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Abstract
Recently, there has been considerable exploration of methods
for generating 3D point clouds, which is crucial for numer-
ous 3D vision applications. Though conditional generation
methods show promising performance, it depends on the ad-
ditional paired label. On the other hand, unconditional gener-
ation methods usually fail to annotate the generated 3D point
cloud. In this paper, we introduce a novel self-conditional ar-
chitecture that trains on unlabeled data and then generates
high-quality labeled 3D point clouds. Specifically, we design
a module to extract geometry and view features, and then use
a feature fusion module to integrate them as a substitute for
label embedding in conditional point cloud generation. Then
the point cloud generator is trained using the fused features.
LPCG also harnesses CLIP to handle the view features of
point clouds for generating label information. Besides, we
train two feature diffusion modules to capture the essence of
multimodal features and obtain diverse fused features for use
as conditions in generating point clouds. Experiments on the
ShapeNet dataset demonstrate that LPCG achieves state-of-
the-art performance for single class generation. Our experi-
mental results show that the accuracy of our generated label
annotations reaches around 97.44% for a two-class genera-
tion task.

Introduction
Point cloud data finds extensive applications across diverse
fields like autonomous driving, robotics, augmented real-
ity, and virtual reality. Nevertheless, acquiring point cloud
data necessitates researchers to transport a range of sensors,
gather diverse data, and subsequently annotate the point
cloud data with corresponding labels, demanding substantial
human effort. Thus, exploration of better generative mod-
els (Wu et al. 2024; Zhou et al. 2023) for obtaining or aug-
menting high-fidelity 3D point cloud has become an ac-
tive research topic in recent years. We believe that an ideal
3D point cloud generation model should have the following
functionalities: 1) capable of generating high-quality point
clouds based on merely existing 3D data; 2) allowing users
to utilize a single model to learn the representation of vari-
ous categories, and then generate corresponding point cloud
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data; 3) providing high-quality label of the generated point
cloud for future use. Though massive explorations have been
carried out, it is still challenging to build a model to meet all
above criteria.

Generally speaking, existing research on 3D point cloud
generation mainly falls into two categories. The first cate-
gory is conditional generation (Fan, Su, and Guibas 2017;
Kurenkov et al. 2018), which guides point cloud generation
by specific conditions. Though conditional methods gener-
ally achieve a better performance, they usually require ad-
ditional conditions to be attached to the point cloud train-
ing datasets. The second category is unconditional gener-
ation (Achlioptas et al. 2018; Yang et al. 2019). Instead of
relying on the labels, unconditional methods leverage the in-
ternal features of the point cloud for modeling and genera-
tion. Unfortunately, when dealing with multi-category gen-
eration tasks, these methods can only generate complete
point clouds and cannot distinguish the category to which
the point cloud belongs. Besides, so far the generation qual-
ity is also dominated by conditional generation methods.

In this paper, we are inspired by RCG (Li, Katabi, and He
2023) model and consider the above two-category methods,
and then propose a self-conditional 3D point cloud genera-
tion architecture, which is capable of generating point cloud
with annotation, as shown in Figure 1.

Our approach harnesses the multimodal fused features
within raw unlabeled data to train the generative model, cir-
cumventing the labor-intensive task of data annotation. We
integrate the geometric feature and view features of the point
cloud data to get the fused features. Our method not only
elevates the quality of the produced point clouds but also
employs CLIP to process view features, thereby furnishing
annotated labels for the generated point clouds. Specifically,
we first use a pre-trained self-supervised point cloud model
and CLIP to extract geometric and view features of the point
cloud, and then integrate them by feature fusion module for
a substitute for label embedding. Secondly, we train the fea-
ture diffusion modules by adding and removing noise on the
previously extracted feature to provide diverse conditions
for the following point cloud generator. Finally, we train the
point cloud generator conditioned on the extracted fused fea-
tures and provide two sampling methods during inference:
one based on feature diffusion and the other on the training
dataset. Simultaneously, we use CLIP to handle the sampled
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Figure 1: LPCG is a point cloud generation architecture that enabling training with a single model to generate high-quality 3D
point clouds of various classes, as well as labeling them. Our model integrates the geometric feature and view feature of the
point cloud to achieve the SOTA performance for point cloud generation tasks.

view feature with custom label pool to get label for the gen-
erated point cloud.

