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Abstract—Reliable object grasping is a crucial capability for
autonomous robots. However, many existing grasping approaches
focus on general clutter removal without explicitly modeling
objects and thus only relying on the visible local geometry.
We introduce CenterGrasp, a novel framework that combines
object awareness and holistic grasping. CenterGrasp learns a
general object prior by encoding shapes and valid grasps in
a continuous latent space. It consists of an RGB-D image
encoder that leverages recent advances to detect objects and
infer their pose and latent code, and a decoder to predict shape
and grasps for each object in the scene. We perform extensive
experiments on simulated as well as real-world cluttered scenes
and demonstrate strong scene reconstruction and 6-DoF grasp-
pose estimation performance. Compared to the state of the art,
CenterGrasp achieves an improvement of 38.5 mm in shape
reconstruction and 33 percentage points on average in grasp
success. We make the code and trained models publicly available
at http://centergrasp.cs.uni-freiburg.de.

Index Terms—Grasping, Deep Learning in Grasping and
Manipulation, RGB-D Perception

I. INTRODUCTION

RASP-POSE estimation is a high-dimensional optimiza-

tion problem as many different grasp candidates exist for
a given object, with varying contact conditions and robot joint
configurations. To simplify the problem, early works either
assume prior knowledge of the object shape, e.g. via meshes
or CAD models [1], [2], or they only consider top-down (i.e.
4-DoF) grasps [3], [4]. In contrast, in this paper, we address
the general case of full 6-DoF object grasping, where the exact
object instance and category are unknown a priori, and only
a single RGB-D image of the scene is observed. Prior work
has already shown impressive results in the general 6-DoF
grasp-pose estimation problem [5]-[8]. Nevertheless, wider
adoption beyond research labs is still limited. To close this
gap, we identify two key features that the ideal object grasping
pipeline should possess: holistic grasping, i.e. the ability to
predict grasps all around the given object, even in regions
occluded from the agent’s perspective, and object awareness,
i.e. the ability to identify different objects in the scene and
distinguish between them as well as the background. These
properties would enable robots to grasp a specific target object,
as opposed to just a random object from the clutter, as well
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Fig. 1: Overview of CenterGrasp: (a) Input image, (b) Object heatmap
prediction, (c) Subset of all valid and final grasp proposals overlaid on the
observed scene, (d) Subset of all valid and final grasp proposals overlaid on
the 3D scene reconstruction, (e) Selected grasps overlaid on the observed
scene, (f) Selected grasps overlaid on the 3D scene reconstruction.

as to reason about the best grasp poses independently of the
current camera point of view, e.g. grasping a mug from the
handle even if it is currently not visible.

To achieve holistic grasping, prior works adopt a multi-
camera setup around the scene [9], while others require the
agent to first execute a full scan of the scene prior to estimating
grasps [6]. While these strategies are effective, they restrict
the applicability of the method, since the former requires
carefully instrumented environments, while the latter drastically
reduces the speed of operation. Additionally, there are common
scenarios where both methods are not applicable, for example,
when looking inside a cabinet to grasp a mug.

Most prior works are not object-aware, as they only consider
the local geometry of the scene to predict grasps and discard
additional information such as color images [6], [8]. Hence,
these methods are limited to clutter removal tasks, where
objects are grasped randomly from the scene. Recent work
leveraged instance segmentation to achieve object awareness
in their pipelines [7]. However, two-step pipelines increase
complexity during inference and are thus more error-prone.
Further, a combined model has the advantage to exploit
mutually beneficial information.

