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Figure 1. We introduce GraspGen-X, a cross-embodiment 6 DOF Grasping model trained with a large scale dataset of procedural grippers
and 395 Million simulated grasps. We achieve zero-shot generalization to both unknown objects as well as grippers in the real world.

Abstract

We study cross-embodiment 6-DOF robot grasping. Un-
like prior works, we require the model not only to general-
ize to novel objects / scenes but also to novel gripper mor-
phologies and physical grasping processes. Our method
extends diffusion model based generative 6-DOF grasping
models to condition on the additional gripper’s representa-
tion. We propose a swept-volume heuristic for encoding the
gripper. We train our cross-embodiment model with pro-
cedural grippers and a large-scale dataset of 395 Million
grasps. In simulation experiments, our model has the best
zero-shot generalization to novel real-world grippers and
objects over baseline methods. Our model also serves as a
good initialization for fine-tuning to adapt to novel grip-
pers. In ablations, we demonstrate the efficiency of our
sweep-volume gripper representation and our procedural
gripper training dataset. Last, we show zero-shot gener-
alization to real-world novel grippers for 6-DOF grasping,

surpassing baselines in cross-embodiment generalization.

1. Introduction

Grasping is a fundamental problem in robotics with
widespread applications in industrial and household envi-
ronments. In particular, the field of 6-DOF grasp genera-
tion has been significantly advanced by rapid progress in
generative models [40, 43, 62], 3D perception [69], physics
simulation [14], and vision language models (VLM) [11].

To broaden the utility of robotic grasping in downstream
applications, it is crucial to develop a generalized pick-and-
place (GPnP) system. Such a system should ideally demon-
strate zero-shot performance or support in-context learning
– not only for grasping novel objects across varied poses
and environments, but also when deployed on a completely
new robot embodiment. Current GPnP systems are typi-
cally modular, comprising interoperable components such
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as grasp generation [15, 36, 57, 78], motion planning [55],
occupancy mapping [37], and instance segmentation [50],
all orchestrated by a high-level planner such as a VLM
[11, 25, 28, 53, 79] or task planner [10, 33, 65]. Several
modules of this GPnP system have already matured and
can translate zero-shot when deployed on unseen manipula-
tors. For example, 3D perception has matured significantly,
with advances in both sensing hardware and learning-based
stereo models [68], and instance segmentation has bene-
fited greatly from foundation models such as SAM2 [50].
Motion generation tools, such as motion planners [55] and
3D reconstruction for occupancy mapping [37], are largely
model-based rather than learned. As a result, adapting them
to a new robot typically only requires a one-time effort to
specify the robot’s configuration. However, despite sub-
stantial progress in improving the generalization of 6-DOF
grasp generation to unseen objects [40, 44], clutter [42],
and tasks [41], existing methods still require retraining a
new grasping model when the gripper changes. This makes
grasp generation the least transferable component in cross-
embodiment settings.

Recent work towards generalist robot models has ex-
plored cross-embodiment training [4, 13, 73]. For 6-DOF
grasp generation, such strategy can also offer benefits.
First, one can leverage a larger dataset, potentially shar-
ing information between different embodiments to improve
learned features. Second, it allows zero-shot adaptation to
novel grippers and objects, reducing the need for hardware-
specific training. This is especially important from the per-
spective of end-consumers of grasp pose generation, who
may not have the time or compute resources. For exam-
ple, [43] needs a week of an 8-GPU node to generate data
and train a single-embodiment model. Many works have re-
sorted to kinematic retargeting of grasp poses from a model
trained on one embodiment and using it on a different one
[25, 41]. For example, for pinch jaw grippers, this can be
achieved with a simple translation offset along the grasp ap-
proach direction. We demonstrate quantitatively that grasp
pose re-targeting, while simple to implement, does not yield
the best performance in large-scale simulated evaluations.

