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Abstract— Robotic manipulation is a grand domain that
primarily involves the use of robotic arms to interact with
objects in the environment. While proposed methods have
achieved advancements in grasping objects, they rely heavily
on extensive training data that presents a significant challenge
due to the labor-intensive process of human annotation. To
address the issue, we propose GraspContrast, a self-supervised
contrastive learning framework leveraging unlabeled RGB-D
images to enhance point-wise feature representations for 6-DoF
grasp detection. Our method designs a dual-branch network
architecture to learn transformations that embed positive point
pairs nearby, while pushing negative point pairs far apart.
Specifically, we discuss a false negative elimination strategy to
explicitly detect and remove the false negative samples that
undesirably repel the point instances from the geometrically
similar samples. Our method exhibits consistent improvements
over existing learning-based grasp detection methods on both
the GraspNet-1B benchmark and physical UR10e platform.
These significant performance gains demonstrate the effective-
ness of our proposed framework.

I. INTRODUCTION

Robotic grasping has been a research challenge with both
scientific and practical implications for industrial manufac-
turing. Recently, deep learning-based methods [1, 2, 3] have
made considerable progress to enhance robotic vision and
grasping capabilities. In pursuit of increasingly competitive
performance, more and more complex network architec-
tures [4, 5, 6] are explored to train on various datasets
in the supervised learning manner. While many large-scale
datasets (e.g. GraspNet-1Billion [7] and MetaGraspNet [8])
are collected to improve the model’s generalization abil-
ity, annotating these grasping labels would be tedious and
time consuming. Additionally, the proposed high architec-
tural models concurrently increase computational complex-
ity, thereby making their deployment on real-world robotic
platforms a challenging endeavor.

To alleviate the pressure of annotating grasp labels and de-
ploying large-scale neural networks, an intriguing avenue of
research pertains to the exploration of leveraging unlabelled
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Fig. 1: Brief overview of our framework. The backbone net-
work is pre-trained by GraspContrast to align point features
of unlabeled inputs. It is then fine-tuned within the grasp
detection pipeline to reduce the demand of grasp annotations.

RGB-D images to enhance the feature representation of grasp
detection models. Thanks to the rapid developments of self-
supervised learning [9, 10, 11, 12] in computer vision field,
unlabeled data are greatly leveraged to pre-train the neural
networks and improve the model performance in downstream
tasks. In the context of 3D domain, PointContrast [13] first
introduces self-supervised strategy in point cloud learning
and pre-trains the backbone network for scene understanding.
Motivated by PointContrast in 3D representation learning,
this study aims to enhance the model’s performance through
utilizing unlabeled RGB-D images to initialize optimal
weights for the backbone network and then fine-tune it in
the 6-DoF grasp detection pipeline.

Notably, most state-of-the-art methods of self-supervised
learning are converging around and fueled by the central con-
cept of contrastive learning [9]. Contrastive learning provides
an effective method to learn feature representations and then
leverage the information in the downstream applications. In
the field of our robotic grasping task, learning effective repre-
sentations plays a critical role in enhancing the capabilities
of robotic systems in manipulating objects in the physical
world. It allows robots to extract relevant features from
sensor data, such as depth images or point clouds, which
are crucial for understanding the semantic, geometrical and
spatial information of objects in the environment. These
representations can capture discriminative features that help
in identifying graspable regions and object shapes.
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the 6-DoF grasp detection task. The primary goal of our
approach is to induce prior knowledge of the 3D space by
encouraging the model to focus on the underlying structure
or semantics of the point cloud data. The brief system
is illustrated in Fig. 1, it mainly consists of two stages:
1) the backbone pre-training stage and 2) the grasp fine-
tuning stage. In the pre-training process, we propose a
dual-branch network architecture capable of simultaneously
encoding features by considering unlabeled 3D point clouds
from different viewpoints. Our method utilizes a pair of
scene viewpoints and compute the geometric transformation
between point clouds to maintain the correct correspondence
between points pairs. Positive and negative sample pairs
are then obtained from the correspondence mapping. In
order to lead to more effective and efficient representation
learning, the False Negative Elimination strategy is proposed
to reduce the adverse effects of neighboring negatives during
the feature representation learning. The whole network is
pre-trained by our proposed contrastive learning objective
that enforces the consistency between pairwise features. In
the second stage, our framework builds upon the grasp
detection pipeline GSNet [14]. Leveraging the pre-trained
weights learned by GraspContrast, it enhances the robustness
of grasp detection in the downstream task.