In this work, we propose CenterGrasp, a novel, single-shot
object-aware holistic grasp prediction approach. It consists of
an image encoder that predicts an objectness heatmap, a pose,
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and a latent code for each object, as well as an auto-decoder
that reconstructs their respective 3D shape and predicts a set of
grasp proposals. We train CenterGrasp only on synthetic images
and demonstrate that it achieves zero-shot generalization to the
real world. We extensively test CenterGrasp on both simulated
as well as real-world scenes with two types of clutter: packed
and pile. We evaluate on the joint task of simultaneous shape
reconstruction and 6-DoF grasp estimation, and compare to the
recent state-of-the-art method GIGA [8], demonstrating strong
performance on this joint task.
This paper makes the following main contributions:
« CenterGrasp, a novel method for joint shape reconstruc-
tion and 6-DoF grasp estimation.
o An automated 6-DoF robotic grasping evaluation environ-
ment based on the SAPIEN [10] simulator.
o Extensive  experimental  evaluations comparing
CenterGrasp with GIGA [8], a state-of-the-art baseline.
o The code (including our dataset generation and evaluation
script), models, and videos publicly available at http://
centergrasp.cs.uni-freiburg.de.

II. RELATED WORK

There has been a plurality of 6-DoF grasping works and
object detection methods. In the following, we highlight recent
advances in both topics.

A. 6-DoF Grasp Estimation

The 6-DoF grasp-pose estimation problem has attracted
significant interest over the years [11]. We identify two main
6-DoF grasp estimation schemes: point cloud-based and voxel-
based.

Point cloud-based: GPD [5] and PointNetGPD [12] are popular
approaches where multiple grasp candidates are sampled using
geometric heuristics from a point cloud, and a learned classifier
is trained to evaluate their quality. 6-DoF GraspNet [13] uses
a variational autoencoder to predict grasps proposals from a
single object point cloud. AVN [14] processes RGB and depth
separately to be robust against depth noise. GSNet [15] and
AnyGrasp [16] adopt a per-point graspness metric to highlight
graspable areas and guide the prediction. VoteGrasp [17], [18]
uses contextual information to generate scene features that
encode dependencies between objects. Liu ef al. [19] propose
a fusion network for joint foreground segmentation and grasp
pose detection. Chen et al. [20] present a grasp heatmap model
to guide the prediction. DGCAN [21] refines noisy depth
features according to cross-modal relations with the RGB image.
All the aforementioned methods are purely geometrical and
do not include the notion of an object. To tackle this problem,
Contact-GraspNet [7] proposes a two stages pipeline, where
an unknown object segmentation model [22] is used to detect
different object instances. In contrast, our heatmap prediction
inherently distinguishes between multiple objects in the scene
and thus enables object-aware grasping.

Voxel-based: Instead of point clouds, some methods opt to
encode the observed scene in a Truncated Signed Distance
Field (TSDF) volume [23]. Volumetric Grasping Network
(VGN) [6] executes a scan motion with the robot’s end-effector

and integrates all camera depth observations in a TSDF voxel-
grid, which is then used as input to predict grasps candidates.
While effective, the scan motion drastically reduces the speed of
operation of the robot. To overcome this limitation, GIGA [§]
proposes to exploit the synergy between geometric reasoning
and grasp learning. The key idea is that a representation
capable of encoding the shape information of the scene is
also relevant to grasp prediction and vice-versa. Nevertheless,
voxel-based methods can only be applied to a workspace
of fixed dimensions, whose coordinates and calibration with
respect to the robot are known a priori. Contrary to point
cloud-based methods, this requires additional setup efforts and
it prevents their use in more dynamic settings, such as mobile
manipulation [24], [25].

B. Object Detection and Representation

In order to fulfill both object awareness and holistic grasping,
a method must be able to both detect objects in the scene,
as well as produce an appropriate representation from which
grasps can be extracted.

Center-Based Detection: The seminal work Objects as
Points [26] led to the development of many center-based object
detection methods [27], [28]. Recently, center-based detection
methods have shown great results on category-level pose
estimation and shape reconstruction [29]-[31] with extension
to articulated objects [32]. We build upon these single-shot
frameworks, mitigating the issues of two-stage pipelines for
grasping [7], [33], and allowing us to predict a vast amount of
grasp proposals while still retaining object-awareness.

