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Abstract. Autonomous robot grasping in multi-object scenarios poses
significant challenges, requiring precise grasp candidate detection, de-
termination of object-grasp affiliations. To solve these challenges, this
research presents a novel approach to address these challenges by devel-
oping a dedicated grasp detection model called GraspAnything, which
is extended from SegmentAnything model. The GraspAnything model,
based on SegmentAnything (SAM) model, receives bounding boxes as
prompts and simultaneously outputs the mask of objects and all pos-
sible grasp poses for parallel jaw gripper. A grasp decoder module is
added to the SAM model to enable grasp detection functionality. Exper-
iment results have demonstrate the effectiveness of our model in grasp
detection tasks. The implications of this research extend to various in-
dustrial applications, such as object picking and sorting, where intelli-
gent robot grasping can significantly enhance efficiency and automation.
The developed models and approaches contribute to the advancement of
autonomous robot grasping in complex, multi-object environments.

Keywords: Autonomous Robot Grasping - Grasp Detection - Multi-
Object Environments.

1 INTRODUCTION

Robot grasping has been a fundamental challenge in the field of robotics and
automation. The ability to accurately detect and grasp objects is crucial for
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various applications, such as manufacturing, warehousing, and home assistance.
Traditional approaches to robot grasping often rely on predefined object models
and carefully engineered features, limiting their flexibility and adaptability to
new objects and environments.

Recent advancements in deep learning and computer vision have paved the
way for more intelligent and versatile robot grasping systems. Models like GG-
CNN [2], Dex-Net [3] and GR-ConvNet [4] have demonstrated remarkable capa-
bilities in grasp pose detections based on RGB and depth map, enabling opera-
tions on unseen objects with high success rate. However, the task of autonomous
robot grasping in multi-object scenarios remains a significant challenge, as it
requires not only precise grasp candidate detection but also an understanding of
object-grasp affiliations.

The motivation behind this research stems from the need to develop intelli-
gent robot grasping systems that can operate effectively in complex, multi-object
environments. Existing robot grasping methods are only trained to predict all
possible grasp poses but ignoring objects, hence requiring a separate object de-
tection model to detect the location of target object. This limitation hinders
their practical applicability in dynamic environments where novel objects may
be encountered. Therefore, there is a strong motivation to develop an open-
vocabulary grasping system that can adapt to new objects without the need for
retraining. [5-7].

In this research, we focus on grasp detection task and propose a grasp de-
tection model called GraspAnything which can recognize the pose of objects,
especially in complex environments

2 RELATED WORK

Robot grasping detection is a crucial component in the development of au-
tonomous robotic systems capable of manipulating objects in various environ-
ments. The goal of grasp detection is to identify suitable grasping points or
regions on an object that allow a robot to securely and stably hold the object
for manipulation tasks.

Traditionally, grasp detection methods relied on analytical approaches based
on geometric and physical models of objects and robot grippers. These methods
often required precise knowledge of object shapes, sizes, and material properties,
limiting their applicability in dynamic and unstructured environments. With the
advent of deep learning, data-driven approaches have emerged as a prominent
solution for grasp detection. These methods leverage large datasets of grasping
examples to learn generalizable models that can predict suitable grasping points
or regions on novel objects [8, 9].

Both the 2D rectangle grasping and 6-DoF pose grasping have been exten-
sively explored. To address the multi-object scenarios, both 2D heatmaps and
3D equivalents are proposed to localize the graspness as the first stage, and then
for corresponding pose regression in the second stage. The grasp detection is
also treated as a special formation of object detection problem, and most works
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Fig. 1. The architecture of the GraspAnything model

build the grasp detectors based on two-stages object detection models such as
Faster-RCNN [10].

Various sensor formats are explored as the input for the prediction network,
such as RGB image, depth map, RGB-D image and point cloud. Many methods
take depth image as input for grasp inference, but they rely on additional sensors
and their accuracy is highly dependent on the quality of the input depth image
[11, 12]. In this work, we only focus on 2D rectangle grasping detection based on
RGB image input.

3 METHOD

3.1 Feature Generation

The GraspAnything model's segmentation function is built upon Meta's Segmen-
tAnything (SAM) model [1], which has demonstrated remarkable performance
in instance segmentation tasks. The SAM model is designed to generate high-
quality instance masks from simple prompts, such as bounding boxes or points,
making it a powerful tool for object segmentation.

Figure 1 shows the architecture of our GraspAnything model. The segmen-
tation branch of the model consists of four main components: an image encoder,
a prompt encoder, a mask decoder, and a mask upsampler. The image encoder
is a vision transformer (ViT) that extracts features from the input image. The
prompt encoder processes the input prompts, such as bounding boxes or points,
and generates corresponding embeddings. The mask decoder takes the image
features and prompt embeddings as input and produces mask latent in high di-
mension but low resolution. The mask upsampler is to upsample the mask latent
to the final mask output which is of the same size of input image.

During training, we set all model parameters to be trainable. To prevent
model from forgetting mask prediction ability, we also apply mask prediction
loss during training:
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where y; is the ground truth mask value for each pixel, 7; is the predicted mask
value for each pixel, N is the total number of pixels (in our case is always
1024 x 1024), Apcr and Ap;.. are loss coefficients for binary cross-entropy loss
and dice loss, respectively.

