attention
weights and compare them to those produced by other PEFT methods that also inject global

context, such as prompt tuning.
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SA CA Params mloU m mloU mAcc allAcc strategy mloU mAcc allAcc
Sonata (lin.) 0.02% 72.5 1 781 864 92.1 N/A. 77.8 86.1 92.1
v 1.0% 77.2 4 783 86.6 923 per-stage. 78.0 86.1 92.0
+ GEM v 0.6% 713 8 782 86.8 923 global 78.3 86.6 92.3

v v 1.6% 783
(A) SA and CA compose of effective PEFT  (B) GEM is robust to available la-  (C) GEM can provide better capabili-
for 3D scenes, individually and jointly. tent tokens. ties when sharing latent tokens.
TABLE 5.6. Ablations on GEM. If not specified, the backbone is the self-supervised
pre-trained Sonata [17] with no additional task-specific decoder, evaluated on Scan-
Net [43]. Default settings are marked in gray .
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FIGURE 5.3. We visualize the attention weights of our latent tokens, comparing to
the attentional weights with the prompt tuning, showing the enhanced geometry cues
produced by GEM. More visualizations in Sec. 5.6.3.

As shown in Fig. 5.3, starting from the first stage, our latent tokens learn to produce crisper
attention weights that follow geometric cues, such as the simple geometric primitives of
floor surface. In deeper stages, the tokens progressively attend to more salient geometric
objects, including clutter on the table and sofa. In contrast, the static tokens introduced by
prompt tuning produce yield blurrier attention patterns that often span across object and

region boundaries.

These observations suggest that the proposed latent tokens effectively capture and broadcast
scene-wide geometric context. Combined with the local spatial structure extracted by 3D
convolutions, this leads to superior performance, establishing our method as an effective

PEFT approach for 3D scene understanding.
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5.5 Summary

This study presents GEM, a geometry-aware fine-tuning module tailored for large-scale 3D
scene segmentation. By combining local spatial refinement and global context modeling,
GEM addresses key challenges inherent in adapting pre-trained 3D models to new domains.
Experimental results across multiple benchmarks confirm its ability to achieve competitive
performance with minimal parameter updates. These findings highlight the value of incor-
porating geometric priors into efficient model adaptation and offer a promising direction for

scalable deployment in 3D scene understanding tasks.

Limitation and future work. While GEM achieves promising performance with little
overhead in complexity, we notice it relies on the assumption that the model can be fully
parallelized. For example, it would incur noticeable overhead if using large batch sizes, as
the device is forced to process the input sequentially, in spite of the parallel design in GEM.
In addition, we are able to successfully train our PEFT methods with a fraction of epochs
than the full fine-tuning, e.g. 100 rather than 800 epochs, we realize that the gradients need
to be back-propagated into early layers and could hinder the training efficiency, especially
with dense point clouds like S3DIS [44]. We thus suggest that it is required a systematic
examination on the additional overhead that PEFT methods would experience in 3D scene

understanding.

5.6 Appendix

In this supplementary, we provide more materials as follows,
Sec. 5.6.1 details the implementation, training, and inference;
Sec. 5.6.2 presents additional experiments and analyses with tight parameter budgets

Sec. 5.6.3 offers more qualitative visualizations.
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Methods Params. Memory Latency ~ Shape-Part Seg. Params ShapeNetPart [57]
Base model Methods Learn. Cls. mIoU Inst. mIoU
Sonata (full.) [17] 124.8M 8.2G 61.8ms Full fine-tuning
Sonata (ft.) 108.5M 6.4G 50.2ms
ReCon (ft.) [150]  27.06 84.52 86.1
PEFT methods
Sonata (lin.) 0.02M 64G 502ms PEFT methods
+Adapter [48] 28M 6.7G 50.6ms ReCon (lin.)[150] 5.23M 83.06 85.2
+LoRA [49] 1.9M 79G 52.8ms +PointLoRA [347] 5.63M 83.98 85.4
+Prompt Tunning [317] 5.5M 7.3G 51.5ms +PointGST [345] 5.59M 83.98 85.8
+GEM (ours) 1.8M 7.1G 57.8ms +GEM (ours) 5.58M 84.02 85.8
TABLE 5.7. Inference effi- TABLE 5.8. Generalizing to 3D
ciency of PEFT methods. We shapes.
benchmark with the batch size
fixed to 1.

5.6.1 Details of Implementation, Training, and Inference

Our implementation is based on the open-source codebase Pointcept (here) and follows the

official implementations for Sonata [17], PPT [28], as well as PTv3 [25].

Leveraging the parameter efficiency of our method, we train on a single 4090 GPU for much
fewer epochs to obtain the reported performance. For example, we train on ScanNet for
100 epochs, in contrast to the 800 epochs in the released Sonata configuration. Our code is

available at https://github.com/LiyaoTang/GEM.

