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Abstract

Data augmentation is widely used to mitigate data scarcity in deep learning. How-
ever, traditional data augmentation (TDA) typically relies on simple geometric trans-
formations, such as random rotation and scaling, bringing limited data diversity and
marginal performance improvements. Recent advances in 3D shape generation lever-
age diffusion models to generate realistic point clouds for 3D content creation, but these
generated shapes lack point-wise semantic labels, limiting their utility for point cloud
segmentation. To bridge this gap, we extend the state-of-the-art diffusion model, Lion,
into a part-aware generative model capable of producing high-quality point clouds con-
ditioned on given segmentation masks. Built upon this model, we propose a 3-step gen-
erative data augmentation (GDA) pipeline for point cloud segmentation with limited
supervision. GDA enhances the training set using both generated variants and pseudo-
labeled samples, which are validated by a novel diffusion-based pseudo-label filtering
strategy. Extensive experiments on two large-scale synthetic datasets and a real-world
medical dataset demonstrate that our GDA pipeline significantly outperforms TDA and
state-of-the-art semi-/self-supervised methods.

1 Introduction
Deep learning has achieved remarkable progress across many domains [12, 47, 48, 49, 50],
largely driven by the availability of large-scale annotated datasets. However, in 3D computer
vision, creating semantic segmentation annotations remains costly and time-consuming. Tra-
ditional data augmentation (TDA), such as random rotation or scaling, provides limited shape
diversity and thus limited performance improvements. To address annotation scarcity, recent
methods leverage unlabeled data via semi-, weakly-, or self-supervised learning [3, 4, 5, 6,
11, 13, 33].
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Figure 1: (a) Variant generation enriches the labeled data by interpolating novel samples
between the existing labeled and unlabeled samples. The generated shapes exhibit diverse
geometric variations. (b) Diffusion-based pseudo-label filtering method assesses the qual-
ity of pseudo labels based on the conditional reconstruction discrepancy (CRD), calculated
by the shape deviation after the conditional diffusion-denoise process guided by the pseudo
label. The sample is closely reconstructed if the pseudo label is accurate. Hence, a lower
CRD indicates higher pseudo-label quality, and vice versa.

Generative models such as VAEs [14], GANs [7], and diffusion models [10] offer a
promising alternative by synthesizing novel data. Recent work [39, 45] shows that diffusion-
based augmentation benefits 2D tasks. However, their extension to 3D segmentation remains
underexplored. Though 3D diffusion models [22, 41, 46] generate high-quality shapes, they
lack part-level labels, limiting their use in segmentation training.

Therefore, this work aims to generate high-quality 3D shapes conditioned on segmenta-
tion labels, addressing the challenge of limited annotated data. We extend the state-of-the-art
point cloud diffusion model Lion [41] at two levels. (1) At the global encoding level, we in-
corporate statistical semantics of parts into global features to form a richer prior. (2) At the
local encoding level, we enhance PVCNN [20] to a part-aware PVCNN (p-PVCNN) that
captures correlations between part labels and point-wise geometry. Based on this part-aware
generative model, we propose a 3-step generative data augmentation (GDA) pipeline:
(1) Semi-supervised generative training of the generative model. (2) Variant generation,
which interpolates novel labeled samples between real labeled and unlabeled data (Fig.1 (a));
3. Diffusion-based pseudo-label filtering, which removes inaccurate pseudo-labeled sam-
ples by measuring the conditional reconstruction discrepancy (CRD) (Fig.1 (b)).

We evaluate our method on two large-scale synthetic datasets, ShapeNet [38] and Part-
Net [24], and a real-world medical dataset, IntrA [37]. GDA consistently outperforms TDA,
semi-supervised [13], and self-supervised methods [29, 30]. It generalizes well across multi-
ple segmentation models, including PointNet [27], PointNet++ [28], Point Transformer [44],
and SPoTr [26]. Furthermore, we analyze the robustness of GDA under arbitrary object ori-
entations and study key factors affecting performance, including diffusion steps, labeled
sample selection, and the quality of generated samples. In summary, the contributions of this
work are the following:

• A novel part-aware generative model that generates point clouds conditioned on given
segmentation masks.

