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Abstract— Recognizing and grasping novel-category objects
remains a crucial yet challenging problem in real-world robotic
applications. Despite its significance, limited research has been
conducted in this specific domain. To address this, we seamlessly
propose a novel framework that integrates open-vocabulary
learning into the domain of robotic grasping, empowering
robots with the capability to adeptly handle novel objects.
QOur contributions are threefold. Firstly, we present a large-
scale benchmark dataset specifically tailored for evaluating the
performance of open-vocabulary grasping tasks. Secondly, we
propose a unified visual-linguistic framework that serves as a
guide for robots in successfully grasping both base and novel
objects. Thirdly, we introduce two alignment modules designed
to enhance visual-linguistic perception in the robotic grasping
process. Extensive experiments validate the efficacy and utility
of our approach. Notably, our framework achieves an average
accuracy of 71.2% and 64.4% on base and novel categories
in our new dataset, respectively. Our code and dataset are
available at https://github.com/cv516Buaa/OVGNet.

I. INTRODUCTION

The increasing demand for intelligent robots in diverse
real-world applications, including warehousing logistics [1],
domestic service [2], and smart agriculture [3], exposes lim-
itations in current robotic perception and grasping methods.
Existing methods are limited to recognizing predefined (seen)
categories, hindering their ability to handle novel-category
(unseen) objects in real-world scenarios where listing all pos-
sible categories is impractical. Hence, it is highly necessary
to introduce an algorithm for detecting and grasping novel-
category objects in the field of robotics.

Recent advancements in the field of visual-linguistic
robotic grasping have facilitated human-guided interaction
with robots through language. Various methods [4]-[6] have
been proposed to develop deep learning-based frameworks
that address the challenge of visual-linguistic feature rep-
resentation. These frameworks empower robots to execute
object grasping tasks based on language guidance. However,
there still exists two main weaknesses in visual-linguistic
robotic grasping task. First, previous methods overlook the
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Fig. 1. The diagram of open-vocabulary grasping. Objects and fonts in
red and blue respectively indicate the base and novel categories.

representation potential on localizing and grasping novel
(unseen) objects. The benchmark datasets on this task is also
lacking. Second, with the development of open-vocabulary
learning (OVL), some notable methods [7], [8] provide
an insight on detecting novel objects. However, a unified
framework, which integrates OVL mechanism into robotic
grasping still remains unexplored.

To address the aforementioned weaknesses, we intro-
duce an innovative benchmark dataset named OVGrasping
specifically tailored for the open-vocabulary grasping (OVG)
task. Comprising 63,385 instances across 117 categories,
the dataset is strategically partitioned into base and novel
categories. The primary objective is to guide robotic systems
in recognizing and effectively grasping novel objects. Ad-
ditionally, we also introduce the Open-Vocabulary Learning
(OVL) concept into the realm of robotic grasping, presenting
a comprehensive framework termed as OVGNet for the OVG
task. The framework focus on localizing and grasping novel
objects by leveraging the learned knowledge from open-
vocabulary foundation models and fine-tuning knowledge
with only base categories. As shown in Fig. 1, our framework
comprises a visual-linguistic perception system for locating
target objects based on language references and a grasping
system for acquiring them using specific grasping poses. To
improve the perceptual capability for novel objects, we intro-
duce an image guided language attention module (IGLA) and
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a language guided image attention module (LGIA) within
the visual-linguistic system. These modules ensure alignment
between visual and linguistic features, thereby promoting
generalization from base-category to novel-category objects.
Extensive experiments conducted on the OVGrasping dataset
validate the efficacy of OVGNet. Visualization and analysis
demonstrate the interpretability of our method.

Comparing to previous methods (Fig. 1). The VLG task fo-
cuses on locating and grasping base-category objects, which
may fail when encountering with novel-category objects. In
contrast, the OVG task aims to generalize the locating and
grasping ability, consequently facilitating open-vocabulary
grasping for novel-category objects. In summary, the main
contributions are listed as follows:

o We are the first to introduce a large-scale dataset for
benchmarking the OVG task, providing a valuable re-
source for guiding robots in grasping both base and
novel categories.

e We propose a novel OVG framework that integrates
the OVL into robotic grasping, which leverages both
prior knowledge and fine-tuning techniques, signifi-
cantly enhancing the robot’s ability to grasp novel-
category objects.

o We introduce two alignment modules to enhance fea-
ture consistency, thereby improving the generalization
capabilities of our visual-linguistic perception system.

