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Abstract
datasets and fine-tuning models on task-specific datasets have

Nowadays, pre-training models on large-scale

become common paradigms, achieving impressive success in
natural language processing and 2D vision. Nonetheless, the
potential of this paradigm has not been fully explored in 3D
vision due to the scale of the datasets. To overcome this, we
propose BoostPoint, a novel pipeline that uses large-scale ren-
dered images as 3D point cloud model inputs for pre-training
and uses general 3D tasks for fine-tuning. In BoostPoint, we
propose a novel learning-free Image-to-Point (I2P) module
to transform raw pixels into required inputs. Specifically,
we view pixels as unorganized points, including essential
raw features (e.g., color) and positional information (e.g.,
coordinates). Employing Simple Linear Iterative Clustering
(SLIC), the I2P module effectively groups these unorganized
points into superpixels, facilitating point cloud backbone
pre-training. Furthermore, we employ a modality-agnostic
debiasing mechanism during pre-training to prevent negative
transfer on downstream tasks. Extensive fine-tuning experi-
ments show that significant improvements are gained in 3D
point cloud backbones with BoostPoint, involving 3D point
cloud classification and part segmentation. The code will be
open-sourced upon acceptance.

Keywords 3D Point Cloud, Transfer Learning, Cross-

Modal Learning, Representation Learning

1 Introduction

As the fundamental representation of the 3D world, point
clouds have been widely applied in autonomous driving,
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Image

Superpixel

Fig. 1 We regard an image as a set of points, and the process
of aggregating them into ¢ centroids is essentially a superpixel
algorithm. The superpixel C; contains both positional and color
information, naturally demonstrating permutation invariance due to
their independent coordinates.

robotics, virtual reality, etc. However, the acquisition cost
of point clouds is high, and the cost of data cleaning and
annotation is even higher [1]. Thus, despite the fact that
deep learning methods enhance the ability to analyze point
clouds, the performance of point cloud backbones remains
constrained due to the small scale of point cloud datasets.
For instance, compared to image datasets with million-level
samples, the widely used ShapeNet [2] dataset only comprises
roughly 50,000 point clouds belonging to 55 object categories.
Consequently, cheap images are introduced to improve the
representation capability of point cloud backbones. In contrast
to point clouds, which comprise sparse and unordered points,
images consist of dense and ordered pixels with abundant
color and texture information.

As shown in Figure 2, we classify current cross-modal
methods into two categories based on their frameworks. The
first category is the single-tower model, in which methods
either inflate 2D convolution filters to 3D [3] or process point
cloud data via projection [4—0]. However, the inflation tech-
nique only shows a slight performance improvement, while
projection methods exclusively rely on 2D backbones, ne-
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glecting the geometric structure of point clouds. The second
category is the dual-tower model, in which these methods
typically introduce pre-trained 2D backbones as teacher mod-
els for the knowledge distillation of 3D backbones [7-9] or
jointly train 2D and 3D backbones [10,
due to distribution discrepancies between 2D and 3D, nega-

]. Nevertheless,

tive transfer may occur during the transfer stage. Given that
current cross-modal learning continues to face challenges, we
ask the question: Can we leverage large-scale 2D images as
3D point cloud model inputs for pre-training?

We formulate cross-modal learning as general transfer
learning [ 2—14], and the advantages of directly employing
images for pre-training point cloud backbones include: 1)
Large-scale data-driven pre-training: Given that common
point cloud pre-training methods rely on ShapeNet, we render
the 3D shapes of ShapeNet into multiple images from different
viewpoints to establish a pre-training dataset, comprising
nearly millions of samples. 2) Without extra learnable
modules: In both the pre-training and fine-tuning stages,
there is no need to introduce auxiliary learnable modules as it
is entirely data-driven. 3) Low-level information perception:
Raw input images are pixel-level and contain a wealth of low-
level information, e.g., texture, color, and shade. Compared to
knowledge distillation methods that utilize high-level features,
our training strategy can inherently capture more low-level
semantics. 4) Cross-modality ability: Owing to image pre-
training, the point cloud backbone gains the capability to
be used as a unified-modal encoder [15, 16], enabling its
applicability to more cross-modal tasks.

However, using images for pre-training point cloud back-
bones presents significant challenges, including 1) Data
discrepancies: As mentioned before, images and point clouds
contain distinct properties, leading to a lack of quantifiable
similarities between point clouds and images, even when
representing the same object. 2) Backbone differences: Point
cloud backbones are specialized neural networks based on
the properties of point clouds, requiring input to be permuta-
tion invariant, while image backbones demand ordered input.
3) Potential negative transfer: Even though point cloud
backbones can pre-train on images, disparate distributions
between pre-training data and fine-tuning data may lead to
negative transfer [ | 7], characterized by the backbone fitting
well on the pre-training dataset but exhibiting a performance
decline on downstream tasks.

Our solution to the above challenges is to boost point cloud
backbones with image pre-training (BoostPoint).To address
the first and second challenges, we introduce the innova-
tive Image-to-Point Cloud (I2P) module, which is entirely
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Fig. 2 The typical framework for 2D-3D learning can be divided
into two categories: (a) using a single backbone that takes point
clouds as input, (b) using both image and point cloud backbones, with
knowledge transferred from the 2D backbone to the 3D backbone.
(c) only requires a point cloud backbone, with the ability to accept
inputs from both images and point clouds.

learning-free. The I2P module views an image as a set of
data points and groups all points into superpixels. These
superpixels comprise 5-dimensional features (XY+RGB),
which exhibit permutation invariance, making them an ideal
input for the point cloud backbone. To address the third chal-
lenge, we utilize the modality-agnostic debiasing mechanism
[18] to generalize the pre-training domain to downstream
tasks. To the best of our knowledge, BoostPoint is the first
pipeline that directly employs image data for training point
cloud backbones. Our sufficient experiments show that this
straightforward approach yields remarkable performance in
downstream tasks.

