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Abstract

Point cloud semantic segmentation is fundamental to 3D
scene understanding, but dense annotation requirements
limit scalability. Although recent label propagation and
contrastive learning methods enhance local consistency, the
incomplete object coverage caused by sparse annotations
hinders global context modeling, ultimately limiting overall
performance. To this end, we propose a diffusion-based
contextual reconstruction framework for point cloud semantic
segmentation with limited annotations. At its core, our frame-
work guides denoising with semantic predictions, using better
context reconstruction to enhance the conditional model for
better segmentation. Specifically, our contributions include:
(1) Diffusion-based segmentation framework: reconstructs
contextual semantics from noise under conditional guidance,
sharing the decoder with the segmentation module for robust
contextual semantic learning. (2) Dynamically aggregates
local context from segmentation features and guides de-
noising with global spatial structure, significantly enhancing
denoising quality and contextual awareness. Notably, we
pioneer diffusion models for 3D semantic segmentation with
limited annotations, enabling efficient single-step inference.
Experiments show robustness across varying annotation
ratios and state-of-the-art performance on benchmarks.

Code — https://github.com/ljwwwiop/DiCoSeg

Introduction

Point cloud semantic segmentation serves as a fundamental
technology for 3D scene understanding (Qian et al. 2022;
Wu et al. 2024; Wang et al. 2025¢c; Hui et al. 2021), with
critical applications in scene reconstruction (Hane et al.
2013; Jiang et al. 2021), autonomous driving (Hu et al.
2023), and embodied AI (Gupta et al. 2021; Wang et al.
2024b; Lian et al. 2025). However, this task confronts two
fundamental obstacles: the unavoidable dependence on fine-
grained point-wise annotations and the prohibitive labeling
costs imposed by 3D geometric complexity. Consequently,
weakly supervised learning has emerged as a promising
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Figure 1: A comparison of existing weakly-supervised point
cloud segmentation frameworks: (a) label-based strategy, (b)
contrastive learning approach, and (c) our proposed method.

direction to overcome these practical bottlenecks. Nonethe-
less, learning segmentation under sparse annotations re-
mains highly challenging due to limited supervision signals.

Recent years have witnessed significant progress in
weakly supervised learning under limited annotation con-
ditions. As illustrated in Figure 1, existing approaches
primarily follow two paradigms: (1) label-based strate-
gies (Pan et al. 2025; Tang et al. 2023; Wang, Yan, and
Yang 2024; Wang et al. 2025b) and (2) self-enhanced
contrastive learning (Hou et al. 2021; Li et al. 2022; Liu
et al. 2023). Among these, label propagation stands as
one of the earliest and most prevalent weakly supervised
methods. This approach aggregates and propagates features
among neighboring points through local geometric distance
metrics, effectively enhancing local feature representation.



(a) View occlusion

(b) Spatial isolation

Figure 2: Visualization based on S3DIS point cloud showing
(a) viewpoint occlusion and (b) spatial isolation.

However, its heavy reliance on geometric priors often
induces pseudo-label propagation errors, constituting a
critical bottleneck for performance improvement.

Recognizing the limitations of local metric-based meth-
ods, contrastive learning has emerged to capture cross-view
semantic similarity and enhance contextual understanding.
Notable examples include HybridCR (Li et al. 2022), which
employs a dual-branch dynamic view augmentation with
global-local contrastive regularization, and CPCM (Liu et al.
2023), which introduces a cross-view masked contrastive
framework to better handle occlusions. However, existing
methods still face two major challenges (see Figure 2):
(1) object truncation under heavy occlusion disrupts cross-
view semantic consistency; and (2) spatial isolation weakens
augmentation strategies (e.g., masking) in modeling isolated
objects effectively. These issues significantly hinder robust
context modeling in real-world scenarios.

Inspired by diffusion models’ success in image and
video reconstruction (Ho, Jain, and Abbeel 2020; Kawar
et al. 2022; Jiang et al. 2023b), where progressively better
restoration from noise reflects deeper contextual under-
standing (Sohl-Dickstein et al. 2015; Qu et al. 2024;
Jiang et al. 2023a), we incorporate this capability into
weakly supervised point cloud segmentation. Moreover,
diffusion models inherently complement the unstructured
nature of point clouds: (i) reconstruction requires no fixed
augmentations, and (ii) spatial structure recovery implicitly
models occlusions, and geometric relationships. Building on
these insights, the challenge is to develop a diffusion-based
weakly supervised segmentation framework that effectively
leverages diffusion models’ strengths.