Implicit Object Representation: A useful object representation
needs to be able to encode relevant geometric information and
to generalize to unseen object instances. The recently proposed
NUNOCS [34] represents each object as a 6D transformation
and 3D scaling of the category “mean shape”. This simple
representation allows extracting dense correspondences and
transferring relevant grasps across instances. While effective,
this approach cannot handle large intra-category shape varia-
tions besides scaling. A different approach is to use the recently
proposed OccupancyNet [35] as an implicit representation.
GIGA [8] employs this model for scene reconstruction from
partial observations. NDFs [9] adopt it to encode geometric and
semantic descriptors in a 3D volume, which can then be queried
to sample task-relevant keypoints [36] for unseen instances.
They show impressive results in terms of generalization to
unseen object poses and shape instances, but they require a
setup of four cameras, as well as a separate model for each
category, and a set of manually collected demonstrations.

Grasp Distance Function: DeepSDF [37] is a learned contin-
uous Signed Distance Function representation that implicitly
encodes a surface as the zero-level set of the learned model.
Neural Grasp Distance Fields (NGDF) [38] extend the concept
of the neural implicit distance function to grasping, where the
learned model outputs scalar distance metrics for the current
gripper pose to the closest grasp pose. Through differentiation,
the joint positions of the robot can be iteratively updated,
until the desired grasp pose is reached. While promising, this
approach has only been evaluated with a single object in
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the scene and training a separate model for each category.
Moreover, it only provides the gradient towards one single
grasp pose (the closest one). On the other hand, CenterGrasp
is category-independent, it handles cluttered scenes, and it
predicts an entire manifold of grasp candidates for each object
in the scene. Most similar to our method, SceneGrasp [39] also
learns a combined latent space for shape and grasp prediction.
While interesting, this approach has only been trained on 6
categories of objects, and it lacks evaluation of the grasp quality,
both in simulation and in the real world.

III. TECHNICAL APPROACH

Given an RGB-D image as input, the goal is to simulta-
neously detect all the objects and predict their pose, shape,
and valid grasps. We build upon the recently proposed Center-
Snap [29] architecture, a single-shot 3D shape reconstruction
and 6D pose estimation method, and adapt it to our grasp
prediction setting. We adopt a point-based representation where
we encode the complete 3D information of each object in
the scene in the respective center point in the 2D image. At
inference time, our image encoder (see Sec. III-A) detects the
center point of each object as well as the respective 6D pose
and latent shape vector. This information is then used by the
proposed shape and grasps distance function (SGDF) decoder
discussed in Sec. III-B to reconstruct both 3D shapes and valid
grasps. Finally, as shown in Fig. 2, we transform the 3D shape
of the object and the grasps back to the camera frame using
our predicted poses.

The object awareness property is achieved thanks to the
heatmap prediction, while the holistic grasping property is
obtained from the full object shape and grasps reconstruction
capabilities of the SGDF decoder. The SGDF decoder is trained
first to learn a latent embedding space. After training, the
optimized latent codes for each object in the dataset are saved,
so that they can be used as labels for training the latent code
prediction of the image encoder. In the following, we discuss
both the encoder and decoder in detail as well as our data
generation pipeline.

A. Image Encoder

Model Architecture: Following the CenterSnap [29] architecture,
we generate a low resolution feature representation of both the
RGB and depth images using a ResNet50 topology. We then
concatenate both representations and feed them into a ResNet18-
FPN backbone [40]. Finally, we use the resulting pyramid of
features as input to three specialized heads: a heatmap head,
a pose head, and a latent code head. All three network heads
output a per-pixel prediction. The architecture of the three
network heads follows the PanopticFPN [40] segmentation
head. It takes FPN features as input and fuses information from
all levels into a single output. Each feature level is upsampled
to a common dimension and then summed elementwise. Each
upsampling stage consists of a 3 X 3 convolution, group norm,
ReLU, and 2x bilinear upsampling. The heatmap head predicts
the probability of objectness for each pixel as a scalar value o €
[0, 1]. The pose head predicts the 6D pose of the object at the
given pixel as a 12-dimensional vector, which is then reshaped

TABLE I: Overview of hyperparameters.
(a) Decoder (b) Encoder

Loss Scaling | Param. Value Loss Scaling | Param. Value

SDF ISDF 10.0 Heatmap OHeat 100
Grasp OGrasp 1.0 Shape OShape 1
Code dcode  0.001 Pose OPose

into a 3 x 4 matrix and projected to a valid homogeneous
transformation via a Procrustes operation [41]. The code head
predicts z € RP!, a D;-dimensional vector representing the
shape and possible grasps for the object at that pixel, denoted
as latent code.