In this paper, we aim to make the following contributions:
• We propose LPCG, a self-conditional architecture that

is capable of generating diverse and high-quality point
clouds without any label input. Our method contains
multimodal extraction module, feature diffusion modules
and generation module.

• We design a multimodal fusion module that integrates 3D
geometric features with 2D visual representation of point
cloud view, thereby improving the generation quality and
enabling the annotation of the generated point clouds.

• We demonstrate that LPCG achieves state-of-the-art per-
formance on the ShapeNet dataset, surpassing existing
methods and thereby setting a new benchmark for self-
conditioned point cloud generation.

Related Work
3D Shape Generation
3D shape generation aims to synthesize high-fidelity 3D as-
sets such as point clouds. The methods of 3D shape gener-
ation generally fall into two categories: conditional gener-
ation and unconditional generation. Conditional generation
refers to generating content by utilizing specific conditions
or contextual information to guide and constrain the gen-
eration process. For instance (Fan, Su, and Guibas 2017;
Kurenkov et al. 2018; Gao et al. 2022), using 2D images as
conditional inputs to generate corresponding 3D shapes has
demonstrated the effectiveness of image-guided 3D shape
generation. PVD (Zhou, Du, and Wu 2021) employs a point-
voxel diffusion model to complete 3D shapes using partial
point clouds and voxels as conditions which have shown
strong 3D shape generation capabilities. LION (Vahdat et al.
2022) introduced a latent point diffusion model, which pro-
vides image or text-based conditional generation, showcas-
ing diversity in generation. DiT-3D (Mo et al. 2024) em-
ploys labels as conditional inputs, delving into the utiliza-
tion of DiT in 3D shape generation, thereby amplifying the
quality and consistency of the generated shapes. In con-
trast, unconditional generation refers to models generating

new samples without any external conditional input, based
solely on their training data and learned patterns. Several
methods (Achlioptas et al. 2018; Li et al. 2018; Shu, Park,
and Kwon 2019; Wen, Yu, and Tao 2021) utilize Gener-
ative Adversarial Networks (GANs) to generate 3D point
clouds, where adversarial training between the generator and
discriminator enhances the quality of the generated point
clouds. Alternatively, other methods employ normalizing
flow to generate point clouds. PointFlow (Yang et al. 2019)
generates 3D point clouds by learning the latent distribution
of point clouds, while SoftFlow (Kim et al. 2020) performs
transformations on manifolds for unsupervised learning. Re-
garding autoregressive models, PointGrow (Sun et al. 2020)
generates high-quality 3D point clouds incrementally by
employing autoregressive models and self-attention mecha-
nisms, ensuring the coherence and consistency of the gen-
erated shapes. FoldingNet (Yang et al. 2018) employs an
autoencoder framework to encode point clouds into latent
representations, which are later decoded through deep grid
deformation operations to produce high-quality 3D point
clouds, achieving unconditional point cloud generation.

However, conditional generation algorithms are com-
monly impeded by the need of additional paired data, which
is expensive to acquire. In terms of unconditional gener-
ation, particularly in multi-category generation tasks, pre-
vailing methods face limitations as they only generate com-
plete point clouds without categorizing the generated point
clouds. Our approach aims to address these dual challenges
by utilizing features extracted from raw data as conditional
embeddings and harnessing large-scale 2D models for an-
notation. This approach eliminates the dependence on data
labels and ensures high-quality generated data.

Self-Conditional Generation
Several recent work (Bao et al. 2022; Donahue and Si-
monyan 2019; Li et al. 2023; Lučić et al. 2019) showed
that there is a significant gap between conditional and un-
conditional generation. To bridge this gap, self-conditional
generation has emerged. In the field of 2D image genera-
tion, some methods (Bao et al. 2022; Hu et al. 2023; Liu
et al. 2020) group images into clusters in the representa-
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Figure 2: Overview of the LPCG. Firstly, the feature extraction modules extract multimodal features which are then fused and
used as label substitutes for conditional point cloud generation. These fused features serve as conditions for the point cloud
generator to produce point clouds. The feature diffusion modules provide diverse feature for guiding generation. Simultane-
ously, the sampled view features are inputted into CLIP to generate labels for the point clouds.

tion space and use these clusters as labels to guide gener-
ation. However, this often requires the number of clusters
to be close to the number of classes. Other methods (Bor-
des, Balestriero, and Vincent 2021; Casanova et al. 2021)
extract representations from existing images as conditional
guidance. RCG (Li, Katabi, and He 2023) proposes a self-
conditional generation method based on image representa-
tions, utilizing representation diffusion to generate new im-
age representations. This method has achieved high perfor-
mance in the field of 2D image generation. Inspired by this,
LPCG applies the self-conditional generation into 3D shape
creation task, and introduces a new architecture to generate
diverse and high-quality labeled 3D point clouds.