We conduct experiments on the public GraspNet-1Billion
benchmark [7] and on a real-world robotic UR10e platform.
In our experiments, we observe that the grasp detection
model exhibits superior performance when fine-tuning the
backbone compared to training it from scratch. Remarkably,
with the limited amount of training data (~1.5%), the model
achieves a 100% performance increase. Additionally, we
provide extensive ablation studies to demonstrate the effec-
tiveness of false negative elimination and data augmentation
methods in our proposed method.

Our contributions can be summarized as follows:

o We propose GraspContrast, a self-supervised contrastive
learning framework that leverages unlabeled images to
pre-train the backbone for 6-DoF grasp detection.

o We introduce the false negative elimination strategy to
increase feature diversity and alleviate the impact of
false negative samples during the pre-training phase.

o The grasp detection model achieves highly competitive
results with backbone fine-tuning in both the GraspNet-
1Billion benchmark and real-world settings.

II. RELATED WORKS
A. 6-DoF grasp detection

The learning-based methods of 6-DoF grasp detection
have attracted significant attention in the research field
of robotic manipulation. GPD [15] and PointNetGPD [16]
focus on grasp quality evaluation models with CNN-based
or PointNet-based [17] network architecture. 6-DoF Grasp-
Net [18] samples a variaty of grasps leveraging variational
autoencoder and introduces an evaluator network to assess
and refine the sampled grasps. Recently, Fang et al. [7]
proposes GraspNet-1Billion benchmark, based on which

many works [14, 19, 20] focus on exploring different 6-DoF
grasping pipelines. Notably, GSNet [14] is the current state
of the art approach that incorporates graspness model to first
determine grasp centers and then predict the grasp orienta-
tions. However, almost all grasping pipelines are trained from
scratch and the role of 3D representation learning in the pre-
training stage has not been widely explored. Therefore, in
this work, we primarily incorporate unlabeled data to first
pre-train the model and then fine-tune it to improve the
performance of a 6-DoF grasp detection pipeline.

B. Self-supervised learning

As a subset of unsupervised learning, self-supervised
learning methods seek to learn meaningful representations
from large-scale data without the need for manual annotation.
According to the classification criteria in [21] to design
different pretext tasks, existing methods of URL can be
grouped into generative-based [22], context-based [23], cross
modal-based [24], and semantic label-based categories [25].
Our work is similar to methods in the context-based cate-
gory, which aims to design discriminative pre-text tasks for
representation learning. Our method takes inspiration from
the concept of self-supervised feature learning and explores
its transferability to the 6-DoF grasp detection task.

C. Contrastive learning

As a key component of self-supervised learning, con-
trastive learning is aimed to encode the features of similar
samples close while push the features of different samples
away. Previous works [26, 27, 28] focus on instance-level
approach on image classification and achieve competitive
results compared to the fully supervised methods. Besides the
classical 2D tasks, PointContrast [13] propose the Pointln-
foNCE objective to pre-train the backbone and generalize
the learned representations to 3D scene understanding bench-
marks. Hou et al. [29] further introduces spatial contexts into
3D pre-training, resulting in improved performance of data-
efficient learning. Motivated by PointContrast, we propose
GraspContrast in this work to learn effective point-wise
representations for the downstream grasp pose detection task.