II. RELATED WORKS
A. Grasp Pose Detection

Grasping pose detection mainly falls into two categories.
2D grasping [9] detects the grasping points and orientations
within a two-dimensional plane. In contrast, 6-DOF grasp-
ing [10]-[13] is the most extensively method. GraspNet [14]
has constructed a dataset containing one billion grasp poses
and provides a baseline for detecting grasp poses. Further-
more, Lu et al. [15] propose the FGC-Grasp which integrates
force-closure with measurements of flatness, gravity, and
collision. Xu et al. [16] propose a single-stage grasping
network to execute instance-level grasping. Wang et al. [17]
propose a visual grasping framework based transformer,
which captures both local and global features.

B. Open-Vocabulary Visual Grounding

Open-Vocabulary learning [18], [19] aims to expand the
range of vocabulary and comprehension. Previous works
mainly involved two aspects: Open-Vocabulary Detection
(OV-D) [20]-[23] and Open-Vocabulary Segmentation (OV-
S) [24]-[27]. OV-D methods aim to detect the objects without
the predefined category. These approaches can accurately
detect various objects instructed by language. Liu et al. [8]
propose an OV-D framework based on DINO [28], which
outputs the score between phrases and objects. Unlike the
OV-D and OV-S methods, Open-Vocabulary Visual Ground-
ing (OV-VQG) aims to detect and locate the novel-category
objects referred by natural language, establishing a more ex-
tended correspondence between language and vision. Wang

et al. [29] are the first to introduce the concept of OV-VG
and benchmark various models on the OV-VG task.

C. Vision-Language Guided Robotic Grasping

With the development of the large language models [30],
[31] and multi-modal models [7], [8], vision-language guided
robotic grasping has become a cutting-edge research topic.
Xu et al. [5] access the probability of each grasping pose by
jointly model action, language, and vision. Tang et al. [32]
design a task-oriented grasp method to address the challenge
of task grounding in addition to object grounding. Sun et
al [33] employ CLIP [7] for object localization and 6-
DoF pose estimation, enhancing performance with a novel
dynamic mask strategy for feature fusion. Lu et al. [4]
propose a VG dataset called RoboReflt to train visual-
linguistic model. Despite the successful integration of visual-
linguistic models into the robotic grasping task, allowing
for effective manipulation of target objects within the base
category, the challenge of grasping novel objects persists.

III. PROPOSED METHOD
A. OVGrasping Dataset

To empower robots with proficiency in locating and
grasping both base and novel objects, we construct a new
large-scale language-guided grasping dataset termed as OV-
Grasping, by reorganizing the RoboReflt [4], GraspNet [14]
dataset, and incorporating newly collected data.

1) Dataset Descriptions: The OVGrapsing dataset com-
prises 117 categories and 63,385 instances. Instances are
sourced from three distinct origins: RoboReflt, contributing
a total of 66 classes; GraspNet, enriching the dataset with
34 classes; and a simulated environment, encompassing 17
classes. Notably, we employ pybullet to craft the simulation
environment, incorporating 3D models made available by
OmniObject3D [34]. Subsequently, we employ a camera
positioned orthogonally to the grasping plane to capture
images with dimensions of 480x640 pixels.

Specifically, The dataset is divided into two categories:
the base category consists of 68 classes with 51,857 in-
stances, and the novel category comprises 49 classes totaling
11,528 instances. The base category is used for training our
framework, whereas the novel category is only utilized to
evaluate the performance of open-vocabulary. Additionally,
to evaluate the performance within the base category, we
randomly extract 10% from the base category as the test
set with 4,830 instances. Totally, the OVGrasping dataset
encompasses various categories of objects and distinctly
divide them into base and novel categories.