To address this challenge, we propose DiCoSeg, a
Diffusion-based Contextual reconstruction framework for
point cloud Segmentation under limited annotations.
The framework comprises two key components: a
diffusion-based denoising network (DDN) and a context-
aware guidance learning (CGL) module. Specifically,
DDN first encodes sparse labels into a semantic map,
injects Gaussian noise as the diffusion network’s initial
input, and then progressively denoises to recover global
contextual semantics. Concurrently, CGL uses segmentation
semantics as a conditional guide to dynamically aggregate
local context and integrate global spatial structure,
further enhancing fine-grained semantic reconstruction.
Through this synergistic design, DiCoSeg achieves refined
contextual modeling, significantly advancing weakly-
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supervised segmentation performance. Moreover, a shared
prediction head enables single-step inference without
sacrificing accuracy. Extensive experiments on three public
benchmarks (indoor and outdoor) validate the effectiveness
of DiCoSeg, achieving state-of-the-art performance. Our
contributions are summarized as follows:

1. We propose DiCoSeg, a diffusion-based framework
that reconstructs contextual semantics for point cloud
segmentation with limited annotations.

. Two core components: a diffusion-based denoising net-
work for context reconstruction, and a context-aware
guidance learning module for conditional feature fusion.

3. To our knowledge, this is the first work to explore
diffusion models for 3D point cloud segmentation with
limited annotations. Extensive experiments on bench-
marks demonstrate DiCoSeg’s superior performance.

Related Work

To mitigate the high annotation cost in point cloud semantic
segmentation, weakly supervised learning has emerged as a
viable alternative. Current approaches predominantly adapt
techniques from the image domain (Sun et al. 2024; Qu
et al. 2025), including label propagation for annotation
completion (Tang et al. 2023), contrastive learning for
enhanced feature discriminability (Li et al. 2022), and other
modeling frameworks (Hu et al. 2022; Wang et al. 2024a,
2025a). Most studies tend to integrate multiple strategies to
construct more robust weakly supervised frameworks.
Label Propagation. Under weakly supervised settings (Sun
et al. 2025a,b; Wang, Fang, and Tiwari 2025; Cheng et al.
2021), an increasing number of methods focus on improving
label quality and propagation effectiveness. Zhang et al.
(2021) leverage transfer learning to introduce sparse pseudo-
labels for regularizing network training; OTOC++ (Liu, Qi,
and Fu 2021) employs RelationNets to precisely measure
3D graph node similarity for label propagation; while
AADNet (Pan et al. 2025) proposes an adaptive label
distribution regularization to effectively mitigate distribution
imbalance in weakly supervised learning. However, they
merely treat pseudo-labels as auxiliary supervision while
ignoring occlusion-induced geometric context variations.
Contrastive Learning. Xie et al. (2020); Zheng et al. (2023)
pioneered the first contrastive pre-training framework for
point cloud scenes through view perspective augmentation,
initiating subsequent research. HybridCR (Li et al. 2022) es-
tablishes a multi-level contrastive mechanism across trans-
formed point cloud pairs, local geometric pairs, and category
prototype pairs. MILTrans (Yang et al. 2022) introduces
category-wise contrastive loss at the scene level. CPCM (Liu
et al. 2023) is the first to integrate masked modeling for
weakly supervised point cloud segmentation, enhancing
the backbone network’s reasoning capability for masked
contexts through stochastic contrastive learning. However,
they focus solely on point- or view-level self-augmentation
contrasts, ignoring the inherent rich contextual semantic
relationships within the complete scene.