• A novel 3-step GDA pipeline that generates labeled 3D shapes from a small portion of
labeled 3D shapes and validates the quality of pseudo-labeled samples.

• Extensive experiments on two large-scale datasets and a challenging real-world med-
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ical dataset show the state-of-the-art performance of our GDA method over TDA and
related semi-supervised and self-supervised methods.

• The first systematic analysis of the performance influencing factors of 3D GDA, pro-
viding valuable insights for the broader application of 3D GDA.

2 Related Works
Learning 3D segmentation from limited data can be grouped into semi-supervised, weakly-
supervised, and self-supervised methods. (1) Semi-supervised methods annotate only a
subset of samples and use contrastive learning [34] to exploit unlabeled data. For instance, Jiang
et al. [13] first train on labeled data, then generate pseudo labels for unlabeled samples, using
high-confidence predictions to guide contrastive learning. (2) Weakly-supervised methods
provide partial labels per sample, e.g., sparse point annotations. They are designed for static
objects [35], indoor [11, 19, 36], and outdoor [18] scenes, propagating supervision through
spatio-temporal consistency [2]. (3) Self-supervised methods learn from unlabeled data via
reconstruction or contrastive objectives. ReCon [29] combines masked autoencoding with
contrastive learning, while Point-CMAE [30] further encourages consistent representations
under different masking patterns.
Diffusion-based 3D generation. DPM [22] and Point-Voxel Diffusion [46] train a diffusion
model directly on point clouds, while Lion [41] achieves higher generation quality by utiliz-
ing a hierarchical VAE and latent diffusion models. More recently, [31, 40, 42, 43] focus on
3D scene generation. Due to higher semantics and geometry complexity, instead of directly
generating a scene, these works rearrange indoor furniture into reasonable placements.
Generative data augmentation. While augmentation techniques based on VAEs or GANs
boost performance for 3D domain adaptation [15, 16, 21], these techniques do not work
equally well for GDA. Recent studies [45] demonstrate the superior performance of diffusion
models in GDA. Besides, [1, 9, 32, 39] investigate how to use diffusion models for generative
data augmentation on 2D images.

3 Methodology

3.1 Preliminaries
Denoising diffusion probabilistic model. The diffusion model [10] generates data by sim-
ulating a stochastic discrete process: Given a sample x0 ∼ q(x0) from a distribution, the
forward process gradually adds noise to the input to make it converge to a Gaussian distri-
bution after T steps, i.e., q(xT )≈N (0, I). The training objective on the diffusion model εθ

with parameters θ is to predict the noise ε for the perturbed sample xt :

L= Et,x0,ε [||εθ (xt , t,a)− ε||22], (1)

where t is the time step uniformly sampled from {1, ...,T}, ε ∼ N (0, I) is the noise for
diffusing x0 to xt , and a is the condition information. During inference, the diffusion model
starts from a random sample xT ∼ N (0, I) and denoises it iteratively until t = 0. At each
step, noise η ∼N (0, I) is added to xt to increase the randomness of x0.
Diffuse-denoise process. Unlike the standard inference process of DDPMs that starts from
Gaussian noise and iterates for T steps, the diffuse-denoise process [23, 41] diffuses an
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Figure 2: (a) Architecture of the part-aware generative model. Red solid arrows indicate
the extended data flow incorporating segmentation encoding y into all modules at both global
and local levels. (b) Architecture of p-PVCNN in φh. Red boxes highlight two extensions:
(1) Segmentation conditioning (SC) modules are inserted in all layers to inject y; (2) Global
attention (GA) modules are applied across all layers to enhance intra-part feature learning,
especially for small parts. The decoder ξh and diffusion εh share the same architecture.

existing sample x0 for τ steps (τ < T ) and then denoises the noisy feature xτ backwards for
same steps to obtain x′0. Since η added at each denoising step increases the variety of x′0, the
diffuse-denoise process can be utilized to generate different variants of a given shape.

