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Abstract— Autonomous robotic grasping under complex,
clustered, and unstructured environments is a fundamental but
challenging task. To achieve human-like rationality in dealing
with the grasping task, the agent requires hybrid intelligence
from multilateral aspects. This paper introduces RelationGrasp,
a unified framework employing a transformer encoder-decoder
structure to simultaneously achieve open-vocabulary object
detection, manipulation relationship inference, and grasp pose
detection. A unique object-oriented prompt learning mecha-
nism is designed to seamlessly bridge the grasp pose and
manipulation relationship branches, delivering high fidelity of
object-grasp affiliation for object-aware grasping and grasp
sequence planning. By formulating the relationship detection as
an adjacency matrix regression task under multi-task learning,
our framework significantly increases the relationship accuracy
with reduced computational overhead. Moreover, to facilitate
the robust and adaptive deployment of the proposed Relation-
Grasp to novel environments, we propose a consistency-based
self-supervised adaptation strategy to adapt the pre-trained
network to new scenarios and improve grasp accuracy on
unseen objects. Our proposed network achieved state-of-the-art
performance on various public dataset such as VMRD, OCID,
etc., in both grasp detection and manipulation relationship
classification, and real-world robot experiments has also been
conducted to show the practical usages.

I. INTRODUCTION

Robotic grasping is a fundamental but important task for
many industrial applications and daily services, which is
targeted to enable robots to intelligently interact with and
manipulate objects in unstructured environments. Its key
objective is to autonomously plan the robot grasping based
on the sensor input, i.e., the problem of grasp detection
for objects in a given scene. With the recent advancements
in deep learning and computer vision, the learning-based
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grasping approaches have revolutionized grasp detection,
achieving remarkable success in many scenarios. State-of-
the-art approaches [1]–[3] have demonstrated high accuracy
and robustness in the grasp pose inference for both 2D and
3D environments.

Nevertheless, existing solutions still suffer from the high
complexity in various real-world scenarios, where multiple
objects with diversity can be randomly mixed, clustered, and
stacked. Although many works can already achieve the grasp
detection for unknown/unseen objects, compared with human
intelligence, it still lacks the reasoning capability on high-
level planning to determine the proper operation order. In
other words, most works only focus on the grasping stability
of the targeted object but without taking account of its effects
on the surrounding objects. To achieve autonomous grasping
for such complex scenarios, not only the grasp detection
but also the sequence planning are essential to handle the
objects with minimal cross interference. However, most
existing research still treat these as two separate problems,
i.e., the grasp pose detection and the relationship inference.
The former is only responsible to detect all the possible
grasp candidates for a given scene, and the latter merely
inferences the spatial relationship between objects to identify
the manipulation order, e.g., which object is on the top and
should be manipulated first, etc.

As most grasp detection approaches are instance-agnostic
while the relationship detection are correlated with the
specific instance, there lack an intrinsic bridge between the
grasp pose and the relationship, and thus raise a challenge
to associate the manipulation order with the grasp pose to
form the integrated solution. Although some post-processing
operations based on intersections of bounding boxes or
segmentation masks can be proposed to align the grasps
detection with object relationship, e.g., 1) link the detected
grasps with objects and 2) map with the relationship through
the objects, such framework stacked with multiple networks
and post-processing generally leads to large computational
overhead. From the deployment aspect, it is desired to have
an end-to-end framework that can address the integrated
planning (relationship and order) and execution (grasp pose)
simultaneously to achieve the autonomous grasping.

In this work, we propose a unified framework, Relation-
Grasp, to achieve the simultaneous prediction of the grasp
poses, object relationships, and object detection. Our frame-
work employs the DETR-like transformer encoder-decoder
structure, which contains three parallel-yet-interacted de-
coder branches for respective tasks. We achieve the open-
vocabulary object detection by integrating the Contrastive
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Language–Image Pre-training (CLIP) Image Encoder [4]
with the object decoder branch. Moreover, our framework
employs the decoded object feature as the prompt to ori-
ent the inference of both the grasp pose and relationship.
Therefore, the prompt-based learning acts as an intrinsic
bridge between the grasp pose and relationship branches
to form a seamless integration. Moreover, the relationship
detection is formulated as a relation matrix regression task.
Compared with the traditional ROI-based solutions [5]–[7],
our approach can avoid the traversal of all object pairs and
outputs the entire relation in a single forward, which largely
minimizes the computational burden. Overall, our framework
is able to provide an optimal grasping execution with the
awareness of both the manipulation order and grasp pose,
thus enabling us to autonomously handle the objects in a
reasonable and safe manner.