In this work, we present GraspGen-X, a diffusion-based
cross-embodiment 6-DOF grasp generation model that ex-
plicitly encodes a parameterized representation of the robot.
Our model builds on GraspGen [43], a 6-DOF grasp gener-
ation framework composed of a diffusion-based grasp pose
generator and a discriminator for ranking. We extend its
design by conditioning both the generator and the discrim-
inator on the gripper’s representation. Here, we propose to
parameterize the gripper by its Swept Volume, defined as
the region traversed by the robot fingers during its grasping
motion (Sec 3.1). With this heuristic, we demonstrate zero-
shot generalization to novel grippers. Furthermore, in our
training pipeline, we propose procedurally generating sim-

ulation grippers for grasp pose generation and training (Sec
3.2). While there are several high-quality real-world grip-
pers that are commercially available, we find that they are
not scalable to build the training dataset and the distribu-
tion is biased for learning cross-embodiment models. Our
GraspGen-X is trained on a dataset of 350M sampled grasps
generated with the ACRONYM pipeline [14] on 25 proce-
dural grippers. To the best of our knowledge, this is the
largest multi-embodiment dataset that has ever been used to
train the grasping model.

In summary, our contributions are as follows. We present
GraspGen-X, a cross-embodiment 6-DOF grasping model
and demonstrate that it has a strong zero-shot generaliza-
tion to novel real-world grippers, surpassing common meth-
ods such as gripper retargeting (Sec 5.1) and other base-
lines [15, 43]. Moreover, we find that GraspGen-X serves
as a better initialization checkpoint for finetuning on a new
target gripper, compared to training from scratch and fine-
tuning from single-embodiment models (Sec 5.2). We also
conduct an extensive study on other common choices of
gripper’s representations and on comparing training with
procedural grippers v.s. real-world grippers. We show that
our Swept Volume heuristic is an efficient representation
for cross-embodiment grasping, and our procedural grip-
pers are a better training distribution. Lastly, we will open
source the model, code, and dataset of 395 Million grasps.

2. Related Work

2.1. 6-DOF Grasping

6-DOF grasp generation refers to the problem of predict-
ing SE(3) grasp poses for a robot gripper given an obser-
vation of an unknown object [44]. The pose will result
in the gripper stably picking up the object when the grip-
per closes. It can be applied for several downstream ap-
plications: target-driven grasping in clutter [42, 57, 74],
language-guided semantic manipulation [58] and can be or-
chestrated by a high-level task planner [10, 33] or VLM
[11, 25, 28, 53, 79]. 6-DOF grasp generation is usually
defined as a two-stage process: grasp sampling and grasp
analysis [44]. Grasp sampling was initially implemented
with heuristic samplers such as derivative-free optimiza-
tion [27, 36], analytic antipodal sampling [30, 59] or pixel-
wise prediction (i.e. pixels in the image depth input are
grasp pose candidates) [15, 57, 78]. More recently, the
progress in generative models has allowed us to learn sam-
plers in the form of autoregressive models [60, 78], Vari-
ational Autoencoder (VAE) [40, 42], flow-matching [31]
and diffusion models [3, 6, 17, 34, 62, 72]. Grasp analy-
sis typically entails discriminator models to score sampled
grasps [40, 42, 54, 70]. Recent methods such as GraspGen
[43] propose a powerful combination of diffusion-based
grasp sampling and discriminators trained through an in-
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terleaved data flywheel. Our work is concerned with cross-
embodiment models that can generalize not only to novel
objects but also to novel grippers.

2.2. Cross-Embodiment Learning in Robotics
Cross-embodiment learning is a challenging transfer

learning problem in robotics. Prior work has proposed
many methods: learning an implicit encoding of robot
[9, 19], conditioning on an explicit representation of robot
properties [9], reward functions [80], modular policies
[12, 24], model-based RL [23, 51] and test-time adapta-
tion [77]. Action retargeting has been a popular approach,
where actions from a source embodiment are mapped to a
target embodiment, such as in tele-operation of dexterous
hands [22, 47]. More recently, Vision-Language-Action
(VLA) models such as RT-X [73] have proposed general-
purpose architectures that can be trained by aggregating
datasets across diverse robots [4, 5, 13, 73] and using meth-
ods like readout tokens [13] or masking [4] to account for
variable action space. VLAs still do not achieve strong
zero-shot performance in completely new robot hardware or
tasks. We hypothesize that an explicit parameterization of
the embodiment, such as our Swept Volume representation
in Sec 3.1, is necessary to achieve zero-shot performance
on unknown robots in grasping.