Tab. 5.7 summarizes empirical latency and memory usage. We intentionally refrain from
deployment-specific optimizations such as LoRA weight merging. Although the global
attention and local convolution modules introduce extra cost, the runtime and memory

footprint stay within the same order of magnitude as other PEFT baselines.

5.6.2 More Experiments and Analysis

In spite of the promising results shown in Sec. 5.3, we suggest that it can better demonstrate

the full potential of PEFT methods under broader and more challenging settings.


https://github.com/Pointcept/Pointcept
https://github.com/LiyaoTang/GEM
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Tight Budgets Params  ScanNet200 Val [14]  Tight Budgets Params ScanNet Val [43]
Methods Learn. Pct. mloU mAcc allAcc Methods Learn. Pct. mloU mAcc allAcc
Training from scratch Training from scratch

SparseUnet [92] 392M 100% 25.0 329 80.4  PTv3[25] 124.8M 100% 77.6 85.0 92.0
Full fine-tuning Full fine-tuning

SparseUnet (ft.) [151]10.02M 0.05% 32.0 41.6 82.3 gzﬁzzgzl)‘-)[”] }ggzgx iggZZ ;Z:‘; 22;& g;;

PEFT methods with rank=1
SparseUnet (lin.) 0.02M0.05% 1.5 2.5 53.6

PEFT methods with rank=1

se Sonata (lin.) 0.02M0.02% 72.5 83.1 89.7
*BitFit [325] 0.03M0.07% 48 69 627 " ) 4 ter [48] 0.05M 0.04% 74.0 84.1 90.5
+ Adapter [48] 0.6M 15% 95 134 695 A 005M005% 435 <54 751
+*LoRA [49] 08M 2.0% 13.2 17.6 747, p o Tunning [317] 0.05M 0.05% 72.9 835 90.0
+GEM (ours) 0.6M 1.5% 15.2 229 756 . GEM (ours) 0.07M 0.06% 75.2 84.8 91.1

PEFT methods with 0.1% params.

TABLE 5.9. Generalizing to con- Sonata (lin.)

volutional networks. + Adapter [48] 0.IM 0.1% 75.1 847 91.1
+LoRA [49] 0.IM 0.1% 75.0 84.4 911
+Prompt Tunning [317] 0.IM 0.1% 73.5 83.9 90.3
+GEM (ours) 0.IM 0.1% 76.5 855 916

PEFT methods with 1% params.
Sonata (lin.)

+ Adapter [48] 1.IM 1.0% 76.6 853 91.7
+LoRA [49] 1.IM 1.0% 76.7 85.6 91.7
+Prompt Tunning [317] 1.1M 1.0% 73.8 84.2 90.4
+GEM (ours) 1.IM 1.0% 78.2 86.3 92.2

TABLE 5.10. Performance with
tight budgets.

PEFT for shape analysis. While GEM is motivated by PEFT for large-scale 3D scenes,
most existing 3D PEFT methods target object-level understanding, as discussed in Sec. 5.2.
To assess cross-domain generalization and compare against these existing 3D-specific PEFT
methods, we further evaluate GEM on 3D shape datasets, ShapeNetPart [57]. As shown in
Tab. 5.8, GEM remains competitive and achieves the best performance. We also observe
that common backbones for shape analysis, such as ReCon [150], attach large MLP heads
that account for approximately 20% of all parameters, rendering fine-tuning inefficient. To
broaden the applicability of backbone models for 3D shapes, an interesting direction for
future work is to develop architectures with more parameter-efficient heads that are better

suited to fine-tuning.

PEFT for 3D convolutional networks. While our primary experiments apply GEM to

state-of-the-art backbones, mainly transformer models, we also verify its generality on
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FIGURE 5.4. Attention maps of our latent tokens in context adapter.

convolutional architectures. In particular, we integrate GEM into SparseUNet [92], a 3D
convolutional model, following the MSC [151] protocol to pre-train on ScanNet [43] and fine-
tune on ScanNet200 [14]. As reported in Tab. 5.9, GEM improves performance by +4.6 mloU
over linear probing and outperforms other PEFT baselines, demonstrating robustness beyond
transformer models. We notice the gains are narrower than those on transformer backbones,
largely due to the limited capacity of convolutions, as also indicated by a near-collapse linear

probing performance in this setting.

PEFT under tight budgets. To stress parameter efficiency, we constrain all methods to the
same limited learnable-parameter budgets, including enforcing rank » = 1, allowing 0.1%
parameters, and 1% parameters. As reported in Tab. 5.10, GEM delivers consistently higher

accuracy, whereas several baselines fail when the budget becomes extremely stringent.