III. METHODOLOGY
A. System Overview

In this work, we concentrate on contrastive learning lever-
aging unlabeled RGB-D images to enhance feature repre-
sentation for the 6-DoF grasp detection task. Our approach
consists of two stages: 1) the backbone pre-training stage and
2) the grasp fine-tuning stage. During the pre-training phase,
we introduce the framework, as illustrated in Fig. 2, to learn
feature representations from different viewpoints inputs. The
framework encodes point clouds with data augmentations
into point-wise features and then apply contrastive learning
to align their features. In the fine-tuning phase, we select
GSNet [14] as the grasp pipeline and the initial weights
of the backbone are followed by the pre-trained network.
Following the pre-training procedure, the key components
of our method can be divided into three parts: 1) Positive
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Fig. 2: Overview of our framework. (a) Camera Observation. Unlabeled RGB-D images from various scenes are captured
by a camera from multiple viewpoints. (b) 3D Backbone Pre-training. The 3D Voxel-Nets encode the augmented multiple-
view point clouds into point-wise features, which are then aligned using the GraspContrast objective. (¢) False Negative
Elimination. False negative pairs are filtered out to enhance feature learning. (d) Grasp Detection Pipeline. The backbone
3D Voxel-Net with pre-trained weights are initialized and fine-tuned in the grasp detection pipeline.

and Negative Samples, 2) GraspContrast Objective and 3)
Downstream Task Learning.

B. Positive and Negative Samples

The key aspect of GraspContrast lies in pre-training the
backbone network by aligning feature pairs in a contrastive
manner. This involves embedding positive sample pairs close
to each other while trying to push negative pairs far apart.
To provide a comprehensive understanding, we’ll delve into
the process of deriving positive and negative sample pairs.

We utilize double-view RGB-D images as inputs to estab-
lish positive and negative sample pairs. Our main objective in
constructing a contrastive procedure is to generate mapping
relationships between these samples. Given a cluttered scene
S and a robotic arm with an eye-in-hand camera, RGB-D
images of two sampled viewpoints are captured, and the
depth images are projected into scene point clouds P; and P
by corresponding camera intrinsic parameters. We then apply
data augmentations 77 and 75 to obtain the transformed point
clouds Pl = T1(P;) and P{ = Ty(P,) with additional
variability and perturbation. These geometric transformations
compel the neural network to learn feature equivariance by
adapting to the imposed disturbances.

We consider point pair (p¢, p%) where pt € Py, pb € Py
as positive if their spatial positions are close enough in the
same Euclidean space. We do not use additional samples but
rather the point p¢ with its non-matched one are defined as
the negative pair. Suppose we have access to key points set
p1 = {p}; € PLli =1,..., M} through a certain sampling
strategy, we aimed to find matched points p2 = {pi, €
PFli = 1,...,M} by aligning their positions across their
respective viewpoints and geometric transformations. Firstly,
the mapping transforming points’ positions from the camera

coordinate to the world coordinate is denoted as
(1)

where pi,; and p’ , represent the corresponding positions of
p} and p} in the world coordinate. 7! and 75, ! denote the
reverse transformations that transform the point clouds back
into its original state. Cam; and Cams are the extrinsic
parameters of the calibrated camera. To discriminate if p;
and p, are matched, we propose a criterion that measures
the Euclidean distance between p’, ; and p’ ,, i.e.,

(pful ) pqiw) = (Camlelpi ,CamaTy lpé),

2

Due to the sensor noise, we do not apply a strict equal-
ity constraint but set a distance threshold e to measure
if p',, and p’, are close enough. Therefore, we can
shortlist all matched points and obtain the positive set
Pt = {(pi,py)|i = 1,...,M} and negative set P~ =
{5 po)li, g =1,...,M;i # j}.

C. GraspContrast Objective

[Py — Plyall2 < €.

In the context of 3D domain, PointContrast [13] proposes
PointInfoNCE loss for 3D point cloud understanding. This
approach considers contrastive learning as a dictionary look-
up in a softmax-based classification problem. The Pointln-
foNCE loss is denoted as

Lo=— ) log

(i,7)€P

exp (£ - f;/7)
> wyep exp (£ - £r/7)’

where P represents point pairs across both point clouds.
For a key point p; and its correspondingly encoded feature
fi, f; and f, denote the positive and negative features
respectively. Also, 7 is the temperature parameter for shaping
the similarity scores between feature pairs. The design of this
contrasting between two transformed point clouds helps the

3)
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Fig. 3: Illustration of FNE strategy. (Left) Examples of sam-
pled positive and negative pairs. (Right) The false negative
samples within a similar geometrical region are filtered out
by the FNE strategy.

network learn an effective 3D feature representations in an
unsupervised manner and then well generalized to different
downstream tasks.

