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Abstract— Despite the giant leap made in object 6D pose
estimation and robotic grasping under structured scenarios,
most approaches depend heavily on the exact CAD models of
target objects beforehand, thereby limiting their wide applica-
tions. To address this, we propose a novel knowledge-guided
network - KGNet to estimate the pose and size of category-
level unseen objects. This network includes three primary
innovations: knowledge-guided categorical model generation,
pointwise deformation probability matrix and synergetic RGBD
feature fusion, with the former two leveraging categorical
object knowledge for unseen object reconstruction and the
latter one facilitating pose-sensitive feature extraction. Exten-
sive experiments on CAMERA25 and REAL275 verify their
effectiveness, and KGNet achieves the SOTA performance on
these two acknowledged benchmarks. Additionally, a real-world
robotic grasping experiment is conducted, and its results further
qualitatively prove the practicability and robustness of KGNet.

[. INTRODUCTION

Category-level object 6D pose and size estimation aims to
calculate the size, 3D translation and 3D rotation of unseen
object instances [1], [2]. This line of work is increasingly
focused on and studied recently for its importance to various
real-world applications, such as augmented reality (AR) [3],
virtual reality (VR) [4], 3D scene reconstruction [5] and
robotic manipulations [6], [7], [8]. Though instance-level
6D pose estimation methods have been explored in depth
and achieved reliable performances [8], [9], [10], even under
severe occlusion, their applicability in practical terms is
still questioned [2], [11]. This is mainly because under
unstructured household and office scenarios, creating high-
quality CAD models for every potential target in advance
could be extremely time-consuming and unpractical [2],
[12], limiting the uses of instance-level methods. Different
from them, category-level approaches can estimate the 6D
pose and size for previously unseen objects from known
classes, and they do not require the exact CAD models
of target objects beforehand, which greatly enhances their
generalization ability and practicability [2], [12], [13].

Despite the advantages of category-level approaches, they
are acknowledged to be much more challenging than tra-
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ditional instance-level methods [2], [12]. Apart from com-
mon difficulties such as lighting variations and cluttered
backgrounds [9], [10], [14], [15], the lack of prior CAD
models will cause the failure of voting-based [8] and
correspondence-based [16] methods, which have achieved
great performances in instance-level object pose estimation.
Additionally, due to intra-class variations and distribution
shifts, end-to-end deep neural networks (DNNs) approaches
are considered to be less reliable and robust [17], [18].
Accordingly, [2] introduces normalized object coordinate
space (NOCS) to represent all possible objects within a
category, and DNNs are trained to map observed pixels to
the NOCS. With canonical representation, the pose and size
of unseen instances can be calculated.

The proposal of NOCS significantly promotes the develop-
ment of category-level pose estimation, and lots of relevant
works are coming forth [11], [12], [13], [19]. Though these
data-driven approaches achieve remarkable improvements on
benchmarks, their performances are still far from satisfac-
tory due to the insufficient leverage of prior knowledge of
category-level objects. In addition, previous RGBD-based
methods commonly apply separate DNN branches to extract
RGB and depth features, which neglect their complementar-
ity, thereby lowering the representativity and sensitivity of
extracted features.
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Fig. 1: Semantic Illustration of KGNet.

In this paper, we present KGNet (shown in Fig.1), a novel
knowledge-guided network for category-level object pose
and size estimation from a single RGBD image. Its primary
innovations include the representation and application of
category-level object knowledge. To be specific, we propose
the category-level empirical CAD model and pointwise de-
formation probability matrix as object knowledge, which will
be incorporated into model training and inference. Such prior
geometric knowledge can enhance the effects of mapping
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real-world objects to the NOCS by bringing in categorical
object characteristics. Another innovation of our work is the
layerwise synergetic RGB and depth feature fusion, and this
module is conducive to pose-sensitive feature extraction.

To summarize, our major contributions are as follows:

1) We introduce the concept of category-level object geo-
metric knowledge, including empirical CAD model and de-
formation probability matrix, which can improve the model
performance by a considerable margin.

2) We propose an embeddable synergetic RGB and depth
feature fusion module. Together with the categorical object
knowledge, our KGNet achieves the SOTA performance on
acknowledged CAMERA25 and REAL275 [2] benchmarks.

3) We conduct real-world robotic grasping experiments,
and qualitative results well prove the effectiveness and prac-
ticability of our KGNet.