3.2 Grasp Generation

We extend the functionality of SAM to grasp detection by adding a grasp de-
tection branch. A detailed breakdown of the grasp detection branch is in Figure
1. Given the mask decoder output F;,, we use it as the context for cross atten-
tion blocks in the grasp decoder. To be specific, given the learnable embeddings
EO c RNq><256:

E;, =FF;(CA; (SA; (Ei—1), Fum, Fn)), i €[1, Nayers)
where IV, is a hyperparameter denoting the maximum number of grasp boxes
to detect, Njgyers is the number of transformer blocks in the grasp decoder,
S A stands for self-attention module, C' A stands for cross-attention module, and
FF stands for the feed-forward layer. With the final output Ey,,, .., grasp
predictions are calculated as:

% .8, W, 0¢| = olLincar (By,,,...)), & 3, 6, W, 6.5 RO

where X, y are the center coordinates of the grasp boxes, 0 is the predicted
gripper opening distance, w is the allowed range for the gripper to shift, 6 is
the predicted rotation angle of the gripper regarding to horizontal axis, € is the
predicted confidence scores, o stands for the sigmoid activation function, Linear
is the final regression layer.

To calculate loss, we create a 1-to-1 matching between ground truth grasp
boxes and the predicted ones. Following DETR, we use Hungarian Match for
this matching problem. First, we construct a cost matrix C, C € R¥«*" where
n is the number of ground truth grasp annotations. Each element C;; of the
matrix represents the cost of assigning the i-th prediction to the j-th ground
truth object. We form the cost matrix as follows:

C;j = A¢ x CrossEntropyLoss (&, ¢;)
+ )\bboa: x L1Loss ({@7@7@7@7 e’bjl ; [xj7y]7 Ojawj70]])
+ /\giou x GIOULoss ([‘f’ta g\h 6\7'» {U\l] ) [x_% Yj, 05, w]])
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After the cost matrix is obtained, we use the Hungarian algorithm to find
the assignment of predictions to ground truth objects that minimizes the total
cost. Formally, we seek to find a bijection f:P—G that minimizes the total cost:
min Zi\il Ci, (i) » where P is the set of predictions, G'is the set of ground truth
objects, and f(i) gives the ground truth object assigned to the i-th prediction.
Once the optimal assignment is found, compute the loss for the model based on
this assignment:

Lgrasp = Ac X CrossEntropyLoss (¢, c)
+ Appor X L1Loss ([ﬁ&ﬁ ,5} [x,y,0,w, e])
+ Appoz X GIOULoss ([X,¥,0,W], [x,y,0,W])

)

4 RESULTS

We built GraspAnything upon SegmentAnything ViT-B with 12-layered, 768-
dimensional image encoder. The additional grasp decoder is a 6-layered, 256-
dimensional transformer decoder.

The GraspAnything model was trained on combined dataset of OCID-grasp
[14], VMRD [13], Jacquard [13] and MetaGraspNet [16] for 500k steps, with
batch size of 16. Learning rate of the grasp decoder extension is set to 1 x 1074
and the pretrained SegmentAnything modules to 1 x 107°. For evaluations, we
further finetune the model on each single dataset for 100k steps to improve
performance on the dataset domain and fit to the dataset distribution.

We evaluate the performance of our system on OCID-grasp and Jacquard
using grasp success rate which measures the ability of the model to predict
accurate grasp boxes for a given object.

The results are presented in Table 1. Figure 2 shows various detection results
on images from these two datasets. With completely different structure from
previous models which mostly based on heatmap prediction or anchor-based
prediction, our model achieves grasp success rates that are nearly equal to the
state-of-the-art (SOTA) models on both datasets, while keeping the flexibility in
object selection and minimizing the misallocation from predicted grasps to the
desired object. This demonstrates the effectiveness of our approach in accurately
predicting grasp boxes for objects in cluttered environments.

5 CONCLUSION

This research successfully tackles the complexities inherent in autonomous robot
grasping within multi-object environments. By extending the Segment Anything
model to create the novel GraspAnything model, we have developed a dedi-
cated solution that excels in identifying precise grasp candidates. Experimental
results have demonstrated effectiveness of GraspAnything in grasp detection
tasks, thereby affirming its potential for broad application in robotic grasping
systems. This advancement represents a step forward in enhancing the efficiency
and reliability of autonomous robotic interactions in complex scenarios.
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OCID-grasp Jacquard

Fig. 2. Example predictions on the OCID-grasp and Jacquard dataset. Left of each
pair: original images and box prompts for desired object to grasp. Right of each pair:
Top-3 grasps and instance masks predicted by the model.

Table 1. Evaluation of grasping performance

Dataset Methods Grasp Success Rate
GG-CNN 63.4
GR-ConvNet 74.1
EfficientGrasp RGB-D [17] 76.4

ID-

OCID-grasp Det-Seg-Refine [14] 89.02
GSMR-CNN [18] 91.9
GraspAnything (Ours) 87.3
Zhou [19] 81.95

Jacquard Depierre [15] 85.74
Song [20] 91.5
Det-Seg-Refine 92.65
GraspAnything (Ours) 89.4
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