Diffusion Models

In recent years, diffusion models (Ho, Jain, and Abbeel
2020; Song et al. 2020; Song, Meng, and Ermon 2020)
have demonstrated exceptional performance in various gen-
erative tasks, such as 3D generation (Mo et al. 2024), im-
age generation (Dhariwal and Nichol 2021), text genera-
tion (Hoogeboom et al. 2021; Austin et al. 2021), speech
generation (Kong et al. 2020; Chen et al. 2020), and video
generation (Ho et al. 2022; Harvey et al. 2022). Diffusion
models generate new data by progressively adding noise to
the data, and then learn how to reverse this process. Dur-
ing the forward diffusion process, the model gradually adds
Gaussian noise to the original data to create noisy data. In
the reverse generation process, the model progressively re-
moves the noise to restore the original data. This process
involves training a neural network to learn the data distribu-
tion, and then sample from the distribution as latent vector
to reconstruct the data, e.g., image or point clouds. Instead
of learning the data distribution, LCPG leverages diffusion
process as a tool for learning the geometry and view feature
distributions in the training process. Then in the inference
stage, our model samples from the distribution to get fused
features, as to guide high-quality point cloud 3D shapes gen-

eration, as well as generating the corresponding labels. As
such, our architecture is able to improve the labels 3D shape
generation quality and support feature interpolation for 3D
shape generation.

Method
Architecture Overview
We aim to train a model with unlabeled point clouds and
generate high-quality labeled 3D point cloud shapes. To
achieve this goal, we design a generation architecture that
contains the following three modules:
• Feature Extractor Module: to extract geometry and

view multimodal features for the point clouds and then
fuse them;

• Feature Diffusion Modules: include geometric feature
diffusion module and view feature diffusion module. The
goal of these modules is to provide diverse feature for
guiding inference stage to generate high-quality labelled
point clouds;

• Generation Module: to generate point clouds with a
point cloud generator and annotate them with CLIP.

It should be noted that our architecture applies differ-
ent processes for training and inference stage. For training
process, feature extractor plays a role in extracting the 3D
geometry feature and 2D view features, and then integrate
them to generate a fused feature. The fused feature is then
used to train 3D point cloud shape generation. At the same
time, we leverage the geometric and single view feature to
train diffusion models to generate features, which supports
self-conditional point cloud generation in the inference pro-
cess.

For the inference process, there are two sampling ways
to utilize our model, i.e., Dataset Sampling Strategy(DataS)
and Diffusion Sampling Strategy(DiffS). For Dataset Sam-
pling Strategy, LPCG facilitates the extraction of geomet-
ric and single view features from existing 3D point clouds,
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which are then fed into the generation module to produce 3D
point clouds. This process is same as the Training Process
as shown in Figure 2. In this way, our model can effectively
leverage existing 3D point clouds to customize the style of
new 3D point clouds, as elaborated in the feature interpo-
lation section. For Diffusion Sampling Strategy, LPCG first
generates view and geometry features with trained feature
diffusion models. Then the features are fused and fed into
the 3D point clouds generator to get the fianl 3D shapes.
This process is detailed in Figure 2 as the Inference Process.
By this way, LPCG is able to create diverse 3D point clouds
that may not exist in the original dataset.

Feature Extractor Module
The goal of the feature extractor module is to capture the
3D geometric features of the input point cloud along with its
2D rendering view features, and then fuse them together. We
introduce them in detail as follows.

The 3D geometric feature is extracted with a pre-
trained point cloud model. Specifically, we utilize the Point-
MAE (Pang et al. 2022) to train the point cloud model to
predict the masked parts of the point cloud, effectively cap-
turing the geometric structure information. The point cloud
model follows the original reconstruction setting of Point-
MAE. After the model training, we employ the pretrained
point cloud model to extract geometric features for the given
point cloud. We take the output from the decoder of the point
cloud model as the geometric features fg ∈ RH×C1, where
H represents the token number and C1 represents the chan-
nel number of each token. We normalize each feature with
its own mean and variance.

