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Abstract—Universal handling of a wide and diverse
range of objects is a grand and long-lasting challenge for
robot manipulation. While recent methods have achieved
competitive results in grasping a specific set of objects,
it still performs unsatisfactorily when faced with cluttered
and diverse objects with different characteristics such as
material, shape, texture, etc. One critical bottleneck stems
from the limited applicability of single gripper modality,
which is not capable of handling the complex real-world
tasks. In this paper, we propose a unified grasping infer-
ence framework for multi-modality grasping, i.e., the Si-
multaneous Grasp and Suction Inference Network (SGSIN).
SGSIN utilizes the 3D scene input to simultaneously predict
feasible grasp poses for multiple modalities of grippers
as well as to determine the optimal primitive based on a
gripper selection module. SGSIN leverages a novel point-
level affordance metric to indicate the potential probability
of grasping success for each gripper in a unified manner. A
novel backbone network is developed to extract strong 3D
feature representations, where the residual block with point
and channel attentions is proposed. Our multi-modality
framework is trained and evaluated on the GraspNet-1B
dataset, and the performances achieve the state of the art
on respective grasp and suction tasks. Furthermore, we
also evaluate the developed pipeline in real-world tasks
with cluttered environments. The state-of-the-art perfor-
mance demonstrates the effectiveness of our proposed
framework.

Index Terms—Affordance learning, attention block, grasp
inference, gripper, suction.

[. INTRODUCTION

Autonomous robotic grasping remains a significant chal-
lenge due to the complexities involved in adapting to di-
verse environments. Benefiting from the rapid development
of deep learning and computer vision techniques in recent
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years, research on learning-based grasping [1]-[3] aims to di-
rectly predict the grasp strategies using deep neural networks.
Previous analytic approaches can be integrated to generate
ground-truth labels for network supervision. With the ground
truth obtained by human annotation [4] or self-supervision
process [5], learning-based methods have the advantage of
not requiring prior knowledge of objects, and therefore, have
the ability to generalize to unknown or unseen objects. The
growing data availability, better computational resources, and
more effective algorithms bestow the learning-based methods
with significant potentials in robotic grasping.

In recent years, vision-based grasping research has focused
on using either 2D RGB(D) images or 3D scene point clouds
as inputs to predict feasible grasp poses. The literature [6]
offers comprehensive insights and guidelines for benchmark-
ing robotic grasping systems. Previous works can be roughly
classified into two categories, i.e., 2D planar and 6-DoF grasp
estimations [7]. The former is constrained to grasp from a
top-down direction while the latter has no restrictions on the
degrees of freedom. 2D planar grasp methods are formulated
as the task of evaluating grasp contact points [8], [9] or ori-
ented rectangles [10], [11], which usually follow the pipeline
that first samples candidate grasps in formats of either pixels
or rectangle anchors, and use analytical or deep learning-
based methods to assess the success possibility of a sampled
grasp. Gradually, increasing efforts have shifted towards 6-
DoF grasping as it allows robots to grasp objects with fewer
constraints. In the work [12], the authors consider grasp
samples and learn a function to estimate the quality of a grasp
candidate. Other approaches [13] directly estimates a single
6-DoF grasp pose and the work [14] reduce the degrees of
freedom initially due to the difficulty of generalizing to high-
dimensional space. Literature [15] first generates orthographic
views of the given objects, which are then used to estimate
pixel-wise grasp synthesis for each object. Built upon the
principle of the vision-based grasping research, our method
analyzes the captured images to make decisions about how to
grasp objects effectively.

In order to grasp a wide range of objects in a real-
world complex environment, multiple modalities of grippers
are beneficial or even indispensable in practice. Parallel-jaw
grippers and suction cup grippers are two common types of
end-effectors used in robotics for grasping and manipulation.
The parallel-jaw grippers consist of two opposing jaws that
can be adjusted to accommodate a wide range of objects by
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clamping the jaws around the object. The suction cup grippers
typically use a vacuum system to attach to the surface of an
object. It creates a vacuum seal and suction force between
the cup and the object’s surface. Due to the different mech-
anisms, parallel-jaw grippers offer versatility and adaptability
for various objects, while suction cup grippers are suitable
for gripping flat and smooth surfaces with vacuum-based
mechanisms. Relying on a single modality may have a negative
impact on grasping stability when dealing with various objects.
For instance, the widely-used parallel-jaw gripper struggles
with grasping objects that have flat surfaces while the suction
gripper can easily accomplish this task [16]. Additionally, soft
and dexterous grippers are highly adaptive to wrapping and
grasping objects with irregular shapes. Therefore, the design of
grasping strategy has to consider the combination of multiple
grippers, allowing individual modalities to cooperate together
to effectively handle grasping in a complex environment.