Training: Our heatmap loss Lye, is the mean squared error
between the heatmap labels and the network output. Inspired
by [7], we represent a 6D pose as a set of four 3D points
v € R**3, This formulation allows us to define the pose loss
as the simple Euclidean distance between points, unifying
both translation and rotation information with a homogeneous
metric. Finally, the latent code loss Lghape is calculated as the
L1 loss between prediction and ground truth code maps. Both
the pose and latent code losses are masked by the ground truth
object binary masks and weighted at each pixel by the ground
truth value of the object heatmap. This ensures that no loss is
computed on background pixels, and emphasizes higher weight
towards the center of the objects. Our final, total loss is the
weighted sum of these three losses, averaged over all pixels:

ey

We report the scaling parameters in Tab. Ib. We train
the network for 100 epochs. To improve generalization, we
normalize the RGB values to the dataset mean and standard
deviation, and we add color jitter augmentation to the RGB
images. We use the ADAM optimizer with default parameters
and a learning rate of le — 3.

Lencoder = 5heat£heat + 5pose£pose + 6shape£shape'

B. Shape and Grasps Decoder

Our proposed shape and grasps distance function (SGDF)
decoder maps a 3D coordinate and a latent code to both a shape
distance and a grasp distance. The shape distance is a scalar
value representing the signed distance between the sample
coordinate and the closest point on the object’s surface. The
grasp distance is the full 6D pose of the closest valid grasp to
the sample coordinate, expressed in a reference frame aligned
with the object frame and centered at the sample coordinate
itself.

Model Architecture: Our decoder network is a deep multi-layer
perceptron based on DeepSDF [37]. The input to our decoder is
a latent code z € R?" and a coordinate in space « € R3. The
decoder outputs a scalar value s € R representing the distance
to the closest surface as well as a grasp parameterized through
a 9D vector raw grasp output g € RY. The vector consists of
three sub-vectors, an offset for the translation part of the grasp
5t € R3 as well as two rotational components 71,7, € R3.
We build a true, absolute rotation matrix defined in the object
frame R € R3*3 by applying the Gram-Schmidt procedure on
the two rotational components. Thus, the final, full grasp pose
is defined by constructing a transformation matrix using both
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Fig. 2: Illustration of the CenterGrasp architecture. First, an RGB-D image is fed into the image encoder which outputs an object heatmap, a pose map, and a
latent code map. Next, the object locations in the image are determined by extracting the peaks from the predicted heatmap. At these locations, each object
pose and latent code is extracted accordingly. In the second step, the SGDF decoder infers the shape and grasps for each detected object. Finally, the object
pose is used to transform the shape and grasp predictions from the canonical frame to the camera frame.

Fig. 3: Surface and Grasp Reconstruction. To highlight that CenterGrasp learns
a continuous prior over the shape and grasp manifold, we randomly sample
latent codes from the learned embedding space and reconstruct the surface as
well as ten valid grasps for each object.

components g = T (x + dt, R) € SE(3) where the matrix is
constructed through

@

e -5 i

where t € R? and R € R3*3,
Training: We train the decoder using multiple losses: first, we

impose a loss on clamped SDF values

P Esg,,spmdes |clamp (s, ¢) — clamp (Spred, €)|
SDF = 5] )

3

where S is the set of all ground truth sy and predicted spreq
SDF values. The clamping function

“

which clamps a value x to be between the specified range. In
the experiments, we used ¢ = 0.1