3.2 Part-aware Generative Model
Lion [41] encodes a point cloud x into a global feature z0 and point-wise features h0 using
encoders φz and φh. Global and point-level diffusion modules, εz and εh, diffuse on z0 and
h0, while the point-level decoder ξh reconstructs the point cloud based on these two latent
features. However, Lion does not consider semantic part information, limiting its use in
generating labeled data for segmentation. To address this, we extend Lion by conditioning
all modules on segmentation labels y, making it part-aware, as shown in Figure 2 (a).
Global level encoding. The global encoder φz in Lion [41] follows PointNet [27] and uses
max pooling to produce the global feature z0, while the diffusion module εz applies stacked
ResNet [8] blocks. To incorporate segmentation information y: 1. φz takes the concatenation
of x and y as input. 2. εz takes as input the concatenation of zt and the vector σy ∈Rc, which
represents the proportion of points per part. The distribution σy captures semantic shape
variations within a class, providing a meaningful global prior for downstream encoding. For
example, in the car class, a bus has a larger roof than most other cars, while a racing car lacks
a roof. More architectural details are provided in the supplementary materials.
Local level encoding. The point-level modules φh, ξh, and εh in Lion adopt a 4-layer
PVCNN [20] backbone. Each layer consists of point-voxel convolution (PVC) modules (ex-
cept the deepest one), combined with set abstraction (SA) and feature propagation (FP) [28]
for hierarchical encoding. A global attention (GA) module is applied at the deepest layer for
self-attention. To incorporate segmentation labels y, we introduce a segmentation condi-
tioning (SC) module before each PVC block, where y is concatenated with the intermediate
features. This enhances per-point geometric prediction and models inter-part relations, im-
proving the inter-part coherence of generated shapes. We also observe that points belonging
to small parts (e.g., the engine of an airplane) may be underrepresented in deeper layers due
to downsampling. To address this, we extend the GA module to all layers, ensuring suf-
ficient intra-part feature encoding throughout the model. The complete architecture of our
extended part-aware PVCNN (p-PVCNN) is illustrated in Figure 2 (b). More details are
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Figure 3: Pipeline of 3-step GDA: Step 1: Training the generative model using labeled sam-
ples {XL,YL} and unlabeled samples {XU}. Step 2: Generating variants XL

gda via diffuse-
denoise on XL conditioned on YL. Using {XL,YL} and {XL

gda,Y
L} to train a segmentation

model f ′. Step 3: Predicting pseudo labels ŶU
on XU using f ′, then filtering low-quality

samples via conditional reconstruction discrepancy. Final: Training the final segmentation
model f using hand-labeled data and the generated samples from Steps 2 and 3.

provided in the supplementary material.

3.3 Three-step GDA Pipeline
Leveraging the part-aware generative model, we propose a 3-step GDA pipeline for the point
cloud segmentation task, as illustrated in Figure 3.
Notions. Given a training set of N labeled and M unlabeled 3D point clouds (N < M), each
consisting of n points, the goal is to train a model to generate novel shapes with point-wise
segmentation labels. The labeled set contains point coordinates XL = {xl

i ∈ Rn×3}N
i=1 and

one-hot segmentation masks YL = {yl
i ∈ {0,1}n×c}N

i=1, where c is the number of semantic
parts (e.g., the car class in ShapeNet [38] has four parts: hood, roof, wheels, and body). The
unlabeled set contains only coordinates XU = {xu

j ∈ Rn×3}M
j=1, with segmentation masks

padded as YU = {yu
j = 0n×c}M

j=1 for unified training.
Step 1: Semi-supervised training of the generative model. Our model maps the point
cloud x ∈ {XL,XU} and associated labels or zero padding y ∈ {YL,YU} into hierarchical
latent feature spaces and diffuse on these latent features, composed of a global latent z0 ∈Rdz

and a point-level latent h0 ∈Rn×dh , where dz and dh are the dimensions of latent spaces. The
training of the generative model consists of two stages. In the first training stage, we train
the hierarchical VAE, consisting of the global encoder φz : Rn×3 ×Rn×c → Rdz , point-level
encoder φh :Rn×3×Rn×c×Rdz →Rn×dh , and point-level decoder ξh :Rn×dh ×Rn×c×Rdz →
Rn×3, to maximize a variational lower bound on the data log-likelihood (ELBO):