However, most existing works primarily focus on single-
modality grasping, and only a few studies have been conducted
on grasping with multiple modalities. Literature [17] presents a
novel grasp planning algorithm for hybrid grippers (two-finger
grasps, single or double suction grasps, and magnetic grasps).
But it requires 6D pose estimation or material segmentation
network to satisfy the grasp inference. Literature [8] uses
Fully Convolutional Network (FCN) to learn dense pixel-
wise affordance map for four pre-defined motion primitives
(two for parallel-gripper and two for suction cup gripper).
A task planner then executes the primitive with the highest
affordance. However, the framework [8] requires experienced
users to manually label pixels on RGB-D images, which can
be tedious and time-consuming. In another approach, separate
GQ-CNNs [18] is trained for each gripper on the Dex-Net
4.0 dataset. Actions are planned by maximizing the predicted
grasp quality. Yet, GQ-CNNs relies on providing initial grasp
candidates for refinement, which may result in suboptimal
final results. In addition, both of the aforementioned works
utilize 2D inputs, i.e., RGB-D or depth images, potentially
ignoring local geometry information when compared to the
representation of 3D data, such as point cloud or voxels.

In this work, we present an integrated grasping inference
framework that supports multi-modality grippers with the goal
of achieving universal grasping in a complex environment. Our
framework addresses two main issues, i.e., 1) identifying the
respective grasp poses for each gripper, and 2) determining
the optimal primitive. To tackle these challenges, we propose
a unified inference framework that can detect feasible grasp
poses in parallel and a gripper selection policy to recommend
the suitable gripper for each action step. In particular, two
most-common types of grippers are considered in this work,
i.e., parallel-jaw gripper and suction cup gripper.

When it comes to grasp pose estimation, different end-
effectors typically have inconsistent models, making it chal-
lenging to unify the pipelines for predicting grasping poses
across different grippers. Therefore, we formulate the multi-
modality task as a unified two-stage problem, i.e., where to
grasp — determine grasp locations and how to grasp —
identify grasp orientations. For the first stage, we propose
a novel point-level affordance metric to score each point

indicating the probability of grasping success. Two kinds of
affordances are defined respectively to describe the graspable
and suctionable probability of each point in the scene point
cloud. The points with the higher potential probability will be
shortlisted in the training and inference process. Furthermore,
a novel grasp detection backbone network is developed to ex-
tract both global and local features with strong representation
ability. The residual block with self-attention mechanisms is
integrated to achieve the multi-task inference.

In summary, our contributions are summarized as follows:

o A framework is developed to determine the suitable
gripper for each object and identify the grasp poses.

« A novel point-level affordance is proposed to score each
point indicating potential probability of grasping success
for each type of gripper.

« A novel backbone network with point and channel atten-
tion is designed for enhanced point cloud learning.

o Highly competitive results are achieved in both the
GraspNet-1Billion benchmark and real world settings.

[I. METHODOLOGY
A. Problem Formulation

Towards the universal grasping, the robotic pick-and-place
problem is considered. Single-modality gripper may not be
capable of handling diverse objects due to their different
physical properties (i.e. mass, shape or material). Therefore, in
this work, an universal grasping pipeline is to be developed to
1) optimally select one suitable gripper as well as 2) predict the
corresponding grasp configurations. Without loss of generality,
as the parallel-jaw grippers and the suction-based grippers are
the most-widely used handlers, our solution focuses on these
two grippers in this work.

Specifically, assume that a robot is available to determine a
grasping strategy from the action set {(Cg|g), (Cs|s)}, where
g and s denote the selection of parallel-jaw gripper and suction
gripper; Cg = (T, Rg, wg) and Cs = (T, rs) are the grasp
and suction configurations, respectively. Here, T, € R? is
the position of grasp center, Ry € R3**3 is the orientation
matrix of grasp pose, wg € R denotes the the opening degree
of the gripper, Ty € R3 is the suction center position, and
rs € R? denotes the orientation vector of suction pose.
Following GraspNet-1Billion [19], the grasp orientation matrix
Ry, is decoupled into three subtasks including classifications of
viewpoint V, in- plane rotation A and approaching distance D.
In this work, the multi-modality grasping inference problem
is formulated as follows, given one point cloud P € RN %3
representing the scene observation, the robot is aimed to
select the most suitable gripper u € (g,s) for next action as
well as predict its specific action configuration (C,|u), which
guarantees the success of collision-free picking-up operation.

B. System Overview

Fig. 1 illustrates the pipeline of our proposed framework.
In this work, the multi-modality grasping inference pipeline is
divided into four modules, i.e., Backbone Network, Affordance
Learning, Poses Generation, and Gripper Selection Policy.
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Fig. 1. Overview of SGSIN pipeline. (a) The proposed backbone network first extracts point cloud representations of a scene observation. The
Affordance Learning module utilizes the extracted features to output affordances for both grasp and suction tasks. The Pose Generation module
then predicts the respective grasp and suction configurations. Based on the final gripper selection policy, the robot will execuate the most suitable
configuration. (b) The attention block is illustrated, comprising the Point Attention Block and the Channel Attention Block. (c) The real robotic system

features a dual-mode gripper system.

Firstly, the Backbone Network B(-) operates on the scene point
cloud P € RNV*3 to extract the deep features, denoted as,

) (D

where ' € RNXC s the point-wise feature. Next,
the Affordance Learning module A(-) addresses the task
where to grasp, which takes the extracted feature F' to output
the affordances for both grasp and suction, i.e.,

F =B(P

Ag/s = A(F)a 2

where Ag /s represents both grasp affordance Ag € RN*1 and
suction affordance A € RN*1, which is analogous to the heat
map in point cloud. The higher value in Ag /s indicates that
this point is more suitable to its respective mode g/s, either
grasp or suction. The seed point proposals Py /s for further
pose inference are shortlisted by applying a threshold on Ag s,
followed by the Farthest Point Sampling (FPS) operation.