Second, we use a S-point grasp pose loss similar to [7]. We
use five 3D points on the gripper defined in the gripper frame,
make them homogeneous, and stack them. We denote the
resulting matrix as v € R**5, To accommodate for symmetry

clamp (z, ¢) = min(max(z, —c), ¢)

we flip the points along the x-y-plane, resulting in & € R**5,

We then calculate the grasping loss at each point as

Zgghgpmdec min (Hggtv - gpredvllz Hggtf) - gpredv”)

LGrasp = ’ ()
Ng

where we multiply the ground truth grasp gy with the original
and flipped gripper point matrices v and v, and use the minimal
distance between either of them. The result is averaged over

Fig. 4: Generated Synthetic Data. To generate our training data, we render a
random scene, consisting of a floor, table, and between 1 to 5 objects to yield
an RGB image (left), a depth image with simulated sensor noise (center), and
an object heatmap (right).

the number of grasps in the batch n,. Third, we regularize the
latent codes through a loss Lcoge computed as

Lcode = Z -min(1,e/5), 6)

where Z is the average norm of all embeddings and e is the
current training epoch.
We calculate our final loss as

@)

We report the scaling parameters in Tab. [a. Throughout all of
our experiments, we set the latent code size D; to 32.

We train the network for 100 epochs. We apply dropout with
probability 0.2 and weight normalization to regularize training.
We use the ADAM optimizer with default parameters and a
learning rate of 1le — 3. Fig. 3 shows the reconstructed output
of our SGDF function for different sampled latent codes.

Edecoder = 6SDF£SDF + §Grasp£Grasp + 5Code£Code-

C. Inference

Given a single RGB-D observation of the scene, our image
encoder (see Sec. III-A) predicts a corresponding object
heatmap, pose map, and latent code map. For each heatmap
peak, both the 6D pose and latent code are extracted. For each
object, we input to the SGDF decoder a 64 x 64 x 64 dense grid
of sampled 3D coordinates together with the predicted latent
code. We then extract the object surface points and a manifold
of valid grasps as the respective iso-surfaces SGDF(-) = 0,
i.e. by discarding all points and grasps above a small threshold
€. The remaining points and grasps are then transformed from
their canonical frame to the camera frame using the predicted
6D object pose.

To achieve higher precision, this pose is further refined
via point-to-plane ICP to match the predicted shape with the
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observed point cloud. The list of predicted grasps is then filtered
to discard all grasps that are in collision with the observed
scene. Of the remaining grasp poses, we select the one that
minimizes the torque around the grasp point, estimated using
the gravitational force acting on the centroid of the predicted
shape. These poses are then transformed from the camera frame
into the robot base frame and the grasp is executed via an
inverse kinematics controller.

D. Data Generation

CenterGrasp is trained solely on synthetic data and achieves
zero-shot generalization to the real world. For a fair comparison,
we train on the same 99,945 training scenes from GIGA [8],
which consist of a list of object meshes and their respective
poses. They are constructed from a set of 417 meshes as either
packed or piled clutter.

Shape and Grasp Distance Labels: To generate grasp candidates
for each object mesh, we first sample 1,000 surface points from
the object. For each point, we align the gripper fingers to the
point normal. Finally, we sample 24 different wrist rotations
uniformly, i.e. we consecutively apply a 15 degrees rotation
around the z-axis of the gripper, for a total of 24,000 grasp
candidates per object. From these candidates, we compute
the ground truth grasp labels by checking for collisions and
evaluating their antipodality. On average, we find around 8,500
valid grasps per object. Similarly to NGDF [38], we find
that a large discrete grasp set is a good approximation of the
continuous manifold of valid grasps. For each object, we use
mesh_to_sdf” to sample 100,000 points and their respective
SDF values. For each point, we then find the closest grasp
from the set of ground truth grasps of the given object and
compute the respective grasp distance label.