Apart from the 3D geometric feature, we also extract 2D
view features by leveraging the CLIP’s strong feature ex-
traction and image classification zero-shot ability. In our
proposed method, we tackle the challenging 3D generation
problem without any point cloud labels and only 3D point
cloud is available for training. To obtain the 2D view fea-
tures of point cloud, we use Polyscope to render the point
clouds from a fixed viewpoint at 900 × 1000 resolution,
and then process it with the CLIP to obtain view features
fv ∈ R1×C2.

Multimodal Fusion Module. To utilize the 3D geometric
features and the 2D view features to guide generation, we
propose a multimodal fusion module to fuse these features
as a substitute for the label embedding condition in training
the conditional point cloud generator.

We design two projectors to align feature dimensions and
followed by a feature addition step to fuse these features.
Specifically, the projectors are two MLP layers which pro-
cess the geometric feature fg ∈ RH×C1 and the view feature
fv ∈ R1×C2, to a projected geometric feature Fg ∈ R1×D

and projected view feature Fv ∈ R1×D. In this way, we
reduce the dimension of the geometric feature from a multi-
dimensional vector to a one-dimensional vector, which sim-
plifies subsequent modeling for feature diffusion. Addition-
ally, we projected the geometric feature and the view feature
to the same size to facilitate feature fusion, where D is the
dimension of projected feature. Finally, we add the two pro-

jected features together to obtain the fused feature, which
serves as the label embedding to guide the generation.

Feature Diffusion Modules
To consistently acquire diverse features as conditional inputs
for the generative inference phase, we draw inspiration from
RCG and employ feature diffusion for feature generation.
In PLCG, we train two distinct feature diffusion modules to
produce feature.

Geometry Feature Diffusion Module. As shown in Fig-
ure 2, we first train Geometic Feature Diffusion by sampling
from the 3D geometric projected feature space. Specifically,
we first add noise for the 3D geometric projected feature
from PointMAE and Projector 1. Finally, we train the geom-
etry feature diffusion by recovering the original geometric
projected feature from noised added feature. After training
is completed, the geometric diffusion is utilized to generated
denoised feature for the following 3D generation. Note that
we trained 3d geometric projected feature. Compared to 3D
geometric features, 3D geometric projected features have a
simpler structure and lower memory requirements, signifi-
cantly reducing the difficulty and cost of training.

View Feature Diffusion Module. Meanwhile, we train
view feature diffusion by sampling from the 2D view feature
space. Firstly, we add noise for the 2D view feature from
CLIP. Secondly, we train the view feature diffusion by re-
covering the original 2D view feature from noised added fea-
ture. Additionally, to ensure consistency between the gener-
ated 3D geometric projected features and the 2D view fea-
tures, we condition the 2D view feature generation process
on the 3D geometric projected features of the same point
cloud. Note that we train 2D view feature unlike before.
Compared to 2D view projected features, 2D view features
contain the original view features extracted by CLIP, which
can be used for subsequent annotation processing.

Generation Module
The generation module consists of point cloud generator and
label generation. The point cloud generator adopts the DiT-
3D because of the efficient and scalable transformer diffu-
sion. The point cloud label is generated by applying CLIP to
classify the view features. This paper exclusively employs
DiT-3D as the generator, but substituting it with another gen-
erator is straightforward.

During the training, our goal is to train the point cloud
generator. Specifically, we first add Gaussian noise to a given
point cloud. Secondly, the point cloud generator is trained by
removing the noise to recover the original point cloud, con-
ditioned on the fused feature of the same point cloud. The
label annotation utilize the CLIP without any training. Dur-
ing inference, the point cloud generator needs fused feature
as condition to guide generation. LPCG provides two sam-
pling methods to get fused feature. We introduce them in
details.

