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Abstract. Current point cloud object detection methods rely on expensive man-
ual annotation. Utilizing contrastive learning for self-supervised pre-training on
unlabeled large-scale point clouds can reduce annotation costs and improve
model performance. However, selecting effective features for instance discrimi-
nation is crucial for contrastive learning. Previous methods have constructed in-
stances for pre-training at different levels, such as points, proposals, and scenes,
but the features of these instances differ from the objects to be detected. Consid-
ering that instance discrimination tasks based on object-level features align with
downstream object detection tasks, we propose a novel and efficient self-super-
vised point cloud object detection pre-training framework called ObjectContrast.
To learn more effective point cloud representations, this framework constructs
two self-supervised pre-training modules: object-level instance discrimination
contrast (ObCo) and bounding box geometric contrast prediction (BoxCo). ObCo
drives the model to learn general object representations to locate object fore-
grounds and determine categories. BoxCo enhances the model's geometric per-
ception capabilities regarding the dimension and orientation of 3D bounding
boxes. Extensive experiments on various detectors and datasets validate the effi-
ciency and transferability of ObjectContrast. Compared with the state-of-the-art
self-supervised pre-training methods, ObjectContrast demonstrates superior per-
formance.

Keywords: Self-supervised, Point Cloud, Object Detection.

1 Introduction

Please note that the first paragraph of a section or subsection is not indented. The first
paragraphs that follows a table, figure, equation etc. does not have an indent, either.
Point cloud object detection is crucial for understanding 3D scenes and has attracted
much attention in the fields of autonomous driving and robotics [1]. However, existing
supervised learning-based methods for point cloud object detection rely on expensive
and time-consuming manually annotated data, which limits their practical applications.
In contrast, raw point cloud data is readily available, and pre-training object detection
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models using large-scale unlabeled point clouds have shown great potential and re-
search value. Self-supervised pre-training aims to learn invariant representation from
large-scale unlabeled data and transfer it to downstream tasks, thereby significantly en-
hancing model performance and reducing data annotation costs. By designing specific
pretext tasks, self-supervised learning (SSL) could capture general feature representa-
tions from unlabeled data and has achieved great success in fields such as natural lan-
guage processing and computer vision [2,3].
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Fig. 1. Constructing different levels of contrast pairs for instance discrimination. Point-level [4]
excessively emphasizes fine-grained details and cannot construct comprehensive object features.
Proposal-level [5] randomly selects contrast regions, similarly failing to cover complete and ac-
curate object features. Object-level directly utilizes object instances for discrimination, achieving
more efficient learning of object representations. The mAP of the object-level is 3.0% higher
than the point-level and 1.6% higher than the proposal-level on average.

Recently, significant progress has been made in SSL for point clouds, particularly
through contrastive learning for model pre-training. Contrastive learning designs spe-
cific instance discrimination tasks to bring features of the same instance closer and push
features of different instances apart, thereby learning and distinguishing general repre-
sentation. Therefore, designing appropriate instance discrimination tasks is crucial for
self-supervised pre-training. Existing SSL methods construct instances for discrimina-
tion at different levels, such as points [4], proposals [5], supervoxels [6], and scenes
[7]. However, there is a certain gap between these instance features and the real object
features. Point-level methods focus too much on fine-grained features and lack a holis-
tic object description; scene-level methods are too coarse and fail to accurately locate
objects; supervoxel-level and proposal-level methods select local regions of the point
clouds as instances, but the randomly generated regions could not cover complete and
accurate object instances. As a result, these methods usually need to construct a large
number of contrast pairs to learn general representations from background features. Due
to the difference between the pre-training instance discrimination tasks and downstream
object detection tasks, we rethink the impact of instance features on the data-efficient
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transfer learning. We pre-train PV-RCNN on Waymo and transfer to KITTI with dif-
ferent label ratios in fine-tuning, as shown in Figure 1, by comparison, directly using
object instances for discrimination can more effectively learn object-level representa-
tions, facilitating data-efficient transfer learning.