For most deep-learning-based robot solutions, the prac-
tical challenge also exists in the model generalization and
adaptation capability for changing deployment environments.
Unlike the standard computer vision tasks, those publicly
available datasets for robotics are generally not universal
enough to cover diverse real-world robot deployment sce-
narios. As a result, in this work, we propose a test-time
adaptation scheme for RelationGrasp, which is based on
the consistency-guided regularization. Therefore, such self-
supervision technique facilitates the smooth adaptation to
new deployment scenarios. The contributions of this paper
are summarized as follows:

• We propose RelationGrasp, a unified framework for
simultaneous open-vocabulary object detection, grasp
detection, and manipulation relationship inference.

• A prompt-guided decoding mechanism to associate
grasps with corresponding objects, bridging the grasp
detection and relationship inference.

• A consistency-based self-supervised adaptation strategy
for facilitating the model deployment in new environ-
ments.

• Our approach achieves the state-of-the-art in both ma-
nipulation relationship and grasp detection with a sig-
nificant margin.

II. RELATED WORKS

A. Grasp Pose Detection

The realm of robotic grasp detection has been significantly
impacted by data-driven methodologies in recent years. Both
the 2D rectangle grasping [8]–[11] and 6-DoF pose grasp-
ing [12]–[14] have been extensively explored. To address the
multi-object scenarios, both 2D heatmaps [10], [15], [16]
and 3D equivalents [12], [17] 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 [3],
[5], [18], and most works build the grasp detectors based on
two-stages object detection models such as Faster-RCNN.
Various sensor formats are explored as the input for the
prediction network, e.g., RGB [10], [11], depth [10], [19],

[20], RGB-D [10], [16], point cloud [12], [17], etc. Other
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. Different
from the previous approaches, our RelationGrasp detects
the grasps based on a transformer encoder-decoder structure
adapted from DETR, which does not rely on the anchor or
heatmap for prediction.

B. Visual Manipulation Relationship

The manipulation relationship inference for objects in
complex scenes is an essential task in robotics. Early ap-
proaches to object hierarchy inference rely on model-based
techniques. For instance, point cloud [21] is utilized to
infer object contact and interpret object hierarchies, and [22]
employs a sparse Bayesian approach to learn spatial rela-
tionships using simulated objects. Data-driven approaches,
particularly deep learning, have gained prominence in re-
cent years. With those real-world or simulated datasets like
VMRD [5], [23] and REGRAD [24], which contains object
stacking scenes with relationship annotations, various data-
driven methods for stacking hierarchy inference have been
proposed. Convolutional Neural Networks (CNN)-based ap-
proaches, e.g., multi-task CNN [7] and VMRN [25], infers
the inter-object relationship by treating them as a classifi-
cation task for every object pair. GVMRN [26] employs a
hybrid CNN-GNN network to infer the relation graph of all
objects in a scene by integrating a graph neural network into
the object detector. DUQIM-Net [27] builds upon the DETR
object detector to directly predict the adjacency matrix of the
relation graph.