5.6.3 More Visualizations

We provide additional qualitative results regarding the attention maps generated by our latent

tokens in Fig. 5.4. Although shared across stages, the latent tokens appear to attend to different
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Ground Truth Baseline Improvement

A

(c) Offices and lounges.

FIGURE 5.5. We compare the results of baseline (lin.) with the proposed GEM.

parts of the scene, providing different scene context to the backbone models at different stages.
Consistently, the visual comparison with the baseline in Fig. 5.5 shows clear improvements.
Across different scenes, GEM yields cleaner and more coherent segmentations, with fewer

confusions in cluttered regions and sharper boundaries at object interfaces.



CHAPTER 6

Conclusion and Outlook

6.1 Conclusion

This thesis advances a geometry-grounded view of 3D world understanding via point cloud
semantic segmentation, a principled route from geometric measurements to high-level se-
mantic understanding. Rather than treating 3D geometry as merely an input, we show that
it can serve as structure that shapes the output we predict, the supervision we trust, and the
context in which we adapt. From this perspective, scene segmentation is more than point-wise
labeling: it is learning to recover coherent spatial and semantic structure from sparse, noisy,

and irregular samples.
We developed this perspective along three complementary axes.

In Chapter 3, we study the most fragile yet consequential regions of the prediction space, i.e.,
semantic boundaries, where small local mistakes can distort global partitions. By introducing
metrics for boundary evaluation and the Contrastive Boundary Learning (CBL) framework,
we demonstrate that improving boundary discriminability is a direct lever for more faithful
scene segmentation. The broader implication is that output structure can and should be

modeled explicitly, rather than left to emerge implicitly from backbone capacity.

In Chapter 4, we explore the structure of learning signals by modeling noise in supervision,
especially in label-efficient regimes where supervision is synthesized from model predictions
and is unavoidably noisy. We show that common pseudo-labeling relies on stable training
dynamics but can degenerate under noisy data and geometric perturbations. By regularizing

pseudo-label distributions through entropy and alignment, we derive the Entropy-Regularized
123
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Distribution Alignment (ERDA) scheme. ERDA reframes noise as an intrinsic component
of supervision that can be modeled and controlled. Building on the noise-aware signals
from ERDA learning, we further propose query-based pseudo-labeling to enable more stable
learning across modalities, including 3D point clouds and 2D images, and across labeling

regimes, even under significant geometric disturbance.

In Chapter 5, we address the structure of context for efficient deployment. Pre-trained
point cloud transformers offer strong representations, yet real-world scenarios exhibit spatial
sampling patterns and geometric statistics that vary across sensors and scenes. We demonstrate
that naive parameter-efficient fine-tuning methods can underperform, because they typically
treat points as orderless tokens. By explicitly injecting local spatial cues and global geometric
context, the proposed Geometric Encoding Mixer (GEM) provides an efficient, geometry-

aware mechanism for adapting large-scale 3D backbones under spatial and geometric shift.

Taken together, these contributions support a unified argument: in 3D scene segmentation,
structure is not an auxiliary constraint but the substance of learning. By grounding output
coherence, supervision informativeness, and adaptation efficacy in explicit geometry, this
thesis offers a consolidated pathway toward scalable 3D world understanding that remains
accurate under ambiguity, efficient under resource constraints, and robust under distribution

shift.

6.2 Limitations

Despite the scope and coherence of the proposed perspective, several limitations remain.
They arise from the deliberate choice of semantic segmentation on static point clouds as the
principled route to geometry-grounded world understanding, and from the assumptions that

make this route tractable.

Scope of task and data assumptions. This thesis centers on semantic segmentation of static
point clouds. While segmentation is fundamental, it is not exhaustive. Its formulation does

not explicitly model temporal consistency, motion, or interactive perception, and it largely
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assumes that metric geometry is already available in a usable form, typically after sensing
and preprocessing, rather than jointly inferred with semantics. As a result, real-world settings
that require spatio-temporal association and tracking, such as 4D segmentation and tracking
of point cloud sequences [92, 357] or closed-loop perception-action, remain beyond the

empirical scope of this thesis.

Assumptions in output structure. CBL emphasizes crisp boundaries and boundary-aware
evaluation, reflecting both the importance and the fragility of boundary regions. However, this
focus implicitly assumes that semantic discontinuities are well-aligned with local cues and
that sharper partitions are universally preferable. In practice, boundaries can be intrinsically
ambiguous, as in cluttered regions, gradual transitions, or mixed materials, making the
definition of boundaries often a modeling choice rather than an observable fact. Moreover,
current boundary derivation typically relies on dense annotations, which are costly and
limit scalability; this becomes more pronounced in open-vocabulary settings where class
definitions may be specified by language rather than closed-set labels [156, 358]. Finally,
stronger boundary objectives may trade off against calibrated uncertainty where multiple

interpretations of semantic boundaries are plausible.