II. RELATED WORK
A. Instance-Level Pose Estimation

For instance-level object pose estimation, the exact CAD
models of target objects are available in advance. It is
a well-established research field and its technical routes
are fairly clear. Depending on the usage of known object
models, this line of work can be roughly divided into four
types: end-to-end, template-based, correspondence-based and
voting-based methods. Posecnn [17] is a typical example
of the end-to-end approach, it directly applies multi-branch
networks for object 6D pose calculation, and the CAD
model is used in iterative closest point (ICP) algorithm
for post-refinement. Template-based methods [20], [21] use
the CAD model to generate multiple templates for prede-
fined landmark object positions, and pose estimation can be
realized through a classification-like network subsequently.
Correspondence-based methods [22], [23] apply handcrafted
feature descriptors or DNNs to locate paired points between
the scene image and object model, and accordingly calculate
pose using Perspective-n-Point (PnP) algorithms. Voting-
based techniques [8], [9], [10] leverage observed pixels to
vote object keypoints in the input image, and then 6D pose
can be calculated based on voted keypoints - CAD model
keypoints correspondence. Compared with correspondence-
based methods, they reduce the number of paired points
in PnP equations, thus decreasing computational time. It is
manifest that all instance-level approaches depend strongly
on the exact object models, so they are less effective when
directly transferring to category-level problems.

B. Category-Level Pose Estimation

Category-level object pose estimation is a developing
frontier research field, and only a few pioneering works are
focusing on it. The exact CAD model of target object is
unavailable beforehand in this task, so it will estimate its
size together with 6D pose in general. Before the proposal of
NOCS [2], handcrafted feature descriptors [1], [24] and end-
to-end DNN5s [25] are two mainstream methods for this prob-
lem, but they tend to be less robust under cluttered scenes. To
improve it, Wang [2] maps real-world categorical objects to

NOCS for pose estimation, which is an important landmark
for reconstructing the target object while including category-
level features. Following this, CASS [19] optimizes the
feature extraction and mapping for better performance. [11],
[13] emphasize the semantic and geometric similarity of
objects within the same category, so they apply mean latent
embedding to construct categorical shape priors and then
incorporate them into NOCS mapping. [26] utilizes 3D graph
convolution (3DGC) to extract shift-invariance features for
rotation estimation, and then the size and translation can
be calculated using other branch networks. Similarly, [12]
propose geometric consistency in 3DGC for more robust
rotation-sensitive feature extraction. Nevertheless, none of
these works fully harness the category-level object knowl-
edge, resulting in the mitigation of overall performances.

C. Object Grasping and Robotic Manipulation

Object grasping and manipulation under unstructured sce-
narios are fundamental robotic applications [27]. Classical
vision-based grasping can be divided into four key steps [28]:
object localization, pose estimation, grasp detection and
motion planning. Object localization involves target detection
and segmentation to precisely locate the region of interest
in the input image. Pose estimation aims to calculate the
3D rotation and translation of target objects. With abundant
3D information, grasp detection could be realized through
analytical, empirical or DNN methods. The last step is
motion planning, which mainly applies probabilistic road
map (PRM) approaches to design the path from robot hand
to grasp points generated before. Recently, some studies try
to accomplish several steps jointly, and even in an end-to-
end fashion [29], [30]. However, it is widely concerning that
such methods might not be robust and flexible enough for
real-world manipulation tasks [31], [32].

In this paper, to verify the effectiveness of KGNet, we
deploy it with other acknowledged grasping algorithms for
real-world object manipulations.

III. METHODS
A. Model Overview

In this paper, we develop the KGNet for category-level
object pose and size estimation. As shown in Fig.1, the
primary characteristics of this model are the application
of category-level prior knowledge and synergetic feature
fusion, and a more detailed architecture is illustrated in Fig.2.
KGNet can be mainly divided into three parts: a). feature
extraction and fusion; b). knowledge-guided target object
reconstruction; c). pose and size estimation.