Pg/S:FPS(PS[Ag/S>Tg/S]), 3

where Ty /s is the respective threshold for g/s. PS|-] repre-
sent a notation used for point selection, where the condition
inside the brackets [ - | specifies the criteria for selecting points.
After that, the Pose Generation module PG(-) predicts the re-
spective grasp and suction configurations for those shortlisted
seed point proposal Py /s, i.e.,

Cg/s = PG(F[Pyys))- 4)

Finally, given the grasp and suction configurations on seed
proposals, an Gripper Selection Policy module is employed to
determine the most suitable gripper u* € (g,s) for current
scene P, denoted as

u* = argmax
u€(g,s)

max AP 5. 5)
pEP,

where AP represents the corresponding affordance of short-
listed seed point proposals. The final predicted configuration
(Cy+|u*) will be executed by robot as the best next action.

C. Backbone Network

In order to learn effective point-wise features for the success
of downstream task-oriented modules, we propose a novel full-
resolution backbone network 5(-), which adopts the ResUnet
architecture built upon Minkowski Engine. ResUNet is a fully
convolutional neural network that takes the advantage of both
the U-Net architecture and the deep residual learning to get
high performance with fewer parameters. Inspired by attention
mechanism [20], Point Attention Block and Channel Attention
Block are developed and incorporated into the residual con-
nections of the backbone. The purpose of attention blocks is
to aggregate the long-range spatial and contextual information
for the enhancement of feature capacity.

1) Point Attention Block: Point Attention Block models
the long-range dependencies over point features according to
the spatial correlations. Following the classical self-attention
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mechanism proposed in [20], Query Q, Key K, Value V'
variables are defined by applying independent transformations
W,, Wi, W, to the input feature Fj,,, which is denoted as

(Qa K? V) = En : (Wq; Wk7 Wv)
Q, K e RN ar, v e RVX (6)
W,, W), € RTXdar - W, € Rbvxdv,

where Q, K share the same feature dimension d, , and V has
the dimension d,. Next, the intermediate self-attention feature

map F),, is caculated as
KT
F,, = M, - V = softmax Q -V, 7
Vd,
where F,, € RV *C is calculated by the product of attention
weight matrix M, € RNXN and value V. To obtain M,
QK" product is first scaled by 1/+/d, and then normalized
by a softmax operation. From the above derivation, the Point
Attention Block can be formulated as

F? PA(F;,) = LBR (Fpy — V) + Fyy,

out —
T 8
= LBR <softmax (?/I(;a ) -V — V) + F;,, ®

where PA(-) refers to the permutation-invariant self-attention
operation, LBR(:) includes Linear, BatchNorm, and
ReLU basic layers. The final output feature map can be
regarded as the sum of learned feature transformed from inter-
mediate @, K,V variables and the initial input feature, which
spatially describes and integrates the long-range dependencies.

2) Channel Attention Block: Besides exploring inter-point
correlations, it is also valuable to investigate the inter-channel
relationships as each channel of a feature map contains abun-
dant yet distinct semantic information. Therefore, we propose
the Channel Attention Block to highlight learned features by
distributing attention weights across channels. Note that the
main difference of Channel Attention Block from the Point
Attention Block lies in how attention is applied across different
dimensions of the input. Channel-wise attention focuses on
capturing relationships between different channels of a feature
map by calculating the dot-product of QT and K. Scale and
softmax operators are also applied to obtain channel attention
map. The formal formulation can be derived as

thut =CA (Fin) =LBR (Fca - V) + Fiy

QTK G
@)'V‘V)””“

where F., represnets the intermediate self-attention feature
map. CA(-) refers to the channel-wise attention operator,
which investigates the channel-wise correlations and gives an
enhancement of feature representations.

Finally, element-wise sum operation is performed on the
outputs to aggregate the long-range spatial and contextual
information together. A feed forward network is applied to
do a linear transformation as

Fout :FFN(Ffut@FJUt)
= FFN(PA(F;,) & CA(F;,)),

where symbol @ indicates element-wise summation. Noted
that the final output of our attention block shares the invariant

=LBR <softmax (

(10)

feature dimension with the input, which allows it to be a
plug-and-play module inserted into the residual connection of
ResUnet or some other classical backbones.

D. Affordance Learning

In order to addresses the task of where to grasp, Grasp
Affordance Az and Suction Affordance Ag are proposed
to identify the grasp and suction centers. The concept of
affordance indicates the capability and robustness of a seed
point as a grasp or suction center within a task-specific
primitive. We assume that the graspable or suctionable area
can be inferred by the local geometry and contexts of scene
point cloud. In the following, we will introduce how Ag and
Ag are formulated in details.