The main contributions of our approach are summarized

as follows:

* We propose BoostPoint, a straightforward strategy that
boosts point cloud backbones with image pre-training
while enlarging the pre-training dataset to approximately
one million.

We investigate the I2P module, a non-learnable com-
ponent for converting images into data points, making
them compatible with point cloud backbones.

Our method achieves significant performance gains for
3D tasks on various benchmarks: ModelNet, ScanOb-
jectNN and ShapeNetPart.

We validate the promising potential of point cloud back-

bones for cross-modal tasks, including image classifi-
cation on the rendered image dataset and cross-modal
retrieval on the Caltech101.

2 Related work
2.1 3D Point Cloud Undestanding

Single-Modal Method. Single-modal methods directly
process the raw point cloud. PointNet [19] is a pioneering
work in the field that employs shared MLP layers to extract

point-wise features and aggregate extracted features via max
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pooling. However, PointNet is limited in its ability to perceive data: In the pre-training stage, we leverage cheap rendered
local structures, leading subsequent methods to focus on lodatages, while the ne-tuning stage employs task-speci &.

structure perception. For instance, PointNet#4] Jeverages point cloud datasets. 182
the furthest point sampling and ball query to aggregate local ) )
features of point clouds. Other researchers have furth@r2 YN ed-Modal Understanding 18

exploited the local structure to enhance the performandéni ed-modal understanding is initially proposed in the conzss
of point-based backbones, such as MLP-baséd], [ textof 2D and NLP understanding. UNIMGT] presents a 1ss
graph-based/”], relation-based{3], and convolution-based framework that can adapt to both single-modal and multis
[24, 25]. More recently, some approaches employ non-locainodal tasks by aligning textual and visual information inte-
operators 6] or transformers7, 2g to explore long-range a uni ed semantic space. OneR7 proposes a novel con- iss
dependencies. Nonetheless, the limited point cloud dateastive learning framework for learning modality-agnostics
remains a bottleneck for these point cloud-based methods. Tepresentations from image and text data and introducesoa
enhance the point cloud backbone, cheap images have baan ed vision-language representation space. Recently, sex-
introduced into 3D shape analysis. eral works have explored the uni ed-modal understanding
between 2D and 3D. Ma et ai2§] rst proposed that pixels i
Cross-Modal Method. Cross-modal methods can be classi-can be viewed as points to unify modalities and develop.a
ed into two categories based on their frameworks: singlenetwork to process data points based on context clusters. Cen-
tower and dual-tower, as illustrated in Figure 2. The singleversely, Qian et al.1[6] uni ed modalities using the standard s
tower framework employs one backbone, where one strateggansformer and introduced a pretraining-tuning pipeline te
is to in ate the pre-trained 2D backbones into 3D variantenhance the standard transformer for 3D tasks. Meanwhile,
that can handle raw point clouds, as shownzj However, Qu et al. [L§] presented a modality-agnostic debiasing mech
given the discrepancies between 2D and 3D convolutiongnism to avoid negative transfer when evaluating in di erent
these methods only show a slight performance improvemedomains. These methods inspire us to explore the possibility
An alternative strategy is to project point clouds into multi-of conventional 3D backbones serving as uni ed-modal ef-
view images and then leverage 2D backbones to processders, given that the fundamental components (e.g., ML,
these images. The pioneering work, MVCN#,[leverages Convolution, Pooling) of 2D and 3D backbones are shared.
§hared CNNs to extract features from various multi-viemg Method
images and aggregates them through max pooling. Subse- )
quent methods, 6, 29, 20] based on projection primarily -1 Overview 206
focus on devising superior feature extraction and aggregatiorhe overall framework is illustrated in Figure 3, with twaer
modules. Nevertheless, methods based on projection depetnagining stages. In the rst stage, we propose the 12P module
on 2D backbones and may face limitations due to the laclo convert images into data points, serving as input for pres
of geometric structures resulting from suboptimal renderingraining the point cloud backbone, and introduce a debiasing
views. The dual-tower framework introduces image backelassi er for the pre-training task. In the second stage, the prer
bones during the pre-training stage, presenting cross-modedined point cloud backbone is directly applied to downstream
learning as knowledge transfer. CrossPoiri jutilizes con-  tasks. We provide a detailed description of the netwosk
trastive learning for joint training of 2D and 3D backbonescomponents during the rst stage in Section 3.2 and elaborate
while PointCMT [/] employs pre-trained image backboneson the BoostPoint pipeline in Section 3.3. 215
for knowledge distillation. However, due to disparities in data )
distribution, these methods may cause negative transfer. 3.2 BoostPoint Structure e
In contrast to the aforementioned approaches, we propofmage-to-Point Module. The purpose of this non-learnablexr
BoostPoint a strategy that directly employs images to premodule is to e ciently convert input images into data points.s
train point cloud backbones. Our method di ers from theWe note that some researcheis][have proposed a methodz:.
previous methods in the following aspectsPig-training:  that assigns independent coordinates to each image pixgl,
Our pre-training stage utilizes only point cloud backbonesgnsuring their permutation invariance. As a result, images
without the need for 2D backbones.BEne-tuning: Inthe  with aresolution of 224 224 can be transformed into 50,1762
ne-tuning stage, we directly employ the pre-trained pointpoints to serve as input for the backbone. However, such.a
cloud model without extra learnable modulesT&ining  large number of points would result in a signi cantincrease in.

205



4 H. Zhou, Y. Zhang, H. Li

Fig. 3 The BoostPoint pipeline, shown on the left side of the gure, consists of two stages. In the pre-training stage, the I2P module
processes images to enable them to be used as input for the point cloud backbone. A debiasing classi er is also employed to prevent
overemphasizing domain-speci c features. In the ne-tuning stage, the pre-trained point cloud backbone is directly applied to downstream
tasks, utilizing raw point clouds as inputs. The 12P module's architecture, depicted on the right side of the gure, leverages the fast SLIC
algorithm to transform images into superpixels, which can be viewed as ve-dimensional data points comprising coordinates and RGB
values. These superpixels exhibit permutation invariance, making them suitable as training data for point cloud backbones. To normalize the

number of input superpixels, we employ center cropping and uniform sampling techniques.

