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Abstract— In multi-object stacking scenarios, exploring the
relationships among objects and determining the correct se-
quence of operations are crucial for robotic manipulation.
However, previous algorithms inefficiently combine global and
local information, often focusing solely on the local features of
objects or the interactions of object features at a global level.
This approach leads to imbalanced distribution of features and
the generation of redundant or missing relationships in complex
scenes, such as multi-object stacking and partial occlusion. To
address this issue, we have developed a grasp manipulation
relationship detection algorithm called Graph Sampling Aggre-
gation Network for Visual Manipulation Relationship Detection
(GSAGED). This algorithm assists robots in detecting targets
in complex scenes and determining the appropriate grasping
order. Firstly, the Positional Encoding Module in GSAGED
enhances object feature information by considering global
contexts. Secondly, the Graph Sampling Aggregation method
effectively integrates global and local information, relieving
imbalanced distribution of features. Finally, we applied the
developed algorithm to a physical robot for grasping. Ex-
perimental results on the Visual Manipulation Relationship
Dataset (VMRD) and the large-scale relational grasp dataset
named REGRAD demonstrate that our method significantly
improves the accuracy of relationship detection in complex
scenes and exhibits robust generalization capabilities in real-
world applications.

I. INTRODUCTION

The rapid advancement of artificial intelligence has ush-
ered in increasingly complex scenarios for robotics applica-
tions. Robot grasping represents the fundamental interaction
between a robot and its environment. Robot grasping with
improper grasping order in object stacked scenes can disrupt
the integrity of the surroundings and even pose safety risks to
operators. For instance, attempting to directly grasp a book
beneath a ceramic cup will result in the cup breaking. The
correct grasping order is to first grasp the cup and then the
book. Therefore, choosing the correct grasping order, that
is, detecting the grasp manipulation relationship, is a crucial
problem to the robust grasping of the robot.

Recently there has been some work focused on this
task. Some algorithms[1], [2], [3] primarily model the re-
lationship between pairs of objects independently, ignoring
the global context information of the whole scene. These
approaches overlook the potential associations among fea-
tures in complex scenes, which may generate redundant or
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Fig. 1. Model Architecture and Manipulation Relationship Signifi-
cance. Our model architecture takes RGB images as input, detects objects
through the object detector. The paired features extracted from this process
are then fed into GSAGED. The resulting output consists of manipulation
relationship trees, which provide crucial guidance for the robotic grasping
sequence. GSAGED integrates global and local information efficiently
which reduces generating redundant or missing relations in complex scenes.
The accuracy of these relationships is of paramount importance for ensuring
the robustness and effectiveness of robot grasping operations.

missing relations in complex scenes. The others[4] solved
this problem by judging the relationship between each pair of
objects in combination with the global context information,
represented by the yellow lines in the Fig. 1, to better
understand the complex scene. However, placing excessive
emphasis on associations among object pair features leads to
imbalanced distribution of features, accompanied by compu-
tational inefficiencies, time-intensive processes, and subpar
generalization capabilities.

To overcome the aforementioned problems, we propose a
grasp manipulation relationship detection algorithm based on
graph sampling aggregation network (GSAGED). GSAGED
is specifically designed to detect grasp manipulation relation-
ship, as depicted in Fig. 1. Our network takes object pair fea-
tures as input and begins by employing a feature positional
encoding module to enhance potential associations among
relational features. Subsequently, the graph sampling aggre-
gation method optimizes the potential relationships between
object relationship features. Finally, the optimized features
are supplied to a classifier to determine the manipulation
relationship between objects. When provided with an image,
the output comprises object categories, relationships, and the
appropriate manipulation sequence. GSAGED can effectively
integrate both global and local information extracted from
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object pair features to weaken the imbalanced distribution of
features. It further provides accurate grasping sequences, a
crucial element in robotic manipulation.

Our method is rigorously trained on the VMRD and
REGRAD datasets, and subsequently deployed on real
robots. Our robotic experiments in real-world scenarios meet
stringent real-time requirements and achieve state-of-the-
art performance. This practical validation underscores the
effectiveness and applicability of our approach in real-world
applications.