Contrastive learning first pre-trains the models through instance discrimination and
then fine-tunes the models at downstream tasks. Given that object-level features differ
from point-level, region-level, or scene-level features, the feature gap between up-
stream and downstream tasks could impair the data-efficient transfer learning. Based
on the above analysis, we propose an efficient self-supervised framework called Ob-
jectContrast. The framework uses object-level features for Contrastive learning, bridg-
ing the feature gap between pre-training and fine-tuning tasks. Specifically, ObjectCon-
trast learns object-level point cloud representations through two modules: class-related
object-level instance discrimination contrast (ObCo) and boundTheing box geometric
contrast prediction (BoxCo), thereby achieving data-efficient transfer for object detec-
tion task. Firstly, since the number of object classes is very limited and objects often
belong to the same class, the contrastive loss constructed by InfoNCE [8] can cause
negative pairs of the same class to be pushed apart, which is detrimental to model con-
vergence. ObCo addresses this by constructing a class-related object instance contras-
tive loss, treating augmented instances of the same object as positive pairs and other
class objects and backgrounds as negative pairs, aiding the models in distinguishing
foreground and class representations. Secondly, besides locating objects and determin-
ing classes, the object detection task also requires accurate prediction of 3D bounding
boxes. BoxCo enhances the point cloud objects through random scaling and rotation,
and by combining the augmented features with the original features, predicts scaling
ratios and rotation angles to enhance the model's geometric prediction and perception
capabilities. We conduct extensive experiments on the public datasets Waymo [9],
ONCE [10], KITTI [11], as well as an autonomous driving engineering dataset, vali-
dating popular point cloud object detectors such as PV-RCNN [12], CenterPoint [13],
and SECOND [14]. We compare ObjectContrast with point-level, region-level, and
scene-level methods, the experimental results demonstrate the efficiency and superior-
ity of the proposed self-supervised pre-training methods.

The main contributions of this work include the following three aspects:

o We rethink the impact of instance features on data-efficient transfer learning and
propose a framework that utilizes object-level features for instance discrimination to
bridge the feature gap between pre-training and fine-tuning tasks.

o We design two self-supervised tasks for object detection to enhance the classifica-
tion and bounding box prediction capabilities of pre-trained models, including class-
related object instance discrimination contrast and bounding box geometric contrast
prediction.

e Our method achieves state-of-the-art performance compared to other self-supervised
pre-training methods. Extensive experiments demonstrate the superior data-efficient
transfer learning capabilities of the proposed method.
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Fig. 2. Overview of the proposed ObjectContrast framework. The framework consists of four
main components: data generation and augmentation, feature extraction and matching, object-
level instance discrimination, and bounding box geometry prediction. Sample several objects O
and a scene S. O undergoes rotation and scaling augmentation to obtain O', S combine with O to
form S, and then combine with O' to form Sz. S1 and Sz are processed through a shared backbone
network to obtain BEV features B1 and Bz, ultimately extracting object-level features F1 and F2.
The models are pre-trained through two self-supervised pretext tasks: ObCo and BoxCo, to learn
object-level representations, facilitating the transfer of the pre-trained model to object detection.

2 Related Work

2.1 3D Object Detection in Point Clouds

Please note that the first paragraph of a section or subsection is not indented. The first
paragraphs that follows a table, figure, equation etc. does not have an indent, either.
With the rapid development of deep learning and the continuous emergence of large-
scale datasets, 3D object detection algorithms based on point clouds have also prolifer-
ated. Inspired by research in the image domain, the point cloud domain has successively
proposed anchor-based methods [14,15], center-based methods [13], and query-based
methods [16]. Compared to images, point clouds are characterized by sparsity and dis-
order, necessitating encoding them into a structured form before feature extraction. Ac-
cording to the different coding schemes, the point cloud object detection methods can
be divided into point-based [17], voxel-based [18], point-voxel hybrid methods [12],
and graph-based [19]. Although point cloud object detection algorithms have made sig-
nificant progress, the aforementioned methods usually rely on a large amount of labeled
data for supervised learning. Therefore, it is crucial to reduce the dependency of detec-
tors on labeled data by using self-supervised methods. Following the first principle
thinking, object detection can be divided into two fundamental sub-tasks: object clas-
sification and bounding box prediction. We construct two self-supervised pretext tasks,
ObCo and BoxCo, to enhance the pre-trained model's classification and geometric pre-
diction capabilities, respectively. ObCo enhances the model's ability to distinguish
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between foreground and background representations and learn inter-class representa-
tions through contrastive learning. BoxCo improves the geometric perception of the
models by predicting rotation and scaling.