Algorithm 1 Pytorch-Style Pseudocode of 12P Mod-
ule

# Algorithm 1 Pytorch-Style Pseudocode of 12P Module
# K: number of superpixels, N: number of required points
# W_threshold, H_threshold: Threshold value for
controlling the center cropping
def 12P(img,W_threshold,H_threshold):
cluster = Fast_Slic(img,K) # (B 5 K)
# Remove the background based on the index of RGB
values.
cluster = Delete(cluster, (0, 0, 0)) # (B 5 cluster.num
)
if cluster.num < N:
img = Center_Crop(img, W_threshold, H_threshold)
cluster = 12P(img, W_threshold, H_threshold)
if cluster.num > N:
# Uniformly sample the number of points to N
cluster = uniform_sample(cluster, N)
return cluster # (B 5 N)

def Center_crop(img,W_threshold,H_threshold):
# Enhance image resolution for cropping
img = Resize(img)
W, H = img.size
left = (W - W_threshold)/ 2
top = (H - H_threshold)/ 2
right = (W + W_threshold)/ 2
bottom = (H + H_threshold)/ 2
crop_img = img.crop((left, top, right, bottom))
return crop_img

anchors. 228
In contrast to 3], our I2P module converts images into:s
superpixels via the Fast SLIC. Superpixels are representec:by
their centroids, which contain independent coordinates and
exhibit permutation invariance. Moreover, each superpixel
aggregates information from neighboring pixels, e ectivelys:s
reducing the number of pixels per image while preserving
essential image features. After the conversion, we remoxe
the background superpixels, as the background of these
rendered images lacks information. Given that the backgrouad
possesses an RGB value of 0, it is feasible to index RGB
values to remove background superpixels. Considering that
the number of preserved superpixels may be less than the
input threshold N, we introduce the center cropping algorithea
to increase the proportion of the target in the image and
resend it into the 12P module. On the contrary, when the
number of superpixels exceeds N, we uniformly sample the
superpixels to N. Note that the I12P module is not required
to be integrated within the point cloud backbone; rather, .t
serves as a preprocessing module before input. The pipeline
is depicted in Figure 2. 248
To enhance the generality of the 12P module, we alse
introduce the powerful Segment Anything Model (SAM})so
[34] as a pre-processing module to handle real-world images.
SAM can segment target objects from real images based

2 the computational cost of the backbone. Therefore, they selegh text prompts, which can be used as pre-trained inputs
2s some anchors in space and introduce an auxiliary modufer BoostPoint. Speci cally, during data preprocessing, we:
2z to reduce the points number by progressively aggregatirgjvide input images into a "real branch" and a "renderings
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(@ (b)

Fig. 4 Two branches of the Pre-module. (a) shows the acquisition
of the rendering image, and (b) demonstrates how to obtain the target
object in the real image.

branch". When processing real branch images, we input
the image and class labels into SAM, obtaining images
containing only real objects. Rendered branch images
are obtained by processing 3D CAD models. We use the
method proposed by DISN3f] to render 16 dierent
perspective images for each 3D CAD model by calling
Blender. Finally, the target object images obtained fronfig. 5 The debiasing classi er consists of two branch classi ers,
the two branches can be processed by the I12P module #@mely the biased branch classi er and the general branch classi er.
obtain suitable pre-training inputs. We integrate these tvvghe ijective of the biased branch classi er is to recogn_ize dqmain-

. . ___speci c features, whereas the general branch classi er aims to
processing branches into the Pre-module, as shown in Figrntity domain-generalized features.
ure 4, so that the 12P module can handle most types of images.

set to 3, following the point cloud branch settings in [18]. 2

Debiasing Classi er. Due to distribution disparities be- ~ The process of training the biased branch can be viewed
tween pre-training data and ne-tuning data, we employ th@s identifying domain-speci c features. In this process, its
modality-agnostic debiasing mechanishi][to constructa IS necessary to suppress these domain-speci ¢ featuressto
classi er to avoid negative transfer. As illustrated in Figure 5focus more on the required domain-generalized features. .fo
the debiasing classi er consists of a biased branch classi exchieve this, we introduce a general branch clasg g, s
Ubias and a general branch classi €fgen. gnias aims to  which recognizes domain-generalized features.Wefas 20
identify domain-speci c features, whilgen targets atiden- andW gen be weights of the biased branch classi er aneb
tifying domain-generalized featuresyias containsk heads, the general branch classi er. We suppress domain-speck€
and the weights of each trained head can be regarded asfeatures by enforcing orthogonality betwedinias andw gen a0
indicator of these domain-speci ¢ features. The collaborativeluring the training. The speci ¢ formula is de ned as follows s

cross-entropy loss is applied to the biased branch: e
58 Lce = |—(ggen(]c x));yi); (2
Lc ce = L (max(goias (f (X)) ;Y i); (1) !
|

wheref : R* | RP represents the point cloud back- 1 X T 2

) ) I—Reg = — kw bias W enk . (3)
bone,B signi es the batch size,y;g B, denotes the labels K k=1 ¢
corresponding to the input point cloud andL( ) repre-
sents the cross-entropy loss function. Notably, we do no\.ﬁ;.3 BoostPoint Pipeline o

force the results of each biased classi er head to match the

labels; instead, we useax( ) to encourage collaboration As depicted in Figure 2 (left), our BoostPoint pipeline iss
among biased classi er heads. The reason behind this is th@ivided into two stages: 1) pre-training, and 2) ne-tuning. Ino
domain-speci ¢ features do not necessarily represent trugontrast to existing cross-modal learning, we do not introduee
domain-generalized features. Taking images as an exampl@siditional image backbones or extra learnable modules
features such as object textures and invisible high-frequeneluring the two-stage process. 209
information are domain-speci c. These features may lead to a10
negative transfer when performing cross-modal classi cationPretraining Stage.The purpose of this stage is to leverage the:
In our implementation, we choose the di erentiable functionabundant images for pre-training the point cloud backbone.
logsumexp( ) for max( ). The number of classi er heads is We employ a dataset containing over 2 million real ang
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Table1 Classi cation results on ModelNet40. When using only 1k points, the backbones pre-trained with BoostPoint achieved performance
improvements over their original counterparts. In the table, "pnt" and "nor" represent points and normals, respectively, while Speed indicates
the number of samples divided by the test time. Note that in the PointNet++ seytiuhgsotes the ssg version, antepresents the msg
version. signi es the PointNet++ version with the best accuracy trained under the RSCNN protocol according to the setiing$en [

best and second-best results are highlighted in bold and underlined, respectively.