2.3. Multi-Embodiment Grasping
In the context of robot grasping, prior work has proposed

both new datasets [7, 29] and algorithms [2, 18, 52, 75]
for multi-gripper grasping problem. Object-centric meth-
ods have used to learn a Contact Map [29], contact points
[2, 52] or dense point-wise contact correspondences be-
tween the object and robot [16, 67]. They then use inverse
kinematics (IK) to generate joint configurations and align
robot contact points. These approaches assume access to
a complete 3D geometry of the object, hence they do not
generalize to partial point cloud observations where reliable
contact points are occluded. Several gripper-aware meth-
ods use various techniques to encode the robot: [64] uses a
parameterized fingertip antipodal representation, UniGrasp
[52] and D(R,O) [67] uses a conditional Variational Au-
toencoder (cVAE), AdaGrasp [75] uses a Truncated Signed
Distance Field (TSDF) representation, and [18] use a Point-
Net++ [46] backbone. All such methods are trained on just
a handful of real-world grippers and hence struggle to gen-
eralize to new grippers. In contrast, we train on procedural
synthetic grippers and propose a novel gripper representa-
tion for cross-embodiment grasping. Ours achieves strong
zero-shot generalization to unknown real grippers.

3. GraspGen-X: Cross-Embodiment Grasping
In the 6-DOF cross-embodiment robot grasping prob-

lem, we are given the object/scene pointcloud, the gripper’s

Figure 2. Architecture for our GraspGen-X model. The model
is developed based on GraspGen [43]. We additionally condition
on the gripper’s representation for both the generator and the dis-
criminator. The gripper embedding is computed from the Swept
Volume heuristic (Sec 3.1).

URDF, and its gripper closing motion, i.e., the joint trajec-
tory of the gripper from fully open to fully closed. The ob-
jective is to predict SE(3) grasp poses that can successfully
grasp the object. Most importantly, our aim is to generalize
to both novel grippers and objects (Fig 1).

Our model is developed from GraspGen [43], the
SOTA diffusion-based grasp pose generator, which balances
well between grasping accuracy and grasp pose coverage.
GraspGen is composed of a diffusion model for SE(3) grasp
pose generator and a discriminator to estimate the accuracy
of the generated grasps. In GraspGen, the diffusion-based
generator diffuses over the SE(3) space and is conditioned
on the object embedding. The object embedding is encoded
from object pointclouds with a PointTransformer [71] or
PointNet++ [46]. The discriminator is trained with on-
generator data of positive and negative grasp poses to pre-
dict the confidence of each grasp. It is conditioned on the
same object embedding.

For our cross-embodiment model, we additionally con-
dition on the embedding of gripper. Figure 2 shows the
architecture of GraspGen-X , which is an extension of the
GraspGen (Fig. 2 in [43]). The gripper embedding is en-
coded with a 3-layer MLP of the Swept Volume heuristic
when the gripper is fully open and half open (Section 3.1).

3.1. Gripper Encoding with Swept Volume
Our work includes gripper categories of parallel grippers

(e.g., Franka Panda Hand), 2-finger revolute grippers (e.g.,
Robotiq-2F85), and high-dof 3-finger grippers (e.g., Uni-
tree G1 7-DOF Hand). To encode the gripper’s morphology
and closing motion into an efficient embedding for grasping
models, we propose to use the Swept Volume of the gripper
when it is fully open and half open.

Swept Volume is a heuristic to approximate the space
that gripper fingers will sweep through during the closing
process. As shown in Fig 3, we approximate the space with
an axis-aligned cube. Thus, each Swept Volume consists of

20880



Figure 3. Illustration of the Swept Volume, i.e., cube dimensions
(xyz) and cube center translation relative to gripper base (t). We
visualize the Swept Volume cube with the blue cube, when grip-
pers are fully open (top-L) and half open (top-R). The Swept Vol-
ume varies between grippers (bottom).

the cube dimension (3-dim) and the translation of the center
from the gripper’s base frame (3-dim). We use the Swept
Volume (6-dim) heuristic when the hand is fully open and
when it is half-way through the closing process. The grip-
per’s representation input is a 12-dim vector in total. We
encode it with a simple 3-layer MLP to the 512-dim gripper
embedding to both the geneartor and the discriminator.