Others. In weakly supervised point cloud semantic segmen-
tation, local partitioning strategies such as KNN sampling
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Figure 3: The framework of DiCoSeg consists of two modules: (1) A Diffusion Denoising Network (DDN) that leverages a
diffusion encoder and a shared semantic decoder to recover context by reconstructing semantic maps from noise; (2) A Context-
aware Guidance Learning (CGL) module, which steers the denoising in the DDN using scene features as a conditioning signal.
While both modules are jointly optimized during training, only the semantic branch is needed for efficient single-step inference.

and Class Activation Maps (CAM) were among the earliest
explored approaches. Xu and Lee (2020) constructed KNN
graphs based on point cloud geometry to facilitate feature
embedding learning. SQN (Hu et al. 2022) aggregates
hierarchical representations via interpolation within locally
labeled neighborhoods. With the advent of more powerful
backbones like Transformers, PointCT (Tran et al. 2024)
introduces a center-point attention mechanism within neigh-
borhoods to enhance semantic representation. Moreover,
MILTrans (Yang et al. 2022) incorporates adaptive global
weighted pooling on top of CAM to effectively suppress
irrelevant classes and noise points. Despite benefiting from
neighborhood consistency in point clouds, they fail to effec-
tively mitigate the adverse impact of outliers on semantics.

Diffusion Modeling for Point Cloud. Luo and Hu (2021)
pioneered the application of diffusion models to 3D point
cloud object reconstruction and generation, establishing a
new research paradigm. PointDif (Zheng et al. 2024) in-
troduces a diffusion-based pre-training approach for object-
level point cloud understanding. For scene-level tasks,
DifFUSER (Le et al. 2024) incorporates diffusion mod-
els in BEV space to simulate robust components for
enhanced 3D detection stability, while CDSegNet (Qu
et al. 2025) presents a novel end-to-end single-stage fully-
supervised diffusion framework for segmentation. Nev-
ertheless, diffusion-based approaches remain unexplored
for 3D semantic segmentation under limited annotations.
Consequently, we propose a diffusion-based contextual
reconstruction framework that achieves efficient scene seg-
mentation from sparse annotations via semantic completion.

Method

In this part, Section 3.1 introduces the problem and prelim-
inaries. Sections 3.2 and 3.3 detail the DiCoSeg, including
a diffusion denoising network and context-aware guidance
module. Section 3.4 presents the overall training objective.
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Preliminaries
Problem Setup. We define the point cloud dataset as
D = {P7Y}9 where P = [p17p2a"'7pN]7 pPi €

R¥F denotes a 3D point set with F'-dimensional features,
and N total points. The label set is defined as Y
[Y1,¥2,--,Ym), ¥i € {0,1}1%C where M < N is
the number of labeled points, and C' denotes the number of
semantic categories. When M < N, the task is considered
weakly supervised point cloud semantic segmentation, and
the labeling ratio is defined as % Specifically, under the
1% label setting, only M = 1% x N points are randomly
selected and annotated. Note that all labeled points are
sampled uniformly at random.

Diffusion Model. Given a target data sample xg ~ D, a
conditioning signal ¢ ~ D,, and a latent variable z ~ Dyjse,
the conditional denoising diffusion probabilistic model
(DDPM) follows an autoregressive generation process (Ho,
Jain, and Abbeel 2020). A predefined forward process ¢
gradually corrupts x( into pure noise z, while a learnable
reverse process pg, guided by condition c, reconstructs
the target sample through denoising. Let x( represent
the target semantic labels and c the segmented point
cloud of the corresponding scene. Since semantic labels
are inherently discrete and incompatible with diffusion
modeling, a continuous relaxation is applied. Specifically,
the labels y € {0,1,...,C—1}* are first one-hot encoded
using a delta function §(y), then smoothed with a small
constant € > 0, resulting in:

xo = log(d(y) + ), x¢ € RV*C, (L

where NN is the number of points and C the number
of semantic classes. The smoothing factor ¢ mitigates
numerical instability during training.

To enable conditional generation, noisy samples are
constructed as:

Xt:\/O_ét'X()-'-\/l—O_[t'Z7

z~N(0,I), (2
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Figure 4: (a) Point cloud scene reconstruction (vanilla dif-
fusion), (b) Ours: Semantic-aware reconstruction (diffusion
decoder-free DiCoSeg).

where @; is the cumulative noise schedule from the forward
diffusion process, and z denotes Gaussian noise.

For semantic segmentation, the model is trained to maxi-
mize the log-likelihood of the predicted class corresponding
to the ground-truth label. The training objective is:

Lai = By .2 [— log (Dec (Enc(xt,t,c))(y))] G

where Enc(-) and Dec(-) denote the diffusion encoder
and decoder of the conditional diffusion model, and (-)®)
extracts the predicted logit for the ground-truth class.