1) Grasp Affordance: Grasp Affordance Ag € RNV*! is
defined following previous research GSNet [21] to describe the
graspable probability of each point in the scene point cloud P.
In particular, for a point p; € P, Aé is expected to be higher
if more successful and stable grasps are centered around.
Therefore, A; can be denoted as the ratio of successful grasps
to all grasp candidates g,i’j by grid sampling along approach
vectors V, in-plane rotation angles A and gripper depths D:

S0 S (g > 0) 1 (67 =)

A= V L
Zj:l Zk:l

L i=1

...N

)

%,
Ik

(D
where L is the number of samples along A and D, q,i’j is
the grasp quality score measured by force closure metric [22]
and the binary label ¢;’ indicates the collision between the
grasp g;’ and the environment. In addition, a grasp quality
threshold ¢ is set manually to determine whether a grasp is
successful. To allow for easy comparison of values and ensure
the consistent training, Ag is further normalized to improve
the numerical stability.

2) Suction Affordance: Analogous to Ag, suction affor-
dance Ag € RV*! is defined to determine the suction centers
of the scene observation. Following [23], [24], a physical
model of the suction cup gripper is utilized to evaluate the
seal formation S,.,; and the wrench resistance Sy,rench, Which
measures surface irregularity based on the change of spring
length. Additionally, the geometric-based flatness Sfiatness 1S
included to measure the geometrical properties within the cen-
tral area of the object surface. The overall suction affordance
Ag is defined as the product of these three components, i.e.

As = Sseal X Swrench X Sflat7 (12)

As shown in Fig. 2 (Left), we use a quasi-static spring model
to simulate the physical interaction between the suction cup
gripper and the object surface. There might be a deformation of
all springs when the contact seal is formulated. For simplicity,
Ssear score is only characterized by the change of perimeter
springs as

Sseal - (]- - Almar) + 0, (13)

where Al,,.. denotes the maximum rate of the perimeter
springs’ deformation, o is a compensating factor of represent-
ing a circle as a polygon.
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When it comes to the formulation of Sy, ench, the suction
gripper should be able to tolerate certain wrenches caused by
the applied force such as gravity or friction. We simplify the
wrench score evaluation by only keeping the Elastic Restoring
Torque 7 = (74, 7,), which is concerned with the induced
torques along the contact x and y axes due to elastic restoring
forces in the suction cup material. 7 is illustrated in Fig. 2
(Middle) and S,,;encn can be denoted as

Sw'rench =1—min (17 |T| /ﬂnam) 3 (14)

where 7,4, 1S the maximum tolerated torque. From above
definitions of Sseq; and Syrench, the following model-based
policy tries to minimize the energy consumption to achieve
stable suction by predicted suction poses.

Seal Evaluation Wrench Evaluation Geometry Evaluation

Gravity

mes Perimeter Suction Region

Fig. 2.  Components of suction evaluation. (Left) the quasi-static
spring model with Perimeter springs represented by blue lines. (Middle)
Wrench evaluation for the suction cup model. (Right) Local geometry.

Additionally, S, is based on the assumption that a suction
cup model can achieve a stable grasp when the contact region
is flat and smooth. As shown in Fig. 2 (Right), we have
a suction center p; € P and a normal vector n;, the k-
nearest neighbors algorithm (k-NN) method is used to find
K closest neighbors P; = {pkjpF e P,k =1,...,K} at p;
and corresponding normal vectors N; = {nﬂk =1,...,K}
are also estimated. Then, the curvature of the local suction
region can be defined as the average inner product between
n; and IN; by

S it = (15)

Z |< ng,nk >|
o

Tnall - ¥
Note that S;’llat only considers the variance of normal
vectors, which may not be sufficient as the robot can not
achieve stable suction on the boundary area with a step-like
surface. The upper and lower surface may have similar normal
vectors but it is intuitively impossible to achieve suction across
surfaces due to the existence of the middle gap. Therefore, we
also consider the smooth property by evaluating the average
perpendicular distance from points in the suction region to
their linearly fitted plane. The second term of S}lat can be
formulated as
K
ZPD(pf,Plane(-)), (16)

k:l

Sflat

where PD(-) denotes the perpendicular distance calculation
from a point to a plane. Plane(-) is the fitted plane equation
of suction region. From the above perspective, Sy can be
finally formulated as

Sflat =A- Sflat +(1=A)- S;’l%zt’ 7)

where ) is a modulating weight factor.

E. Pose Generation

Pose Generation module PG(-) is proposed to address
the task how to grasp, grasp and suction pose estimation
branches are stacked in parallel to predict grasp orientation
matrix Rz and suction orientation vector rs for each seed
point proposal. For the prediction of Rg, we follow the
common practice [21] to decouple the pipeline into View
Selection, Cylinder-Group and Angle-Depth Searching sub-
modules. Firstly, the View Selection module VS(-) operates
on the shortlisted seed point propoials P, /s to output view-
wise probability V/ = {v; co, j=1,..., M}, which
can be represented as

= VS(F[Py)), (18)

where F[]Sg/s] denote the respective 3D features of 13g /s

Lo, 1]V indicates V dimensional scores of all sampled
viewpoints centered on each seed point, based on which one
view with highest score is selected as the approach direction.
Next, Cylinder Group CG(-) samples neighbors around M seed
points in directional cylinder spaces, which are determined by
seed points coordinates and selected view vectors, i.e.,

K —CG(P,, V'), (19)

where_ K denotes the number of samples in each group
and PgK € RM>KX3 represents candidates in all groups.
Furthermore, all point candidates are transformed in cylinder
space to obtain a unified coordinate representation. After that,
a combination including a MLP network, a max-pooling layer
and a new MLP network is applied on feature candidates

FK RMXEXC o output seed grasps orientations Rg, ie.,

R, = MLPs(EX), (20)
where R, € RM x(AxDx2) jncludes grasp quality scores and
widths for all angle-depth combinations. Finally, the candidate
with the highest grasp quality is selected as Rg, i.e.,

R; = max(Ryg). (2D

For the suction task, the prediction of orientation vector rg
is much simplified and intuitive. The normal of local neighbors
at suction center Ty is directly determined as 7.