L(φz,φh,ξh) =Ep(x),qφz ,qφh
{log pξh

(x|h0,y,z0)−λzDKL[qφz(z0|x,y)|N (0, I)]

−λhDKL[qφh(h0|x,y,z0)|N (0, I)]},
(2)

where pξh
is the prior for reconstruction prediction, qφz and qφh are the posterior distribution
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for sampling z0 and h0, and λz and λh are the hyperparameters for balancing Kullback-
Leibler regularization and reconstruction accuracy. In the second training stage, we train
two diffusion models εz : Rdz ×R×Rn×c → Rdz and εh : Rn×dh ×R×Rn×c×dz → Rn×dh for
z0 and h0, respectively by minimizing the objectives:

L(εz) = Et,z0,ε [||εz(zt , t,y)− ε||22], (3)

and
L(εh) = Et,h0,ε [||εh(ht , t, [y,z0])− ε||22], (4)

where z0 = φz(x,y), h0 = φh(x,y,z0), x ∈ {XL,XU}, y ∈ {YL,YU}. The models εz and εh
are conditioned by y and [y,z0] respectively. The generative model is trained to learn the
reconstruction of the point clouds with or without the segmentation labels.
Step 2: Variant generation. After training, the generative model can perform a τ-step
diffuse-denoise process on XL. For each labeled point cloud xl

i , we generate a set of variants
Xl

i = {xl
i,τ ∈ Rn×3 | 0 < τ < T} conditioned on the same segmentation label yl

i . These vari-
ants xl

i,τ preserve semantic consistency with xl
i while exhibiting learned local deformations

derived from both labeled and unlabeled data. This process effectively interpolates between
labeled and unlabeled samples, producing diverse yet plausible shapes (Figure 1 (a)). Seg-
mentation labels are naturally transferred to these new variants. We denote the generated set
as XL

gda = {Xl
i | i = 1, . . . ,N}. Combining XL and XL

gda, we train a temporary segmentation
model f ′ : Rn×3 →{0,1}n×c to predict pseudo labels.
Step 3: Pseudo label generation & filtering. Using f ′, we predict pseudo labels ŶU

=
{ŷu

j ∈ {0,1}n×c | j = 1, . . . ,M} for the unlabeled point clouds XU . To mitigate the impact
of inaccurate pseudo labels, we propose a diffusion-based filtering method to assess their
quality. 1. For each (xu

j , ŷ
u
j), we perform a τ ′-step (0 < τ ′ < T ) diffuse-denoise process with

the generative model, conditioned on ŷu
j . This produces a reconstructed shape x̂u

j from the
perturbed input xu

j , with denoising performed more deterministically (i.e., without adding
noise). 2. We define conditional reconstruction discrepancy (CRD) as the voxelized
part-wise mIoU between xu

j and x̂u
j . A low CRD (i.e., high mIoU) implies that the pseudo

label ŷu
j is consistent with the shape and yields a faithful reconstruction, while a high CRD

indicates poor label quality. Figure 1 (b) illustrates this: in case ②, the reconstruction aligns
closely with the input, while in ③, an incorrect engine label causes a large volume shift and
high CRD. 3. We discard pseudo-labeled samples with CRD above a threshold (i.e., mIoU
below δ ), ensuring only high-quality samples are retained for training.
Final: Training the segmentation model. After the 3-step GDA, the original labeled set
XL is augmented with the generated variants XL

gda = {Xl
i |i = 1, . . . ,N} from Step 2 and the

filtered pseudo-labeled samples X̃U ⊆ XU from Step 3. These combined labeled samples are
used to train the final segmentation network f : Rn×3 →{0,1}n×c.