Diffusion-Based Denoising Network

As shown in Figure 3, we propose a diffusion-based
framework for weakly supervised semantic segmentation
of large-scale point clouds. The framework’s core is a
diffusion-based denoising network (DDN) consisting of a
diffusion encoder that captures contextual dependencies
under noise, and a shared semantic decoder that steers
denoising toward semantically consistent, discriminative
predictions. This design enables the denoising trajectory to
progressively reconstruct coherent contextual semantics.
Network Architecture Analysis. Unlike existing diffusion-
based point cloud methods that focus on low-level geometric
reconstruction (e.g., scene/object generation), our frame-
work specializes in high-level semantic context modeling
(Figure 4). While prior works often overlook semantically
consistent representations critical for scene understanding,
our method progressively restores complete semantics from
noisy inputs under weak supervision. This process in-
herently requires point-wise reasoning, creating a natural
alignment between diffusion-based generation and point
cloud segmentation.

Most segmentation networks employ U-Net architectures,
where encoders extract geometric-semantic features and
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decoders reconstruct point-wise predictions through cas-
caded upsampling. Capitalizing on the structural similarity
between the diffusion model’s reverse denoising (which
progressively recovers semantics) and segmentation tasks,
we share the semantic decoder between both branches in
the DDN module. This unified design ensures semantic con-
sistency while reducing parameters and improving training
efficiency. Thus, our DDN mainly consists of a dedicated
denoising encoder and a shared semantic decoder.
Denoising Feedforward. Based on the above architectural
design and analysis, we feed the continuous semantic
feature x; into the denoising diffusion network for forward
prediction. Specifically, this corresponds to modeling the
reverse of a Markovian noising process, where the forward
process is defined as:

q(x¢ | xe-1) = N(xes Vo xe—1, 1 —a)I), (4
q(x¢ | x0) = N (x¢; /@ x0, (1 — ap)I). 5

where t € {1,...,T} denotes the diffusion timestep and

ay = Hi:1 «, 1s the cumulative noise coefficient. A noisy
feature x; sampled from this distribution serves as the input
to the network, guiding the subsequent denoising-based
semantic modeling.

Next, in the specific process, the noisy feature x; is
formed as a sparse tensor and fed into the diffusion encoder
for multi-stage feature extraction. At each stage, a time-
step embedding ~y(¢) explicitly conditions the diffusion step.
Meanwhile, point cloud segmentation features are encoded
via the CGL module into a condition vector ¢, guiding the
encoder to learn denoised representations. At stage s, the
encoder computation is:

x§$+1) — Encoder® (CGL ( [ng) ()]s c® ) ) )

where xgs)

(6)

is the input from the initial or previous down-
sampling stage, and XESH) is the resulting hidden state
of the next layer. Outputs at each stage are forwarded via
skip connections to the corresponding decoder blocks for
contextual semantic reconstruction.

During decoding, the network adopts a symmetric archi-
tecture that progressively upsamples and fuses features from
corresponding encoder stages via skip connections, thereby
reconstructing denoised semantic representations layer by
layer. At stage s, the decoding process is formulated as:

{9 = Decoder®® ([Up(x{™),x7,c]) . @)

where f(gs) denotes the decoded feature at stage s, and xgs)
is the feature from the encoder at the same stage passed
via skip connection. Finally, a semantic head is applied to
the decoded features to perform point-wise classification,
yielding the denoised semantic output Xg.

Context-aware Guidance Learning

Under weak supervision, sparse annotations often result
in incomplete object surface coverage (Figure 5), making
traditional point-to-point geometric reconstruction strategies
ineffective for semantic recovery. This is primarily because
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isolated point labels lack sufficient geometric and semantic
context, hindering accurate feature modeling. Therefore,
precise semantic reconstruction requires incorporating lo-
cal geometric structures and contextual information to
compensate for the missing supervision. We propose a
context-aware guidance learning module that aggregates
local patch-wise context and key semantic cues, then
integrates global spatial structure to guide the diffusion
process in recovering fine-grained semantics (Figure 6). It
consists of two components: a Local Context Aggregation
(LCA) block that captures informative local features, and a
Global Geometric Fusion (GGF) block that encodes holistic
spatial structure for semantic guidance.