2) Data Annotation and Samples: During the annotation
process, to ensure data accuracy and reliability, we hired a
team of six annotation experts and three quality inspectors
to check the consistency and accuracy of the annotation
data. In the dataset, we provide a comprehensive description
of each object, guided by the contextual semantics of the
image, including color, shape, and location. Considering that
the images provided by OVGrasping potentially includes
similar or identical objects, we design a new annotation
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Hand me the yellow round peach on
the left of blue meat can

I want to use the green bottled
gillette on the right of deer

Can you give me the mouthwash at
the top of white body lotion

Fetch me the red marker at the
bottom of blue ball

Pick up the red pomegranate at the
top of yellow mustard bottle

Bring me the red strawberry at the
bottom of yellow sugar box

Fig. 2. Samples of OVGrasping dataset. Red boxes indicate the target
objects, and green boxes denote the relative objects.

format for guiding the network to better detect and locate the
target object, which is inspired by RoboReflt. Specifically, as
shown in equation 1, we introduce subject-object relationship
to determine the relative position, thereby distinguishing the
target object from two identical objects.

Describtion = < Template > + < Target Object >

1
+ < Position > + < Relative Object >. M

During the annotation process, we randomly generate
template for each target object. Annotators are tasked with
providing input solely for the relative location and the
corresponding object. Examples are shown in Fig. 2. We
provide a detailed description to locate the target object from
two identical objects. In essence, the OVGrasping dataset
not only includes a plenty of base and novel classes, but
also introduces the subject-object relationship to describe the
relative position, providing guidance for robots to develop
proficiency in grasping the target from identical objects.

3) Dataset Comparison: The OVGrasping dataset aims
to facilitate robotic perception and grasping of base and
novel objects. To fully analyze the main features of the
OVGrsaping, we conduct a thorough comparison with four
extensive datasets, among which the RoboReflt is the most
relevant to robotic grasping. As indicated in Table I, OV-
Grasping exhibits a higher average word count in comparison
to RoboReflIt, accompanied by more detailed descriptions.
Furthermore, compared to Sun-Spot and RoboReflt, the
OVGrasping demonstrates a notable increase in both the
number of object classes and instances. Lastly, and most
importantly, the OVGrasping is an open-vocabulary (OV)
dataset oriented toward robotic grasping.

To summarize, comparing to previous datasets, the OV-
Grasping has the following advantages: 1) It introduces open-
vocabulary into robot grasping, clearly divides base and
novel categories. 2) It uses detailed language to describe
the target object, including subject-object relationship, shape,
color. 3) It reorganizes data from multiple datasets, including
both real and virtual. 4) It contains diverse and abundant
instances, which can guide robots to perceive novel objects.

TABLE I
COMPARISON OF PRIMARY CHARACTERISTICS BETWEEN PREVIOUS
DATASETS AND OVGRASPING DATASET.

Data Number Avg. Object Data

Datasets ‘ Format ‘ Instances | Word ‘ ov ‘ Classes Source
OVGrasping RGB 63,385 10.0 v 117 Real, Virtual

RoboRefIt RGBD 50,758 9.5 X 66 Real

ScanRefer 3D 51,583 20.0 X 250 Real

SUNRefer 3D 38,495 16.3 X - Real

Sun-Spot RGBD 7,990 14.0 X 38 Real

B. The Architecture: OVGNet

To achieve open-vocabulary grasping, as shown in Fig. 3,
we design a unified visual-linguistic grasping framework
inspired by GroundingDino [8] and GraspNet, which com-
prises two integral components: a visual-linguistic perception
system and a grasping system.

1) Visual-Linguistic Perception System: The system is
designed to locate the base and novel target object based on
language input. Given an image ¢ and a text description [, fol-
lowing the GroundingDINO, we extract image features and
text features using the image backbone f;(-), text backbone
f1(+), and cross-modality encoder f..(-), which parameters
remain fixed throughout the training process.

Vi, Vg :fce(f2(2)7fl(l)) (2)

Considering that the OVGrasping dataset includes com-
plex linguistic structures such as subject-object relationship.
To align the consistency between vision-language features,
we design an Image Guided Language Attention (IGLA)
to enhance the text feature, which is based on multi-head
attention (MHA). Then, we use image feature v; as query,
and text feature v; as key and value. Through multi-head
attention, image features are aligned with text features,
generating visual-linguistic feature v;. Subsequently, we
scale the vision-language features by «, and employ a skip
connection to add them to the original text feature vy,
yielding the image-guided text feature vg. The formulation
for IGLA is as follows:

’Ui’UlT

v dy,

Empirically, we set a to 0.5, where d,, represents the
dimension of v;. Furthermore, to enhance visual-linguistic
comprehension and heighten attention to regions described
in the language within the image, we introduce a Language
Guided Image Attention (LGIA) to refine the image feature
v;. Specifically, we employ a fully connected layer and L2
regularization to map v; and vl/ to the same dimensional
space, obtaining v;4 and v;d. These features are utilized to
compute the constraint score S., as depicted below:

_ (1*“1:,1(2)Tvl,d(w))2 )

vl, =avy + v, v = softmax( Yo 3)

262

Sc—ﬂ*e( “4)

where 8 and @ are learnable parameters. v;q(z)T v, ()
represents the constraint score for each point x in the vector.
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Fig. 3. The overview of OVGNet. The visual-linguistic perception system locates the target object referred by natural language. The grasping system
generates grasping pose for the target object. MHA stands for multi head attention. Feature constrain represents the scaling of image feature using the
constraint score. LGQS represents the language guided query selection module.

After obtaining the constraint score, we employ it to dampen
the significance of areas in the image that are irrelevant to
the language, obtaining language guided image feature v,.

where A denotes the balance parameter, which is empirically
set to 0.6. Finally, following the GroundingDINO, we use
language-guided query selection fis(-) to select queries v,
from v;. The number of queries is set to 900. Subsequently,
we input v;, U;, and v, into cross-modality decoder f.q(-),
outputting the bounding box y with the maximum score.

y = argmaz(fea(fus(v;,v,),v;,0;)) 6)

2) Grasping System: The system is designed to guide
the robots to grasp target object. During the experimental
process, we observed that generating an accurate grasping
pose for smaller objects is challenging. Therefore, we use
the target bounding box obtained from visual-linguistic per-
ception system to segment the original point cloud, obtaining
the target point cloud. Subsequently, we input the target point
cloud into pre-trained GraspNet to generate 6-DOF grasping
poses. To enhance the success rate of grasping and filter
out unsuitable postures, we use the grasp score obtained by
GraspNet and grasp angle as thresholds to filter grasp poses.
Following this, in the process of selecting the target grasp
pose, we employ Euclidean distance to compare the distances
between the center point of the bounding box and the center
point of each grasp pose. The grasp pose with the shortest
distance is chosen as the target grasp pose.

IV. EXPERIMENTS

In this section, we evaluate the effectiveness and ratio-
nality of our proposed framework on OVGrasping dataset
and virtual environment, which includes visual-linguistic
perception and grasping success rate.

A. Visual-Linguistic Perception

1) Training Settings: We train the visual-linguistic sys-
tem on OVGrasping dataset by using two NVIDIA Geforce
RTX 3090 GPUs. The learning rate and batch size are set to
le-5 and 16, respectively. We initialize the OVGNet parame-
ters with GroundingDINO, which has been pre-trained on di-
verse datasets including COCO [35], 0365 [36], LIVS [37],
V3Det [38], Flickr30k [39], and GRIT-200K. Empirically,
we set the fine-tuning epoch to 10. In the training process,
we applied a random cropping for data augmentation. The
longest edge of image and the max text length are set to
1333 and 256, respectively.

2) Result on OVGrasping Dataset: The accuracy of
visual-linguistic perception is an important factor in en-
suring the efficiency of open-vocabulary grasping. To fully
demonstrate the effectiveness of OVGNet, we conducted a
comparative experiment on the OVGrasping dataset. Follow-
ing previous works [4], [40], we use precision@0.5 as the
evaluation metric, which requires the intersection over union
(IoU) between the predicted bounding box and the ground-
truth box to be greater than 0.5. To ensure consistency in
data usage between VL-Grasp and OVGNet, we retrained
VL-Grasp on the OVGrasping dataset, in which the batch
size and training epoch were set to 8 and 90, respectively.

As shown in Table II, our approach exhibits a marginally
lower performance compared to VL-Grasp in the base cate-
gory, which may be attributed to the fewer training epochs
compared with VL-Grasp. However, in contrast, our method
demonstrates outstanding perceptual and generalization abil-
ity in novel category. Specifically, OVGNet achieves 47.38%
improvement over VL-Grasp. Such significant improvement
can be attributed to prior knowledge from the foundation
model, and fine-tuning knowledge from base objects. These
experimental results validate the effectiveness and rationality
of our visual-linguistic perception system.
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TABLE II
COMPARISON ofF DETECTION RESULTS wiTH OTHER METHODS

ON OVGRASPING.
| | OVGrasping
Methods ‘ Pre-trained Data ‘ Base Novel
VL-Grasp | None | 86.08 18.88
OVGNet(ours) COCO, 0365, LIVS, V3Det, 84.22  66.26

GRIT-200K, Flickr30k.