As illustrated in Fig 3, we determine the dimension and
translation of Swept Volume in the following way. For 2-
finger parallel grippers (e.g., Franka Panda Hand) and rev-
olute grippers whose fingers are always parallel during the
closing process (e.g., Robotiq-2F85), we estimate a Swept
Volume to cover the space between the two fingers. For
grippers whose fingers are not always parallel but will ro-
tate w.r.t the gripper base (e.g., Robotiq-3F), we approx-
imate the space that the finger will sweep through in the
follow-up process with a cube.

3.2. Procedural Gripper Generation
Real-world grippers are limited in quantity and diverse in

geometry and physical closing motion. In our work, we col-
lect a total of 20 real-world grippers (Figure 10, Appendix)
and evenly divide them into 10 training grippers and 10 test
grippers. In Section 5.4, we find that training with limited
real-world grippers has relatively poor performance, due to
the distribution mismatch between training/test sets and the
relatively scattered data points in gripper’s space.

Consequently, we propose to train the cross-embodiment
model with procedural grippers randomly generated from
the procedural robot gripper generator. Our procedural

gripper generator is implemented with Infinigen-Sim [26],
which leverages Blender’s geometry node to devise proce-
dural mathematical rules to compose articulated objects un-
der random configurations. Fig 4 shows examples of proce-
dural grippers randomly generated with our generator.

We design a procedural generator class for each gripper
category, i.e., parallel grippers, revolute 2-finger grippers,
and 3-finger high-dof grippers. As our grippers are only
used in simulation-based grasping data generation and in
learning gripper’s embedding, we do not need to model the
fine details like screws and connectors in designing CAD
models. Instead, we focus on the diversity of the overall
size / morphology and on the diversity and realism of finger
geometry, which will likely come into contact with the ob-
jects during the closing process. Additionally, our procedu-
ral generator also outputs the Swept Volume and other meta-
data needed for model training and data generation. Please
refer to the appendix for more details of the generators.

To determine the distribution of the random configura-
tions to our generator, we leverage the set of real-world
training / test grippers. We tune the randomization range
so that the Swept Volume heuristics cover the real-world
counterpart’s distribution. Fig 5 shows the distribution of
Swept Volume dimensions of fully open grippers, compar-
ing between 50 procedural grippers, 10 real training grip-
pers, and 10 real test grippers. The distribution of the 10 real
training grippers (Real-Train10) has some regions which
are non-overlapping and out of distribution compared to the
test set of grippers (Real-Test10). In contrast, our procedu-
ral gripper dataset (Proc-Train50) has a higher overlap in-
distribution with the test set (Real-Test10), demonstrating
the potential for superior generalization results.

4. GraspGen-X Dataset
To train the cross-embodiment model for zero-shot gener-

alization, we have generated a large-scale grasping dataset.
We follow the same antipodal sampling and simulation-
based grasp labeling pipeline in ACRONYM [14], which
is widely used in previous work [43, 57, 78]. For 3-finger
high-dof grippers (e.g., Unitree G1 7-DOF Hand), we use
the same antipodal sampler and find that it provides a rea-
sonable grasp distribution for 3-finger gripper grasping.

In our GraspGen-X dataset, we use a subset of 3.5K
training objects used in GraspGen [43] training and 453 ob-
jects as test objects. For all test objects, we ensure that each
of 10 test grippers has at least 5 positive grasps to compute
the coverage metric. To train the cross-embodiment model,
we randomly generate 25 procedural grippers, with 10 par-
allel grippers, 10 2-finger revolute grippers, and 5 3-finger
high-dof grippers. For each gripper and each object, we
sample a maximal of 2K grasps and utilize Isaac-Sim [1] to
simulate the grasp outcome. In total, we have sampled and
evaluated 175M grasps for generator training, which takes
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Figure 4. Examples of our procedural grippers. Each gripper is a random instance from our generator (Sec 3.2). Please refer to the appendix
for generator details.