F. Loss Function

The total loss for our network is composed of L4 and
Lp terms which correspond to the Affordance Learning and
Pose Generation modules respectively. First of all, L 4 can be
formulated as a multi-task loss as

M
La= ZAU
i=1

where L! is a binary cross-entropy loss for the point-level
objectness classification, L?, denotes the Smooth L1-loss of the
regression of affordance values. Compared to grasp affordance

> ML),

u€(g,s)

(22)
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loss Lé, suction affordance loss L; is composed of three terms
based on seal, wrench and flatness evaluation:

Lé = L;eal + Llwrench + L}lat' (23)
From the above perspective, the Pose Generation module
predicts the grasp and suction pose estimation in parallel.
However, due to the non-learning based method used in
suction pose generation branch, Lp only includes loss terms
of each subtask for the grasp orientation IR, prediction. Based
on Eq. 18, 19, 20 and 21, Lp is computed as

M
Lp =Y (AL +AuLi, + ALL),
i=1

(24)

where L,, L,, and L, represent Smooth L1-loss for the re-
gression of approach vectors, gripper widths and grasp scores
respectively. In the training stage, Ao, Ay, Ay, Ay and Ag are
modulating factors to tune the weights in calculation of L 4
and L p, which formulate the total loss L by the final weighted
sum as

L=alL+ BLp. 25)

G. Gripper Selection Policy

As illustrated in Eq. 5, a gripper selection policy is defined
to determine the optimal primitive in each robotic pick-and-
place step. The robot will execute the primitive with the
highest affordance value by comparing all point candidates
in the scene observation. Although the policy is capable of
selecting one primitive, further “calibration” is still required
due to the distributional bias between different affordances.
The distribution of foreground grasp and suction affordance
D, and D, of the training set is demonstrated in Fig.3 (Left).
It can be observed that the percentage of D, is generally lower
in the the range of intervals. We attribute this range disparity
to their varying definitions. In order to balance different
affordances ranges so that the robot would not excessively
depend on one gripper, a function M is learned to mitigate
the bias so that the transformed distributions D; and D; can
be aligned. Consequently, the definitions of M, D; and D;
are given by

M=9T; " 9T,

;o (26)

(Dg’Ds) = (M 'Dg’DS)v
where Q7 , and Q74 denote the functions learned to map
Dy and D; to the standard Gaussian distribution by applying
Quantile Transformer [25]. The function M first maps D,
to standard Gaussian distribution which is then transformed
to D by the inverse of Q7. Fig. 3 (Right) shows that
the calibrated grasp affordance shares a similar distribution
with the original suction affordance. Given a new scene point
cloud in the inference stage, M is applied to the predicted
grasp affordance so that our gripper selection policy becomes
more stable when doing the pairwise comparison of affordance
values.

Original Distribution Transformed Distribution

0.10
Grasp 0.06 Grasp
0.08 BN Suction 005 BB Suction
g 006 £ 0.04
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& 0.04 a 003
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Fig. 3. The value from 0.1 to 1 has been divided into 9 equal intervals.
(Left) The distributional histograms of affordances before calibration.
(Right) The distributional histograms of affordances after calibration.

IIl. EXPERIMENTS
A. Dataset

In this work, we utilize three datasets: GraspNet-
1Billion [19], Suctionnet-1billion [24], and MetaGrasp-
Net [31]. The GraspNet-1Billion dataset contains 88 objects
and 190 scenes, with full annotations for object 6D poses,
instance masks, camera poses, and 6-DoF grasp poses. All
scenes are divided into train, test seen, test similar, and test
novel categories, consisting of 100, 30, 30, and 30 scenes,
respectively. The dataset includes a total of 97,280 RGB-D
images, with 512 images captured for each scene by RealSense
and Kinect cameras. The setting of SuctionNet-1Billion is
similar to GraspNet-1Billion, but it specifically focuses on
suction-based grasping tasks. MetaGraspNet is a large-scale
photo-realistic dataset constructed via physics-based meta-
verse synthesis. Synthetic scenes are generated in metaverse
and real world evaluation settings. The MetaGraspNet-Sim
and MetaGraspNet-Real datasets provide fully comprehensive
ground truth for parallel-jaw and vacuum gripper and scene
reasoning. Our experiments with these datasets demonstrated
the robustness and generalization capabilities of our method
across different object types and grasping conditions.

