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Grasp Data Synthesis



• Grasp Pose defines the position and orientation of a hand
• 4-DoF grasp: a 3D position and 1D hand orientation aligned with 

the direction of gravity, a.k.a. “top-down grasping”
• 6-DoF grasp: defined by a 3D position and 3D orientation

• Force Closure means if the forces that a grasp
can be applied at the set of frictional contacts are
sufficient to compensate for any external wrench 
applied to the object

Terminology
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• In physics, 
• given a set of frictional contacts acting on a body, it is in force closure if 

the positive span of the wrench cones is the entire wrench space
• if a rigid body is fully immobilized by a set of rigid stationary fixtures, we 

say it is in form closure
• The conditions for force closure are identical to the conditions for first-order 

form closure if all contacts are frictionless.
• When planning a grasp by a robot hand, force closure is a good minimum 

requirement. Form closure is usually too strict, requiring too many contacts.
• Simply, successful grasp <= force Closure <= form closure

4

Force Closure

https://modernrobotics.northwestern.edu/nu-gm-book-resource/12-2-3-force-closure



• Watch: https://www.youtube.com/watch?v=6RWFFMtD5k8
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Force Closure
• A simplified 2D problem 

A 2D grasp with frictionless contacts

A 2D grasp consisting of a contact with friction and a contact without friction

√  3 possible force vectors with 2 linearly independent

× generate zero force with non-zero forces at  
each contact

× The origin is contained in the interior of 
the space of possible applied forces.

√  3 possible force vectors with 2 linearly independent

√ generate zero force with non-zero forces at  
each contact

√ The origin is contained in the interior of 
the space of possible applied forces.

https://www.youtube.com/watch?v=6RWFFMtD5k8


• Annotate real data
• Generate synthetic data with grasp label
• sample grasp candidate with objects geometry
• evaluate them with physical simulator
• label grasps that form force closure as positive  

Dataset
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Synthetic dataset
• Object set: without grasping annotation

Object Datasets

ShapeNet ModelNet
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Object Datasets

• Objaverse-XL: 10M+ 3D Objects



Synthetic dataset
• ACRONYM: with grasping annotation

Grasp Dataset

C. Eppner, A. Mousavian, and D. Fox. Acronym: A large-scale grasp dataset based on simulation. ICRA 2021. 9



Real dataset
• GraspNet-1Billion: with grasping annotation

Grasp Dataset

H.-S. Fang, C. Wang, M. Gou, and C. Lu. Graspnet-1billion: a largescale benchmark for general object grasping. CVPR 2020. 10
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GraspNet-1Billion: How Grasp Annotations Generated?
Grasp pose annotation pipeline
• The grasp point is firstly sampled from point cloud. 
• Then the grasp view, the in-plane rotation and the gripper depth are sampled and evaluated. 

Finally, the grasps are projected on the scene using the 6D pose of each object. 
• Collision detection is also conducted to avoid the collision between grasps and background 

or other object. 



Grasp Detection



• Due to multi-modal grasp distribution, formulate grasping as a
detection problem.

Grasp Detection
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Voxel Grids
• A voxel represents a value in a regular 3D grid. Voxel Grids are analogous 

to images in 3D space, where a voxel is similar to a pixel over a 3D grid 
instead of a 2D image
• Network: VGN
• Explicit geometry; limited by the volume resolution

Visual Input Representation
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M. Breyer, J. J. Chung, L. Ott, R. 
Siegwart, and J. Nieto. Volumetric 
Grasping Network: Real-time 6 DOF 
Grasp Detection in Clutter. CoRL 2020.



Point Cloud
• Backbone: PointNet, PointNet++
• Network: GraspNet-baseline
• Explicit geometry; sensor noise, 

depth error (specular/transparent) 

Visual Input Representation

PointNet

PointNet++GraspNet-baseline 15



Images
• RGB only: MonoGraspNet
• Multi-view RGB: GraspNeRF
• Implicit geometry

Visual Input Representation

Dai, Q., Zhu, Y., Geng, Y., Ruan, C., Zhang, J., and Wang, H. GraspNeRF: Multiview-based 6-DoF Grasp Detection for 
Transparent and Specular Objects Using Generalizable NeRF. arXiv:2210.06575.