Figure 5. The distribution of Swept Volume cube dimensions
along three axes, for training datasets (Train-Proc50 and Train-
Real10) and a test dataset consisting of 10 novel real grippers
(Test-Real10). All grippers are fully open.

approximately 8.7K GPU hours. The generator is trained
with 8 A100 GPUs for 780K steps with a learning rate 1e-5,
which spans 80 hours.

To generate the on-generator data for discriminator train-
ing, we generate 2K grasps for each object and each gripper,
and then we evaluate grasps with the same labeling pipeline,
which have taken 5.2K GPU hours. We train the discrim-
inator with 50% on-generator positive grasps and 50% on-
generator negative grasps. The discriminator is trained with
8 A100 GPUs at a learning rate of 1e-5 for 300K steps,
which spans 76 hours. Please refer to the appendix for de-
tails of the GraspGen-X dataset and training.

5. Simulation Experiments

For simulation-based experiments, we follow the
full pointcloud experiments and evaluation metrics in
GraspGen[43]. For test grippers and test objects, we sample
5K grasps to curate the ground-truth grasp dataset with the
ACRONYM pipeline. For each test object and gripper, the
generator generates 2K grasps, validated with the discrimi-
nator. We use ranked grasps to produce the precision-recall
(PR) curve. We report the final AUC value of the PR curve,
averaged over all test objects and test grippers.

5.1. Zero-shot Evaluation
We compare GraspGen-X with the following baselines.

- GraspGen Direct Transfer (DTR): We train a Grasp-
Gen model for the Franka gripper over the same set of
3.5K training objects and with 7M sampled grasps, and
directly apply the model on test grippers.

- GraspGen Retargeting (RTG): We use the GraspGen
(DTR) model but retarget the predicted grasp poses.
Specifically, we apply an offset to the grasp pose along
the approach direction, based on the distance of the fin-
gertip position between the test gripper and Franka. This
process is commonly used for adapting a 6-DoF grasp
pose to a new gripper [25, 41, 76].
Table 1 shows the zero-shot performance of 10 test grip-

pers by category. GraspGen-DTR completely fails to adapt
to grippers that fall in a different category, e.g., revolute
2-finger grippers. GraspGen-RTG achieves a relative im-
provement of over 200% compared to DTR, suggesting that
the widely used heuristic is an efficient technique. How-
ever, it only considers the z-axis offset between different
grippers’ fingertips, and fails to consider the difference in
the finger geometry and contact dynamics. Thus, there is
still significant room for improvement, even in the parallel
2-finger gripper category.

In contrast, GraspGen-X achieves the SOTA perfor-
mance in all categories, further improving over GraspGen-
RTG by 25%. This suggests that it is more promising to
learn an end-to-end cross-embodiment model rather than
applying a simple pose correction technique to single-
embodiment models. This is especially the case for high-
dof 3-finger grippers where the relative improvement is
nearly 40%. The gap between different grippers comes
from a mixture of morphology difference, finger geome-
try difference, and the difference in the physical process of
hand closing.

We also evaluated GraspGen-X on two out-of-the-
distribution 5-finger grippers, that are not involved during
the training. Surprisingly, our model can still achieve a rel-
atively high performance of 0.404 on Surge Hand and 0.363
on Inspire Hand.

Additionally, Fig 6 visualizes the grasp poses predicted
by ours GraspGen-X of a novel object with novel test grip-
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Table 1. Zero-shot performance on novel test grippers and novel test objects. We report the average of 4 parallel grippers, 4 revolute
2-finger grippers, 2 high-dof 3-finger grippers, and all 10 grippers.

Parallel 2F Revolute 2F High-dof 3F All

GraspGen-DTR 0.215 0.033 0.136 0.126
GraspGen-RTG 0.365 0.379 0.503 0.398

GraspGen-X (Ours) 0.502 0.413 0.699 0.506

Figure 6. Visualization of generated grasp poses with GraspGen-X
on Galaxea-G1, Tesollo-Delto2F, Robotiq-2F140, Robotiq3F grip-
pers on 4 novel objects.

pers. Please refer to the appendix for more results.

