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(a) Illustrates the workings of three baseline methods for grasp synthesis: a state-of-the-art, end-to-end method (AnyGrasp),
and two modular methods (CRISP Grasp and SC Grasp), which first estimate the object pose and shape for all objects in
the scene and then synthesize grasps using antipodal sampling.We observe that modular methods synthesize more successful
grasps (green) than the end-to-end method; unsuccessful grasps are shown in red. (b) The end-to-end methods synthesize more
unstable grasps compared to modular methods in our real-world experiments. (c) The modular methods are augmented with
vision-language models to yield task-oriented grasps from just single-view RGB-D input. We observe comparable performance
compared to the state-of-the-art baseline LERF-TOGO that uses multi-view input.

Extended Abstract — The problem of object pose and
shape estimation has seen key advancements lately. Encoder-
decoder models have shown category-agnostic shape encod-
ing capacity, whereas diffusion models, utilizing the recent
progress in novel-view synthesis, have demonstrated open-set
generalizability. In this work, we ask the question:

Q: Are the object pose and shape estimation methods
mature enough, such that when used with antipodal grasp sam-
pling, can outperform the end-to-end grasp synthesis methods?

We explore this question in detail by scoping our study to
parallel grippers, 6 DoF grasps, and single-view RGB(-D)
image as input. We implement and compare a state-of-the-art,
end-to-end grasp synthesis method and two modular methods,
which first estimate the object pose and shape for all objects
in the scene, and generates grasps using antipodal sampling.

We observe that the modular methods outperform the end-to-
end method in all our experiments. The modular methods are
able to synthesize plenty of grasps, even for small objects,
where the end-to-end methods fail. The effectiveness of the
modular methods is contingent on the accuracy of the pose and
shape estimation, and suffers partial degradation in cluttered
scenes — a limitation of the existing pose and shape estimation
methods. We also investigate into the failure modes for our two
modular methods, which use two different ways of object pose
and shape estimation; one based on an encoder-decoder model,
while another a diffusion model. Finally, we demonstrate that
the modular methods can be augmented with vision-language
models to yield task-oriented grasps from just single-view
RGB-D image as input. We notice comparable performance
to the state-of-the-art LERF-TOFO baseline.



A. Background

The problem of estimating the complete geometry of an
object from a single- or partial-view is very important in
robotics. It can help robots navigate a scene as well as grasp
and manipulate objects with very few observations. It is a
capability that mobile manipulators aught to have. Classical
works on grasping, for instance, relied on the assumption
that such a complete object geometry is available for grasp
synthesis [1], [2]. Knowing the complete geometry, material,
and physical properties, the grasp synthesis problem was
framed as an optimization problem to seek the grasp that is
most likely to succeed [2], [3]. Recent works have used these
physics constraints to develop grasp sampling approaches
given a 3D mesh of the object [4]-[6]. However, estimating
the complete geometry, from single- or partial-view, is an
underspecified problem and cannot be solved without sufficient
induced priors.

The problem of estimating the complete geometry of objects
given a single-view RGB(-D) image has seen key advance-
ments lately [7]-[23]. First, encoder-decoder models have been
able to estimate the pose and shape of an object, across object
categories [13]-[17]. Previously, researchers were working on
category-level object pose and shape estimation, where the
template object shape would be known [8], [10]-[12], [24]-
[28]. It was believed that such a category-agnostic generaliza-
tion would not be possible. Second, diffusion models have
been able to show open-set generalization [18]-[23]. This
leveraged the progress on novel-view synthesis [29], which
once framed as a pose conditioned image-to-image generation
problem and trained using a large diffusion model shows zero-
shot generalizability.

Today’s grasp synthesis approaches are dominated by end-
to-end regression methods which regress the grasp pose di-
rectly from a single- or partial-view of a scene [4], [30]-
[35]. These methods were initially inspired by the success
of the end-to-end deep learning methods in computer vi-
sion [3], [35]. They have now shown remarkable capability in
terms of increased accuracy, generalizability to unseen objects,
and robustness compared to traditional machine learning or
analytical methods. End-to-end methods have also enabled
faster run times for real-time operations, unlike sampling-
based methods [35]. The end-to-end methods are now being
extended to task-oriented grasping [36], [37], language-driven
grasping [37], [38], dynamic object grasping [34], and cross
embodiment grasping [39].

B. Contributions

In this work, we inquire if this recent progress in object pose
and shape estimation can be leveraged for grasping (see Q on
page 1). We explore this question via experimental analysis.
Scoping our study to parallel grippers, 6 DoF grasps, and
single-view RGB-D image as input we analyze and compare
a state-of-the-art, end-to-end grasp synthesis method and two
modular method, which first estimate object pose and shape of
all the objects in the scene, and generate grasps using antipodal
sampling [4], [5]. We evaluate the grasp synthesis methods

with collisions, force closure, and grasp stability. We conduct
our experiments in a physics simulator, real-world datasets,
and real-world grasping experiments with Xarm7 manipulator
arm affixed with a parallel-jaw gripper and an Intel RealSense
D455 camera.

Our main contributions in this paper are our observations
from the experimental analysis.

First, we make the following key observations in our
experiments:

1) The modular methods outperform the end-to-end meth-

ods in all our experiments.

2) The modular methods are able to generate plenty of
grasps for each object, whereas for the end-to-end meth-
ods it depends on the object size.

3) Performance of modular methods depreciates as we add
clutter to the scene.

Our studies indicate that the single-view object pose and shape
estimation methods are mature enough to enable successful
grasp synthesis and execution with antipodal grasp sampling.

Second, we answer whether we can trivially combine the
grasps synthesized by the end-to-end model with the estimated
object pose and shape for improved performance. We observe
that simple strategies such as using the estimated shape and
pose to filter colliding grasps does not yield significant gains.
Therefore, if one aims to combine the best of both worlds (i.e.,
enhance grasp synthesis using the estimated object pose and
shape), a non-trivial solution is needed.

Third, we analyze the run-time requirements and failure
modes of the two modular pipelines. Comparing the failure
modes for the two modular approaches, we observe that most
of the grasp synthesis errors are due to scale and pose errors
for the first method that uses the encoder-decoder model. In
contrast, a significant 29.6% of the grasping errors in the
second method are caused due to the shape estimation errors.

Fourth, we show that the modular approaches can be
extended with vision-language models (e.g., CLIP) to enable
language- and task-oriented grasps synthesis. We demonstrate
our modular approaches on the LERF-TOGO dataset [37], and
qualitatively compare with LERF-TOGO as our baseline [37].
Our result shows the promise of robust language-conditioned
grasps from single-view RGBD.

C. Concluding Remark

Our work investigates the question whether this progress in
object pose and shape estimation can be leveraged for the task
of grasp synthesis. In the year 2021, the answer to this question
was a strong negative as Sundermeyer et al. [32] wrote:

“A complete 3D reconstruction enables traditional
grasp planning. However, learned single-view recon-
structions are often ambiguous, coarse and require
class conditioning. Multiple views for 3D scanning
are beneficial but not always obtainable, take addi-
tional time and typically assume a static scene.”
Our results show that we are at an inflection point, and that
the advances in object pose and shape estimation have began
to show advantages to the downstream tasks like grasping.
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