2.2 Contrastive Learning for Self-Supervised Pre-training

In recent years, SSL has developed rapidly and has become an important research di-
rection, especially with the emergence of many research achievements based on con-
trastive learning discriminative methods [20,21]. In the image domain, [22,23] extract
the overall features of images as instances for discrimination, demonstrating excellent
performance in classification tasks. As deep learning tasks become more complex, in-
stances are designed with increasing sophistication. Considering that object detection
tasks require predicting the position and size of bounding boxes, [24,25] construct ob-
ject-level instance discrimination tasks to learn more precise object representations. In
the point cloud domain, [7,26] treat the overall features of point clouds as instances for
discrimination, which is relatively coarse and struggles to learn fine-grained object-
level representations from scene-level features; [4,27] achieve point-level instance dis-
crimination, which focuses too much on fragmented point-level features, ignoring the
relevance of overall object features; [5,6,28,29,30] achieve contrastive learning by con-
structing super-voxels, proposals, and other region-level instances, which requires con-
structing a large number of contrast pairs to learn general representations from back-
ground features. We observe that existing contrastive learning pre-training methods
construct instance discrimination tasks using point-level, scene-level, or region-level
features, but there is a significant feature gap between these instances and the objects
to be detected in downstream tasks. This prompts us to rethink the impact of instance
design on transfer learning. Therefore, we propose an object-level point cloud instance
discrimination method to bridge the feature gap between pre-training and fine-tuning,
facilitating a smoother transfer of the pre-trained models to object detection task.

3 Methodology

SSL improves the performance of detectors and reduces reliance on labeled data
through pre-training and fine-tuning. However, previous self-supervised contrastive
learning methods exhibit discrepancies between pre-training and fine-tuning tasks. As
shown in Figure 2, we propose an efficient self-supervised pre-training framework for
point cloud object detection to unify the granularity of the instance features between
pre-training and fine-tuning, bridge the feature gap between upstream and downstream
tasks, and promote data-efficient transfer learning.

3.1 Data Generation and Augmentation

Existing self-supervised pre-training methods for point clouds construct region-level
instances that lack explicit semantic information, introducing a large number of back-
ground features as contrast pairs. For example, [5] generates proposals through farthest



point sampling, and [28] obtains regions via over-segmentation of point clouds, requir-
ing the construction of 4096 pairs of positive and negative samples for each frame of
point clouds. As shown in Figure 3, we obtain pseudo-labels through processes such as
ground removal, clustering, and fitting 3D boxes to construct a point cloud object da-
tabase, from which object-level instances are sampled during pre-training. The method
of generating object-level instances described above has the following main ad-
vantages: first, the process is unsupervised and can be automated through rule-based
methods; second, the generated point cloud objects have explicit semantic information,
which facilitates the model in learning comprehensive object-level representations.

To avoid the influence of unknown point cloud objects in the scene, it is necessary
to collect empty point cloud scenes that do not contain any point cloud objects, thereby
constructing a point cloud scene database. For public datasets, we remove the point
clouds within the annotated boxes for our experiments. For the proposed engineering
dataset, we collected a large number of empty point cloud scenes during periods of low
traffic flow. During pre-training, scenes S and objects O = {01, 0, ... , On} are sampled
from the point cloud database. The objects O are augmented through rotation and scal-
ing to obtain O' = {01, 02, ..., On'}, Where the rotation angles are 4r = {dr, 4r,, ...,
Arn} and the scaling factors are A4d = {4ds, 4d>, ..., 4dn}. S and O are combined to form
S1, and S and O' are combined to form S,. To ensure the most realistic point clouds
possible, the positions P = {p1, p2, ... , pn} Of the point cloud objects in S; and S, are
kept as they were during collection.

Fig. 3. Generate pseudo-labels of point cloud objects. (a) Original point cloud (b) Ground re-
moval (c) Clustering (d) 3D box fitting.
3.2 Feature Extraction and Matching

The point cloud S; and S; are fed into the pre-trained model to obtain BEV features B
€ RO W and B, € ROV, respectively. After positional matching and filtering, the
objects features F = {f1, fz, ..., f} and F' = {f:', f2, ..., f.'} are obtained:

F = ¢(9q(51)' P)' F, = &(gk(S2), P) 1)
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where gq and gk are backbone networks with shared parameters, and the parameters of
gk are frozen, not involved in the backpropagation process. ¢ is the object feature selec-
tion function, which extracts features F; and F, based on the position P of the point
cloud objects in the scene.