Method \ Reference Inputs  Points mAcc(%) OA(%) \ Speeds Param.
Supervised Learning Only
PointNet [19] CVPR 2017 pnt 1k 86.0 89.2 - 3.47T™M
PointNet++ [20] NeurlPS 2017 pnt 1k 88.4 90.7 - 1.47M
PointNet++ [20] NeurlPS 2017  pnt,nor 5k - 91.9 - 1.47M
PointCNN [24] NeurlPS 2018 pnt 1k 88.0 92.5 - -
PointConv [25] CVPR 2019  pnt,nor 1k - 92.5 80 18.6M
KPConv [36] ICCV2019 pnt 7k - 92.9 10 15.2M
PointASNL [26] CVPR 2019  pnt,nor 1k - 93.2 - -
PosPool [37] ECCV 2020 pnt 5k - 93.2 - -
Point Transformer [27] ICCV 2021 pnt 1k 90.6 93.7 - -
GBNet [38] TMM 2022 pnt 1k 91.0 93.8 112 8.4M
GDANet [39] AAAI 2021 pnt 1k - 93.8 14 1.64M
SimpleView [6] ICML 2021 pnt 1k - 93.9 2208 1.64M
with Single-Modal Self-Supervised Representation Learning
Point-BERT [40] CVPR 2022 pnt 1k - 93.2 - 22.1M
MaskPoint [41] ECCV 2022 pnt 1k - 93.8 - 22.1M
Point-MAE [42] ECCV 2022 pnt 1k - 93.8 - 22.1M
Point-M2AE [43] NeurlPS 2022 pnt 1k - 94.0 - 12.9M
Point-FMAE [44] AAAI 2024 pnt 1k - 94.5 - 27.4M
with Cross-Modal Self-Supervised Representation Learning
I12P-MAE [45] CVPR 2023 pnt 1k - 93.7 - 12.9M
ACT [46] ICLR 2023 pnt 1k - 93.7 - 22.1M
ReCon-Tiny [47] ICML 2023 pnt 1k - 93.3 - 11.4M
ReCon-Small [47] ICML 2023 pnt 1k - 93.5 - 19.0M
ReCon [47] ICML 2023 pnt 1k - 94.1 - 43.6M
Baseline
DGCNN [22] TOG 2019 pnt 1k 90.2 92.9 518 1.68M
PointNet++ [20] pnt 1k 89.9 92.2 308 1.47M
PointNet++ [20] pnt 1k 90.1 93.4 300 1.62M
PointMLP [21] ICLR 2022 pnt 1k 90.90.2 93.60.2 139 12.6M
Ours
DGCNN w/BoostPoint pnt 1k 91.0(" 0.8) 93.7(" 0.8) 518 1.68M
PointNet++ w/BoostPoint pnt 1k 91.3(" 1.4) 93.7(" 1.5) 308 1.47M
PointNet++ w/BoostPoint pnt 1k 91.8(" 1.7) 94.1(" 0.7) 300 1.62M
PointMLP w/BoostPoint pnt 1k 91.40.3" 0.8) 94.2t0.4(" 0.7) 139 12.6M
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rendered images as the pre-training dataset. During the pr@ubsequently, a debiasing classi er is used to output the
training process, we convert images into superpixels (N, 5glassi cation logits. The pre-training process consists of 108
and adjust the input dimension of the shallow layers of thepochs, with debiased branch training during the initial &
point cloud backbone network to 5. epochs, followed by joint debiased and general branch trai-

The training process for the debiasing classi cation headig in the remaining epochs. Furthermore, we use the Adam
is divided into two sub-stages. In the rst sub-stage, wepptimizer with a learning rate of 0.001. After pre-trainingss:
encourage the general branch classi er to learn more domairhe point cloud backbone is directly applied to downstream

generalized features, while suppressing those domain-specitgsks. a5
features. We achieve this objective by employing equations
1 and 3 to optimize the network during the rst stage, at.2 Fine-Tuning 266

detailed in the following equation: ,
We evaluate the performance improvement of backbore

Lstage1 = Lc ce + Lreg: (4)  with BoostPoint in three widely used tasks in 3D shape
In the second sub-stage, we optimize the entire network kynalysis, namely: 1) 3D object classi cation, 2) few-shass
jointly employing equations 1, 2, and 3. The detailed equationbject classi cation, 3) part segmentation, and 4) Semantie
is as follows: Segmentation. an

Lstagez =Lc ce *+ Lce + LReg: (%) ) ) _ 572
Finetuning Stage.In this stage, we directly apply the pre- 3D Object Classi cation. W(_a evaluate our_approach ONezs
trained point cloud backbone for downstream tasks. We onf® dataset§: ModelNet4®{] and chnObJectNN []'_ o
need to reinitialize the shallow mapping layer, enabling th odeINetA.fO is acommonly used.synthetm dat.aset co.mpnsmg
network to handle data with an input shape of (N, 3) or (N,12’331 objects from 40 categories. ScanObjectNN is a real-
orld object dataset extracted from indoor scans and consists