B. Implementation Details

In our grasp representation, the viewpoint v, in-plane
rotation A and approaching distance D are sampled to 300,
12 and 4, respectively. As part of our pre-processing tech-
niques, we utilize random downsampling to select a subset
of N = 15k points from the raw observation, and outlier
removal is employed to filter noisy points. Subsequently,
the backbone equipped with an encoder-decoder architecture
extracts point-level features with a dimensionality of C' = 512.
In the residual attention branch of the backbone network, W,
Wy, W, are all implemented by a 1-layer MLP. We set the
affordance threshold Ty /s as 0.1 and 0.2 to separately shortlist
M = 1024 seed points. In pose generation module, each
cylinder space includes 16 neighbors with radius » = 0.05
and height range from -0.02m to 0.04m. Two MLPs are finally
used to predict the grasp scores and widths based on grouped
proposals. In addition, weights coefficients A,, Ag, As, o and
[ are set to 1, 10, 10, 1 and 1 empirically to compute the
overall learning objective. In training stage, we use the Adam
optimizer with an initial learning rate of 0.001. The learning
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TABLE |
EVALUATION RESULTS FOR DIFFERENT METHODS ON GRASPNET-1B REALSENSE/KINECT.
Metrics Methods Seen Similar Novel
AP AP s APg.4 AP APg.s APo.4 AP APg.s APo.4
GraspNet-1B [19] | 27.56/29.88 33.43/36.19 16.95/19.31 | 26.11/27.84 34.18/33.19 14.23/16.62 | 10.55/11.51  11.25/12.92 3.98/3.56
RGBMatter [26] 27.98/32.08 33.47/39.46  17.75/20.85 | 27.23/30.40 36.34/37.87 15.60/18.72 | 12.25/13.08 12.45/13.79 5.62/6.01
Grasp TransGrasp [27] 39.81/35.97 47.54/41.69  36.42/31.86 | 29.32/29.71 34.80/35.67  25.19/24.19 | 13.83/11.41 17.11/14.42 7.67/5.84
Top 1-50 DGCAN [28] 48.95/47.32  59.67/57.27  42.24/38.55 | 41.46/35.73  50.31/44.22  33.69/26.99 | 17.48/16.10  21.83/20.01 7.90/7.81
SBG [29] 58.95/— 68.18/— 54.88/— 52.97/— 63.24/— 46.99/— 22.63/— 28.53/— 12.00/—
HGGD [30] 59.36/60.26 —-/= —-/= 51.20/48.59 —-/= e 22.17/18.43 —-/= e
GSNet [21] 65.70/61.19  76.25/71.46  61.08/56.04 | 53.75/47.39  65.04/56.78  45.97/40.43 | 23.98/19.01 29.93/23.73  14.05/10.60
Ours 68.97/63.96  81.25/74.82  62.25/56.94 58.76/51.02  72.23/62.36  47.84/41.99 26.69/20.72  33.33/25.89 14.53/11.02
Normal STD 10.10/6.16 1.01/0.74 12.64/7.20 19.23/17.54 2.26/2.38 25.95/24.68 3.50/1.34 0.23/0.12 4.22/1.08
Suction DexNet 3.0 [23] 15.50/9.46 1.53/0.96 20.22/11.90 | 18.92/14.93 2.62/2.45 24.51/19.05 2.62/1.68 0.35/0.04 5.32/1.89
ARC-Vision [8] 28.31/14.82 3.37/1.00 38.58/20.02 | 26.15/14.23 3.35/1.61 34.83/18.66 7.79/2.85 0.38/0.17 9.78/3.35
Top 30 SuctionNet [24] 28.31/15.94 3.41/1.25 38.56/20.89 | 26.64/18.06 3.42/1.96 35.34/24.00 8.23/3.20 0.35/0.23 10.29/3.78
Ours 28.18/16.63 2.53/1.25 38.94/21.15 31.48/19.04 3.36/2.40 38.72/25.87 8.33/3.24 0.36/0.26 10.41/3.81

rate is multiplied by 0.95 per epoch. The model is trained on
one NVIDIA GTX 3090 GPU with batch size 2. The entire
training process takes approximately 40 hours to converge to
the optimal configuration. In terms of inference time, it takes
0.1 second to output the best grasp configuration.

C. Results and Evaluation

Fig. 4 illustrates the predicted grasps and suctions by SGSIN
specifically for scene 120, 140 and 170 in GraspNet-1Billion
dataset. We divide the affordance value range into three
groups, resulting in a total of 50 seed proposals chosen as ei-
ther grasp or suction centers. The color-coded representations
of grasps and suctions in the figure correspond to the respective
affordance scores of the configurations. The marked colors
correspondingly shift from blue to red within the [0,1] range.
Compared to solely visualizing top grasps, we are able to
effectively depict grasp poses with varying degrees of quality.
The figure presented demonstrates reasonable observations of
the predicted proposals, thereby validating the robustness and
efficacy of our proposed framework.

Table I shows the evaluation results of our SGSIN and
several baselines training on GraspNet-1Billion dataset. To
measure the predicted grasps on a cluttered scene quanti-

Fig. 4. Visualization examples of predicted grasps (first row) and
suctions (second row) performed by our method on GraspNet-1Billion.
Grasps are color-coded by the predicted affordance score (higher value
in deeper red).

tatively, we adopt the Precision@k metric to measure the
precision of top-k ranked grasps. For both grasping and
suctioning, the number k is set to 50 and AP, indicates the
average precision of top-50 ranked grasps. Specifically, AP,
is determined by the friction coefficient x4 ranging from 0.2 to
1.0 with an interval of Ay = 0.2.