II. RELATED WORK

A. Robotic Grasping

Intelligent robots face the complex task of identifying
grasping targets, determining their poses, and locating suit-
able grasping points by sensing and comprehending their en-
vironments. Early algorithms primarily designed for single-
target grasping scenarios struggle to meet the demands
of grasping in cluttered real-world environments. Several
researchers have focused on designing robots for grasping
poses in complex scenes. Mahler et al. proposed the DEX
network 2.0 [5], which swiftly predicts the probability of suc-
cessful grasping from depth images. Fang et al.[6] proposed a
task-oriented grasping network, optimizing task-oriented tool
grasping and tool manipulation strategies simultaneously.
In addition, some researchers[4], [7] have designed multi-
objective grasping systems that focus on establishing the
appropriate robot grasping sequence in complex scenes.
However, these methods often suffer from low detection
accuracy or require excessive processing time to achieve real-
time robust grasping. The recent REGRAD dataset [8] has
enriched research by providing object segmentation, pose,
capture, and relationship information in scenes captured
through both 2D and 3D images.

B. Grasp Manipulation Relationship Detection

To enable robust object grasping in complex scenarios,
understanding object relationships is paramount. Visual ma-
nipulation relationship detection aims to precisely identify
spatial relationships between pairs of objects within a scene.
Zhang et al. [7] defined visual manipulation relationships
as the correct order of robot grasping operations, including
three types: parent, child, and no relations. Zhang et al. [1]
directly detected manipulation relationships among stacked
objects, constructing manipulation relationship trees. Yang
et al. [2] introduced a fully connected conditional random
field that improved grasping operation relationship detection
accuracy by imposing global constraints on object stacking
scenarios. Unfortunately, the conditional random field net-
work cannot handle the misclassification of more than three
relations. Zuo et al. [3] collected contextual relationships
between objects by designing a graph convolution network,
enhancing the efficiency of relational reasoning. The above
works only concentrate on the relationships between two
objects, ignoring the global features. Ding et al.[4] proposed
a relationship detection model based on a graph neural
network to optimize object features in a scene by combining

global contextual information which focuses too much on the
interaction of object features at the global level and wastes
computing resources. However, The existing algorithms in-
efficiently combine the global context information and the
local context information, generating redundant or missing
relations in complex scenes. The low accuracy and high time
consumption can’t meet the requirements of robust real-time
robot grasping. In response, we propose a model combining
graph sampling and graph aggregation to better balance the
optimization of global and local information.

C. Graph Neural Network

As a non-Euclidean data structure, graphs are used in
many scenarios for high-performance processing of tasks
such as node classification, link prediction, and clustering.
Graph neural networks (GNNs)[9], [10] enable the learn-
ing process to be built directly on graph data. In recent
years, several convolutional neural network architectures for
learning over graphs have been proposed [9], [12], [13],
[14], [15], [16]. GraphSAGE[21], a general inductive frame-
work that leverages node feature information to efficiently
generate node embeddings for previously unseen data, can
be viewed as an extension of the GCN framework to the
inductive setting. Our use of the graph neural network in
deep learning parallels prior work solving network embed-
ding problems[10], relational problems[17], [18], sequential
problems[19] and classification problems[20]. So far, graph
convolutional networks have matured in the detection of
grasping operational relations. Most of them use graph
structures to model a set of objects and their relations. While
previous works have advanced the detection of grasping
operational relations using graph convolutional networks,
our approach stands apart by introducing a graph sampling
aggregation network that effectively combines global and
local information. Our graph sampling aggregation algorithm
aligns with the strategy employed in the earlier GraphSAGE
algorithm, as proposed by Hamilton et al. [21]. In contrast
to the original algorithm, our approach primarily concen-
trates on reconstructing the graph’s adjacency matrix while
diverting its focus away from capturing information between
feature contexts during the sampling phase. Consequently,
our algorithm is most suitable for scenarios involving the
reconstruction and induction of adjacency matrices with a
limited number of nodes and relatively lower information
content.

III. PROPOSAL APPROACH

A. Problem Definition

The relationship between two objects can be divided into
three categories: object 1 should be grasped before object
2, object 1 should be grasped after object 2, and object
1 and object 2 have no relationship. In the context of a
manipulation relationship tree, objects are represented as
nodes, and parent-child relationships between these nodes
dictate the grasping order. Specifically, parent nodes should
be grasped after child nodes. For instance, in Fig. 1, we
observe that box 2 serves as the parent node for the wrench,
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Fig. 2. The architecture of the proposed algorithm. And the object pair features embedded in positional encoding are sent to GSAGED. Finally, the
manipulation graph is reasoned. We sample features from the inner to the outer layers. After the sampled features are acquired, they are aggregated from
the outer to the inner layers to obtain central features.