6). Contrary to previous methods, we leave out adding an\Q/ _ . _ _
9f 2,902 objects across 15 categories. This dataset includes

auxiliary learnable components, as we treat the point clou
backbone as a uni ed-modal backbone. several variants, the most challenging being PB.RS, s
) which introduces object augmentation to increase the di cultys
4 Experiments of shape analysis. Moreover, we also evaluate our approach
4.1 Pre-Training on the OBJONLY variant of ScanObjectNN, which is the s

Datasets.We divide the pre-training data into two branches2N!Y variant that includes color information. .

the "real branch” and the “"rendered branch.” For the real e follow the standard ne-tuning procesS4[ 56] to s
image branch, we select the ImageNet-1k benchmari/aluate the accuracy of object classi cation. The classi cas
(approximately 1.3 million images), with class labels servingiOn results on ModelNet40 are shown in Table 1, where we
as textual prompts. Concurrently, we choose multi-vievfompare the overall accuracy (OA) and class mean accuragy
rendered images extracted from ShapeNet (approximatqu‘ACC)- The upper part of the table displays the results of the
0.9 million images) as the rendered image branch. Foitate-of-the-art approaches. We select PointNet++, DGCNM
speci ¢ data preprocessing, we employ the open-sourca"d PointMLP as our baseline models. Note that PointMLP is
MobileSAM [51] to reduce time overhead. Additionally, inability to robustly reproduce the highest accuracy on Modx
we utilize the method proposed by DISKT to render €INet40, where the issue is mentioned in their open-sourced
16 di erent viewpoint images for each 3D CAD model by codes. So we train and test for ten runs and report meams
invoking Blender. std results of PointMLP. As depicted in the lower part ofs
the table, the performance of all baselines has signi cantly
Implementation. For the pre-training input, we uniformly improved with BoostPoint pre-training. The PointNet++ SSGe
sampleN = 1024 data points to accommodate the requireversion improves class mean accuracy by 1.4% and ovekall
ments of the backbones. The inputs of data points are geadccuracy by 1.5%, whereas the MSG version increasesshy
erated as described in Section 3.2. We employ widely used7% and 0.7%. DGCNN improves class mean accuracy by
point cloud backbones as baselines, including PointNet+8.8% and overall accuracy by 0.8%. PointMLP improves class
[20], DGCNN [22], PointMLP [21] and the latest shared- mean accuracy by 0.8% and overall accuracy by 0.7%. \We
parameter transformer encoder from the latest Point-FEMAEBISo compare our approach with several open-source methees
[44]. Following baselines, we obtain the global shape featuravhile reporting the parameters and testing speeds. When not
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Table 2 The classi cation results on the ScanObjectNN. We report the performance of all methods under toNOBand PBT50_.RS
variants. BoostPoint signi cantly improves our baselines. In the PointNet++ setjimgsiotes the ssg version, whideepresents the msg
version. SP Transformer represents the share-parameter Transformer encoder.

OBJONLY PB_T50.RS
Method Reference mAcc(%) OA(%) mAcc(%) OA(%)
SOTA
Point-FEMAE [44] AAAI 2024 - 93.3 - 90.2
Joint-MAE [48] IJCAI 2023 - 88.9 - 86.1
ACT [46] ICLR 2023 - 91.9 - 88.2
I12P-MAE [49] CVPR 2023 - 91.6 - 90.1
ReConv [50] ICML 2023 - 93.3 - 90.6
Baseline
DGCNN [22] TOG 2019 - 86.2 73.6 78.1
PointNet++'[20] - 84.3 75.4 77.9
PointNet++ [20] 85.4 87.4 75.5 79.2
PointMLP [21] - - 84.4 85.7
Ours
DGCNN w/BoostPoint 88.0 89.4(3.2) 77.0("3.4) 814( 33)
PointNet++ w/BoostPoint 87.7 89.4(5.1) 80.3("4.0) 83.2("5.3)
PointNet++ w/BoostPoint 88.4( 3.0) 90.3("29) 80.6("51) 83.9("4.7)
PointMLP w/BoostPoint 90.4 91.8 85.8(1.4) 87.0(" 1.3)
SP Transformer w/BoostPoint 91.2 92.7 87.9 89.8

Table 3 Part segmentation results on ShapeNetPart. We report trpfesent the real-word object classi cation performances af

mean loU for all categories and the mean loU for all instangés.
the PointNet++ setup represents the ssg version.

Method mloU (%) mloU (%)
PointNet [19] 80.4 83.7
PointNet++ [20] 81.9 85.1
DGCNN [22] 82.3 85.2
Point-BERT [57] 84.1 85.6
PointMLP [21] 84.6 86.1
KPConv [36] 85.1 86.4

PointNet++ w/BoostPoint| 82.6(" 0.7) 85.6(" 0.5)

DGCNN w/BoostPoint | 82.9(" 0.6) 86.0(" 0.8)

404

405

406

Table 4 Few-shot classi cation results on ScanObjectNN. Wet-SNE visualization, as depicted in Figure 8.

our BoostPoint pre-trained baselines. As illustrated, the pes-
formances of our baselines are signi cantly improved. Specifw
ically, in the case of the PB50.RS example, even with u:
the presence of background noise and other interfering fag-
tors in the dataset, the overall accuracy of the PointNet+z+
SSG model still achieves a 5.3% increase. Moreover, the
BoostPoint pre-trained baselines also achieve substantial ima-
provements over the OBINLY variant. In both ModelNet40 s
and ScanObjectNN, our method obtains a greater increase:in
class mean accuracy after pre-training with BoostPoint, which

Considering di erences in training paradigms and input Conjmplies that the pre-training dataset enhanced data diversity,
straints, our method achieves better performance comparkgpulting inimproved learning for speci ¢ challenging classes.
to the SOTA methods with 10 or 20 parameters smaller.

in downstream tasks. To illustrate the feature distribution af
ModelNet40 and ScanObjectNN after ne-tuning, we employ:

423

report the mean and standard error values of 10 runs under the Compared with the latest state-of-the-art methods, although

OBJ.ONLY setting, where our method is reported in blue.