Local Context Aggregation. To enable effective condition-
ing under sparse supervision, we design a local context
aggregation module that distills informative geometric pri-
ors and injects them into the diffusion stream. Given an
intermediate condition semantic feature representation c(®),
we voxelize the point cloud by computing:

Vi = \\%J ) P: € R37 (8)
where v denotes the voxel size. Points in the same voxel
are aggregated to produce initial voxel-level features. We
then compute an importance score for each voxel—based
on feature variance—and retain the top-/ voxels to form
context-rich patches:

sj = Hscatter,std(c(s),v)jH2 )

©))

(s)  _

Ciop.x = TOPK; (scatterjnean(c(s),v)j, sj> . (10)

These aggregated semantic anchors provide explicit guid-
ance and enhance contextual awareness, effectively guiding
the diffusion model to recover fine-grained semantic struc-
tures. The selected top-K features are fused into the noisy
representation via a residual dense convolution:

W = 4 0 [ 0]

(11)

where ¥(®) denotes a dense feed-forward network based on
ID dense convolution, applied across all points to inject
local semantic priors.
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Figure 6: Detail of the CGL module: Processed intermediate
and conditional features from LCA and GGF are fed into the
next denoising encoder. (N: points, B: batch, d: dim).

Global Geometric Fusion. After local aggregation, we
further inject global structural priors into the 3D voxel space.
At stage s, the noisy voxel features x§5)’ are fused with the
voxel-wise semantic features ¢(*), which encode 3D spatial
structure, through a multi-layer sparse convolution:
x(?" = x4+ 00 [x( @ ], (2
where ®(*) is a sparse feed-forward network based on
multi-group 3D sparse convolutions, designed to propagate
spatial information across the entire scene. This fusion
injects global structural context into the diffusion process,
reinforcing semantic consistency at a coarse scale.

Training and Inference

During training, we jointly optimize the semantic recon-
struction and segmentation branches end-to-end, sharing
data preprocessing and hyperparameter settings. The train-
ing objective is: Lo = Laitr + Lseg- During inference, only
the segmentation branch is retained for efficient prediction,
as denoising depends on its conditional features.

Experiments
Experiment Setting

Datasets. We evaluate our method on three widely used
benchmarks: S3DIS, ScanNetV2, and SemanticKITTI.
S3DIS (Armeni et al. 2016) consists of 271 rooms from 6
indoor areas, covering 13 semantic categories. Following
common practice, we train our model on Areas 1, 2, 3, 4,
and 6, and evaluate on Area 5. ScanNetV2 (Dai et al. 2017)
provides 1,513 RGB-D scans collected from 707 diverse
indoor scenes, with 21 annotated semantic classes per point.
We use the official split with 1,201 scenes for training and
312 for validation. SemanticKITTI (Behley et al. 2019)
is a large-scale outdoor LiDAR dataset annotated with 19
semantic classes. Following standard protocol, we train on
sequences 00-10, using sequence 08 for validation.

Annotation setting. For fair comparison, we report perfor-
mance under varying label rates: 1%, 0.1%, and 0.01% for
S3DIS; 0.1%, 0.01%, and 1% for SemanticKITTI; and 20
points per scene (approximately 0.014%), 1%, and 0.1% for
ScanNetV2. All annotations are randomly sampled.