while the pen is identified as the child node of the wrench.
Notably, nodes indicated by the arrows signify objects that
should be grasped first. Consequently, the correct sequence
for grasping, in this case, should commence with the pen,
followed by the wrench, and ending with box 2. Box 1 has no
relationship with the other three objects and can be grasped
at any time. Given an RGB image I with n objects, we define
O = o1, o2, ..., on to represent all objects in the scene and
R = r1, r2, ..., rn(n−1) to represent the visual manipulation
relationship between objects. For the i-th and j-th objects in
the scene, we define them and their relationship as a triple,
expressed as (oi, rij , oj) which is distinguished by visual
manipulation relationship detection.

B. Overall Architecture

The overall architecture of our model is illustrated in Fig.
1. The model comprises three main components: the feature
extractor, the object detector, and the visual manipulation
relationship predictor. The model takes RGB images as
input, and outputs object detection results and manipulation
relationship trees. through the feature exactor to get features.
Firstly, input images are passed through the feature extractor
to extract image features. Then object categories and bound-
ing boxes in the scene are detected by the object detector.
Finally, the object pair features generated by object pair
pooling are delivered to the visual manipulation relationship
predictor to detect the visual manipulation relationship, as
shown in Fig. 2. The contents of each module will be
described in detail in the following sections.

C. Object Detector and Object Pair Pooling

Inspired by previous work in visual manipulation relation-
ship detection[2], our model utilizes the Faster R-CNN[22] as
the object detector to locate and detect objects. We employ
VGG-16 and ResNet-101 as backbones to extract features
separately. To generate object pair features, we use object
pair pooling[1] before the visual manipulation relationship
predictor. For all object pairs in the scene, we make the
features a mini-batch including features of two objects and
union bounding boxes through object pair pooling.

D. Visual Manipulation Relationship Detection
Firstly, positional encoding is used to strengthen the po-

tential association between relational features and reduce the
loss of important local information generated by the sampling
function. Then an aggregation function is used to aggregate
the neighboring features and optimize the reconstructed
features that are sufficient to reflect the potential association
between the relational features. Finally, optimized features
are put into the classifier to classify the relations.

Graph Sampling Aggregation Network: The feature
sampling process is conducted from the inner to the outer
layers, employing uniformly sampled neighboring features.
The list of sampled nodes in each layer is concatenated
according to depth order K. The sampling function and
related hyperparameters, including the number of samples,
are determined based on the inverse order of k. The visual
illustration of the GSAGED’s sample and aggregate approach
is shown in Fig. 2. The result of the sampled function is
subsequently used in the aggregation process.

For each node, a specific number of neighboring nodes
are selected as the sampling set. This number can either be
fixed or dynamically adjusted based on the node’s degree,
with the maximum determined by a threshold value u. The
feature vectors of the current node and its neighboring nodes
are concatenated to form a local graph for each node in the
sampled set. The size of this local graph depends on the
number of nodes in the sampled set and the dimensionality
of the node feature vectors. The embedding vector of the
current node is obtained by performing graph convolution on
the local graph. This process typically involves employing a
multilayer graph convolution network to process the local
graph and extract the embedding vector for each node. Once
the sampled features are acquired, they are aggregated from
the outer to the inner layers to obtain central features. The
aggregated neighboring features are concatenated with the
features from the upper layer of the central node. This com-
bined feature set is then input into a single-layer MLP (Multi-
Layer Perceptron) to obtain new feature vectors. Finally, the
features are normalized.

To ensure the functionality of the aggregation function,
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it must be differentiable and adaptive to the number of
aggregation nodes. This adaptability implies that the resulting
feature vector after aggregation should maintain a consistent
dimensionality, regardless of variations in the number of
nodes during aggregation. Additionally, it should exhibit
alignment invariance, indicating that the order of feature
vectors after aggregation is independent of the input order of
features. This can be represented by the following equation.

Aggregate(v1, v2) = Aggregate(v2, v1) (1)

Initially applying nonlinear transformations to the preced-
ing layer, followed by maximizing pooling of the resultant
output. The pooling aggregation function can be designed as
shown in the following formula.