In previous methods of contrastive learning for images and point clouds, the dis-
crimination capability of the pre-trained models is improved by creating large-scale
contrast pairs. However, in this study, the sparsity of point cloud object instances re-
quires the extraction of background features as negative pairs to help the models better
distinguish between foreground and background. We use similar feature mining to se-
lect hard samples in background features and enhance the efficiency of negative pair
discrimination [31]. First, following [13], the heatmap ground truth Y € [0, 1]*"W is
constructed, where K is the number of point cloud object categories, and Hx<W is the
feature map size. The ground truth of the heatmap for the category k is Yy € [0, 1]V,
The meta-feature Ex € R for each category is obtained by weighted averaging:

D OIAD)

E, =
" DHAEN)

for () =1 )

Background features are selected from B = {By(i, j) | Y« (i, j)) #1, k=1, ..., K} as
negative pairs. Since the point cloud scene S is empty, the ground truth category of B
must be background, denoted as @, meaning it doesn't belong to any category. We use
cosine similarity to select background features U = {us, uy, ..., Un}.

U = top(sim(E;,B)), k=1,..,K (3)

where sim is the cosine similarity function, and top represents selecting the top M back-
ground features with the highest similarity to the category meta-features.

3.3 Object Instance Discrimination

Points and proposals often lack explicit semantic significance, whereas object-level in-
stances exhibit a strong correlation with their corresponding categories. By using
pseudo-labels, the object category of point clouds can be obtained. Within a batch of
instances, there are multiple objects of the same category, and treating all other objects
as negative pairs besides the instance itself would cause the same category objects to
repel each other. Conversely, treating objects with the same category label as positive
pairs can introduce noise due to the errors in pseudo-labels. Therefore, due to the lim-
ited number of categories and the presence of label errors, conventional contrastive
learning loss functions would treat other objects of the same category as negative pairs,
which hinders model convergence. We aim to cluster object instances of the same cat-
egory together and separate instances of different categories. To achieve this, we pro-
pose ObCo, which effectively utilizes category prior information while mitigating the
impact of incorrect category pseudo-labels.

The instances participating in contrastive learning include object features F1 = {fi,
fo, ..., fo}, F2={fi', &2, ..., '}, and background features U = {us, Uy, ... , Un}, With the
object category set C = {c, Cz, ... , Ck, @}, where c(f;) denotes the category pseudo-label



for the object feature f;, and all elements in U belong to the category label @. Following
the idea from [23] of viewing contrastive learning as a dictionary look-up task, we de-
fine the query instance set as Q = F; and the key instance set as K = F, U U. For a query
instance fi in Q, the positive pair is defined as f+ = fi' where f' € F, and the negative
pair set is defined as F. = {fj € F» | c¢(f;) # c(f)} U D. The ObCo loss £, for all query
instances is defined as:

exp(fq-f4/T)

Fobco = ~2fyeq08 <eXp(fq'f+/T)+th_leF_ exp(fq-f_/r)>) @
where t is the temperature coefficient, used to control the model’s ability to distinguish
hard negative samples [32]. In Figure 4, including {fj € F2 | c(f}) # c(f)} as negative
pairs helps the models to differentiate between object categories, while including D as
negative pairs helps the model to separate foreground from background. {f; € F» | c(f;)
= c(fi)} represents the other objects in the same category, which are excluded from in-
stance discrimination to avoid introducing noise that could disrupt model convergence.
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Fig. 4. The class-related object-level instance discrimination contrast

3.4 Bounding Box Geometric Prediction

In object detection task, it is essential not only to accurately identify and classify fore-
ground objects in a scene but also to predict precise object bounding boxes. This re-
quires the models to have geometric awareness of the object's dimension and orienta-
tion. We propose BoxCo, which directly constructs object-level geometric prediction
tasks to efficiently learn object-level geometric representations. Compared to [27],
which uses point-level features to predict scene-level geometric information, BoxCo's
design of using object-level features to predict object-level geometric information is
more reasonable and more easily transferable to downstream object detection task.
We do not treat the augmented object O' as the ground truth for prediction, because
there exists a distributional difference in the absolute values of the bounding box data
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between O and the source object O. Predicting O' directly through supervised learning
could negatively impact the performance of the models in the actual data distribution
[33]. BoxCo uses the relative differences in orientation and dimension, Ar and 4d, be-
tween O and O' as the ground truth for self-supervised learning. This approach makes
the models more sensitive to differences in orientation and dimension without changing
the distribution of the real point cloud data.