Settings  Method mloU Where Settings  Method mloU Where
PointNet++ (Qi et al. 2017) 50.0  NeurIPS PointNet++ (Qi et al. 2017)  53.5  NeurIPS
100% SparseUNet (Base) 65.4 CVPR 100% SparseUNet (Base) 70.2 CVPR
7777777 PointNext (Qian et al. 2022) ~ 69.2  NeurIPS PointNext (Qian et al. 2022)  71.2  NeurIPS
SQN (Hu et al. 2022) 63.7 ECCV . .
H R (L 1. 2022 . PR
RandLA-Net (Hu etal. 2020) 646  CVPR ybridCR (Lietal. 2022) 368 CV
HybridCR (Li et al. 2022) 65.8 CVPR ERDA (Tang et al. 2023) 63.0  NeurIPS
100% y ) ' PointCT (Tran et al. 2024) 65.6 WACV
ERDA (Tang et al. 2023) 68.3  NeurIPS 1%
PointCT (Tran et al. 2024) 67.9 WACV DGNet (Pan et al. 2024) 67.4  NeurIPS
DiCoSeg (Ours) . 68. 6 AADNet (Pan et al. 2025) 66.8 AAAI
= : DiCoSeg (Ours) 70.7
RandLA-Net (Hu et al. 2020)  59.8 CVPR
SQN (Hu et al. 2022) 63.6 ECCV SQN (Hu et al. 2022) 58.4 ECCV
1% PointCT (Tran et al. 2024) 676 WACV 0.1% PointCT (Tran et al. 2024) 63.7 WACV
DiCoSeg (Ours) 68.3 DiCoSeg (Ours) 70.3
SQN (Hu et al. 2022) 614 ECCV PointNext (Qian et al. 2022) 54.6  NeurIPS
0.1% PointCT (Tran et al. 2024) 68.3 WACV 20pts DGNet (Pan et al. 2024) 62.9 NeurIPS
AADNet (Pan et al. 2025) 67.2 AAAI AADNet (Pan et al. 2025) 62.5 AAAI
DiCoSeg (Olll‘S) 68.3 DiCoSeg (Olll‘S) 68.4
}S)OQilr\lIﬂle?IXt (Qilanzgtzg;' 2022) i 2‘3‘ Nggg’\sf Table 2: Quantitative comparisons on ScanNetV2.
u et al. .
0.01% CPCM (Liu et al. 2023) 59.3 ICCV -
AADNet (Pan et al. 2025) 60.8  AAAI Settings Method mloU  Where
DiCoSeg (Ours) 61.1 SQN (Hu et al. 2022) 50.8 ECCV
1 DGNet (Pan et al. 2024) 51.8  NeurIPS
Table 1.: Compgrison on S?DI.S Area5 under various weakly- 0.1% AADNet (Pan et al. 2025)  53.3 AAAI
supervised settings. Bold indicates the best performance. DiCoSeg (Ours) 62.6
CPCM (Liu et al. 2023) 347 ICCV
Implementation. We adopt SparseUNet (Choy, Gwak, and 0.01% SQN (Hu et al. 2022) 39.1 ECCV
Savarese 2019) as the backbone segmentation architecture, Lo DGNet (Pan et al. 2024) 41.2  NeurlPS
leveraging sparse convolution as the core computation. DiCoSeg (Ours) 49.6

The voxel size v is set to [0.05,0.05,0.05] for S3DIS
and SemanticKITTI, and [0.02,0.02,0.02] for ScanNetV2.
The diffusion module is configured with 7' = 1000 time
steps using a linear scheduler, and the feature dimension
per step is set to 128. TopK aggregated patch sizes per
stage: [2048,2048,1024,512,256]. Further experiment
and setup details are in the supplementary material.
Evaluation Protocols. We adopt mean Intersection-over-
Union (mloU) as the primary evaluation metric, with mean
class accuracy (mAcc) used as a supplementary measure in
selected experiments.

Comparison Results

Results on S3DIS. We conduct systematic evaluations of
DiCoSeg on S3DIS Area 5 under varying annotation ratios
(100%, 1%, 0.1%, and 0.01%). As shown in Table 1,
with SparseUNet as the baseline, DiCoSeg demonstrates
consistent and significant performance gains across all
supervision levels. In the 100% fully supervised setting,
DiCoSeg achieves a 3.2% mloU improvement over the
SparseUNet baseline and performs comparably to the strong
fully supervised method PointNext. Under sparse annota-
tion, DiCoSeg surpasses the weakly supervised PointCT
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Table 3: Quantitative comparisons on SemanticKITTI.

at the 1% level and significantly outperforms the recent
AADNet at both 0.1% and 0.01% levels, demonstrating
robustness under extremely low-label regimes. Notably, at
the 0.01% setting, PointNext suffers a severe performance
drop to 58.4% mloU, while DiCoSeg maintains a strong
61.1%, highlighting its superior label efficiency. Please refer
to the supplementary material for detailed per-class results
on the S3DIS dataset.

Results on ScanNetV2. Compared to S3DIS, ScanNetV?2
presents greater challenges with its diverse and complex
indoor scenes. We evaluate DiCoSeg under 1%, 0.1%,
and 20 points (pts) annotation, with results summarized in
Table 2. Despite the limited supervision, DiCoSeg surpasses
DGNet by 3.3% at 1%, outperforms PointCT by 6.6% at
0.1%, and exceeds DGNet by 5.5% under the 20 pts setting.
These results demonstrate the strong generalization and
label efficiency of DiCoSeg under sparse supervision.
Results on SemanticKITTI. In contrast to the dense indoor
datasets S3DIS and ScanNetV2, SemanticKITTI is a sparse



Settings CGL Module S3DIS ScanNetV2
LCA GGF | mloU mAcc | mloU mAcc
Base - - 65.1 70.6 66.2 72.4
"woCGL | = - | 642 696 | 660 721
+LCA - 67.4 73.6 69.7 78.8
+ GGF - 66.9 73.2 68.9 77.8
’ ;);r; 777777777777 683 738 | 707 791
(+3.2) (+#3.2) | (+4.5) ((+6.7)

Table 4: Ablation study of the CGL module. “w/o CGL”
denotes results without using the CGL module.