AGGREGATEpool
k = max(σ(Wpoolh

k
ui + b), ∀ui ∈ N(v)) (2)

Relationship Reasoning: The relationship classifier con-
sists of three linear layers, which determine the category
of object pairs. It takes the reconstructed features as input
and outputs the relational results. We employ the multi-class
cross-entropy function as the loss function for manipulation
relationship prediction. This function compares the predicted
results with the actual ground truth, facilitating backpropa-
gation for optimization during training, and completing the
algorithm’s detection process.

IV. EXPERIMENT

A. Training Details

The dataset VMRD contains 31 objects categories, 5185
images, 17688 steerable objects, and 51530 visual manip-
ulation relationships. The maximum number of objects in
VMRD is 5. The dataset REGRAD contains 38 objects
categories, 9 view images, and 17610 models. The maximum
number of objects in REGRAD is 19.

We train and test our model on dataset VMRD[1] and
REGRAD[8] respectively. Our model uses PyTorch as the
framework of the deep learning algorithm and utilizes the
NVIDIA GeForce RTX 3090 with 22GB memory. The mini-
batch size is set to 2 and 1 on the datasets VMRD and
REGRAD. The optimizer utilizes the stochastic gradient
descent (SGD) with the momentum parameter set to 0.9.
For feature extraction, pre-trained VGG16 and ResNet101
models are used as the training backbone network. In the
training process, 20 epoch iterations were used, the training
image batch size was 1, the initial learning rate was 1e-3, and
the learning decay rate was set to 1e-5. The testing process
takes the same hardware configuration. In the real-world
manipulation task, objects are set up in random cluttered
scenes within 10 step-by-step tests, and the success rate is
scaled by ten scene-clearing grabs, and complete success is
used as the judgment criterion.

B. Performance Metrics

The performance of the experiments is judged by follow-
ing metrics:

mAP: Mean average precision is used to compute the per-
formance of object detection algorithms. mAP is the average
of all categories of Average Precision (AP) which calculates
the average precision for the value of recall increasing from
0 to 1 for each class. OR: Object triplet Recall is used to
compute the recall on object pairs. The result is true when
the category and the location of both objects, as well as the
predicted manipulation relationship, are correctly detected.
OP: Object triplet Precision. OP computes the average pre-
cision of manipulation relationships based on object triplets
consisting of two objects and their manipulation relationship.
IA: Image-Wise Triplet Accuracy. This metric calculates the
accuracy based on the whole image. Only when all possible
triplets in the scene are predicted correctly, the image is
considered correct.

C. Experiment Results

The experimental results on the existing grasping manip-
ulation relationship datasets VMRD and REGRAD, com-
paring the baseline algorithm and the best algorithm in
the first stage, show the performance of our model. There
is an experimental performance comparison between the
algorithms, an ablation experiment, and an evaluation of
the performance of the relationship detection in real-world
manipulation tasks shown in the following tables.

Comparative Results on Dataset VMRD: The ex-
perimental performance of the algorithm in this chapter
on VMRD is shown in Table 1. For a fair comparison,
experiments were conducted on the same object detection
network Faster-RCNN and backbone network VGG16 and
ResNet101. The final experimental results show that the
detection performance of our model is significantly improved
compared with the baseline algorithm VMRN, and the de-
tection time of our model is significantly reduced compared
with the best detection algorithm GGNN, which meets the
performance requirements of real-time detection.

Table 2 and Table 3 evaluate the image-wise triplet
accuracy in different object number scenes with different
backbone networks. In Table 2 with the backbone extrac-
tion network VGG16, compared with other algorithms for
detecting 2-5 objects in the VMRD dataset, our model
improves 7.60% in total performance compared with the
baseline algorithm VMRN and 0.54% compared with the
latest excellent algorithm GGNN-VMRN. Among the IA of
2-5 objects, the IA of detecting four objects in the scene is
respectively improved compared with the baseline. The better
overall performance reflects the robustness of our model
for complex scenes. Table 3 shows the image-wise triplet
accuracy with the backbone network ResNet101. The overall
performance metrics of our model are improved significantly
than that of other methods, which reflects that our model
uses object relationship features efficiently and the detection
performance is affected little by complex scenes.