5.2. Supervised Finetuning Adaptation
We show that our GraspGen-X is a better initialization

for supervised finetuning (SFT) on novel grippers. We ran-
domly select 1/5 of all training objects to generate a small
finetuning dataset of 140K sampled grasps following the
same pipeline. For each gripper, this takes approximately
28 GPU hours of computation. We then finetune the gen-
erator on 4 A100 GPUs for 4 hours for each gripper sepa-
rately. Here, we plot the learning curve of the generator’s
metrics on the test objects, averaged over all 10 test grip-
pers. Similar to [43], we use metrics of grasp pose transla-
tion / rotation error and the recall rate of ground truth posi-
tive grasps. Please refer to the Appendix for the description
of these metrics.

Fig 7 shows the learning curve of three metrics when
training a GraspGen model from scratch (GraspGen-
Scratch), finetuning the Franka Panda GraspGen in Sec
5.1 (GraspGen-Franka-SFT) and finetuning GraspGen-X in

Figure 7. Learning curve of generator finetuning (Sec 5.2). We
plot the metric of translation error, rotation error, and recall rate of
the target gripper along the training. The curve is averaged over
all 10 test grippers.

Sec 3 (GraspGen-X-SFT). For GraspGen-Franka-SFT and
GraspGen-X-SFT, we use a learning rate of 1e-6, which we
find to be the most efficient. For GraspGen-Scratch, we use
the same 1e-5 learning rate as in Sec 3.

GraspGen-X-SFT shows the most efficient learn-
ing compared to GraspGen-Franka-SFT and GraspGen-
Scratch, suggesting that the GraspGen-X model is a better
initialization when adapting to a novel gripper. We believe
that the ability to cross-embodiment GraspGen-X makes the
model more adaptive to a novel gripper representation and
a novel 6-dof grasping dataset.

5.3. Gripper Encoder Comparison
We compare our Swept Volume representation for the

gripper encoding (Fig 3) with the following baseline encod-
ings used in prior work.
- AdaGrasp [75]: We use a 64×32×64 volumetric trun-

cated sign distance field (TSDF), computed based on the
gripper’s mesh. It is first encoded with a 3D CNN and
then projected with a 2D CNN to a vector embedding.
We concatenate the embeddings when the gripper is fully
open, half open, and fully closed.

- UniGrasp [52]: We first train a Pointnet-based VAE
with grippers’ pointcloud under random configurations.
We use the 64-dim latent embedding of fully open and
fully closed grippers. The input is projected to the 512-
dim gripper embedding with MLP. For experiments with
10 real training grippers, the pointnet-based VAE is only
trained with these 10 grippers. For experiments with pro-
cedural grippers, the pointnet-based VAE is trained with
100 randomly generated procedural grippers.

- PointNet++ [46]: Inspired by [17], we use PointNet++
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Figure 8. Ablation study on GraspGen-X gripper parameterization
and gripper training sets (Sec 5.4), evaluated on 10 test grippers.

to encode the pointcloud sampled from the gripper’s
mesh surface. The embedding is the concatenation of
encodings when the gripper is fully open and closed.
Due to the high computational cost of training

GraspGen-X with the full set of objects, we adopt a smaller
scale training experiment with 453 test objects. Namely,
we train and test on the same set of objects, while we still
evaluate on the same 10 novel test grippers with the model
trained on 25 procedural grippers.

Table 2. Comparison with baseline gripper encoding methods used
in previous work (Sec 5.3). The table shows the mAUC of 453 test
objects and 10 real test grippers.

AdaGrasp [75] UniGrasp [52] PointNet++ [17] GraspGen-X

0.432 0.418 0.349 0.528

Table 2 shows the results of using other gripper encoders
and inputs. Clearly, our Swept Volume heuristic shows
a stronger zero-shot generalization performance on novel
grippers, improving over the second best AdaGrasp (TSDF)
by 25%. This suggests that our heuristic is an efficient rep-
resentation of the grasping problem. Please refer to the ap-
pendix for more results on the gripper encoder comparison.

5.4. Ablation Study
In this section, we present ablations on our Swept Volume

parameterization and procedural gripper dataset. We follow
the same experiment setup as in Sec 5.3.