Image Labels: To generate synthetic image observations (RGB
and depth) as well as pose and instance segmentation labels
from the precomputed GIGA scenes, we use the raytracing-
based renderer from SAPIEN [10] and its realistic depth
feature [42]. All the textures, materials, lights, and table shapes
are randomized, see Fig. 4 for an example observation. For
training, we render each scene from two random camera poses,
resulting in roughly 200,000 RGB-D images and labels. To
generate the object heatmaps, whose peaks represent each
object in the image, we fit a Gaussian to the ground truth
masks. For the pose map and code map labels, we use the
instance masks to label each pixel of an object with its ground
truth pose vector (12-dimensional) and its ground truth code
vector (D;-dimensional) respectively.

IV. EXPERIMENTAL RESULTS

In this section, we first evaluate the proposed CenterGrasp
on the joint task of simultaneous shape reconstruction and
6-DoF grasp estimation. We present a comparison with the
state-of-the-art baseline GIGA [8], as well as an ablation study
of our CenterGrasp approach without the ICP pose refinement
step described in Sec. III-C. It is important to note that the
ICP refinement is only possible thanks to the object awareness

*https://github.com/marian42/mesh_to_sdf

property of our approach: predicting separate shapes for each
object allows us to refine their poses individually. This is
not possible with GIGA, since its prediction is at the full
scene level. Moreover, we evaluate the output grasp quality
on the GraspNet-1Billion [43] benchmark that evaluates grasp
proposals via an analytic model. Finally, we demonstrate zero-
shot transfer to a real robot setup.

A. Simulation Experiments

We build our evaluation tasks on SAPIEN [10], a realistic
and physics-rich simulator. Our scenes consist of a Franka
Emika Panda arm, a table, and a number of objects placed on
top of it. While GIGA [8] evaluated the grasping performance
with a floating gripper that can be placed freely in space, we
evaluate with a complete 7-DoF robot arm, which more closely
mirrors a real-world scenario. To ensure a fair comparison with
GIGA [8], we first use the same object meshes and randomized
scenes from their test set. Additionally, we evaluate the out-of-
distribution capability of all methods by testing on the YCB
object set [44]. Following prior works [6], [8], we generate
two different types of cluttered scenes: packed clutter, where
objects are randomly placed upright next to each other, and
pile clutter, where objects are randomly dropped on the table
and lie on top of each other. From the combination of two
object sets and two clutter types, our full evaluation consists
of four different environments. Each baseline is evaluated on
200 random scenes from each environment. The number of
objects in each scene is sampled from a Poisson distribution
with an expected value equal to 4.

Shape Reconstruction: To evaluate the shape reconstruction
quality, we use the ground truth meshes and their poses in the
scene to extract a ground truth point cloud. We then compare it
to both the point cloud predicted by CenterGrasp as well as to
a point cloud sampled from GIGA’s predicted meshes. Fig. 5
shows a qualitative comparison of the reconstruction from both
methods. GIGA yields adequate results in the in-distribution
evaluation (i.e. using GIGA objects), but its reconstruction qual-
ity drastically decreases in the out-of-distribution settings. On
the other hand, CenterGrasp demonstrates good reconstruction
quality in all environments, including real-world evaluation.

In Tab. II, we report the quantitative results of our evaluation,
which consists of two shape reconstruction metrics calculated
between predictions and ground truth: the L2 bi-directional
Chamfer Distance (CD), and the 3D Intersection over Union
(IoU). Averaging across environments, CenterGrasp achieves
an improvement of 38.5mm in CD and 0.38 in the IoU score.
This numerical evaluation is consistent with the qualitative
results from Fig. 5, highlighting the better generalization
capabilities of CenterGrasp compared to the state of the art.
These results demonstrate the advantages of learning to predict
geometries at the object level rather than at the full scene
level. Furthermore, our ablation of CenterGrasp without ICP
demonstrates the importance of pose refinement. The results
show that CenterGrasp without ICP achieves similar results to
GIGA when evaluated with YCB objects, and worse results
when evaluated with GIGA objects.