Zhai G, Huang D, Wu S C, et al. MonoGraspNet: 6-DoF Grasping with a Single RGB Image. arXiv:2209.13036, 2022.
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• Success Rate
• the ratio of successful grasp executions

• Percent cleared
• the percentage of objects removed during each round

• Planning time
• the time between receiving input and returning grasps

Metrics
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Volumetric Grasping Network: Real-time 6 DOF Grasp 
Detection in Clutter (VGN)

18

M. Breyer, J. J. Chung, L. Ott, R. Siegwart, and J. Nieto. Volumetric Grasping Network: Real-time 6 DOF Grasp Detection in Clutter. CoRL 2020.



How to define grasps?
• Define a grasp g by:
• The position t (index in the volume)
• Orientation r (quaternion) 
• The opening width w of the gripper 

• Each pose is associated with a scalar quantity q ∈ [0, 1] capturing the 
probability of grasp success
• The edges of the volume correspond to the boundaries of the 
grasping workspace
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VGN



Detection Network
• Input is represented as a TSDF volume fused from multi-view depth 

maps
• The output is three volume, with each voxel contains quality, 

orientation and width respectively 
• Follows a 3D FCN encoder-decoder architecture
• Training loss is similar to S4G 
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VGN



Post processing
• The grasp quality tensor is smoothed with a 3D Gaussian kernel which 

favors grasps in regions of high grasp quality
• Mask out voxels whose distance to the nearest surface is smaller than 

the finger depth
• Apply non-maxima suppression

VGN
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Synthetic data generation
• Create virtual scenes for simulated grasping trials using two different 

strategies, “pile” and “packed” using PyBullet Simulator
• Sample a point and associated normal from the ground truth point cloud
• Test 6 different grasp orientations about the normal vector by spawning the 

gripper at the given pose
• Pose that lead to a collision with the environment are labeled as negative

VGN
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• Real demo
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VGN



• More robust to occlusion thanks to multiview observation

• Limited to predefined workspace

• Limited to volume resolution
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VGN



GS-Net

Graspness Discovery in Clutters for Fast and Accurate Grasp 
Detection (ICCV 2021)



GS-Net

• For grasp pose  detection in the wild, it 
can be regarded as a two-stage problem.

üWhere stage ( locations with high 
graspability)

üHow stage ( decide grasp parameters 
like in-plane rotation, approaching 
depth, grasp score and gripper width)



Graspness Discovery

• A novel geometrically based quality, graspness, for distinguishing graspable 
area in cluttered scenes.

• For point sets P, V approach directions uniformly distributed in a sphere space. 

• Point-wise graspness scores

• View-wise graspness scores



Graspness Measure

• For each grasp, calculate a grasp quality score using a force analytic model

• Single Object Graspness.



Graspness Measure

• Scene-Level Graspness
üEach grasp is evaluated by a collision checking process and assigned a 

collision label

• Project the object points to scene by object 6D poses.

• For each point in the scene, associate it with the nearset projected object point.



GSNet Architecture

• Backbone Network

üResUNet14 build upon MinkowskiEngine

üU-shape architecture with residual blocks

üFor point cloud of size Nx3, extract a 
C-channel feature, output a point  set of 
size Nx(3+C)



SparseConv

• Most voxels in a 3D point cloud are empty, which makes the point cloud data in 3D 
voxels typically a sparse signal.

• Compute convolutions on sparse data efficiently, instead of scanning all image pixels 
or spatial voxels.

• The convolution output is only computed when the kernel covers an active input site.



GSNet Architecture
• Graspable Farthest Point Sampling

• an MLP generate point-wise graspable 
landscape, and output 

ügrasapble landscape (Nx1) 
übinary objectness classification score 

(Nx2)

• Select points with graspness score larger 
than threshold and adopt FPS to maximize 
distances among sampled points.

• M seed points are sampled with (3+C)-
dim features



GSNet Architecture

• Graspable Probabilistic View Selection

• V views are sampled from a unit sphere using Fibonacci lattices.

• An MLP output MxV vectors for view-wise graspable landscapes, and MxC residual features for 
grasp generation.

• Normalize the graspness scores of all views to (0,1), probability score, and use probabilistic view 
selection(PVS) to get the best view.



GSNet Architecture

• Cylinder-Grouping from Seed 
Points

• For each of the M point-view pairs,
group and sample K points using the 
cylinder with fixed height and radius.