Given the input RGBD image, the off-the-shelf Mask-
RCNN [33] is firstly applied for object detection and seg-
mentation. Afterward, convolutional neural networks (CNN)
and PointNet++ are respectively leveraged to extract RGB
and depth features from the region of interest (ROI). During
it, the synergetic fusion module is applied on layerwise
RGB and depth features to improve their representativity
(Section III.C). In the meantime, a transformer-like structure
is designed to evaluate the dense correspondence between
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Fig. 2: Architecture of KGNet.

category-level prior model (Section III.B) and scene object
point cloud, and this correspondence is then used for adapted
categorical feature calculation. Combining it with observed
fused features, scene object can be accordingly reconstructed
under the supervision of deformation probability matrix
(Section III.D), together with its 6D pose and size (Section
IIILE). Major model components are discussed below.

B. Knowledge-Guided Categorical Model Generation

As shown in Fig.2, the categorical prior model performs
an important role in feature extraction and target object
reconstruction. Therefore, it is crucial to build representative
and universal categorical models. In previous studies, [11],
[13] have attempted to apply mean latent embedding methods
for prior model generation. Specifically, all available instance
models within a certain category are fed into an autoencoder
to calculate the mean latent embedding features, and these
features are then passed into the decoder to get the mean
shape priors. Though these approaches are considerably more
robust than simple averaging, it is concerned about their
deficiency in handling intra-class shape variations.

Therefore, we propose knowledge-guided methods for
categorical model generation. It is common sense that objects
are mainly classified by their functions, and functions are
closely relevant to geometric shapes. Consequently, despite
intra-class variations, instances within a certain category will
have pointwise correspondence, which is the theoretical basis
of our approach. For available instances in each respective
category, we map them to the canonical space for points
alignment and clustering. For example, mugs with different
sizes are firstly normalized for dimensionless shape map-
ping, and subsequently a closest points searching algorithm
is applied to densely align points among candidate mug
models. Finally, the aligned points are clustered to obtain the

categorical mug model (shown in Fig.3(a)). Compared with
the categorical model generated by mean latent embedding
(Fig.3(b)), the most significant characteristic of our model is
the non-uniform and clustered distribution of model points,
especially around the handle part. This is primarily because
mean latent embedding applies global features (mainly the
body part) for modeling, causing the neglect of handle
part information. While in our approach, model points are
generated through geometric alignment and clustering, so
features for each model part are retained and represented
explicitly, which improves its robustness and generalizability
when adapting to unseen objects.

(a) Generated by Prior
Knowledge.

(b) Generated by Mean Latent
Embedding.

Fig. 3: Categorical Mug Model.

For a fair comparison, we follow [11], [13] to use the same
available instances for categorical prior model generation,
and the ablation study in Section IV.E could verify the
effectiveness of our innovation.

C. Synergetic RGB and Depth Feature Fusion

Given the input RGBD image, off-the-self Mask-RCNN
is applied for ROI selection, with bounding boxes for RGB
and segmentation masks for depth. Subsequently, the depth
ROI is transformed into point cloud format using camera
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intrinsics, and the cropped RGB image and selected point
cloud are fed into CNN and PointNet++ respectively for fea-
ture extraction. Conventionally, the extracted RGB and depth
features are fused through concatenation or DenseFusion [§]
in the final layer, but we consider this fusion strategy could
be deficient in fully leveraging the complementarity of RGB
and depth features. Accordingly, a synergetic fusion module
is designed for layerwise feature interaction during extraction
phases, and its detailed structure is demonstrated in Fig.4.
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Fig. 4: Synergetic RGB and Depth Feature Fusion.

The initial RGB features are pixel-wise and in 2D space,
while the depth features are pointwise and in 3D space,
so we firstly map them to 3D and 2D space respectively.
To be specific, the 3D space mapping means the RGB
features are aligned to the point cloud to obtain the 3D RGB
features; while 2D space mapping is to project pointwise
depth features to RGB pixels in 2D coordinates. Afterward,
though mapped to the same space, the size of 3D RGB
features is still different from the initial depth features
due to the inconsistency in ROI for RGB and depth, so
it is with 2D depth features and the initial RGB features.
Therefore, a selection module is designed to gather 3D
RGB features for depth ROI, and similarly, the 2D depth
features are expanded to RGB ROI using a nearest neighbor
interpolation module. Finally, we concatenate the initial and
aligned features for fused 2D/3D features, and two separate
multi-layer perceptrons (MLPs) are applied on them to obtain
the final RGB/depth features respectively.

As shown in Fig.2, the synergetic fusion module is applied
to each corresponding layer during RGB and depth feature
extraction. Its major advantage is to bridge the geometric
and appearance features during extraction phases, thereby
facilitating representation learning of pose-sensitive features.