Comparative Results on Dataset REGRAD: The results
in Table 4 demonstrate that under the same conditions, our
model can effectively extract and optimize the features in
object relationships, ultimately improving the accuracy of
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TABLE I
PERFORMANCE OF GRASP MANIPULATION RELATIONSHIP DETECTION BASED ON DATASET VMRD

Author Algorithm Backbone mAP OR OP IA Time(ms)

Zhang et al. VMRN[1](Baseline) VGG16 95.20 86.30 88.80 68.40 14
ResNet101 95.40 85.40 85.50 65.80 10

Yang et al. EVMRN-V[2] VGG16 95.70 88.56 88.21 73.56 146
ResNet101 96.40 88.95 86.03 71.56 132

Zuo et al. GVMRN-RF[3] VGG16 95.40 88.70 89.50 70.20 -
ResNet101 94.60 86.90 87.50 68.80 -

Ding et al. GGNN-VMRN[4] VGG16 96.30 89.64 88.00 75.56 137
ResNet101 96.40 90.09 88.01 75.33 130

ours GSAGED VGG16 96.30 89.4 90.2 76.1 124
ResNet101 96.40 91.2 89.3 75.6 112

TABLE II
IMAGE-WISE TRIPLET ACCURACY IN SCENES WITH DIFFERENT OBJECT

NUMBERS (VGG16)

Algorithm Object Number
Total Two Three Four Five

VMRN[1](Baseline) 68.40 86.15 61.72 62.26 64.29
EVMRN-V[2] 73.56 86.15 66.03 66.04 74.33

GVMRN-RF[3] 70.2 92.90 70.30 63.80 60.30
GGNN-VMRN[4] 75.56 86.15 73.21 69.81 82.86
GSAGED(Ours) 76.1 91.25 74.31 72.10 84.37

TABLE III
IMAGE-WISE TRIPLET ACCURACY IN SCENES WITH DIFFERENT OBJECT

NUMBERS (RESNET101)

Algorithm Object Number
Total Two Three Four Five

VMRN[1](Baseline) 65.8 80.00 58.37 47.17 54.29
EVMRN-V[2] 71.56 81.54 61.24 52.83 65.71

GVMRN-RF[3] 68.8 91.40 69.20 61.20 57.50
GGNN-VMRN[4] 75.33 92.31 75.12 66.98 72.86
GSAGED(Ours) 75.6 93.62 76.84 71.61 74.3

relationship detection. Compared with the baseline VMRN,
our model improves the image accuracy by 6.7%. Compared
with the GGNN-VMRN, the IA metric is 4.3% higher
for grasping manipulation relationship detection. Moreover,
the equivalent detection time is substantially less than the
optimal algorithm at this stage, which makes it more certain
that our model meets the real-time requirements of real-
world scene tasks. To verify the IA of our model with
different-number objects in the scenes, experimental data are
provided as shown in Table 5. The data in Table 5 demon-
strate that the IA in more complex scenes is significantly
improved than the baseline and the optimal algorithm. The
reason is that the sampling and aggregation of relational
features can effectively reduce the redundancy of feature
information and increase the proportion of valid information,
which ultimately affects the classification results of the grasp
manipulation relationship. Futhermore, compared with the
class distrubution of VMRD (None:Parent:Child=2:1:1), the
class distrubution of REGRAD (None:Parent:Child=27:1:1)
is more imbalanced. The imbalanced distrubution of features
in REGRAD is even more pronounced, leading to a more

substantial improvement.

TABLE IV
PERFORMANCE OF GRASP MANIPULATION RELATIONSHIP DETECTION

BASED ON DATASET REGRAD

Algorithm mAP OR OP IA Time(ms)

VMRN[1] 93.3 93.53 93.53 16.8 74
GGNN-VMRN[4] 93.6 94.3 94.3 19.2 162
GSAGED(Ours) 94.8 95.4 95.4 23.5 125

TABLE V
IMAGE-WISE TRIPLET ACCURACY IN SCENES WITH DIFFERENT OBJECT

NUMBERS BASED ON DATASET REGRAD

Algorithm Object Number
Two Three Four Five Six

VMRN[1](Baseline) 100 98 46.4 45.7 42.1
GGNN-VMRN[4] 100 100 53.4 51.8 50.3
GSAGED(Ours) 100 100 64.7 59.6 61.2

Algorithm Object Number
Seven Eight Nine Ten Eleven

VMRN[1](Baseline) 20.6 9.8 5.8 3.4 3.2
GGNN-VMRN[4] 32.5 12.3 8.5 6.7 4.1
GSAGED(Ours) 37.2 20.2 13.4 11.6 7.6

Algorithm Object Number
Twelve Thirteen Fourteen Fifteen Sixteen

VMRN[1](Baseline) 2.4 2.1 0.1 0 0
GGNN-VMRN[4] 3.7 1.8 0.6 0 0
GSAGED(Ours) 5.3 3.8 1.7 0.6 0

To better analyze the strengths of our model, four vi-
sualization results of the grasp manipulation relationship
tree are shown in Fig. 3. The labels of grasp manipulation
relationship can be divided into the correct relationship,
redundant relationship, and incorrect relationship. The re-
dundant relationship is defined as two unrelated objects are
detected concerning each other which is attributed to the
close physical location, giving the neural network the illusion
of feature association. Most of the incorrect relationships are
due to the visual misalignment of the images, which causes
incorrect relationship classification.