TABLE III
ABLATION STUDY OF OUR PROPOSED MODULES ON OVGRASPING
DATASET.
| \ OVGrasping
IGLA | LGIA
| | B Novel
X X 81.90 64.09
v X 82.98  65.08
X v 83.03  65.21
v v 84.22  66.26

3) Visualization Experiments: In this section, to further
analyze the characteristics of OVGNet and VL-Grasp, we
conducted the visualization analysis on OVGrasping dataset.
As shown in Fig. 4 (a), in the base category, both VL-
Grasp and OVGNet can accurately detect the target object
referred by natural language. As indicated in Fig. 4 (b),
VL-Grasp can not efficiently detect novel objects, while
OVGnet can accurately locate the novel objects. As shown in
Fig. 4 (c), for the target object described with subject-object
relationships, VL-Grasp tends to detect the relative object
that belong to the base class. In contrast, the OVGNet can
effectively recognize and locate the target object.

4) Ablation Study: In this section, to fully demonstrate
the effectiveness of the proposed modules, we conducted the
ablation studies on the OVGrasping dataset. As shown in
Table III, compared to the baseline, the performance in the
base category exhibits enhancements of 1.08% and 1.13%
with the inclusion of IGLA and LGIA, respectively. In novel
category, the two modules achieve an improvement with
0.99% and 1.12%, respectively. With the addition of the two
modules, our method outperforms the baseline by 2.32% and
2.17% in base and novel categories, respectively. The above
experiments effectively validate that the integration of two
modules effectively enhances the alignment between vision
and language, thus improving the performance of detection
accuracy in both base and novel.

B. Grasping in Virtual Environment

1) Grasping Setting: We constructed a grasping simu-
lation environment based on pybullet, employing the URS
arm and ROBOTIQ-85 to grasp target object, and using Intel
RealSense L515 to capture image for the visual-language
perception system. We randomly generated 135 grasping
scenes to test grasping accuracy, of which 65 are used to
test base and novel categories, and 70 are used to evaluate

(a) Find the green
pear at the top of
white zebra

Base

(b) Bring me the
power drill at the
top of the white soap

Novel

(c) I'want eat the
yellow pineapple at
the top of red mug

Novel

E)u rs VL-Grasp

Fig. 4. Visualization on OVGrasping dataset. Green boxes indicate the
ground-truth, and red boxes denote the detection results.

different tasks. All grasping scenes are stored in URDF
format, which can be loaded by pybullet. Each scene includes
8 objects and may contain multiple identical or similar
objects. To demonstrate our framework can locate the target
object from identical objects, we further classify grasping
scenes into single-grasping and multiple-grasping scenarios.
2) Grasping Test: In practical scenarios, the high trial-
and-error cost for the robot hinders repeated attempts to grasp
the target object. To comprehensively assess the grasping
efficiency of our proposed framework, we constrain the
attempts for each scene, setting the maximum attempts to
3. Specifically, once the robot successfully grasps an object
in a scene, the scene automatically terminates, irrespective
of whether the grasped object is the intended target or not.
Following the above criteria, we conducted grasping tests
on 65 scenes including base and novel. As shown in Table IV,
our grasping framework demonstrates a remarkable success
rate, requiring fewer grasping attempts. Specifically, with
just one grasping attempt, our framework attains an average
success rate of 44.9% for the base objects and 34.4% for
novel objects. The success rate exhibits a consistent upward
trend with additional grasping attempts. Upon reaching three
attempts, our framework achieves its peak success rate of
71.2% for base objects and 64.4% for novel objects. In
the base category, we find that our framework tends to the
single grasping scenes, achieving a maximum success rate of
73.1%. While in the novel category, it prefers to multiple-
grasping scenes, and achieves a success rate of 65.1%. The
above results effectively validate the grasping performance
of our framework on base and novel categories.
Additionally, we select 4 simple objects and 3 hard objects
to conduct the grasping test of different tasks. Each object
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TABLE IV
GRASPING SUCCESS RATE TEST ON BASE AND NOVEL SCENES.