III. METHODOLOGY

A. Overview

The objective of this work is to address the universal
grasping problem for complex and challenging scenarios
with highly stacked objects. Considering the object over-
lapping and clustering phenomenons, in order to complete
the grasping task with minimal collision and damage, an
intelligent robot solution needs to be able to reason the
optimal grasping sequence as well as infer the suitable grasp
pose simultaneously. Therefore, the RelationGrasp task in
this work is formulated with three branches, i.e., 1) to detect
and segment all instances in a scene with open-vocabulary
capability, 2) to reason the relationship for all detected ob-
jects, and 3) to infer all suitable grasp candidates for objects.
In this work, the proposed RelationGrasp is a novel end-
to-end framework for 2D grasp prediction, which is anchor-
less and simultaneously treats the object detection, grasp and
relation prediction as a single joint problem. Unlike previous
methods which rely on anchor-based or heatmap-based grasp
box prediction, our model predicts all possible grasp boxes
in a single forward pass, whose post-processing computation
cost is significantly reduced compared to anchor-based or
heatmap-based models.

Specifically, our framework, illustrated as in Fig. 1, con-
sists of three branches, i.e., Object Branch, Relation Branch,

10890



Fig. 1. RelationGrasp: The Shared Encoder takes the input feature map together with the Positional Embedding (PE), which is shared by all three
parallel branches for simultaneous object detection, grasp pose detection, and manipulation relationship inference. The open-vocabulary object detection
is achieved by integrating the CLIP Image/Text Encoders with the detection branch. Our framework employs the decoded object feature as the prompt to
orient the prediction of grasp pose and manipulation relationship, which naturally bridges the association between the objects and grasp poses. Moreover,
the relationship inference is achieved as a relation matrix regression task, which is handled by a relation-specific decoder. The proposed object-orientated
multi-task learning framework greatly facilitate the adaption for novel deployment environments.

and Grasp Branch. The task of Object Branch is to detect
all objects O = {oi}Ni=1, the Relation Branch is to reason
the relationship Mrel(oi,oj) for all detected objects, and
the Grasp Branch is to detect all possible grasp candidates
G = {gi}Mi=1. In particular, we adopt the relation matrix
Mrel to represent the relationship between objects, where
Mrel(oi,oj) is a binary classification task, i.e., oi is on oj

if Mrel(oi,oj) is larger than a threshold, or no relationship.
Note that the relationship oi is under oj will be predicted
from the symmetric element Mrel(oj ,oi). In this work, we
use the rectangle representation gi =

(
xi, yi, wi, hi, sin(θi)

)
for grasp prediction, where (xi, yi) are the center coordinate
of the grasp box, wi is the required width of gripper plate,
hi is the gripper opening distance, and θi is the grasp pose
orientation.

B. Network Architecture

Instead of using three separate branches for individual
object detection, relationship, and grasp prediction tasks, a
coupled-parallel-branch structure is designed in this work
to promote learning efficiency through multi-task regulariza-
tion.

1) Shared Backbone & Encoder: Taking an RGB image
I ∈ RH×W×3, the feature for transformer encoder input is
extracted by,

Xei = Flatten
(
Fb(I)

)
, (1)

where Xei ∈ Rc×H0W0 , Fb(·) is the backbone feature ex-
tractor, and Flatten(·) is the flatten operation, H and W are
the height and width of the image. The sinusoidal positional

encoding, PE, is then added to the feature embedding.
The transformer encoder adopts the standard architecture
comprising multiple layers, each layer containing a Multi-
Head Self-Attention (MHSA) module and a Feed Forward
Network (FFN) layer, denoted as,

Xeo = TE
(
[xei, PE]

)
, (2)

where Xeo ∈ Rd×HW will be the common feature for all
decoder branches.

2) Open-Vocabulary Object Detection Branch: To im-
prove the generalization capability of our model to unseen
objects, we propose the open-vocabulary object detection
in RelationGrasp, which allows to recognize open object
categories described by the natural language. In this setting,
the object detection module operates under a class-agnostic
framework, where the primary goal is to identify regions
of interest (ROIs) without assigning them to specific object
categories during the initial detection decoding phase. The
decoder for object detection branch follows the similar
transformer design in DETR, where a learnable object query
Qo ∈ Rd×Nq is employed to serve as references to attend to
specific instances. The class-agnostic object decoder, TDo(·),
outputs the object feature as,

Xoo = TDo(Xeo,Qo) ∈ Rd×Nq . (3)

The prediction of the bounding box use the corresponding
FFNs.