D. Deformation Probability Matrix & Object Reconstruction

After synergetic fusion, the fused scene features are
combined with categorical models for object reconstruction.
Firstly, we extract pointwise geometric features from the
categorical model through PointNet++, and it is noteworthy
that the PointNet++ used for prior and scene depth feature
extraction are weight-sharing, so they have the same feature

channels. Subsequently, assume that the shapes of prior and
scene depth features are N,*c; and Ny*cy respectively (N,
N; are the number of points on categorical model and scene
object; c; represents the feature channels), we multiply a
keypoints projection matrix (n,*N,, n,, is the number of se-
lected keypoints on prior model) with prior features to obtain
the prior keypoints features (n,*cy), and then a low-rank
transformer is deployed to quantify their correspondences
with scene features (Ng*n,). The advantage of squeezing
prior features is to improve its representativity while reducing
computational complexity, and more details about its design
can be found in [13]. The feature correspondence matrix
(Ns*np) is then normalized by row, and we multiply it with
prior keypoints features to obtain the adapted prior geometric
features (Ns*c;). Afterwards, for the scene depth features
(Ns*cy) and adapted prior geometric features (Ng*cy), a
similarity matrix (N;*Nj) is computed to represent their
pointwise feature similarity. Assume the scene RGB features
to be Ns*c, (c, represents feature channels), we multiply
similarity matrix (N;*N;) with it to obtain the adapted prior
appearance features (N;*c,). Together with the adapted prior
geometric features and fused scene features, an MLP is
developed to calculate the pointwise deformation deltas for
target object reconstruction.

However, directly applying MLP for deltas regression is
considered to be less robust to intra-class variations, so
we introduce the deformation probability matrix, as another
form of categorical knowledge, to facilitate this process.
The construction method for deformation probability matrix
is as follows: for all available instances within a certain
category, we first align them with the categorical prior model
and accordingly calculate their pointwise deformation deltas
(n*N,*3, n is the number of available instances). Since n
for different categories varies widely, we calculate the mean
and standard deviation to represent deformation deltas and
compose the deformation probability matrix (2¥N,*3). Apart
from standardization among different categories, its another
advantage is that the values in this matrix can be continu-
ously updated without influencing the interfaces of subtasks.
The initially regressed pointwise deltas matrix (1*N,*3)
is concatenated with deformation probability matrix and
then fed into an additional layer for final pointwise deltas
(1*N,*3) computation. The deformation probability matrix
brings in the statistical tendency of pointwise deformation
for categorical models, thereby facilitating deltas regression,
and the reconstructed object is the sum of categorical model
and final pointwise deltas.

E. Object Pose and Size Estimation

With the reconstructed model, the size of target object can
be estimated accordingly, while for its 6D pose, we mainly
utilize the corresponding-based method [34] to calculate it.
Given two sets of points on reconstructed model and scene
object, an MLP is designed to regress their correspondence
matrix based on pointwise feature similarity, and the dense
correspondence can then be applied for 6D pose estimation
through least-squares fitting algorithms.

6105



FE Loss Function Design

As demonstrated in Fig.2, the technical route of KGNet
is applying categorical model and scene features for object
reconstruction and dense correspondence, so we accordingly
design loss functions to supervise its training. The total
loss shown in Eq.1 is composed of 5 parts: keypoints loss
(Lkp) to guide the selection of keypoints for prior model
representation; pointwise deformation deltas loss (Lg.f) to
discourage large deformations and preserve the semantic
consistency; object reconstruction loss (L.;) to minimize
chamfer distance between the reconstructed model and
ground truth; correspondence loss (L) for better align-
ment between reconstructed model and target object; cross-
entropy 10ss (Lensropy) to encourage the peaked distribution of
correspondence matrix. Details about loss calculation can be
found in [11], [13], and we apply the same hyperparameter
configurations as them for a fair comparison.

Lt = aLkp + BLdef + ’}/Lcd + 5Lcorr + SLentropy (1)
IV. EXPERIMENTS

A. Implementation Details

The KGNet is coded on PyTorch framework, and hardware
environments for model training are 24 Intel(R) Xeon(R)
Gold 6248R CPU @ 3.00GHz and 1 Tesla V100S-PCIE-
32GB GPU. In the grasping experiment, we apply RealSense
D435i as “eye-to-hand” camera for sensing data acquisition
and KINOVA Gen3 as robot arm for object manipulation.
Additionally, laptop with 6 Intel(R) Core i7-10750H CPU
@ 2.60GHz and 1 NVIDIA GeForce GTX 1650Ti GPU is
utilized to deploy KGNet and control robot arm.