• Grasp candidates of size MxKx(3+C)
üpoint coordinates normalized by 

cylinder radius
üfeature vector



GSNet Architecture

• Grasp Generation from Candidates

• Grasp candidates are processed by an MLP and max-pooling layer.

• Output scores and widths for different (in-plane rotation)-(appraoch depth) combinations by 
an MLP.

• Output size is Mx(AxDx2) where A is the number of in-plane rotation angles, D is the 
number of gripper depths, and 2 is score and width.



GSNet 
Qualitative results of GSNet

Real grasping experiments



GSNet 

Landscape types

Inference speed on GraspNet-1Billion. “CGM” is cascaded graspness 
model and “GOM” is grasp operation model.

View graspness types



GSNet 

ØConclusion

• A novel geometrically based quality named graspnes.

• A look-ahead searching method is adopted as the graspness measure.

• An end-to-end network is developed to incorporate graspness into grasp 
pose detection problem.

• An independent model learns the graspable landscapes.



Conditional Grasp
Generative Model



Data: DexGraspNet 2.0

In submission.



Diffusion-based Dexterous Hand Pose Generation



• Objectness: whether it is a point on the objects
• Graspness: whether it is likely to be a seed point
• Accumulated with nearby gt seed points

• Stage 1: Where to grasp
• Use sparse convolution to 

get the local feature
• Predict graspness and 

objectness scores

Method



• To handle the multi-modal grasping pose 
distribution, we use diffusion model for 𝑇 and 𝑅
• Then predict 𝜃 directly

• Stage 2: How to grasp

• Predict residual position 𝑇, 
rotation 𝑅, finger joint angles 𝜃

• Use only the local feature
in stage 1

Method



Dexterous Grasping Pose Diffusion Model



• Achieve SOTA on DexGraspNet 2.0 benchmark

Experiments



• We explore the impact of scaling 
the number of grasping poses and 
scenes

• Significant performance 
degradation with less 
poses/scenes

Scaling Law of Grasp Data



• Our method can be used for 
robots with varying 
morphologies

• For parallel grippers, our 
method can achieve comparable 
performance with GSNet and 
outperform others

Experiments



Real Experiments



Ø Compare to gripper
The dexterous hand has stronger wrapping ability

Real Experiments



Summary

ØMain contribution:  
• Large-scale Benchmark for dexterous grasping in cluttered scenes

7500 synthetic training scenes and 670 test scenes.
• Propose an end-to-end generative grasp prediction pipeline 

generates wrist 6D pose via diffusion model.
regress hand joint poses conditioned on wrist pose.

ØLimitations:  
• Limited to power grasping
• Data only covers force closure cases.



Generalizable Grasping for Diffuse Objects

Fang, Hao-Shu, et al. "Graspnet-1billion: A large-scale benchmark for general object grasping." Proceedings 
of the IEEE/CVF conference on computer vision and pattern recognition. 2020.



Depth Sensing Problem
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RGB Depth

Point cloud Specular



Demo: Robotic Grasping

GraspNet-baseline 
only



Demo: Robotic Grasping

Refined point cloud 
+ 

GraspNet-baseline



Data Generation (STD-GraspNet)
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• Randomization of object layout: object instances, arrangement 

DREDS: Domain Randomization
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• Randomization of object material: BSDF

DREDS: Domain Randomization
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• Randomization of background

DREDS: Domain Randomization
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• Randomization of illumination

DREDS: Domain Randomization
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• Randomization of camera viewpoint 

DREDS: Domain Randomization



ASGrasp: Generalizable Transparent Object 
Reconstruction and 6-DoF Grasp Detection 

from RGB-D Active Stereo Camera
Jun Shi1, Yong A1, Yixiang Jin1, Dingzhe Li1, Haoyu Niu1, Zhezhu Jin1, He Wang†2,3,4

1 Samsung R&D Institute China, Beijing (SRC-B)  
2 CFCS, School of Computer Science, Peking University 3 Galbot

4 Beijing Academy of Artifcial Intelligence (BAAI) 

†: corresponding author



ASGrasp Pipeline
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World-wide First Material-Agnostic Grasping Method

With a success rate > 95%

Real World Experiment







D3RoMa: Disparity Diffusion-based Depth Sensing 
for Material-Agnostic Robotic Manipulation

CoRL 2024

Method: Geometry guided disparity diffusion



Experiments on Sim2Real



Result Visualization
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