Upon detection, the bounding boxes encapsulating the
potential objects are cropped subsequently and then encoded
using the CLIP [4], thus transforms into high-dimensional
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feature vectors for open-vocabulary object classification.
Simultaneously, a comprehensive vocabulary that includes a
large list of potential object categories (open vocabulary) is
encoded via the CLIP Text Encoder, which converts textual
descriptions into their corresponding text features. The core
of the open-vocabulary classification is the attention between
the object image feature and the category text feature, which
is simply achieved by dot product and softmax operation. As
the two feature spaces are semantically aligned, it effectively
assigns the most probable object category to each object
region using the highest score.

This zero-shot classification approach allows the model
to perform open-vocabulary object detection without the
need for extensive labeled datasets. Instead, the model
leverages the descriptive power of the CLIP encoder to
generalize beyond the constraints of the available data. This
is particularly advantageous for our robotic grasp detection
task, where the necessity for parallel jaw grasp annotation
limits the quantity of data that can be utilized for training.
Through this methodology, RelationGrasp can accurately
detect and classify a wide variety of objects using a relatively
small training dataset, thereby demonstrating the feasibility
of open-vocabulary object detection in resource-constrained
applications.

3) Relation Branch: We formulate the relation detection
problem as a prediction problem of the relation matrix. The
relation decoder, TDr(·), takes the object feature from the
object decoder as the relation query,

Xro = TDr(Xeo,Xoo) ∈ Rd×Nq . (4)

Next, a simple self-attention mechanism is utilized to directly
estimate the relation matrix,

Qrel = WqXro, Qrel ∈ Rd×Nq ,

Krel = WkXro, Krel ∈ Rd×Nq ,

Mrel = σ(QT
relKrel), Mrel ∈ RNq×Nq ,

(5)

where Wq,Wk ∈ Rd×d are the projection matrices, σ(·) is
the sigmoid function, and Mrel is the relation matrix.

4) Grasp Branch: To associate the grasp candidates with
specific detected objects, the grasp decoder is designed
with object-aware query Qg , which encodes both the object
association information in the image level and the positional
information in the object level. In the image level, the object-
wise decoded feature vector xi

oo ∈ Rd from Xoo ∈ Rd×Nq

is utilized to encode the object association for query. Assume
Ng grasp boxes are predefined to be predicted in each
object. In the object level, an additional randomly-initialized
learnable query embedding Qi

gp ∈ Rd×Ng is employed to
encode the positional difference among the grasps and,

Qi
g = Qi

gp + [xi
oo]

Ng ∈ Rd×Ng (6)

where [ · ]Ng denotes the broadcast operation with dimension
Ng .

In the grasp branch, the decoder TDg(·) takes the grasp
query Qg for each object,

Xi
go = TDg(Xeo,Q

i
g) ∈ Rd×Nq . (7)

The final grasp estimation can be treated as a regression task,

Gi = σ(WgX
i
ro),

Ci
g = softmax(WgcX

i
ro),

(8)

where Gi = {gi
j}

Ng

j=1 and Ci
g = {cij}

Ng

j=1 denote the
predicted grasps and its graspable indicator, respectively.
Wg ∈ R5×d and Wgc ∈ R2×d are the respective projection
matrices.

5) Fully-Supervised Losses: The losses are designed sep-
arately for each branch.

For the grasp branch, the ground-truth grasps are repre-
sented as

Ĝgt =
{
{ĝi

j , ĉ
i
j}

Ng

j=1

}Nq

i=1
, (9)

where ĉij = 1 or ø is introduced to suit the fixed lengths
of both object-level Nq and grasp level Ng . The below
Hungarian loss is employed to obtain the supervision loss
for the grasp branch,

Lg =

Nq∑
i=1

Ng∑
j=1

[
− log pσi(j)(ĉ

i
j)

+ 1{ĉij ̸=ø}Lrbox

(
ĝi
j , gσi

(j)
)]
,

(10)

where σi(j) denotes the optimal matching from the predicted
grasps to j-th ground truth in i-th object, pσ(ĉ) denotes the
predicted probability to be class ĉ. Lrbox(·) represents the
loss for grasp boxes, which includes both the element-wise
l1 loss and orientation-aware IoU loss.