As demonstrated in Table I, notable disparities in terms of
metrics are observed between the Realsense and Kinect do-
mains. It can be clearly shown that SGSIN achieves state-of-art
performance over all evaluation metrics for the grasping task
and most metrics for the suction task. Taking the Realsense
metrics as an example, our approach achieves 68.97/63.96%,
58.76/51.02%, and 26.69/20.72% AP for the test seen, test
similar, and test novel datasets, respectively, outperforming
GSNet which previously exhibited SOTA performance in
parallel-jaw gripper grasping. Overall, SGSIN achieves a rel-
ative improvement by 3-5 AP on all metrics.

To establish a benchmark for the suction task, we choose
SuctionNet [24] as the baseline. Table I also reports the eval-
uation results using a suction cup gripper. It can be observed
that SGSIN outperforms SuctionNet on both cameras of most
metrics. For test seen, test similar and test novel categories,
SGSIN achieves 28.18/16.63%, 31.48/19.04% and 8.33/3.24%
AP for Realsense/Kinect inputs. These improvements can be
attributed to the robustness and generalization capabilities of
our model, which are derived from the strong representations
of 3D point-wise learning. The advancements observed in
both grasp and suction tasks confirm the effectiveness of our
approach in cluttered robotic grasping environments.

D. Ablation Studies

1) Residual Attention: To investigate the impact of our
proposed attention block, we conduct several studies with
different backbones for point cloud representation learning.
The performances of these backbones in terms of final AP
metrics on all test sets are shown in Table II. Compared to
PointNet++ [32], ResUnet backbone achieves better perfor-
mance. It can be observed that our Point Attention Block (PA)
and Channel Attention Block (CA) make great contributions,
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resulting in performance gains on all test sets including seen,
similar and novel. And our attention block with integration of
these two blocks further obtain improvements by achieving
SOTA on most of AP metrics of grasp and suction tasks.
The results illustrated in Table II convincingly validate the
effectiveness and benefits of our proposed attention block.

TABLE I
ABLATION STUDY OF DIFFERENT BACKBONES.

Attention Type AP Seen AP Similar AP Novel
PointNet++ 60.01 /22.55 | 53.83/25.85 | 23.18/7.70
ResUnet 66.23 /27.99 | 55.68 /28.54 | 2526/ 8.11
ResUnet + PA 67.98 /28.43 | 58.14/31.12 | 2592/ 8.19
ResUnet + CA | 68.21 /2743 | 58.03/30.95 | 26.09 / 8.35
ResUnet + PCA | 68.97 /28.18 | 58.76 / 31.48 | 26.69 / 8.33

2) Multi-Task Learning: Instead of training separate
pipelines to accomplish specific tasks, the multi-modality
grasping can be regarded as a typical multi-task learning prob-
lem. Table III demonstrates the performance of SGSIN training
grasp and suction branch separately and simultaneously. It can
be observed that the jointly learning strategy helps achieve
an overall improvement of 1-2 AP compared to separately
learning strategy. This improvement can be attributed to the
shared point-level representations from the same backbone
across different branches.

TABLE IlI
ABLATION STUDY OF MULTI-TASK LEARNING

Training Branch AP Seen AP Similar AP Novel
Grasp/Suction 67.10 / 28.37 | 56.97 /30.16 | 26.01/8.31
Integration 68.97 / 28.18 | 58.76 / 31.48 | 26.69 / 8.33

3) Test on other dataset: In order to further support the
superiority of our method, we have augmented our evaluations
based on an additional dataset - MetaGraspNet [31]. We
leverage the fundamental architecture of SGSIN and conduct
training on the synthetic MetaGraspNet dataset. The whole
real MetaGraspNet dataset is employed for testing purposes,
where we test all trained models by evaluating their predicted
grasps of each scene within the simulation environment built
by the open-source Pybullet engine [33]. Both GSNet [21]
and SuctionNet [24] trained on the large-scale real-world
GraspNet-1Billion are also evaluated against their versions
trained on the synthetic MetaGraspNet dataset. We simulate
the grasps and use the unified Success Rate (SR) and Comple-
tion Rate (CR) to intuitively compare the grasp performance
of different models across different datasets. From the results
in Table IV, we can see that SGSIN trained on synthetic
MetaGraspNet dataset still achieved the best performance of an
overall success rate of 78.8%/82.3% and a completion rate of
82.6%/88.5%. These results further validate the effectiveness
and advantages of SGSIN.

TABLE IV
EVALUATION RESULTS ON REAL METAGRASPNET

. Success Rate / Completion Rate (%)
Trained Dataset

GSNet [21] SNet [24] SGSIN

GraspNet-1Billion | 66.5% / 81.2% | 63.8% / 74.7% | 78.8% / 82.6%

MetaGraspNet-Syn | 71.9% / 84.0% | 65.1% / 81.6% | 82.3% / 88.5%

* SNet is the abbreviation of SuctionNet.