Settines S3DIS ScanNetV2
g mloU mAcc | mloU mAcc
Shared Encoder & Decoder | 64.3 69.6 64.7 68.9
Shared Encoder Only 64.8 70.1 65.6 71.3
Shared Decoder Only 68.3 73.8 70.7 79.1

Table 5: Ablation study of the shared decoder in DDN.

outdoor autonomous driving benchmark. As shown in Ta-
ble 3, DiCoSeg demonstrates remarkable weakly supervised
segmentation performance on this dataset, outperforming
AADNet by 9.3% mloU at the 0.1% annotation ratio and
surpassing DGNet by 8.4% at 0.01%. These results further
underscore the strong generalization capability of DiCoSeg
across diverse and challenging environments.

Ablation Study

Ablation on CGL. Given the CGL module’s essential role
in diffusion denoising, we performed a staged ablation
on S3DIS and ScanNetV2 (0.1% annotations) in Table 4.
Omitting CGL (“w/o CGL”) in the diffusion framework
resulted in a marked performance drop relative to the
SparseUnet baseline, underscoring the necessity of condi-
tional guidance. Incorporating “+ LCA” improves mloU by
2.3% and 3.5% on S3DIS and ScanNetV2, respectively. In
contrast, “+ GGF” yields smaller gains of 1.8% and 2.7% in
mloU. These results suggest that local contextual guidance
is more effective than global guidance for weakly supervised
semantic recovery. “Ours” achieves the best performance
with the full module, indicating that the joint training of
LCA and GGF enables more effective semantic fusion and
conditional alignment within CGL.

Ablation on Shard Head. Table 5 shows an ablation
study on parameter sharing between diffusion denoising and
semantic segmentation networks under a 0.1% annotation
setting. Full parameter sharing causes unstable training and
poor results, with mIoU scores of 64.3% and 64.7%, mainly
due to noise disrupting geometric feature learning. Sharing
only the encoder improves mloU to 64.8% and 65.6%, but
noise still affects feature learning when sharing the decoder.
In contrast, sharing the decoder achieves the best results,
showing effective fusion of contextual semantics from the
diffusion network that boosts segmentation performance.
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Further Analysis

Visualization under 0.01% annotation
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Figure 7: Qualitative comparison under 0.1% and 0.01%

label rates on S3DIS, showing CGL’s (LCA+GGF) impact.
Red: prediction errors; gray: correct predictions.
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Figure 8: Qualitative comparison on S3DIS under the 0.1%
annotation setting. The rightmost column: The ground truth.

Contextual Uncertainty. Figure 7 compares segmentation
errors under 0.1% and 0.01% annotation rates with different
fusion conditions. The results show: (1) as conditional
features become richer (left — right), major error regions
shrink and segmentation improves; (2) reasoning over
occluded objects such as tables and bookcases is noticeably
enhanced. Figure 8 compares the qualitative results of our
method and the baseline. The baseline struggles with spatial
reasoning (e.g., occluded chairs and tables) and unclear
boundaries (e.g., boards and walls), while DiCoSeg yields
more stable and accurate segmentation.

Conclusion

In this paper, we propose DiCoSeg, a diffusion-based con-
textual reconstruction framework for point cloud semantic
segmentation with limited annotations. DiCoSeg integrates
a diffusion-based denoising network (DDN) and a context-
aware guidance learning (CGL) module to enable semantic
reconstruction from sparse supervision. The DDN employs
conditional denoising to recover semantic structures from
noise, while the CGL enhances contextual modeling by
fusing local and global geometric cues. A shared prediction
head further enables efficient single-step inference. Exten-
sive experiments on three benchmarks demonstrate that
DiCoSeg achieves state-of-the-art performance under weak
supervision, validating the effectiveness and generalizability
of diffusion models for 3D scene understanding.
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