For the relation branch, considering the sparsity in the
ground-truth relation matrix M̂rel, the element-wise classi-
fication is with high-class imbalance. Therefore, the focal
loss is adopted for the relation branch,

Lrel = −
∑
i,j

M̂rel(i, j)
(
1−Mrel(i, j)

)γ
log

(
Mrel(i, j)

)
,

(11)
where γ is a parameter. For the object branch, its loss
Lobj simply follows the original DETR. Finally, the fully-
supervised loss is

Lfs = λobjLobj + λrelLrel + λgLg, (12)

where λobj , λrel, and λg are the respective weights.

C. Consistency-Based Self-Supervised Adaptation

In this section, we present a consistency-based self-
supervised adaptation to enhance the inference performance
in a novel environment or domain. The objective is to adapt
the RelationGrasp model from the source domain (Ds with
plenty of annotations) to a new target domain dataset Du

that only contains partial annotations, e.g., object bounding
box. We employ a Teacher-Student learning structure to
facilitate the adaption. The teacher model, denoted as FT (·),
is fully supervised from the source dataset Ds as well as the
annotated portion of Du. The consistency is emphasized on
the student model FS(·) using the pseudo labeling generated
by FT (·).
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Specifically, given a sample Iu ∈ Du with partial or no
label, a weak augmentation Augw(·) is applied to obtain the
pseudo label FT

(
Augw(Iu)

)
, and the strong augmentation

Augs(·) is applied on the inference sample for FS(·). The
consistency regularization is to ensure the prediction agree-
ments between the strong and weak augmentations, i.e.,

Lss = L
(
FS

(
Augs(Iu)

)
,sTw

(
FT

(
Augw(Iu)

)))
, (13)

where sTw(·) is the geometry transform from weak augmen-
tation to strong augmentation. Notably, since the new domain
features unseen objects, we ensure adaptability by adopting
a class-agnostic object detection branch. The teacher model
is updated through an Exponential Moving Average (EMA)
from the online student model with a coefficient of 0.999.

IV. EXPERIMENT

To validate the performance of the proposed algorithm, we
evaluate our model on three publicly available datasets, i.e.,
VMRD [23], OCID-grasp [28] and MetaGraspNet [29].

A. Implementation Details

Our network is implemented using the PyTorch
framework. Our transformer hidden dimension d is set
to 256, the number of grasp decoder queries Ng is set
to 20 for efficient decoding, and the number of object
decoder queries Nq is set to 100. The image encoder,
object decoder, and grasp decoder each consist of 6 layers,
while the relation decoder has 2 layers. All transformer
modules use 8 attention heads. To mitigate overfitting, we
apply random augmentations including flips, resizing, color
jittering, Gaussian blur, and rotation to both images and
annotations, for all three datasets. All models are trained
using two RTX 3090 GPUs. We initiate training from a
pretrained DETR-DC50 model with a ResNet-50 backbone
trained on the COCO2017 dataset. We employ the AdamW
optimizer with learning rates of 1 × 10−4 for transformer
modules and 1 × 10−5 for the ResNet backbone. The
learning rate decays by a factor of 10 every 300 epochs.

B. Evaluation Metrics

For the grasp evaluation, in line with prior work, we
employ the (o, g) metric proposed by [5]. For evaluating
the relationship inference, we adopt three standard bench-
marks [23], i.e., Object Precision (OP), Object Recall (OR),
and Image Accuracy (IA).

C. Results on VMRD Dataset

The Visual Manipulation Relationship Detection
(VMRD) [5], [23] dataset consists of 4233 training
samples and 450 test samples, which encompasses 31 object
categories, and each image contains 2 to 5 stacked objects.