Method 5 way 10 way
10 shot 20 shot| 10 shot 20 shot
DGCNN + Rand 62.0t5.6 67.85.1 | 37.8:4.3 41.82.4
DGCNN + Jigsaw [54] | 65.2£3.8 72.22.7 | 45.6:3.1 48.22.8
DGCNN + cTree [58] 68.4:3.4 71.62.9 | 42.42.7 43.23.0
DGCNN + OcCo [56] 72414 77.214 | 57.0:1.3 61.61.2
DGCNN + CrossPoint [11] 74.8:1.5 79.@¢1.2 | 62.%1.7 73.32.2
DGCNN w/BoostPoint | 71.5+8.3 78.46.3 | 58.9%4.7 66.52.9

407

our experimental results do not reach the state-of-the-art, they
still show considerable competitiveness, and there are three
points we must emphasize: a2
1). Unfair comparison. The dierent pre-training ap-.s
proaches render direct comparisons unfair. BoostPoint uses
only images during pre-training, whereas the aforementioned
methods input point cloud-image pairs during pre-trainingsx
The input data from point cloud-image pairs provide more
abundant and direct three-dimensional structural informatiea
and strong correspondences.

434

The results for ScanObjectNN are shown in Table 2. We 2). Competitive performance. Our simpler pre-trainings
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ShapeNetPart is a dataset consisting of 16,881 3D objegts
across 16 categories, with a total of 50 parts annotated. &s
shown in Table 3, we compare the mean loU across all past
categoriesrfiloU¢) and the mean loU across all instancess
(mloU) ). The upper part of the table displays our baselines
and the state-of-the-art methods, while the lower part presents
the baselines with BoostPoint pre-training. As depicted in the
lower half of the table, the performance of backbones signis
cantly improves with BoostPoint pre-training. Th@oUc  «
andmloU, of DGCNN improve by 0.7% and 0.5%, respecas
tively, while the PointNet++ ssg version show an improvement
of 0.6% and 0.8% imloUc andmloU, , respectively. 477
Semantic SegmentationWe also evaluate the performances
improvement of backbones with BoostPoint pre-training on

Fig. 6 The classi cation results on ShapeNet rendered datasetfh i g ; :
e dense prediction task using the widely used S3DIs
We compare the performance of general 2D backbones and 3D P 9 Y

backbones pre-trained with BoostPoint pre-training under the sanfftaset. S3DIS (Stanford Large-Scale 3D Indoor Spaces)
settings. o ers instance-level semantic segmentation for extensive

_ . _scenes. Collected from six sizable indoor areas, S3DIS en-
strategy has yielded a performance that is nearly on par W'%mpasses 271 rooms and 13 semantic categories. Withsan

SOTA, indicating that BoostPoint retains its competitivenessaverage of 795K points per room, this dataset presentssa
3). Greater signi cance of our method. In the original text, ch4jlenging benchmark for segmentation. In accordance with

we utilized the most widely used point cloud backbones in thgy,ngard practice, we designate area 5 for testing and utilize
community, which are micro-networks. Hence, the design ofy,o remaining areas for training. -

simple pre-training tasks can e ectively prevent under tting  Ag shown in Table 5, compared to the model withouts
and optimize the network more e ciently. Furthermore, ,re training, BoostPoint has brought some improvements.
previous work has not investigated the modality universalitybespite the limited improvement brought by pre-training te:
of these point cloud backbone networks. Our work bridgeg,e network, we believe the following reasons might explais
this research gap. this phenomenon: 1). Pre-training data is mainly at the objeet
level, which means that the model's understanding of the
Few-shot Object Classi cation We present the few-shot scene may still be insu cient when dealing with complexss
results of BoostPoint pre-trained backbones. For a fair comyzenes and more challenging tasks. However, we still observed
parison, we expand the table frofil] and selectthe DGCNN 3 performance improvement. This suggests that in the training
backbone as our baseline to evaluate performance improvgrocess of image features such as color and texture, the
ment on the more challenging ScanObjectNN dataset. Asoint cloud backbone network got a better initialization, thus:
shown in Table 4, compared to random-initialized DGCNNgtill having certain e ectiveness in the ne-tuning processw
our training strategy o ers well-initialized parameters. While of downstream tasks. 2). Scene point cloud data contains
BoostPoint achieves the second-best results comparedri@re noise. As the pre-training model has been optimized for
other methods, this is due to the pre-training requiring ve-object-level tasks, it may encounter certain di culties when:
dimensional inputs, whereas downstream tasks require ondealing with scene-level data. To further improve the modeks
three-dimensional inputs. To accommodate the input dimefperformance on scene datasets, we consider introducing
sion of downstream tasks, we randomly initialize the rstadditional data augmentation and noise ltering techniques

layer's parameters, resulting in the rst layer's randomnes#n the future. 507
in uencing the overall accuracy during training with limited _ _
samples. 4.3 Ablations and Analysis 508

Pre-training with Limited 2D Data. In Table 6, we s
Part Segmentation We evaluate the performance improve-randomly sample the pre-training dataset by di erent ratiosy
ment of backbones with BoostPoint pre-training on the densend evaluate the performance of BoostPoint when the
prediction task using the widely used ShapeNetPart datasete-training data is further de cient. We sample 20%, 40%;.
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Fig. 7 Results of the retrieval from real image to point cloud. The query image is from Caltech101, and the point clouds are from ShapeNet.
We show the top-5 retrieved point cloud in order.