For hyperparameters and general settings in our model,
we mainly follow the previous works [2], [11], [13] for a
fair comparison. Mask-RCNN is applied to generate object
detection and segmentation results offline; the available mod-
els for categorical knowledge extraction are from ShapeNet
dataset [35]; the number of points on categorical model (N)
and scene object (Nj) are both 1024; the number of projected
object keypoints (n,) is 256; weighting factors o, 3, 7, 0, €
in Eq.1 are 1, 0.01, 5, 1, le-4 respectively.

B. Datasets

To evaluate the effectiveness of KGNet, two acknowl-
edged category-level pose estimation benchmarks are ap-
plied, CAMERAZ2S and REAL275 [2]. These two datasets
both cover 6 object categories: bottle, bowl, camera, can,
laptop and mug. CAMERA2S is a synthetic dataset that
contains 300K virtual RGBD images generated by composit-
ing synthetic objects into real backgrounds, and following
previous works [2], [12], [26], 25K images among them are
set aside for testing. As for REAL275, it consists of 8K
annotated real-world RGBD images, where 4.3K for training,
0.95K for validation, and the remaining 2.75K for testing.

C. Evaluation Metrics

Following widely adopted evaluation schemes, 3D inter-
section over union (3DIoU) and rotation/translation errors

TABLE I: The Performance of KGNet on CAMERAZ2S.

Model CAMERAZ2S5 Dataset
3Dsg 3D75 5°2 cm 5°5 cm 10°2 cm 10°5 cm
NOCS [2] 83.9 69.5 323 40.9 48.2 64.6
SPD [11] 93.2 83.1 54.3 59 73.3 81.5
DualPose [36] 92.4 86.4 64.7 70.7 772 84.7
SGPA [13] 93.2 88.1 70.7 74.5 82.7 88.4
Ours 92.9 88.6 73.1 77.1 84.5 89.5

TABLE II: The Performance of KGNet on REAL275.

Model REAL275 Dataset
3Dsg 3D7s 5°2 cm 5°5 cm 10°2 cm 10°5 cm

NOCS [2] 78 30.1 7.2 10 13.8 252
SPD [11] 71.3 53.2 19.3 21.4 432 54.1
DualPose [36] 79.8 62.2 29.3 359 50.0 66.8
SGPA [13] 80.1 61.9 35.9 39.6 61.3 70.7
FSNet [26] 92.2 63.5 / 28.2 / 60.8
GPV-Pose [12] 83 64.4 32 429 / 73.3
Ours 81.6 67.7 40 44.3 64.2 73.9

(n°m cm) are calculated to quantitatively represent the model
performance. More specifically, 3DIoU is related to object
reconstruction and size estimation, it computers the overlap
ratio of estimated and ground truth 3D bounding box, and
we report 3DIoUsy, 3DIoUys for the percentage of objects
with overlap ratio larger than 50% and 75%. As for rota-
tion/translation errors, we calculate the ratio of objects with
pose errors smaller than specific thresholds: 5°2 c¢m, 5°5 cm,
10°2 ¢m and 10°5 cm.

D. Quantitative Results

TABLE I demonstrates the quantitative performances of
KGNet on the CAMERA25 dataset, manifesting that our
model achieves the SOTA results among most evaluation
metrics. Additionally, the performance improvement is more
significant on REAL275 dataset shown in TABLE II. We
exceed the previous SOTA GPV-Pose [12] by a considerable
margin, especially among 3D7s and 5°2 c¢m metrics, they
are increased by 3.3% and 8.0% respectively. It needs to be
noted that FSNet [26] is less comparable with other works
for applying different detection and segmentation results.
Compared with CAMERA25, REAL275 is a realistic and
more challenging dataset, thereby valued in lots of works.
The outstanding performance of KGNet on this dataset
not only generally proves the effectiveness of categorical
knowledge and synergetic feature fusion, but also demon-
strates its robustness and practicability in real-world object
manipulation tasks.