Grasp Pose Accuracy: Table I shows the results of our
grasp detection performance on the VMRD dataset. Our
RelationGrasp surpasses the performance of previous Faster-
RCNN-based grasp detectors in multi-object scenarios. This
superiority can be attributed to the intrinsic advantages of

TABLE I
GRASP POSE ACCURACY ON VMRD DATASET (%)

Methods mAPg
Faster RCNN + FCGN 54.5
ROI-GD [5] 68.2
Zhang [7] 70.5
Keypoint-based scheme [6] 74.3
Multi-Stage ROI Extraction [31] 74.8
MMD [32] 76.7
RelationGrasp (ours) 79.3

TABLE II
RELATIONSHIP ACCURACY ON VMRD DATASET (%)

Methods OR OP IA
Multitask CNN [7] 86.0 88.8 67.1
VMRN-RN101 [25] 85.4 85.5 65.8
VMRN-VGG16 [25] 86.3 88.8 68.4
GVMRN-RF-RN101 [26] 86.9 87.5 68.8
GVMRN-RF-VGG16 [26] 88.7 89.5 70.2
GGNN-VMRN-RN101 [30] 90.09 88.01 75.33
GGNN-VMRN-VGG16 [30] 89.64 88.00 75.56
Adj-Net RN50 [27] 88.9 91.5 75.0
Adj-Net RN101 [27] 89.8 91.5 77.3
RelationGrasp (ours) 97.1 95.7 83.8

object prompt-based grasp pose detection, which excels at
accurately associating the grasps with correct objects. In
contrast, those traditional IoU-based grasp-object matching
techniques [5], [30] often struggle when dealing with tightly
clustered objects, which leads to grasp association errors in
densely stacked scenarios. Consequently, our model, adopt-
ing the feature representations as the queries of detected
objects, genuinely understands the object context in decoding
grasp poses, leading to higher multi-object grasping success
rates.

Relationship Accuracy: Table II shows the results in
relationship inference against the baselines on the VMRD
dataset. For a more nuanced assessment, Table III offers a
detailed breakdown of relationship inference accuracy under
scenes with a specific number of objects. In both cases,
RelationGrasp achieves the new state-of-the-art accuracy in
relationship inference. Prior methods [23], [25], [30] relying
on Faster-RCNN architecture, determine the relationships by
pooling features from individual proposals and the union area
between object pairs. Unfortunately, these approaches do not
effectively consider the global information and scene context,
causing performance degradation in complex scenarios.

D. Results on OCID-grasp Dataset

The OCID-grasp dataset [28] is an extension of the OCID
dataset [33] with additional grasp pose and category anno-
tations for graspable objects, which includes 1,763 images,
11.4k objects, and over 75k hand-annotated grasp candidates
with objects categorized into 31 classes.

Grasp Pose Accuracy: Table IV shows the results of
the grasp pose detection performance on the OCID-grasp
dataset. Following previous works [28], [34], we adopt grasp
accuracy as the evaluation metric, which shows that our
results achieve state-of-the-art performances.
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TABLE III
RELATIONSHIP ACCURACY WITH SPECIFIED OBJECT NUMBERS ON

VMRD DATASET (%)

Methods IA-2 IA-3 IA-4 IA-5
Multitask CNN [7] 87.7 64.1 56.6 72.9
VMRN-RN101 [25] 80.00 58.37 47.17 54.29
VMRN-VGG16 [25] 86.15 61.72 62.26 64.29
GVMRN-RF-RN101 [26] 91.4 69.2 61.2 57.5
GVMRN-RF-VGG16 [26] 92.9 70.3 63.8 60.3
GGNN-VMRN-RN101 [30] 92.31 75.12 66.98 72.86
GGNN-VMRN-VGG16 [30] 86.15 73.21 69.81 82.86
Adj-Net RN50 [27] 87.3 74.5 69.8 72.6
Adj-Net RN101 [27] 88.7 75.2 75.0 76.7
RelationGrasp (ours) 95.4 79.9 79.2 91.4

TABLE IV
GRASP POSE ACCURACY ON OCID-GRASP DATASET (%)

Methods Grasp Accuracy
GGCNN-2 [35] 63.4
GR-ConvNet [15] 74.1
EfficientGrasp RGB-D [36] 76.4
Det-Seg-Refine [28] 89.02
GSMR-CNN [34] 91.9
RelationGrasp (Ours) 92.21