Grasp Pose Prediction: We perform comprehensive evaluations
of the grasping capabilities of CenterGrasp on our simulation
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TABLE II: Evaluation of the shape and grasp-pose prediction in four different simulated environments. Results are averaged over three random seeds.
CD = L2-Chamfer Distance ({) in mm, loU = 3D Intersection over Union (1), SR = Success Rate (1), DR = Declutter Rate (1).

GIGA Objects Packed GIGA Objects Pile

YCB Objects Packed YCB Objects Pile

CD IoU SR DR CD IoU SR DR CD IoU SR DR CD IoU SR DR
GIGA [8] 355 0.18 052 0.59 715 0.10 041 0.18 633 0.13 049 041 832 0.11 044 027
CGw/oICP 555 0.10 023 0.16 553 020 0.17 0.12 632 0.13 0.14 0.14 879 0.14 0.18 0.14
CenterGrasp 232 0.34 0.84 0.87 161 0.66 0.84 0.71 181 061 083 0.81 4.0 047 0.67 0.70
m
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[~
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9
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Giga Objects Packed Giga Objects Pile

YCB Objects Packed

YCB Objects Pile Real Objects Packed Real Objects Pile

Fig. 5: A comparison between the mesh reconstruction of GIGA [8] and the point cloud reconstruction of CenterGrasp. GIGA yields adequate results in the
in-distribution evaluation (i.e. using GIGA objects), but its reconstruction quality drastically decreases in the out-of-distribution settings. On the other hand,
CenterGrasp demonstrates good reconstruction quality in all environments, including real-world evaluations.

setup. For each scene, the robot executes the predicted grasp,
lifts the object, and moves it to a drop area. The attempt is
considered successful if the objects are successfully moved to
the drop area. The episode is terminated when all objects in
the scene have been cleared or after three consecutive failed
attempts. In Tab. II, we report two object grasping metrics:
Success Rate (SR) and Declutter Rate (DR). Success rate is
defined as the number of successful grasps divided by the
total grasps attempted, whereas declutter rate is defined as the
number of successful grasps divided by the total number of
objects in the evaluation scenes. The latter metric is important
to highlight cases where objects are still present in the scene,
but no grasp is predicted by the model.

In this experiment, CenterGrasp achieves 33 percentage
points higher SR and 41 percentage points higher DR com-
pared to GIGA on average, demonstrating its ability to
clear drastically more objects from the scene while requiring
fewer attempts. Furthermore, our ablation study shows a
significant decrease in the success rate when using CenterGrasp
without ICP, which achieves significantly worse results than
both CenterGrasp and GIGA. Compared to the full pipeline,
CenterGrasp without ICP achieves over 60 percentage points
less SR and DR, highlighting the importance of precise object
poses for the success of the entire pipeline.

B. GraspNet-1Billion benchmark

While the target task of our work is simultaneous shape
reconstruction and grasp estimation, we additionally evaluate
the grasp quality of our method on the GraspNet-1Billion
benchmark [43], to allow a direct comparison with dedicated

grasp-pose estimation approaches. This benchmark evaluates
the top 50 grasp proposals using an analytic model of grasp
quality. Following [43], we report the Average Precision (AP)
for two different friction coefficients (APg 4 and APy g), as well
as the total AP averaged across the full range of coefficients.
We train and evaluate CenterGrasp on the Kinect camera data.
The results are shown in Tab. III, where we compare against
the baselines originally reported in the benchmark. For the
seen objects case, CenterGrasp performs better than the two
lowest scoring baseline [45], [46] and worse than the two best
scoring methods [12], [43]. For the unseen and novel object
cases, a similar trend is observable for the APy 4 metric. We
can attribute this underperformance to multiple factors. First,
CenterGrasp is designed to detect objects in the scene, extract
their poses and predict their full shape and grasp manifold,
while the compared methods only focus on the grasp estimation
task considered in this benchmark. Second, the benchmark
reports the average metric over the best 50 grasps: since
CenterGrasp does not directly predict a grasp score, ranking
the poses in the grasp manifold is not straightforward. Third,
we observe that the heatmap objectness prediction struggles in
heavily cluttered scenes in the benchmark, leading to failure
cases downstream. Fourth, the small amount of objects in the
GraspNet-1B dataset (only 87), paired with a high variability
in their shape, prevents the SGDF decoder to generalize well
to unseen objects.