While PointInfoNCE can guide basic contrastive learning
in pre-training the backbone network, it still has several
drawbacks. For instance, it is undesirable to push away
the embeddings of false negative pairs originating from
the same local region due to their apparent geometrical
similarity. In order to address this deficiency, we introduce a
guided sampling strategy (False negative elimination (FNE))
aimed at filtering out false negative pairs to enhance feature
learning.

As illustrated in Fig. 3, some negative point pairs in
P~ may share similar internal properties but are incorrectly
regarded as dissimilar. Therefore, we denote an indicator
function N F; ;, to filter out these false negative samples for
effective feature learning. The definition of NF; ; is based
on the assumptions that a set of neighboring points preserves
similar properties. Accordingly, N F; j, is denoted as

NF; =1(Dik = vp) “4)

where 1(-) is an oracle function that determines whether the
following condition is satisfied. D; j represents the Euclidean
distance of two points (p;, px) in a negative point pair. vp
is a threshold to measure if p; and py are neighbors in the
local region. By incorporating N F; j, into GraspContrast, the
loss computation of neighboring sample pairs are eliminated
to prevent the adverse learning process.

Our GraspContrast objective L. further considers this
strategy based on PointInfoNCE. The formulation of L. is
finally denoted as

exp (f; - f;/7)

Loyoe=— log ,
’ (z-;P 2o wyep NEip - exp (£ - £./7)

S

where (f;, f;), (f;, f) indicates positive and negative feature
pairs sampled by FPS. Guided by L ., we can pre-train our
backbone network.

D. Downstream Task Learning

In learning process of our downstream task, 6-DoF grasp
detection, we leverage GSNet [14] pipeline, which achieves
the state-of-the-art performance on GraspNet-1Billion bench-
mark [7]. For the network architecture, the backbone network
first extracts point-level features for a scene observation.
Cascaded graspness model and grasp operation model are
learned to predict point-wise graspable landscape, view-
wise graspable landscape, grasp scores and gripper widths
respectively. We refer readers to the original paper [14] for
more details. In our downstream task learning settings, we
fine-tune the backbone network of GSNet in a supervised
manner and the initial weights are determined by the pre-
trained 3D Voxel-Net.

IV. EXPERIMENTS
A. Dataset

We evaluate the performance of our framework Grasp-
Contrast on GraspNet-1Billion [7]. It is a large-scale dataset
containing over 1 billion grasping annotations in real-world
settings. This benchmark dataset provides overall 100 train-
ing scenes and 90 testing scenes consisting of three cate-
gories such as test seen, test similar and test novel. For each
scene, 256 RGB-D images are captured by the Realsense
or Kinect camera from different viewpoints. Note that the
entire dataset is utilized during the pre-training phase. In the
fine-tuning stage, we use different proportions of training set,
e.g., 1, 16, and 256 frames for training, and the full testing
set for evaluation.

B. Implementation Details

1) Pre-processing details: The raw scene point clouds are
downsampled to 20000 points and then voxelized with the
size of Smm. The Farthest Point Sampling (FPS) technique is
used to select a subset as key points. Additionally, we adopt
random flip along global YZ plane and random rotation along
upper Z-axis as point cloud augmentation methods. Note that
the 3D transformations further generate the diverse variations
of point clouds data captured by camera from alternate view-
points. Augmentation methods are applied independently
to facilitate precise correspondence identification between
them.

2) Network details: In the pre-training stage, we leverage
a dual-branch network architecture with ResUnetl4 back-
bone built upon MinkowskiEngine [30]. Given a point cloud
as input, it can generate a point-wise feature with channel
C=512. In the downstream procedure, we apply the pipeline
GSNet [14] as the grasp detection network. The point-wise
graspable landscape, view-wise graspable landscape, grasp
scores and gripper widths are predicted respectively. We refer
readers to the original paper [14] for more details.