E. Physical Experiments

Besides evaluating on public dataset, we also conducted
real-world bin-picking experiments. The objective of physical
experiments is to evaluate SGSIN in real-world grasping tasks.
To align with the goal of testing the robot’s ability to handle
different geometries, objects with diverse shapes and sizes are
selected. Our selected objects are also commonly found in
households or industrial settings. We choose a total of ten
objects: box, tape, spoon, dinosaur, vegetable, plate, charm,
pipe fittings, poly bag and screwdriver. Then, we create a
controlled workspace with appropriate lighting conditions and
arrange five objects within the workspace to ensure a variety of
placements and orientations to challenge the robot’s perception
and grasping capabilities. Specifically, we use ROS (Robot
Operating System) to provide communication between differ-
ent components of a robotic system. The operating system is
employed at the server computer side with Ubuntu 20.04 LTS
and the open-source software framework Movelt is used for
motion planning, kinematics, and control of robotic systems.

Fig. 5. First three snapshots of the robot grasping objects in a cluttered
scene. The red symbols at bottom indicate the primitive the robot
execute(G: grasp; S: suction).

Fig. 5 shows the grasping process of a cluttered scene. The
robot would select the most suitable gripper based on current
observation. In addition, two metrics termed success rate SR
and completion rate C'R are introduced and defined as the ratio
of successful grasps and objects completion. A grasp will be
regarded as successful if the object is successfully placed in
the bin box, and an object will be considered complete if it is
picked successfully within three grasp attempts. Table V re-
ports detailed experimental results for multiple-objects scenes
grasping. Compare to GSNet [21] and SuctionNet [24], SGSIN
achieved the best performance of an overall success rate of
93.3% and a completion rate of 100%. For most test scenes, it
can achieve a nearly 100% SR and C'R which further illustrate
the robustness and effectiveness of SGSIN.
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TABLE V
EXPERIMENTAL RESULTS OF MULTIPLE OBJECTS GRASPING

Object IDs Success Rate / Completion Rate (%)
GSNet [21] SNet [24] SGSIN

1,2,3,4,5 83.3% / 100% 50% 1 80% 100% / 100%
1,4,5,6,8 71.4% 1 100% 33.3% / 60% 83.3% / 100%
1,3,4,7,8 71.4% 1 100% 30% / 60% 83.3% / 100%
2,4,5,6,9 57.1% / 80% 57.1% / 80% 100% / 100%
2,3,6,8,10 | 83.3% / 100% 30% / 60% 100% / 100%

All 73.3% / 96% 40.1% / 68% 93.3% / 100%

* SNet is the abbreviation of SuctionNet. Objects 1-10: box, tape, spoon,
dinosaur, vegetable, plate, charm, pipe fittings, poly bag, screwdriver.

Fig. 6 illustrates the predicted grasps and suctions in real-
world scenario. The same color-coded representations, as
demonstrated in Section III.C, are applied. As shown in Fig. 6,
our grasp model performs relatively well on large-scale and
regular objects. However, for small and irregular objects such
as pipe fittings, the model performs relatively poorly. This
is because smaller or irregular objects typically provide less
surface area and fewer potential grasp points, which make it
difficult for the model to identify and select optimal grasp
configurations. In practice, limitations in real sensor accuracy
can also result in false grasps during final execution.

Fig. 6.

(Top Row) Predicted grasps in real-world scenario. (Bottom
Row) Predicted suctions in real-world scenario.

In details, our false cases can be divided into false negative
grasps and false positive grasps. False negative grasps occur
when our robotic system fails to detect a successful grasp.
Factors like complex object geometries or inadequate lighting
conditions often hinder the accurate detection of graspable
points. For instance, when handling small objects like electri-
cal cables, our system struggles to identify successful grasps
due to sensor noise. False positive grasps occur when our
robotic system erroneously identifies non-graspable points as
valid grasps. The Fig. 7 demonstrates some cases the robot
fails to execute the predicted grasps. Common scenarios con-
tributing to these failures include inaccurate grasp predictions,
collisions between the gripper and the object, and attempts to
grasp multiple objects simultaneously. False positive grasps
in our robotic system often stem from a combination of

factors, including limitations in sensor accuracy, ambiguities in
perception caused by variations in object shape, and a lack of
contextual or spatial information for guiding grasp planning.
To minimize false grasp cases, our aim is to refine our grasp
detection algorithm to incorporate advanced feature extraction
networks, integrate spatial and semantic information, and
leverage machine learning approaches to dynamically adjust
grasp thresholds based on real-time feedback.

Fig. 7. False cases of robotic grasping.

IV. CONCLUSION

In this paper, we propose a novel framework named SGSIN
to predict 6-DoF grasp poses and determine the optimal
primitive for multi-modality grasping. The point-level af-
fordance metric is leveraged to indicate the probability of
grasping success and then positive points with high affordance
are selected as grasp centers. Furthermore, both point and
channel attention mechanisms are incorporated in backbone
to enhance 3D scene representations. Exhaustive experiments
conducted on Graspnet-1Billion dataset and in real world
settings demonstrate the effectiveness of SGSIN for grasping
cluttered objects. It’s also important to recognize that SGSIN
has several limitations, including computational expense and
limited compatibility with gripping small or fragile objects.
In forthcoming research, we plan to train a more lightweight
network that can achieve the same functionality with reduced
computational resources. In addition, we aim to research on
SGSIN extension with more grasp modalities (e.g. multi-
finger gripper or magnetic gripper) that can conform to greater
variety of objects.
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