BoxCo first connects the object features corresponding to Fiand F to obtain the
joint features, and then regresses the predicted values through a fully connected layer.
Ar and 4d are the rotation angle and scaling factor during data augmentation. Using 4r
and 4d as ground truths guides the model to learn object-level geometric representa-
tions, the final BoxCo 10sS £ ¢, aS:

Lboxco = MSE(MLP([FDFZD' A T) + MSE(MLP([Fl, FZ]): A d) (5)

where MLP denotes the fully connected layer, and MSE represents the mean squared
error.

3.5  Self-supervised Pre-training Losses

We design a specific self-supervised loss function for object detection tasks to enable
the pre-trained models to be more smoothly transferred to downstream tasks. First, con-
sidering that the ultimate goal of object detection tasks is to locate objects and predict
categories, our proposed ObCo emphasizes both intra-class differentiation and fore-
ground-background differentiation. Second, object detection tasks require accurate pre-
diction of bounding box parameters, and BoxCo enhances the pre-train model's geo-
metric awareness of bounding box dimension and orientation. The total losses of the
proposed ObjectContrast self-supervised pre-training framework are:

L = alopeo + BLpoxco (6)

o and g are weighting parameters used to balance the relative importance of the two
losses.

4 Experiment

41 Datasets and Evaluation Metrics

Waymo Open Dataset. [9] contains a training set with 798 sequences and a valida-
tion set with 202 sequences. We use the entire point clouds from the training set without
the labels for self-supervised pre-training.

KITTI Dataset. [11] contains 7,481 annotated point cloud scenes, with 3,712 scenes
in the training set and 3,769 scenes in the validation set. We use the mean average
precision (mAP) under forty recall thresholds (R40) as the evaluation metric for the
detectors.

ONCE Dataset. [10] is an autonomous driving dataset proposed for semi/self-su-
pervised learning, with the evaluation metric being orientation-aware AP. The labeled



data are split into a training set of 5k scenes and a validation set of 3k scenes. The
unlabeled data are divided into 3 subsets: Usmaii, Umedium, @nd Ularge, having 100k, 500k,
and 1M scenes, respectively. We use the Usman to pre-train models to ensure consistency
with previous research.

Bus Engineering Dataset. To demonstrate the applicability of ObjectContrast, we
also conduct experiments on a real-world autonomous driving engineering dataset,
which is available upon request. The dataset is collected by an autonomous driving bus
equipped with 4 LiDAR sensors. The annotation format and evaluation metrics adhere
to those of KITTI. The dataset is divided into a training set with 10k scenes, a test set
with 4k scenes, and an additional 50k unlabeled point cloud scenes for self-supervised
pre-training.

4.2 Implementation Details

To evaluate the proposed ObjectContrast, we follow the previous experimental proto-
col, primarily evaluating the transfer learning ability and the data-efficient learning
ability. We pre-train PV-RCNN on unlabeled point clouds from the Waymo Open Da-
taset, then fine-tune the detector on the KITTI dataset. We compare the performance
with scene-level, point-level, and region-level self-supervised pre-training methods to
evaluate the data-efficient transfer learning ability. Additionally, we pre-train Center-
Point and SECOND on the Usmair unannotated subset from the ONCE dataset and then
fine-tuned the detectors on the ONCE training set. Similarly, we pre-train CenterPoint
on unlabeled point clouds from the Bus Engineering Dataset and then fine-tune the
detector on the training set to evaluate the data-efficient learning ability.

The hyperparameter settings for ObjectContrast are as follows, the total number of
positive/negative contrast pairs is 4096, the upper limit for point cloud object instance
sampling is 100, and the remaining instances are supplemented with background fea-
tures. The weighting parameters are set as a = f = 1, the temperature parameter for
Lopeo 15 Set to 0.1, the rotation angle Ar € (-n/2, n/2), and the scaling factor Ad € (0.85,
1.15). Other experimental hyperparameters follow [5,28,34].