4 Experiments

4.1 Experimental Settings
Datasets. We evaluate our method on two large synthetic datasets, ShapeNet [38] and Part-
Net [24], and a real-world dataset, IntrA [37], which contains 3D intracranial aneurysm point
clouds reconstructed from MRI. We follow the official train/val/test splits of ShapeNet and
PartNet. From ShapeNet, we select the categories airplane, car, lamp, motorbike, and pistol;
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Table 1: Evaluation on ShapeNet [38], PartNet [24], and IntrA [37]. The best and
second-best scores for each category are highlighted in bold and underlined, respectively.

Dataset ShapeNet PartNet IntrA
Category Airplane Car Lamp Motorbike Pistol Bed Bottle Chair Faucet Table Aneurysm
FS 80.40 76.34 72.04 67.43 82.52 38.29 52.91 60.66 53.19 58.07 -
w/o aug. 76.46 70.09 66.04 56.10 77.66 27.36 40.99 51.69 40.01 46.28 37.49
only TDA 76.84 71.48 66.71 59.03 78.91 28.19 43.06 53.25 46.20 47.89 42.29
CL [13] 76.49 71.69 66.78 59.64 79.10 29.00 47.49 53.44 47.19 50.36 43.63
ReCon [29] 77.12 74.51 66.89 65.45 80.93 30.88 49.37 58.65 47.59 51.02 47.37
Point-CMAE [30] 77.46 74.45 68.23 65.57 81.02 31.53 49.54 59.23 47.26 51.17 47.21
GDA (VG) 77.96 72.90 66.79 61.44 80.01 30.69 50.14 56.40 49.25 50.22 46.85
GDA (VG+FP) 78.32 74.89 71.22 64.67 81.35 32.96 53.21 58.72 50.31 50.42 48.67

(a) (b) (c)

Figure 4: (a) Original samples xl and their variants xl
gda. Note: ③ is an aneurysm seg-

ment with vessels and aneurysm. (b) Pseudo-labeled samples xu and reconstructions x̂u after
diffuse-denoise conditioned on ŷu. Accurate pseudo labels yield faithful reconstructions,
while inaccurate ones result in large deviations, especially in misclassified parts (highlighted
by . . . . . . . .dashed . . . . . . . .circles). Numbers denote voxelized IoU between xu and x̂u, where higher IoU
indicates lower CRD and better pseudo label quality. (c) Impact of diffusion steps on . . . . . . . .variant
. . . . . . . . . . . .generation and pseudo-label filtering. The y-axis shows mIoU improvement over TDA.

from PartNet, we select bed, bottle, chair, faucet, and table. During training, 10% of samples
in each category are labeled, and the rest are unlabeled. The IntrA dataset includes 116 la-
beled and 215 unlabeled aneurysm segments; we use 24 labeled and 215 unlabeled samples
for training, with the remaining 92 labeled samples for testing.
Segmentation network. We primarily use PointNet [27] as the segmentation model. In
the ablation studies, we additionally test PointNet++ [28], Point Transformer [44], and
SPoTr [26], which is a state-of-the-art and open-source model on the ShapeNet segmen-
tation benchmark [25].
Methods. We evaluate the performance of the following methods in the experiments:
1. Full supervision (FS): using the whole training set;
2. Without data augmentation (w/o aug.): only using 10% labeled samples;
3. Only TDA: using 10% labeled samples and TDA methods, including random rescaling
(0.8, 1.2), random transfer (-0.1, 0.1), jittering (-0.005, 0.005), and random flipping;
4. CL: using 10% labeled and 90% unlabeled data with the contrastive learning method [13];
5. ReCon: pre-training on the whole training set without labels and fine-tuning on 10% la-
beled samples with the self-supervised method proposed in [29];
6. Point-CMAE: pre-training on the whole training set without labels and fine-tuning on
10% labeled samples with the self-supervised method proposed in [30];
7. GDA (VG): using 10% labeled data and the generated variants (VG) XL

gda;
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Table 2: GDA for PointNet++ [28], Point
Transformer [44], and SPoTr [26].