Table5 Semantic Segmentation on S3DIS Area 5. SP Transformé?0%, and 80% of the rendering branch dataset and assessithe

represents the share-parameter Transformer encoder. performance of baselines on ModelNet40. BoostPoint still
Method mloU(%)  mAcc(%) achieves downstream accuracy improvements in low-data

Baselines regimes, especially for 40% and 60%, which outperform the

PointNet++' 3.5 - baseline. This indicates that our image pre-training strategy

DGCNN 6.1 ) tively alleviate the need for | le 3D traini

SP Transformer 604 68.8 can e ectively alleviate the need for arge-scag rainings

ours datasets. However, the results reveal that using only 2086

PointNet++ w/BoostPoint 556 63.2 of the data for pre-training leads to negative transfer fas
DGCNN w/BoostPoint 57.4 65.3 downstream tasks, which we attribute to the in uence of the

SP Transformer w/BoostPoint  62.1 69.4 insu cient diversity of pre-training data. -

523

Table 6 Pre-training with limited data. We randomly sample |jmpact on Debiasing Classi er. In order to evaluate the sz
di erent ratios of data from the pre-training dataset for pre-training,. t of the debiasi | . BoostPoint trai
and report the overall accuracy on ModelNet40. Impact of the debiasing classt er on Boostroint, we pre-traus

Method 20% 40% 60% 80% 100% point cloud backbones on the rendering branch dataset
PointNet+¥ | 92.6 93.0 930 932 93.2 without the debiasing classi er and report ne-tuning ins
PointNet+# | 93.1 934 936 93.6 93.7 downstream tasks. The classi cation accuracy of the baseline

DGCNN | 928 930 931 933 934 on ModelNet40, OB.IDNLY, and PBT50.RS is shown s»

in Table 7. The results suggest that, although BoostPoint
Table 7 E ectiveness of the debiasing classi er. We leave out thewjjthout the debiasing classi er generally enhances the

debiasing classi er during the pre-training and report the ne-tuningaccurac of the baseline in most con gurations. it causes
results on ModelNet40, OBONLY, and PBT50.RS. DC represents y 9 ’

the debiasing classi er. a negative transfer on DGCNN. Speci cally, the result ogs
Method | DC | ModelNet40 OBJONLY PB.T50.RS ModelNet40 is 0.2% lower than the baseline. 534
PointNet+¥ l‘j/o 9%.9 8.':3.5 7I8.7 N - . . - 535
93.2(" 03) 88.5("3.0) 824('3.7) Pre-training with ShapeNet. We investigate the impact of s
% 92.7 87.4 77.5 - . .
DGCNN re-trainin with results presented in Table 8. T:
" | 93.4("0.7) 89.0C 1.6) 79.2(" 1.7) pre-training datasets, with results presented in Table 8. The

point cloud backbone is pre-trained on ShapeNet, and the
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BoostPoint: Boosting Point Cloud Backbones with Image Pre-Training for 3D Understanding 11

classi cation accuracy is then evaluated on ModelNet4QTable 8 Pre-training with ShapeNet. We utilize ShapeNet as the
OBJONLY, and PBTS0.RS. The experimental results pre-training dataset and report the ne-tuning results on ModelNet40,
. ' L _ OBJ.ONLY, and PBT50_RS. SN represents the ShapeNet while
indicate that pre-training the point cloud backbone Ofhursrepresents our superpixels dataset.
ShapeNet, in comparison to training from scratch, leadS \ethod | SN Ours| ModelNet40 OBIONLY PB.T50.RS
to marginal improvements in classi cation performance. PointNet+ 93.0 86.6 79.4
Moreover, when compared with pre-training the backbone " 932("02) 885("1.9) 824(3.0)

. . . " 93.2 88.2 78.5
on superpixels, pre-training on ShapeNet still falls short DGCNN 93.4(" 0.2) 89.0( 0.8) 7920 0.7)
in terms of downstream task accuracy. We attribute this
observation to: (1) Data Diversity: In contrast to the ShapeNefable 9 Pre-training without Color information. We leave out
dataset, which only comprises 50,000 samples, our render&@'or information during the pre-training and report the ne-tuning

. results on ModelNet40, OBONLY, and PBT50_RS.
image dataset, collected based on ShapeNet, encompasses.

| m lti-vi . Fi 9 displ th Method Color | ModelNet40 OBJONLY PB_T50.RS
n.eary.a r_m ion multi-view images. -|gu.re . isp ay; e | W 921 4.0 o
visualization results of the dataset distribution. A diverse PoIntNet " 93.2(" 1.1) 88.5( 45) 82.4( 4.9)
dataset aids in mitigating model over tting. Given the rich . % 92.5 85.7 77.3
array of samples and features within the dataset, the model is ' 934("09) 89.0('33) 79.2("1.9)

less likely to overly rely on certain speci c features present
in the training data. (2) Robustness of Features: The poi,t&‘xture features are smoothed out, which makes us unablesto

clouds rendered in ShapeNet are structured, possess'r'f‘@c”rate'y measure the impact of pixel gradients. However, the
simpler features, which contribute minimally to the boosting?99regated superpixels naturally represent the local structuse
e ect of pre-training. In comparison to ShapeNet, ourof the image, so we can study the impact of the local structuse
pre-training dataset encapsulates a variety of alterations, sueh the image on the network backbone by disrupting the
as local structure, angle, scale, color, and so forth. DuringHP€rpixels of the pre-training input. Speci cally, we adopted:
model training, the model needs to discern useful featurésmMasking mechanism similar to PointMAE], randomly s

amidst these variations. This process bolsters the mode@asking the superpixels of the pre-training input at di erent:
generalization capabilities and adaptability. ratios. We randomly masked the current pre-training datasetsat

mask rates of 15%, 30%, and 60%, and then pre-trained in tae
Pre-training without Color information. In order to manner of BoostPoint. Finally, the pre-trained backbone was
investigate the in uence of color information on the point Ne-tuned on ModelNet40, and Table 10 shows the ne-tuninge