E. Ablation Study

From quantitative results, the overall performance of the
KGNet could be proven. In addition to this, an ablation
study is conducted to further verify the effectiveness of three
major innovations in our paper: knowledge-guided categori-
cal model generation (KGM); deformation probability matrix
(DPM) and synergetic feature fusion (SFF). The results are
shown in TABLE III, and we could notice that with the intro-
duction of categorical knowledge in prior model generation
and pointwise deformation tendency, the model performances
on size (3DIoU metrics) and 6D pose estimation (n°m cm
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TABLE III: Ablation Study on CAMERA25 and REAL275.

CAMERA?25 REAL275
KGM DPM SFF 3Dsg 3Dy5 5°2 cm 5°5 cm 10°2 cm 10°5 cm 3Dsg 3D75 5°2 cm 5°5 cm 10°2 cm 10°5 cm
93.2 88.1 70.7 74.5 82.7 88.4 80.1 61.9 359 39.6 61.3 70.7
v 93 88.5 70.9 74.6 83.6 88.8 80.9 65.2 36.8 40.8 60.9 71
v v 92.8 88.4 72.1 75.8 83.7 88.8 81.5 65.4 38.7 43 60.5 71.1
v v v 92.9 88.6 73.1 77.1 84.5 89.5 81.6 67.7 40 44.3 64.2 73.9

Fig. 5: Visualization on REAL275.

metrics) both have a noticeable improvement, especially on
the REAL275 dataset, the 3D75 and 5°2 ¢m are improved
from 61.9% to 65.4% and 35.9% to 38.7% repressively.
While the novel feature fusion module is mainly conducive
for 6D pose estimation, verifying its ability to extract more
pose-sensitive scene features. Generally, compared with the
baseline method which applies mean latent embedding for
prior model generation and fuses RGBD features by simple
concatenation, the application of KGM, DPM and SFF
can jointly enhance model performances in pose and size
estimation. Besides, the SFF module is also embeddable
and can be adaptively generalized in other relevant works
to improve the representativity of RGBD features.

F. Visualization and Robotic Application

In this section, we demonstrate the qualitative evaluations
of KGNet on REAL275. As shown in Fig.5, the red and blue
3D bounding boxes represent the predicted and ground truth
poses respectively, and rotational error around the axis of
symmetry for symmetrical objects (bowl, bottle, can) should
be ignored. It is apparent that the KGNet achieves competi-
tive performances on rotation and translation estimation, even
for complex objects like mugs and cameras.

Moreover, intelligent robots are expected to not only be
able to perceive the environment, but also interact with
it [28]. Therefore, we perform a real-world unseen objects
grasping experiment to further verify the effectiveness of
visual perception. Following classical approaches in II.C, the
off-the-shelf Mask-RCNN is applied for object localization,
and then our KGNet can accordingly estimate the pose of
target objects together with their 3D models. Afterward,
grasp points are generated on target objects through an-
alyzing their 3D models, and finally RRT-Connect [37]
algorithm is leveraged for motion planning and grasping.
Fig.6 demonstrates partial results of visual perception, and it
is noticeable that our model can precisely calculate the pose
of target objects, even under heavy occlusion. Additionally,
on NVIDIA GeForce GTX 1650Ti, the inference speed of

a single object reaches 20fps, meeting the requirements of
real-time robotic manipulation.

Fig. 6: Visualization for Real-world Object Pose Estimation.

V. CONCLUSIONS

To conclude, we propose a novel knowledge-guided net-
work - KGNet for category-level object pose and size esti-
mation. The primary characteristics of this network are the
introduction of categorical object knowledge and synergetic
RGBD feature fusion. For the former one, it includes the
categorical prior model to represent universal features of ob-
jects within a certain category, and the pointwise deformation
probability matrix to demonstrate intra-class variations dur-
ing prior model deformation. While the latter one bridges the
complementary RGB and depth features in extraction phases,
thereby improving feature representativity and sensitivity. An
ablation study has proven their effectiveness, and our KGNet
achieves the SOTA performances on category-level object
pose estimation benchmarks - CAMERA25 and REAL275,
especially the REAL275, the previous SOTA 3D7s and 5°2
cm are improved by 3.3% and 8.0% respectively. Addition-
ally, we also conduct a real-world grasping experiment based
on KGNet, demonstrating its robustness and practicability in
robotic applications.
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