Assumptions in supervision modeling. ERDA treats supervision as a distribution and
controls it through entropy regularization and alignment. This design relies on the model’s
predictive distribution being sufficiently informative, so that shaping confidence improves
learning rather than amplifying bias. Under severe domain shift, long-tail classes, or sys-
tematic label noise, even with noise-aware learning signals, entropy-based objectives can
over-commit to erroneous modes and prolong recovery. In addition, ERDA largely assumes a
fixed label space, and therefore does not directly resolve open-set or open-vocabulary learning,

where the class set is incomplete or evolving [156, 358].

Constraints in adaptation setting. GEM targets efficient adaptation of large pre-trained
point cloud backbones under spatial and geometric shift, largely within parameter-efficient
fine-tuning (PEFT) regimes. While it improves transferability and efficiency, it does not
fully address continual or test-time adaptation where shifts accumulate online and where

stability-plasticity trade-offs become central [359, 360]. Its effectiveness also depends on
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the quality of pre-training, and on access to target data for deployment. More generally, the
effectiveness of geometry-aware PEFT beyond conventional supervised fine-tuning, such as

instruction tuning for high-level spatial reasoning, remains underexplored [165].

Evaluation coverage and generalizability. Empirical validation is necessarily bounded by
available datasets, annotation protocols, and benchmark assumptions. Although the proposed
methods are designed to be broadly applicable, generalization to unconstrained real-world
deployments may be affected by sensor-dependent noise and bias, reconstruction artifacts, and
label mismatch across datasets. Extending evaluation to more diverse environments, sensing
conditions, and downstream requirements remains essential for comprehensive geometry-

grounded understanding.

Collectively, these limitations are not merely caveats; they delineate the next level of chal-
lenges on the way toward geometry-grounded world understanding. Several of them directly

motivate the directions outlined in the future outlook below.

6.3 Future Outlook

The geometry-grounded lens developed in this thesis suggests promising extensions that both

broaden the scope and relax the assumptions highlighted above.

Beyond per-point semantics: structure at higher levels. Semantic segmentation is a
foundational problem, but real-world understanding often demands richer outputs, more

flexible supervision, and more adaptive deployment.

On the output side, the same principle of explicit structure extends naturally from per-point
semantics to instance and panoptic segmentation, where boundaries become instance-level
separation and can be coupled with grouping, association, and mask partitioning [118, 361].
Beyond instances, structured scene understanding can move toward compositional abstractions
such as object-part hierarchies and 3D scene graphs, enabling scene-level reasoning grounded
in 3D geometric constraints and spatial relations. On the supervision side, treating learning

signals as distributions invites tighter integration with calibration, uncertainty estimation, and
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interactive labeling strategies, particularly for challenging cases such as boundary-adjacent,
cluttered, and long-tail regions. On the adaptation side, geometry-aware PEFT can be extended
to continual and test-time settings, where shift emerges gradually during online deployment

and where efficiency must be coupled with stability and lifelong learning.

More broadly, geometry-grounded perception connects to embodied decision-making. In
robotics and spatial agents, segmentation is rarely an endpoint, but provides the foundation
for planning, interaction, and learning from experience. The three axes in this thesis suggest a
concrete route forward: structured outputs that preserve actionable spatial partitions, super-
vision that reflects uncertainty under partial observability, and adaptation mechanisms that

track changing spatial statistics as the agent moves through new environments.

Foundation models and multimodal grounding. Large-scale pre-training is rapidly re-
shaping 3D perception. A key opportunity is to align geometry-grounded structure with the
emerging wave of multimodal and foundation models. The central challenge is to retain
geometric faithfulness while leveraging semantic priors from broader data sources, such that

semantics remains anchored to spatial geometry rather than dataset-specific correlations.

Recent progress increasingly blurs the boundary between 2D perception and 3D representation
learning. Feed-forward reconstruction models [1, 158, 159] infer rich 3D attributes from multi-
view inputs, while 3D-augmented VLM frameworks [165, 362] inject explicit 3D objectives
into instruction tuning. In parallel, joint 2D-3D self-supervised learning [29] suggests that a
shared representation can emerge with both geometric consistency and semantic transferability.
These trends motivate a compelling hypothesis that point-based representations may serve as
a latent representation or a form of spatial memory that is persistent, editable, and language-
aligned, bridging raw 2D observations to world model reasoning. Realizing this vision will
require mechanisms that preserve geometric faithfulness while supporting open-vocabulary

semantics and interactive querying.
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