4.3  Data-efficient Transfer Learning

We pre-train the backbone network on Waymo and fine-tune it on KITTI to evaluate
the data-efficient learning performance of ObjectContrast. Using PV-RCNN as the
point cloud object detector, we fine-tune it with 20% and 100% of the annotated data.
As Table 1 shows, the experimental results indicate that ObjectContrast consistently
outperforms scene-level, point-level, and region-level self-supervised pre-training
methods. This demonstrates that object-level pre-trained models can more smoothly
transfer to downstream object detection tasks. We observe that region-level methods
generally perform better than scene-level and point-level methods. Since point cloud
objects can be considered as more precise region-level proposals, this highlights that
constructing instance discrimination tasks closely aligned with object features is bene-
ficial for transferring pre-trained models to object detection tasks.
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Table 1. Data-efficient 3D Object Detection on KITTI. We pre-train the backbone network of
PV-RCNN on Waymo and transfer to KITTI with 20% and 100% label ratios in fine-tuning, [35]
and [29] were pre-trained on NuScenes [36]. ObjectContrast achieves state-of-the-art perfor-
mance in two label ratios, compared to the scene-level method STRL [7], the point-level method
PointContrast [4], the region-level methods ProposalContrast [5] and FAC [28]. "Scratch™ de-
notes the model trained from scratch.

Label |Pre-training| mAP Car Pedestrian Cyclist

Ratios | Schedule | (Mod) | Easy Mod Hard | Easy Mod Hard | Easy Mod Hard
Scratch 66.71 | 91.81 8252 80.11 | 58.78 53.33 47.61 | 86.74 64.28 59.53
) [5] 68.13 | 91.96 82.65 80.15 | 62.58 55.05 50.06 | 88.58 66.68 62.32
20% [28] 69.73 | 92.87 83.68 8232 | 64.15 56.78 51.29 | 89.65 68.65 65.63
Ours 70.25 | 93.26 84.36 82.46 | 64.25 57.21 52.04 | 90.57 69.19 65.67

Scratch 70.57 - 84.50 - - 57.06 - - 70.14 -

7 7146 | - 8470 - . 5780 - - 7188 -
[4] 7155 | 9140 84.18 8225 | 65.73 57.74 5246 | 91.47 7272 67.95
. [5] 7292 | 9245 84.72 8247 | 68.43 60.36 55.01 | 92.77 73.69 69.51
80% [28] 73.95 | 9298 86.33 83.82 | 69.39 61.27 56.36 | 93.75 74.85 71.23

@5] | 7250 | - 8490 - . 5780 - - 7500 -

[29] 72.10 - 84.80 - - 57.30 - - 74.20 -
Ours 74.34 | 93.42 86.45 84.75 | 70.16 61.48 57.09 | 93.69 7511 7182

Table 2. 3D Object Detection Performance on ONCE validation set. We pre-train the backbone
networks of the detectors on the Usman unannotated set from ONCE and fine-tune the detectors
on the ONCE training set. ObjectContrast achieves state-of-the-art performance in two detectors,
compared to other self-supervised methods.

Orientation-aware AP
Detector Methods mAP
Vehicle Pedestrian Cyclist
Scratch 64.24 75.26 51.65 65.79
Cenﬁg}omt ProposalContrast [5] 66.24 78.00 52.56 68.17
Ours 68.08 79.95 54.82 69.48
Scratch 51.89 71.19 26.44 58.04
BYOL [37] 46.04 68.02 19.50 50.61
SECOND PointContrast [4] 49.98 71.07 22.52 56.36
(14] SWAV [38] 51.96 72.71 25.13 58.05
ALSO [35] 52.58 71.73 28.16 58.13
Ours 53.43 7241 29.02 58.87




We also investigate intra-domain transfer and data-efficient learning capabilities.
For a fair comparison with previous works, we pre-train the backbone network of Cen-
terPoint and SECOND on the Usman unlabeled point cloud from ONCE and fine-tune
them on the training set. As shown in Table 2, ObjectContrast consistently outper-
formed existing self-supervised methods. We also conduct experiments on a real-world
autonomous driving engineering dataset. We pre-train the backbone network of Cen-
terPoint and fine-tune the model using 1%, 10%, and 100% of the training dataset to
evaluate the model's performance under extremely scarce data conditions. As Table 3
shows, the experimental results indicate that compared to training from scratch, the
self-supervised pre-trained CenterPoint shows a significant performance improvement.
The lower the annotation rate, the more pronounced the improvement, particularly with
an annotation rate of only 1%, where the mAP increased by 15.14%.