cloud backbone, we also pre-train the point cloud backborf€sults. 599
on the rendering branch dataset without color information. Our experimental data yield the following trends and conw
We evaluate the classi cation accuracy on ModelNet4oclusions: At a masking rate of 15%, the bene cial impact o
OBJONLY, and PBT50.RS, as depicted in Table 9. pre-training on the backbone network is rather limited. This
After removing the color information, the point cloud suggests that at lower masking rates, the network may ret
backbones pretrained with BoostPoint show a decrease figlly capture the image's local structural information, thereby.
performance in all settings. This observation highlightgestricting the e ectiveness of pre-training in optimizing theos
the signi cance of color information in the pre-training backbone network. When the masking rate surpasses 3080,
process, as it contributes to the overall performanc@e observed notonly a lack of additional optimization frona,
of the point cloud backbone. The inclusion of colorpre-training but also a phenomenon of negative transfer. This
information provides additional context and features thaimplies that at higher masking rates, pre-training might lead
can be leveraged by the network to enhance its generalizi@-the network backbone over tting to the local structural inewo
tion capabilities and adaptability to various downstream task$ormation of the image, consequently impairing the networkis:
generalization capabilities. Our ndings underscore that the
Pre-training without other information. To further explore optimization of the network backbone is largely contingent
which aspect of the image a ects the downstream tasks)n the local structural information within the image. 614
we mainly consider two angles: the local structure of thére-training with background information. Our down- «s
image and pixel gradients. Since our pre-training is based atream tasks' objective focus on object-level representatien
superpixels, and superpixels aggregate adjacent pixels wigmarning, so the inclusion of background information can lead
similar colors or grayscale values into a larger area, some loctd a decline in the model's performance. we use ImageNet-4k
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(about 1.3 million images) and rendered images (about 0.9
million images) directly as the pre-training input for Boost-
Point, without any preprocessing. After the pre-training is
finished, we evaluate the experiment on the ModelNet40
classification task. The experimental results are shown in Ta-
ble 11. It’s seen that the pre-training mode with background
information has far lower performance on downstream tasks
than the mode without background information, and even
negative transfers occur. Based on the experimental results,
we draw the following analysis: 1) For object-level tasks,
background information contains information unrelated to
the target object, which can be considered noise, causing
negative optimization for pre-training. 2) The experimental
results indirectly confirm that the optimization of pre-training
largely depends on the local structure of the target object in
the image.

Pre-training only on the real branch. We conduct an addi-
tional ablation study on the real branch or rendering branch.
Figure 10 shows that pre-training on the real branch dataset
outperforms the rendering branch dataset in the downstream
task. We attribute this to:1) Rendering Branch Limitations:
Despite improvements, issues arose with ShapeNet and Mod-
elNet40. For instance, ShapeNet’s finer category distinctions,
like "table’ or ’desk’, caused confusion and overfitting in the
model, as ModelNet40 only includes ‘table’. 2) Real Branch
Benefits: The real branch dataset, with its diverse features
like textures, lighting, and occlusions, provides a more robust
training set, reducing overfitting and enhancing performance
in downstream tasks compared to the rendering branch.
Classification on 2D Rendered Datasets. Even though we
primarily report the results of general point cloud downstream
tasks, our pre-training task employs a general classification
task. Consequently, we also compare the overall accuracy
of general 2D backbones on our pre-training dataset with
pre-trained 3D baselines. As illustrated in Figure 6, we utilize
ResNet and ViT models as 2D baselines, following the same
training settings used for 3D baselines pre-training. For the
3D baselines, PointMLP achieves the highest performance
with a result of 96.7%. In the case of 2D baselines, ResNet50
attains a result of 91.8%. These results showcase the ability
of point cloud backbones to effectively comprehend images.
Furthermore, our 3D baselines display even higher training
accuracy than these 2D baselines under the same setting.
This indicates that the I2P module eliminates redundant
features, e.g., background, hence the improvement in
accuracy. It is important to highlight that we annotate the
number of parameters of each model in Figure 6. The
parameter count for general image backbones is several times,
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Table 10 The impact of random masks. During the pre-training
stage, we randomly mask the input superpixels according to four
different ratios, and record the overall accuracy on ModelNet40.

Method 0%  15% 30%  60%
PointNet++' | 93.7 93.1 915 89.3
PointNet++° | 941 932 91.8 90.1

DGCNN 93.7 933 918 898

Table 11 Pre-training with background information. We added
background information during the pre-training and reported the
fine-tuning results on ModelNet40, OBJ_ONLY, and PB_T50_RS.

Method | BG | ModelNet40 OBJ.ONLY PB_T50_RS
[0)
PoinNetes? | % 93.7 89.4 83.2
| 903(#34)  82.6(#68) T6.3(#6.9)
[0)
DGCNN % 93.7 89.4 81.4
| 89.7(#4.0)  83.1(#6.3)  75.8(#5.6)

or even tens of times, larger than that of point cloud backbones.

Cross-Modal Retrieval. As mentioned in Section 1, one
benefit of BoostPoint is that it enables point cloud backbones
to tackle more cross-modal tasks. We qualitatively measure the
cross-modal capability of point cloud backbones through an
image-to-point cloud cross-modal retrieval task. Specifically,
we follow the steps of [600], using the BoostPoint pre-trained
PointNet++ (ssg) backbone as a 3D encoder, while selecting
real images from Caltech101 [61] to retrieve corresponding
point clouds from ShapeNet samples. As shown in Figure
7, we present the top-5 point cloud samples using image
examples from the categories of guitar, chair, plane, piano,
and mug. The results reveal that our pre-trained backbone can
effectively capture significant features between images and 3D
point clouds. Among the retrieved samples, the top-1 retrieved
point clouds have the closest appearance to the query images
compared to others. Nevertheless, other retrieved samples still

exhibit an appearance margin in relation to the input images.

S Discussion
5.1 Why do we treat the problem as transfer learning?

The establishment of transfer learning requires the fulfillment
of three conditions, as expounded in [ | 7]: 1) The learning tasks
in both domains are related or similar. 2) The source domain
and target domain data distributions are not too different.
3) A suitable model can apply to both domains. BoostPoint
effectively satisfies these conditions. Specifically, for the
first condition, our pre-training and fine-tuning tasks exhibit
significant similarities. For the second condition, we employ
t-SNE to reduce feature dimensionality in both the superpixel
dataset and the ShapeNet dataset and further visualize feature

distributions using kernel density estimation. We discover that
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