As shown in the Fig. 3, VMRN generates more error
detection cases because it simply uses the feature relationship
to build the grasping operation relationship tree. GGNN-
VMRN enhances the object relationship features using con-
textual information, but its huge computation and incorrect
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Fig. 3. Visualization results of grasp manipulation relationship tree.
In the visualization results of the grasp manipulation relationship trees, it
becomes evident that VMRN generates a higher number of redundant and
inaccurate relationships. Meanwhile, GGNN-VMRN struggles to identify
incorrect relationships effectively. In contrast, our model consistently pro-
duces a greater number of correct and precise detection results.

TABLE VI
SUCCESS RATE OF ROBOT SAFE GRASPING ON COMPLEX SCENES

Algorithm Dataset Two Three Four Five

VMRN[1] VGG16 10/10 6/10 6/10 6/10
ResNet101 8/10 6/10 6/10 5/10

EVMRN-N[2] VGG16 10/10 9/10 8/10 8/10
ResNet101 9/10 7/10 8/10 7/10

GGNN-VMRN[4] VGG16 10/10 10/10 10/10 9/10
ResNet101 10/10 10/10 9/10 8/10

GSAGED(Ours) VGG16 10/10 10/10 10/10 10/10
ResNet101 10/10 10/10 10/10 9/10

Algorithm Dataset Six Seven Eight Nine

VMRN[1] VGG16 5/10 5/10 4/10 3/10
ResNet101 4/10 4/10 3/10 2/10

EVMRN-N[2] VGG16 7/10 6/10 6/10 4/10
ResNet101 6/10 5/10 5/10 3/10

GGNN-VMRN[4] VGG16 8/10 7/10 7/10 5/10
ResNet101 7/10 6/10 6/10 4/10

GSAGED(Ours) VGG16 9/10 7/10 7/10 6/10
ResNet101 8/10 7/10 6/10 4/10

identification of the visual misalignment are still problems.
Our model is able to optimize the focus on some important
features by sampling key features after location coding, so
as to obtain more correct detection results.

Comparative Results on Robot Grasping System: The
robot grasping task comparison experiment is deployed
according to the robot’s real-world grasping process. One
experiment is considered successful unless all objects in
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Fig. 4. Example of robot sequential grasping. This picture shows the
step-by-step grasping process of the robot. The manipulation relationship
graphs are generated in the stacking scene of 3 and 9 objects. It is worth
noting that the robot first grasps the objects represented by the child nodes
in the picture. In the image, the robot sequentially grasped the following
objects: toothbrush 2, pen 2, toothbrush 1, screwdriver, box, pen 1, utility
knife, and waist driver.

the scene are captured in the correct order. Table 6 shows
the cumulative number of successes for ten grabs when the
number of objects in the real-world scene is increased from 2
to 9 in sequence, which demonstrates that our model shows
better performance in detecting the relationship of multi-
objective grasping manipulation when extending to real-
world scenes. Fig. 4 shows the robot environment and a
stacking scene as well as an example of the robot grasping
process instructed by the manipulation relationship tree.

V. CONCLUSION

In this paper, we introduce a grasp manipulation
relationship detection algorithm based on GraphSAGE.
This algorithm aids robots in identifying targets in complex
scenes and determining the optimal grasping order. We
have trained our model on the VMRD and REGRAD
datasets. By incorporating positional encoding and sampling
aggregation functions, our model efficiently integrates global
and local information, relieving imbalanced distribution of
features in the context of complex scenes. Furthermore,
our real-world grasping experiments demonstrate that our
model outperforms existing approaches in practical tasks.
In future research, we aim to explore methods for enabling
autonomous scene exploration by the robot, which can
assist in selecting the most suitable detection viewpoint or
incorporating multi-view images as input.
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