Table 3. Data-efficient 3D Object Detection on the Bus Engineering Dataset. We pre-train the
backbone network of CenterPoint on the unannotated set and fine-tune CenterPoint using 1%,
10%, and 100% of the training set. the CenterPoint pre-trained with ObjectContrast shows sig-
nificant performance improvement compared to training from scratch, and the lower the label
ratio, the more noticeable the performance gain.

. Pre-training . .
Label Ratios Schedule mAP (Mod) Car Pedestrian Cyclist
Scratch 28.23 48.12 10.73 25.85
1%

Ours 43.37 63.28 26.47 40.36
Scratch 45.93 63.20 33.22 41.38

10%
Ours 56.78 72.93 43.62 53.80
Scratch 67.52 84.45 52.89 65.23

100%
Ours 69.60 85.12 56.76 66.92

4.4 Ablation Study and Analysis

Effectiveness of the components. We conduct ablation experiments on ObjectCon-
trast to verify the effectiveness of each component. The baseline is CenterPoint trained
from scratch on 10% of the training set from the Bus Engineering Dataset. Case 1 and
Case 2 are pre-trained using only ObCo or BoxCo, respectively. As shown in Table 4,
both ObCo and BoxCo improve baseline performance to varying degrees, especially
ObCo. Benefiting from the class-related object-level instance discrimination task,
ObCo facilitates the pre-trained model to learn comprehensive and accurate object rep-
resentations, thereby achieving smoother transfer to object detection tasks. Further-
more, contrastive learning typically constructs a large number of negative pairs. To
investigate the impact of negative pairs, we reduce the number of negative pairs by
removing background features from the set of key instances, resulting in ObCo-. The
experimental results indicate that even though object-level instances can more accu-
rately reflect target features, it is still necessary to construct large-scale negative pairs.
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ObCo introduces richer visual representations and enhances the ability to distinguish
between foreground and background by constructing large-scale negative pairs.

Table 4. The effectiveness of the different components.

Case ObCo ObCo-  BoxCo MAP
Baseline - - - 45.93
Casel v - - 53.06
Case2 - - v 48.12
Case3 - v v 52.48
ObjectContrast v - v 56.78

Object-level query instances. ObjectContrast can be considered a specialized re-
gion-level contrastive learning method. Unlike proposals and super-voxels, the in-
stances constructed by ObjectContrast are closer to complete and accurate point cloud
objects, which can improve contrastive learning efficiency and bridge the gap between
upstream and downstream tasks. To verify whether object-level instances have more
efficient representation learning, we adjust the proportion of object features in the ob-
ject instance query set and visualized the features using t-SNE. Specifically, ObCo set
the number of point cloud object instances sampled to 100, meaning that the object
instance query set contained 100 object features. By replacing object features with
background features, the proportion of object instances was reduced. As shown in Fig-
ure 5, the four subplots represent the results of the feature visualization when the pro-
portion of objects in the query set is 0%, 20%, 50%, and 100%, respectively. The ex-
periments demonstrate that increasing the proportion of object instances is beneficial
for enlarging the inter-class distance. Compared to randomly selected background re-
gions, object instances with clear semantic information are more conducive to the
model learning discriminative representations.

Fig. 5. The t-SNE visualization of object instance proportion. (a) 0% (b) 20% (c) 50% (d) 100%.
Red represents car, blue represents cyclist and green represents pedestrian.



5 Conclusion

We propose ObjectContrast, a self-supervised pre-training framework designed for
point cloud object detection. Despite previous research for point-level, region-level,
and scene-level instance discrimination, the features of these instances differ from the
real object features. Selecting critical features for instance discrimination is crucial for
contrastive learning. Considering the upstream and downstream feature gap between
pre-training and fine-tuning, we rethink the impact of instance design on task transfer
and specifically construct two self-supervised pretext tasks: ObCo and BoxCo. ObCo
achieves class-related instance discrimination, enabling the models to learn general ob-
ject representations for locating object foregrounds and determining categories. BoxCo
predicts the relative differences in 3D bounding boxes, making the model more sensi-
tive to variations in orientation and dimension. Extensive experiments demonstrate that
ObjectContrast exhibits superior data-efficient transfer learning capabilities compared
to existing point-level, region-level, and scene-level self-supervised pre-training meth-
ods.
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