Backbone Method Airplane Car Lamp Motorbike Pistol
PointNet++ only TDA 78.10 71.52 72.64 57.88 73.24

[28] GDA (VG+FP) 79.92 74.66 81.15 65.27 79.53

PT [44] only TDA 79.15 71.63 75.67 53.01 75.44
GDA (VG+FP) 81.06 75.25 81.42 64.73 81.07

SPoTr [26] only TDA 79.36 71.00 80.78 46.25 75.71
GDA (VG+FP) 81.25 75.73 81.31 65.04 81.99

Table 3: Evaluation on ShapeNet [38] (arbi-
trary orientation).

Method Airplane Car Lamp Motorbike Pistol
FS 71.98 72.71 57.53 60.59 76.99
w/o aug. 20.49 17.84 22.35 16.53 31.54
only TDA 61.12 31.09 37.56 48.38 43.82
Point-CMAE [30] 68.23 62.97 55.49 59.37 70.02
GDA (VG+FP) 70.47 67.43 57.76 58.14 71.98

8. GDA (VG+FP): using 10% labeled samples, XL
gda, and the filtered pseudo-labeled sam-

ples (FP) X̃U . Note that TDA is used in all methods above except method 2.
Experimental Details. Our generative model is trained in two stages: the VAE modules
are trained for 8k epochs, followed by 24k epochs for the latent diffusion modules. Both
stages use the Adam optimizer with a learning rate of 1e-3. The VAE and diffusion modules
contain 22.3M and 88.9M parameters, respectively. For pseudo-label filtering, we set the
mIoU threshold δ to 0.7. Segmentation models [26, 27, 28, 44] are trained using their
official default settings. All experiments are conducted on an RTX 3090 GPU.

4.2 Main Results
We report the experimental results of mIoU scores on ShapeNet [38], PartNet [24], and In-
trA [37] in Table 1. Across all these datasets, GDA with variant generation and filtered
pseudo labels (VG+FP) achieves the best performance in most categories. On average,
GDA outperforms methods using only TDA and Point-CMAE [30] by 3.50% and 0.74%
on ShapeNet, 5.41% and 1.38% on PartNet, 6.38% and 1.46% on IntrA dataset. Notably,
PointNet trained with 10% hand-labeled data and GDA even surpasses the model trained
with full supervision on the bottle class in PartNet. To prove the stability of GDA despite the
stochasticity of DDPM, we repeat the experiment on car class 10 times. The results of using
only TDA and GDA are 71.49±0.27 and 74.92±0.46.

Figure 4 (a) shows the generated variants xl
gda alongside their original shapes xl . These

variants exhibit realistic and diverse local deformations, such as variations in lamp shades (①),
chair legs (②), and healthy vessels (③), enhancing data diversity beyond simple geometric
augmentations. Figure 4 (b) visualizes the deviation between xu and x̂u after the diffuse-
denoise process conditioned on pseudo labels ŷu. Samples (①, ③, ⑤) with accurate pseudo
labels are well reconstructed, achieving high voxelized IoU scores and low CRD, indicating
high pseudo-label quality. In contrast, samples (②, ④, ⑥) with misclassified parts exhibit
substantial shape deviations, resulting in low IoU and high CRD. Additional examples of
generated variants and reconstructions are provided in the supplementary material.