3) Training details: In the pre-training stage, the learning
rate is initialized to 0.001 and decayed with a constant ratio
of 0.95. We train the network using one NVIDIA 3090 GPU
with Adam optimizer [31] and batch size 4. The temperature
7 in GraspCpntrast is set to 0.07 and the weights of all loss
terms is set to 1. In the downstream task learning, we apply
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TABLE I: Evaluation results on GraspNet-1B RealSense/Kinect with different proportions of labeled frames.

1/256 (0.39%) 16 / 256 (6.25%) 256 / 256 (100%)
Methods
AP seen AP similar AP novel AP seen AP similar AP novel AP seen AP similar AP novel
GSNet [14] | 3.96/2.76 ~ 3.13/2.77 1.80/1.10 | 37.72/26.20 34.69/25.17 15.78/10.04 | 65.70/61.19  53.75/47.39  23.98/19.01
Ours 7.84/4.26 7.11/4.46 3.75/2.99 39.51/27.53 37.84/26.80 17.67/12.09 67.22/62.31 55.91/48.03 25.79/20.14
1/256 16/256 Full size

the same training details as GSNet [14] for a fair comparison
between fine-tuning from pre-trained bakcbone and training
from scratch of the network.

C. Main Results

In this section, we demonstrate the effectiveness of our
proposed approach on GraspNet-1B benchmark [7] based on
the grasp detection pipeline - GSNet [14].

Table I illustrates the main results of our models when
fine-tuning with 1/256 (0.39%), 16/256 (6.25%) and 256/256
(100%) labels. All models for both RealSense and Kinect
datasets are trained separately. For Realsense with limited
data, we observe that our method achieves 7.84/39.51,
7.11/37.84 and 3.75/17.67 AP metrics [7] across all test
categories with 1/256 and 16/256 training frames. Compared
with training GSNet from scratch, our method demonstrates
improvements of 3.88/1.79, 3.98/3.15 and 1.95/1.89 AP.
These performance enhancements underscore the effective-
ness of GraspContrast in data-limited scenarios.

Besides, we also conduct experiments on the full training
set. As shown in the last three columns of Table I, our pro-
posed GraspContrast can still boost the performance (+1.52
AP seen, +2.16 AP similar and +1.81 AP novel). The per-
formance gap between pre-training and training from scratch
becomes larger when the data size is smaller, suggesting that
self-supervised pre-training methods benefit more when the
amount of labeled data is limited. This conclusion is also line
with those observed in other works [32, 33] for different
downstream supervised tasks. Under the condition of fine-
tuning with 0.39% labels, the improvement in performance
can even approach 100%. Furthermore, the performance
improvements are consistent with those observed on the
Kinect dataset. All results demonstrate the generalization
ability of GraspContrast.

In terms of visualized results, Fig. 4 shows the predicted
grasps for Scene No.130 of the GraspNet-1Billion dataset.
From the perspective of color depth and physical intuitive,
the improved observation of the predicted grasps validates
the robustness and effectiveness of our method.

D. Ablation Studies

1) Guided Sampling Strategy: Ablation studies are first
conducted on our guided false negative elimination strategy.
Table II shows notable improvements resulting from the
addition of the FNE strategy compared to the vanilla version
of GSNet. By comparing the performance of the model with
and without the FNE strategy, we gain insights into the
improvements of 0.97/0.52 AP seen, 0.56/1.05 AP similar,

Fig. 4: Visualization of 6-DoF grasps predicted by GSNet
(first row) and our method (second row) under varying
training data sizes. Grasps are color-coded according to the
predicted quality score, with higher values represented by
deeper shades of red.

0.70/0.39 AP novel with 1/256 and 16/256 training data
during the contrastive learning process. We attribute the
results into FNE helps the network generalize better to
unseen data without considering the mistakenly classified
negative examples. These findings lay a solid foundation for
the effectiveness of false negative elimination strategies in
enhancing our contrastive learning framework.

TABLE II: Ablation studies of the FNE strategy.