Attempts | Base Novel
| Single | Multi | Total | Single | Multi | Total
1 50.3 39.5 44.9 36.3 32.4 34.4
2 62.1 53.2 57.7 54.6 44.5 49.6
3 73.1 69.2 71.2 63.6 65.1 64.4
TABLE V

GRASPING SUCCESS RATE TEST ON DIFFERENT TASKS.

Task | Object | Base | Novel | Success Rate
Apple v 10/10
Orange v 8/10
Simple | Toothpaste Box v 8/10
Pear v 9/10
| Total | - 1 - | 87.5
Dragon v 5/10
Hard Power Dirill v 6/10
battery v 6/10
| Total | - 1 - | 56.6

includes 10 grasping scenes, which may contain identical
objects, with the maximum of attempts as 3. As shown in
Table V, in the simple task, our framework achieves an
average success rate of 87.5%, surpassing the average level in
base category. Meanwhile, in the hard task, our framework
attains an average success rate of 56.6%, approaching the
average level in novel class. The above results validate the
generalization of our framework in various tasks.

3) Comparison with other methods: In this section,
to further verify the effectiveness of our framework, we
employ 8 grasping scenes provided by VLAGrasp [5] to
test the grasping success rate. The grasping and linguistic
settings provided by VLAGrasp are different from our frame-
work. First, in our setting, once an object is successfully
grasped, regardless of whether it is the target object, the
scene automatically terminates. While in VLAGrasp, the
grasping process persists even if the initially grasped object
is not the intended target, extending until the maximum
allowed attempts are exhausted. Obviously, our grasping
setting is better suited for real-world applications. Second,
the language provided by VLAGrasp can refer to multiple
target objects. Nevertheless, in our setting, the language
must refer to single target object. Therefore, we adjust the
language provided by VLAGrasp to fit our linguistic setting.
The examples are shown as follows, where Ori. and Adj.
represents original and adjustment language, respectively.

e Ori. : grasp a round object.
e Adj. : grasp a blue round object.

As shown in Table VI, our framework achieves excellent
success rate with fewer attempts. It is worth noting that
the grasping scenes provided by VLAGrasp include 15
objects that belong to crowded scene, but our framework
can still accurately locate and grasp the target objects. Such

TABLE VI
GRASPING SUCCESS RATE TEST ON EIGHT SCENES PROVIDED BY
VLAGRASP [5].

Scenes | Target Object | Base | Novel | Success | attempts

1 Racquetball v v 1
2 Apple v v 1
3 Blue cup v v 1
4 Orange v v 2
5 Banana v X -
6 Weiquan v 1
7 Theramed v X -
8 Pear v v 1
Total | - | - | - | 750 | 116

"*@I

.
=

Pick up the dragon at the bottom of ~ Hnad me the dragon on the right of  Give me the dragon at the bottom

camel. cylindroid bottled shampoo. of blue cylindrical cup.
(a) Detect Error (b) Occlusion Interference (c) Irregular Object
Fig. 5. Case analysis. Green boxes indicate the ground-truth, red boxes

denote the predict results, and yellow area represents the defect.

performance adequately illustrates the robust environmental
adaptability of our framework.

4) Case Analysis: In this section, to better analyze the
characteristics and challenges of our framework, we visualize
the grasping poses of the target object and cases of grasping
failures. Obviously, as shown in Fig. 5 (a), when the visual-
linguistic perception system outputs incorrect result, our
framework is unable to locate the target object, resulting
in failed grasping attempt. Furthermore, as shown in Fig. 5
(b), although the target object is accurately located, there
exists some occlusion in the target-level point cloud. This
creates interference when generating grasping poses. Lastly,
as shown in Fig. 5 (c), in the attempts of grasping irregular
objects with indentations or protrusions, the grasping poses
are prone to these regions that are not optimal for grasping,
which leads to failures in grasping.

V. CONCLUSION

In this paper, we present a novel approach to enhance
robotic grasping by integrating open-vocabulary learning.
Consequently, we contribute a challenging dataset named
OVGrasping to benchmark the open-vocabulary task, and
propose a unified visual-linguistic framework for open-
vocabulary grasping. In the future, we will continue to
explore the open-vocabulary grasping task, aiming to design
an end-to-end open-vocabulary grasping system.
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