Dataset Sampling Strategy (DataS). The dataset sam-
pling method samples 3D geometric projected features and
2D view features from the dataset. Specifically, we use the
multimodal feature extractor and multimodal fusion mod-
ule mentioned above to extract the 3D geometric projected
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Method Chair Airplane Car
1-NNA (↓) COV (↑) 1-NNA (↓) COV (↑) 1-NNA (↓) COV (↑)
CD EMD CD EMD CD EMD CD EMD CD EMD CD EMD

r-GAN 83.69 99.70 24.27 15.13 98.40 96.79 30.12 14.32 94.46 99.01 19.03 6.539
l-GAN (CD) 68.58 83.84 41.99 29.31 87.30 93.95 38.52 21.23 66.49 88.78 38.92 23.58
l-GAN (EMD) 71.90 64.65 38.07 44.86 89.49 76.91 38.27 38.52 71.16 66.19 37.78 45.17
PointFlow 62.84 60.09 48.38 40.41 70.54 58.10 46.88 50.00 58.10 56.25 46.88 50.00
SoftFlow 59.21 60.05 41.39 43.40 76.05 65.00 46.91 47.90 64.77 60.09 42.90 44.60
SetVAE 58.84 65.07 46.83 44.83 76.54 67.65 47.95 47.90 59.94 59.94 49.15 46.59
DPF-Net 62.00 58.35 44.71 39.09 78.62 62.35 44.17 48.89 62.35 54.48 45.74 49.43
DPM 60.05 74.77 44.86 35.70 76.42 68.91 48.64 38.41 68.89 79.97 44.03 34.94
PVD 57.09 68.07 36.68 49.42 73.82 67.08 41.39 52.29 54.55 53.83 41.19 50.56
LION 53.70 52.34 48.94 52.11 67.41 61.23 49.63 50.00 53.41 51.14 50.00 56.53
DiT-3D-S 57.79 57.14 49.25 51.98 68.85 61.71 47.83 50.51 61.06 56.38 43.75 52.60
DiT-3D-XL 49.11 50.73 52.45 54.32 62.35 58.67 53.16 54.39 48.24 49.35 50.00 56.38
LPCG(DiT-3D-S)-DataS 51.77 53.62 56.39 58.38 61.43 53.47 55.94 51.66 51.69 48.82 50.00 54.16
LPCG(DiT-3D-S)-DiffS 54.68 54.38 48.59 52.25 65.09 57.92 54.59 53.45 58.72 52.60 44.53 48.95

Table 1: Comparison results (%) on shape metrics of LPCG and baseline models.

features Fgtrain ∈ RN×D and 2D view features Fvtrain ∈
RN×C1 where N represents the number of samples in the
dataset. During the inference stage, we randomly sample
geometric projected features Fgtest ∈ RM×D and view
features Fvtest ∈ RM×C1, where M represents the num-
ber of point cloud to be generated. Due to the probabilistic
characteristic of the generative models, our dataset sampling
method can generate highly diverse data samples.

Diffusion Sampling Strategy (DiffS). The diffusion
sampling method samples 3D geometric and 2D view fea-
tures by using the above trained feature diffusion modules.
Because the sampling features are diverse, we can obtain
diverse conditions for the point cloud generator and obtain
diverse generated point clouds. Specifically, we use the pre-
viously trained feature diffusion model to generate new 3D
geometric projected features from noise, which are then used
as conditional inputs to guide the generation of 2D view fea-
tures. In this way, we can continuously obtain consistent and
diverse features. Finally, the geometric projected features
and view features are fed into a multimodal fusion module
to generate fused features that guide the generation process.
It is important to note that the geometric projected features
no longer require processing by a projected layer.

Label Generation. Notably, in LPCG, CLIP is used to
extract view features of the point cloud, which is used for
training the sampling diffusion described above. Therefore,
the view features obtained with these sampling methods can
be subsequently recognized by CLIP. As shown in Figure 2,
we provide a custom label pool which includes pre-defined
categories. The sampled view features are not only used to
guide generation but also fed into CLIP for matching corre-
sponding categories through similarity calculation, thereby
assigning labels to the point clouds generated based on these
features.

Experiment
Experimental Setup
Datasets. Following previous methods (Yang et al. 2019;
Mo et al. 2024; Vahdat et al. 2022; Zhou, Du, and Wu 2021),
we used ShapeNet (Chang et al. 2015) as our dataset. Dur-
ing the feature extractor pre-training phase, we referred to
the processing procedure of point-MAE and sampled 1024
points for each point cloud of ShapeNet. In the training
phase of the point cloud generator, we referred to the data
processing procedure of DiT-3D and sampled 2048 points
for each point cloud of ShapeNet. Following PointFlow
(Yang et al. 2019), we also perform global normalization.