Domain Adaptation Performance: We have also eval-
uated the effectiveness of the proposed consistency-based
domain adaptation method using the OCID-grasp dataset.
Firstly, a class-agnostic RelationGrasp model is trained on
VMRD dataset using both object bounding box and grasp
pose annotations, we evaluate this pre-trained model on
OCID-grasp dataset as the baseline without adaptation, de-
noted as VMRD-Pretrained Model in Table V. Secondly,
using the proposed self-supervised adaptation, we adapt the
pre-trained model, where no grasp pose annotations are uti-
lized from the OCID-grasp dataset. We denote this as Semi-
Supervised Adaptation in Table V. Lastly, to provide the
performance upper bound information, we also provide the
results of a fully-supervised model on OCID-grasp dataset
using all available annotations, denoted as Fully-Supervised
Upper Bound. The experiment results show that even without
using any grasp pose annotations in new environments, our
self-supervised adaptation approach can achieve significant
improvements in grasp accuracy at almost free cost.

E. Results on MetaGraspNet Dataset

We also conduct experiments on the MetaGraspNet
dataset [29], which is a recent dataset featuring multi-task
learning including grasp pose detection and relationship
inference. We employ a class-agnostic model pre-trained on

TABLE V
DOMAIN ADAPTATION RESULTS ON OCID-GRASP DATASET (%)

Methods Grasp Accuracy mAPg
VMRD-Pretrained Model 39.28 16.26
Semi-Supervised Adaptation 55.07 29.81
Fully-Supervised Upper Bound 92.21 76.1

TABLE VI
EVALUATION RESULTS ON METAGRASPNET (%)

Metrics VMRD-Pretrained Model Fine-Tuned on MetaGraspNet
mAP 24.63 79.62
mAPg 9.14 50.08
OR 19.88 70.30
OP 74.05 81.23
IA 18.68 50.08
IA-2 28.1 88.46
IA-3 28.91 80.0
IA-4 0.0 26.32

Fig. 2. Experiment setup and results of novel scene and objects: (a) robot
setup, (b) detected relationship, (c) detected grasp poses, and (d) detected
objects with best grasps.

the VMRD dataset as the reference, denoted as VMRD-
Pretrained Model. Subsequently, we fine-tune this model
on the MetaGraspNet dataset, denoted as Fine-Tuned on
MetaGraspNet, and both results are presented in Table VI.
It demonstrates that, despite the small training set size,
RelationGrasp delivers promising fine-tuning adaptation per-
formances.

F. Results of Real-World Experiments

Finally, the real robot experiment is conducted to verify the
practical usage for deployment with novel objects and scenes.
Fig. 2(a) shows the experiment setup using a Universal Robot
UR5, an RGB-D camera Realsense D435 mounting on hand
to capture the online scene images, and the end-effector being
a Robotiq 2F-85 gripper. We select 20 unseen (not in training
dataset) objects to evaluate the real grasping performance,
where Fig. 2(b) shows all the detected grasp poses from one
scene, and Fig. 2(c) indicates the detected objects with their
respective best grasps (highest score), and Fig. 2(d) plots the
detected relationship among the objects. In the experiment,
we use the detected relationship information to guide the
object grasping sequence, and for each object, we take its
best grasp for robot execution. Our experiments show that
the proposed Relationship can achieve an average success
rate of 72.7% for real grasping, which indicates the practical
usages of our framework in real-world applications. More
demo information can be found in the supplementary video.

V. CONCLUSION

This paper presents RelationGrasp, an innovative frame-
work for integrated grasp sequence planning and grasp pose
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detection as well as open-vocabulary object detection. Our
experimental results illustrate the effectiveness of prompt-
guided grasp detection, which accurately associates predicted
grasps with their corresponding graspable objects, notably
enhancing the grasp accuracy, particularly in complex multi-
object scenarios. Moreover, by framing inter-object relation-
ships as an relation matrix regression task, RelationGrasp
also establishes a new state-of-the-art benchmark in manip-
ulation relationship inference.
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