Procedural Gripper Training: To compare the perfor-
mance with different training gripper distributions, we sam-
ple grasp poses and train the same model on test objects
with the following set of grippers. For a fair comparison, we
sample a total of 50K grasps for each object in all datasets.
- 10 Real Grippers (Train-Real10). With the 10 exclusive

real grippers as training grippers, we sample 5K grasps
for each gripper on each object.

- 25 Procedural Grippers (Train-Proc25). With the same
25 procedural grippers in Sec 3, we sample 2K grasps
for each gripper on each object.

- 50 Procedural Grippers (Train-Proc50). We randomly
generate another 50 procedural grippers with the same
generator, including 20 parallel grippers, 20 2-finger rev-
olute grippers and 10 3-finger high-dof grippers. We
then sample 1K grasps for each gripper on each object.
Compared with training with existing real grippers, pro-

cedural gripper training yields a significant improvement
for all types of gripper encodings (Figure 8). We hy-
pothesize that this comes from the fact that our procedu-
ral grippers provide a better coverage over test grippers,
while training grippers and test grippers are largely non-
overlapped and are sparsely distributed in the gripper space.
Moreover, we observe that the use of more procedural grip-
pers helps to improve performance, when using Swept Vol-
ume encoding, as well as TSDF and PointNet++ (Figure 11,
Appendix). Here, we only use 25 procedural grippers in
GraspGen-X due to limited computation resources.

Swept Volume Parameterization: We compare on our
Swept Volume parameterization with other related heuris-
tics. All inputs are encoded with a 3-layer MLP to the grip-
per embedding.
- GraspGen-X-GripperTypeOnly: We condition on the

gripper type, i.e., parallel, 2-finger, and 3-finger high-
dof, which is a 3-dim one-hot vector.

- GraspGen-X-RetargetOffsetOnly: We condition on the
retargeting offset value, i.e., the gripper’s z-axis distance
between the base frame and the fingertip, a real value.

- GraspGen-X-FullyOpenOnly: We only condition the
Swept Volume when the gripper is fully open, which is
a 6-dim vector.

- GraspGen-X-w/GripperType: We use the concatenated
gripper type one-hot 3-dim vector and the 12-dim Swept
Volume vector (both fully open and half open) as input.
Figure 8 shows the results of all parameterizations in

our ablation study. Ours Swept Volume (12-dim vector)
achieves the best performance when training with procedu-
ral grippers. GripperTypeOnly and RetargeOffsetOnly fail
to learn a comparable model, due to the oversimplified grip-
per information in these parameterizations. We also find
that using FullyOpenOnly Swept Volume performs worse
than with both fully open state and half open state. This
is mainly because of 2-finger revolute grippers (Figure 12,
Appendix). The finger of 2-finger revolute grippers such as
Roboitq-2F140 and XArm Hand will move forward on the
z-axis during gripper closure. Consequently, it is important
to encode the information of the closing process with an
additional half open Swept Volume. Interestingly, we find
that conditioning on additional gripper type does not help
Swept Volume. We hypothesize that when training a cross-
embodiment model, it is important to share the information
between different types of grippers. Thus, the additional
gripper type input that separates the parameterization space
degrades the performance.
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6. Real Robot Experiment
GraspGen-X generalizes to the real world despite being

only trained in simulation. Our real robot setups are shown
in Fig 1. We demonstrate the model on two real grippers un-
seen by the model without any finetuning: a precise indus-
trial manipulator of an UR10 robot equipped with a robotiq-
2f-140 gripper (a 2-finger revolute gripper) and a low-cost
Piper robot with its standard parallel gripper. Details of our
real robot experimental setup is discussed in the Appendix.