Evaluation Metrics. To perform comprehensive compar-
isons, we adopted the evaluation metrics commonly used
in previous works. Specifically, we used Chamfer Distance
(CD) and Earth Mover’s Distance (EMD) as the primary dis-
tance metrics to calculate 1-Nearest Neighbor Accuracy (1-
NNA) and Coverage (COV). These metrics are crucial for
assessing the quality of generative models. 1-NNA evaluates
the leave-one-out accuracy of the 1-NN classifier, reflecting
the quality and diversity of the generated point clouds. A
lower 1-NNA indicates better performance. COV measures
the number of reference point clouds that match at least one
generated shape, indicating the diversity of the generated
point clouds. Generally, a higher COV is better, showing
greater diversity, but it does not necessarily indicate higher
quality.

Baselines. We compare with two kinds of point cloud
generation approaches: conditional generation and uncondi-
tional generation. The approaches are listed as follows. 1)
r-GAN (Achlioptas et al. 2018), the model based on GAN;
2) PointFlow (Yang et al. 2019), which achieves high-quality
3D point cloud generation by incorporating continuous nor-
malizing flows (CNF) and a dual network architecture. 3)
SoftFlow (Kim et al. 2020), the model incorporates continu-
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Figure 3: Examples of point clouds generated by LPCG. The left three columns are generated by Dataset Sampling Strategy,
and the right three columns are generated by Diffusion Sampling Strategy.

ous normalizing flows and a novel soft deformation mecha-
nism. 4) SetVAE (Kim et al. 2021), the model incorporates a
variational autoencoder (VAE) and a permutation-invariant
set representation. 5) DPF-Net (Klokov, Boyer, and Verbeek
2020), which achieves 3D point cloud generation by incor-
porating a dual-path framework and an attention mechanism.
6) DPM (Ho, Jain, and Abbeel 2020), the model uses a deep
generative way. 7) PVD (Zhou, Du, and Wu 2021), based on
Point-Voxel diffusion. 8) LION (Vahdat et al. 2022), which
uses latent sapce diffusion. 9) DiT-3D (Mo et al. 2024), an
effective DiT model for 3D object generation.

Experimental Result
Quantitative Results. As shown in Table 1, experiments
show that LPCG has promising point cloud generation per-
formance. Specifically, when using Dataset Sampling Strat-
egy and based on DiT-3D-S, we achieved better performance
across all metrics than previous works, except for DiT-3D-
XL and LION. Our architecture outperforms 10 out of 12
metrics than LION. Compared to the original Dit-3D-XL
which has 20 times more parameters than DiT-3D-S, we
have achieved better results on 7 out of 12 metrics, with
merely increasing 6.1MB parameters. This indicates that
LPCG can achieve better generation results with a smaller
model size by introducing multimodal feature representative

Category Label Accuracy 1-NNA (↓) COV (↑)
CD EMD CD EMD

Chair 100 53.91 55.22 51.67 51.85
Car 88 52.08 49.34 52.86 55.98
All 95.8 53.39 52.03 52.30 53.66

Table 2: The test results on shape metric and label accuracy
of Dataset Sampling Strategy in multi-category training.

labels through self-conditioning is an effective method for
generating high-quality point clouds.

When using Diffusion Sampling Strategy and also based
on DiT-3D-S, we can see from the table 1 that our method
still demonstrates competitiveness. Overall, LPCG has 10
out of 12 metrics better than the original DiT-3D-S model.

Subsequently, we applied our method to multi-category
unconditional generation, starting with training on two cat-
egories: chairs and cars. During the generative inference
stage, we sample features using the two sample methods
mentioned above to guide the generation of point clouds.
Then we use CLIP to process 2D view feature to label the
generated point clouds. As shown in Tables 2 and 3, we
first specify the features of a single category for sampling,
which guides the generation process. In both Dataset Sam-
pling Strategy and Diffusion Sampling Strategy, the chair
category achieved a 100% labeling accuracy, and advanced
performance was obtained in terms of generation quality.
However, when generating the point clouds of car category,
the labeling accuracy decreased slightly. This decline is at-
tributed to some chair feature being misidentified as belong-
ing to the car category by CLIP during the inference. As a
result, when sampling the 3D geometric projected features
and 2D view features of the car class, some chair features
were incorrectly sampled. Despite this, the generation qual-