4.3 Ablation Studies
Impacts of Diffusion-based pseudo-label filtering. We use the generative model as a fil-
ter to remove samples with inaccurate pseudo labels. In this experiment, we compare our
approach with other filtering methods, including: 1. Using all pseudo labels without any
filtering, and 2. PseudoAugment [17], which filters out pseudo labels with low confidence
scores. We conduct the experiments on the car class. The results of the above two methods
are 73.13 and 73.46, respectively, both of which are lower than the result of GDA (74.89).
Impacts of the number of diffusion steps. In variant generation and pseudo-label filtering,
the model runs τ and τ ′ diffusion steps, respectively. More steps increase sample diversity
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Table 4: Impact of the quality
of original labeled data (C:
label quality is checked).

Selection mIoU
only TDA (C) 31.09
only TDA (w/o C) 27.53
GDA (C) 67.43
GDA (w/o C) 59.27

Table 5: Impact of the
quality of generated la-
beled data.

Level mIoU
only TDA 43.26
GDA-L1 50.72
GDA-L1,2 54.89
GDA-L1,2,3 54.96

Figure 5: Impacts of CRD
threshold δ .

but may harm shape quality if the model is undertrained. We vary τ from 100 to 1000 on car
and chair categories, and observe consistent gains across all settings (Figure 4 (c)). Thus,
we use all generated variants from different τ in our experiments. For τ ′, both categories
perform best at 200 steps, which we adopt in all pseudo-label filtering experiments.
GDA for various segmentation models. In this experiment, we test the performance of
GDA using PointNet++ [28], Point Transformer [44], and SPoTr [26] on ShapeNet. The
experimental results listed in Table 2 show that GDA steadily enhances the performance of
these models, including the SOTA [25] model, SPoTr [26].
Impacts of CRD threshold δ . In step 3 of GDA, we filter out the pseudo-labeled samples
whose voxelized mIoU between xu and x̂u falls below the threshold δ . To assess the impact
of different δ values on GDA performance, we conduct experiments and present the results
in Figure 5. Both the airplane and car categories (arbitrary orientation) achieve the best
performance at δ = 0.7. Hence, we set δ to 0.7 in all experiments.
Objects in arbitrary orientations. Objects in ShapeNet are presented in canonical poses,
while maintaining the 3D object pose consistency in real world is challenging. To test the
robustness of our GDA method against arbitrarily oriented objects, we randomly rotate the
objects in ShapeNet [38] and repeat the experiments. The results listed in Table 3 show that
GDA exhibits a larger advantage over TDA and Point-CMAE [30] in this challenging case,
outperforming them by 20.76% and 1.94% respectively on average across categories.
Quality of hand-labeled and generated data. We observe that ShapeNet contains some
annotation errors. To ensure data quality, we manually filter them when constructing XL.
To test GDA’s robustness to label noise, we re-train it on arbitrarily oriented cars using 10%
labeled data without filtering. As shown in Table 4, GDA still outperforms TDA but with a
larger performance drop. More discussions are provided in the supplementary material.

We also evaluate the quality of generated samples XL
gda. Since no ground truth is avail-

able, we rate 100 generated samples per category (airplane, car, lamp) into three levels: (1)
L1: high-quality, (2) L2: minor label or shape errors, and (3) L3: low-quality with distor-
tions. The L1/L2/L3 distributions are 49/46/5, 36/50/14, and 44/49/7, respectively. Exam-
ples are shown in the supplementary. We train segmentation models using subsets of L1,
L1+2, and L1+2+3 samples. Table 5 shows that L1 and L2 samples improve performance,
and the small proportion of L3 samples has negligible negative impact.

5 Conclusion
We propose a novel part-aware generative model to produce high-quality labeled point clouds
from segmentation masks. Leveraging this model, we introduce the first diffusion-based
GDA framework for 3D segmentation, which enhances training with diverse 3D variants
from limited labeled data and validates pseudo labels using a novel diffusion-based pseudo-
label filtering method. Experiments on three datasets and various segmentation models
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demonstrate the robustness of GDA and its superiority over TDA and related semi-/self-
supervised methods. As a pioneering work in 3D GDA, this work highlights the potential of
GDA in reducing manual labeling efforts and improving segmentation performance.
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