. Seen Similar Novel
Setting
1/256 16/256 | 1/256 16/256 | 1/256 16/256
GSNet 3.96 37.72 3.13 34.69 1.80 15.78
Ours w/o FNE 6.87 38.99 6.55 36.79 3.05 17.28
Ours (Full) 7.84 39.51 7.11 37.84 3.75 17.67

2) Data Augmentation: Data augmentation plays a crucial
role in representation learning by enhancing the complexity
of the training dataset. Table III explores the contributions of
3D data augmentations regarding to 1/256, 16/256 training
frames in the pre-training phase. As evidenced by an average
improvement of approximately 0.7 AP (Average Precision),
the findings suggest that data augmentations are effective
in enhancing downstream performance. Exposing models to
diverse augmented data equips them to generalize to unseen
data. This ultimately enhances their overall robustness and
applicability across the grasp detection task.
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TABLE III: Ablation studies of data augmentation.

. AP Seen AP Similar AP Novel
Setting
17256 167256 | 1/256 16/256 | 1/256 16/256
GSNet 3.96 37.72 3.13 34.69 1.80 15.78
Ours w/o aug 7.19 38.76 6.74 36.48 3.43 17.19
Ours (Full) 7.84 39.51 7.11 37.84 3.75 17.67

E. Real Robotic Experiments

Physical Setup. The UR10e robotic arm is equipped with
an eye-in-hand Realsense D435 camera to collect 1280x720
RGB-D images. In order to challenge the generalization
ability of the model, we select all novel objects that do not
appear in the training dataset with various shapes and sizes.
We set up table-top scenes with three difficulty levels (e.g.
easy, medium and hard) according to the density of object
arrangement. Fig. 5 illustrates our experimental platform in-
cluding the robotic arm, parallel-jaw gripper, camera, objects
and plastic bin.

Grasp Execution. Specifically, we use ROS2 (Robot
Operating System) to support communication of our robotic
system. The operating system on the computer server is
Ubuntu 20.04 LTS. The open-source software framework
Movelt is used for motion planning, collision checking,
and control of robotic systems. After the hardware setup is
complete, we adeptly execute the task procedure of picking
objects from the clutter and placing them in the target bin.

Objects

S

5 parallel-jaw
gripper

Fig. 5: Visualization of our experimental platform. The
parallel-jaw gripper picks up objects one by one from the
cluttered scene and places them into the dropping bin situated
at a fixed position on the left side of the platform.

In the execution process, we consider a grasp attempt
successful if the robot stably picks the object and places
it in the plastic bin at the pre-defined location. The precision
metrics success rate (SR) and completion rate (CR) are
quantified as the percentage of successful grasping attempts
and scene object completion. If one object fails to be picked
up within three times, it will be manually removed and
regarded as incomplete status. From the quantitative perspec-
tive, Table IV illustrates the grasping results of GSNet [14]
and the version pre-trained by our GraspContrast in diverse
cluttered scenes. We compare the success rates and object
completion rates over five test scenes for easy, medium
and hard level. It can be observed that GraspContrast helps
achieve a better performance (SR: 91.47 vs. 85.93; CR: 99.17

vs. 96.67) in various scenarios compared to the vanilla GSNet
without pre-training the backbone.

TABLE IV: Real experimental results

Level Success Rate (%) Completion Rate (%)

GSNet [14] Ours GSNet [14] Ours

1 40/41 40/40 40/40 40/40

2 39/44 40/42 39/40 40/40

3 37/50 38/47 37/40 38/40
Total 116/135 118/129 116/120 118/120
Ratio 85.93% 91.47% 96.67% 98.33%

F. Conclusion

In this work, we propose GraspContrast - an easy-to-
implement self-supervised framework that operates on un-
labeled 3D point clouds to alleviate the need for manual
annotation in the 6-DoF grasp detection task. Our framework
leverages contrastive learning to learn effective representa-
tion by point-wise feature alignment. In the backbone pre-
training process, we introduce the false negative elimina-
tion strategy to enhance feature diversity and mitigate the
impact of false negative sample pairs. Experimental results
on GraspNet-1Billion demonstrate that the fine-tuned model
outperforms the version trained from scratch across various
proportions of labeled frames. Our GraspContrast is applica-
ble to various pipelines requiring 3D feature extraction. We
anticipate that GraspContrast could inspire future work to
consider the utilization of unlabeled data when developing
intelligent algorithms in the field of robotic vision.
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