6.1. Evaluation on an Industrial Manipulator
Baseline Comparisons: We evaluate in the context

of zero-shot cross-embodiment grasping, where neither
GraspGen-X nor baselines have been trained on this par-
ticular robot. We compare to two baselines: the Grasp-
Gen [43] model from Section 5.1 as well as AnyGrasp [15],
a recent grasping in clutter model trained on real colored
point clouds of tabletop objects. For GraspGen, we retar-
get the predicted grasp poses meant for the Franka grip-
per to the Robotiq-2F140 by applying an offset along the
approach direction. For the pretrained AnyGrasp model,
we were unable to get consistent grasp predictions with-
out the following post-processing steps. First, we applied
a translation offset in the camera’s z-axis to match the orig-
inal training dataset, which was collected at a randomized
elevation/azimuth but a fixed camera depth. Second, we
found better performance without applying non-maximum
suppression, most likely since our motion planner [56] is
proficient with batch targets. We evaluate on 12 isolated
objects under 5 different poses without any clutter and on 5
objects under 3 different poses arranged on a cluttered shelf
(an example is shown in the bottom left of Figure 1).

Discussion: As shown in Table 3, GraspGen-X achieved
an overall success rate of 79.0%, outperforming both
GraspGen and AnyGrasp. GraspGen-X performed well
across both environments, though it struggled in the more
challenging cluttered shelf environment. Motion planning
is more difficult in clutter as most grasps would be rejected
due to to kinematic infeasibility and collisions. Apart from
predicting precise grasps in these new environments, the
grasp model also needs to generate grasps with high spa-
tial coverage. This will increase the odds of having feasible
grasps after a sequence of rejection sampling by the planner.
Both GraspGen-X and GraspGen are object-centric models
and hence they naturally generalized to more complicated
shelf clutter with the help of SAM2. Since AnyGrasp is a
scene-centric model trained only with data for tabletop clut-
ter, it deteriorated in the out of distribution shelf scene.

6.2. Evaluation on a Low-Cost Robot
Low-Cost robots have the potential for democratizing

robotics [20] but they come with an additional set of chal-
lenges regarding control error, actuator noise and calibra-

Method Isolated Objects Clutter Overall

GraspGen-X(Ours) 85.7% 71.4% 79.0%
GraspGen-RTG [43] 73.3% 57.1% 65.2%
AnyGrasp [15] 80.0% 42.9% 61.4%

Table 3. Grasp success rate on an industrial manipulator with
Robotiq-2F140 gripper (Section 6.1).

tion errors. We used the same GraspGen-X model check-
point from the previous section on the AgileX’s parallel
gripper. Here, we used object pose estimation and com-
plete models, demonstrating that our model also general-
izes to complete point cloud input. GraspGen-X can grasp
a YCB Mustard bottle and ArUCo cube with 100% success
rate averaged across 10 trials, demonstrating proficiency in
cross-embodiment transfer.

7. Conclusion

Our work studies cross-embodiment 6-DOF grasping.
Namely, we require the model to predict 6-DOF grasp poses
not only for novel objects but also for novel gripper mor-
phology and closing motion. In particular, our work con-
sider grippers of 2-finger parallel grippers, 2-finger revo-
lute grippers, and high-dof 3-finger grippers. Towards this
problem, we propose GraspGen-X, a diffusion-based cross-
embodiment 6-dof grasping model, extending GraspGen
[43] for cross-embodiment generalization. In GraspGen-
X, we use the Swept Volume heuristic to represent the
gripper in the model, i.e., a 12-dim vector approximat-
ing the space that fingers will sweep during gripping. We
train GraspGen-X with procedural grippers and on a large-
scale dataset of 350M sampled grasps, the largest syn-
thetic dataset for 6-DOF multi-embodiment grasping. Ex-
periments suggest that our end-to-end GraspGen-X model
achieves the best performance over baseline techniques for
cross-embodiment generalization. Moreover, our model
serves as a good initialization for finetuning of the target
novel gripper. Our ablation studies show that our gripper
representation is more efficient compared to other common
representations, and our procedural grippers provide a more
adequate training gripper distribution. Real robot experi-
ments show that our model, trained with only synthetic data,
generalizes well to real novel grippers in 6-DOF grasping,
surpassing baselines in novel objects, novel environments,
and a novel embodiment.

Future work can emphasize training large models with
more diverse grippers and objects. Moreover, it is neces-
sary to extend our model to handle more complex grippers,
e.g., training with 5-finger dexterous hands. Due to compu-
tation restrictions, we were only able to train GraspGen-X
on 3.5K objects and 350M grasps, while we believe that
further scaling of this training will yield additional perfor-
mance gains.
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