Category Label Accuracy 1-NNA (↓) COV (↑)
CD EMD CD EMD

Chair 100 55.02 54.31 49.72 53.40
Car 92.3 61.84 55.46 48.69 51.82
All 97.44 54.27 52.58 49.80 54.91

Table 3: The test results on shape metric and label accuracy
of Diffusion Sampling Strategy in multi-category training.
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Figure 4: Visual results of interpolated features. With fea-
ture based methods, LPCG is capable of fusion features of
different 3D point cloud shapes.

ity remained high. In the multi-category guided generation,
the overall labeling accuracy was high, and the generation
performance was excellent.

Feature Interpolation. Our LPCG is conditioned on 3D
geometric features and 2D view features. To verify the spa-
tial continuity of these 3D geometric features and 2D view
features, we performed feature transfer by linearly interpo-
lating the features of two point clouds. We applied a 50%
weight linear interpolation to the given two point clouds,
thus getting the interpolated point cloud. As shown in Fig-
ure 4, the interpolated point cloud still maintains a realistic
appearance. The point cloud on the right smoothly combines
the shape structures of both point clouds, retaining the over-
all shape of point cloud 1 while integrating the handle and
chair legs from point cloud 2. This demonstrates that the in-
troduction of interpolation can help us generate more diverse
point clouds.

Ablations
In this section, we conducted ablation studies to demonstrate
the effectiveness of the introduced feature replacement. Ad-
ditionally, we performed extensive experiments to explore
the impact of the point cloud generator and feature diffu-
sion. Here, we used DiT-3D/S to train the car category as
the default setting.

The Impact of Multimodal Features. To verify the ef-
fectiveness of multimodal fusion features in guiding gener-
ation, we conducted an ablation study on self-conditioned
features. As shown in the table 4, the overall generation per-
formance is best when both types of features are included.
The performance significantly declines when either geomet-
ric or view features are missing, and it is the worst when
both features are removed. Additionally, without view fea-
tures, we are unable to label the point clouds. It explains
that the method we introduced for training the model using

Conditional Features 1-NNA (↓) COV (↑)
CD EMD CD EMD

Geometric and View 50.52 48.56 54.16 56.55
Geometric 53.48 47.68 50.06 55.07

View 54.81 53.12 52.34 55.20
- 59.50 55.08 43.75 50.26

Table 4: The test results on shape metric of Diffusion Sam-
pling Strategy under different conditional features.

Point Cloud Generator 1-NNA (↓) COV (↑)
CD EMD CD EMD

DiT-3D-S 50.91 52.34 48.95 50.78
DiT-3D-L 49.60 51.82 53.12 52.52

Table 5: The test results for different point cloud generators.

Training Epoch 1-NNA (↓) COV (↑)
CD EMD CD EMD

50 56.77 54.55 44.01 51.56
100 57.29 51.17 45.31 51.56
300 52.08 52.27 49.74 52.08
500 48.56 47.26 49.73 53.12

Table 6: The test result on shape metric for different epoch.

multimodal features for labels is effective.
Applicable to Different Point cloud Generators. Point

cloud generator is important in LPCG. To evaluate the im-
pact of different point cloud generator on LPCG, we conduct
training on DiT-3D-S and DiT-3D-L under the same settings.
As shown in the table 5, LPCG achieved better generation
quality when using DiT-3D-L. This indicates that LPCG is
applicable to different point cloud generators, and strong
point cloud generators can get better generation quality.

The Impact of Feature Diffusion. We further explored
the impact of feature diffusion on the generative results. We
evaluated the final generated results by adjusting the training
epochs of feature diffusion. As shown in table 6, our gener-
ation quality improves when the number of training epochs
increases.

Conclusion
In this paper, we design a self-conditioned point cloud gen-
eration algorithm. Our method uses geometric features and
view features as labels for training, avoiding the cost of man-
ual data labeling, and achieves high-quality generation re-
sults. Additionally, our view features are extracted by the
2D large model CLIP, which can compute with a prede-
fined text library to obtain the labels corresponding to the
point clouds generated based on these features. Experiments
show that our method achieves better generation results than
those methods trained directly with labels. Meanwhile, our
method achieves an annotation accuracy of 97% for the gen-
erated results, thanks to the powerful capabilities of 2D large
model CLIP.
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