C. Real Robot Experiments

We carry out evaluations of the grasp prediction quality on
a real robot setup consisting of a 7-DoF Franka Emika Panda
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TABLE III: Evaluation of 6-Dof grasp pose prediction on the GraspNet-1Billion benchmark [43]. We report AP for two friction coefficients (0.4, 0.8) as well
as the total AP averaged across the full range of coefficients. AP = Average Precision (1), G = Grasp, R = Reconstruction, D = Detection.

Method ‘ Seen Unseen Novel

G R D \ AP APps APp4 AP APgs APgg4 AP APg.s APgg4
GG-CNN [45] v - - 16.89  22.47 11.23 15.05 19.76 6.19 7.38 8.78 1.32
Chu et al. [46] v - - 17.59  24.67 12.74 1736  21.64 8.86 8.04 9.34 1.76
GPD [5] v - - 24.38 30.16 13.46 23.18 28.64 11.32 9.58 10.14 3.16
PointnetGPD [12] Vv - - 27.59  34.21 17.83 24.38 30.84 12.83 10.66 11.24 3.21
GraspNet-1B [43] v - - 29.88  36.19 19.31 27.84 33.19 16.62 11.51 12.92 3.56
CenterGrasp v v v \ 22.35 27.16 15.35 13.78 17.01 8.22 5.72 6.93 2.64

Fig. 6: The simple (left) and non-convex (right) household objects used in our
real-world experiments.

TABLE IV: Evaluation of 6-Dof grasp pose prediction in the real world. SR =
Success Rate (1), DR = Declutter Rate (1), G = Grasp, R = Reconstruction,
D = Detection.

Method | Packed Pile NonConvex
G R D ‘ SR DR SR DR SR DR
GPD [5] v oo - 0.48 0.79 0.41 0.67 0.38 0.59
GIGA [8] v voo- 0.36 0.64 0.20 0.37 0.26 0.44
CenterGrasp v/ v Vv 0.57 0.85 0.53 0.83 0.49 0.70

arm equipped with a parallel jaw-gripper and a wrist-mounted
ZED?2 depth camera. We collect a set of 20 simple and a set of
6 non-convex household objects, shown in Fig. 6. We evaluate
on three settings: packed and pile (similar to the simulation
experiments) and non-convex. We build 30 different scenes
with three objects each, for a total of 90 possible grasps for all
three scenarios. To minimize variance, we replicate the scenes
across all the methods as accurately as possible. For each scene,
we capture an RGB-D image and query the model to predict
a grasp. We then execute the predicted grasp and remove the
object from the scene. If a grasp attempt fails two times for the
same object, that object is removed manually from the scene.
For each baseline and type of scene, we report the success
rate (SR) and declutter rate (DR) in Tab. IV. Similar to the
simulation results, we observe that CenterGrasp demonstrates
the best performance across all the evaluations, achieving on
average 27 percentage points higher SR and 20 percentage
points higher DR compared to GIGA.

V. DISCUSSION AND LIMITATIONS

The effective scene understanding of CenterGrasp not
only enhances grasping capabilities but also unlocks various
additional opportunities. For instance, the concept of object
awareness enables human interaction, allowing users to select
desired objects by utilizing object masks extracted from the
heatmap, as shown in Fig. 8. Additionally, the ability of
CenterGrasp to perform holistic grasping ensures accurate
detection, reconstruction, and successful grasping of objects,
even when they are partially (self-) occluded (Fig. 7), or behind

Fig. 7: Object-aware and holistic scene understanding. Given the input image
(left), CenterGrasp is able to predict a full per-object reconstruction even in
the presence of partial occlusions (center-right).

Fig. 9: The holistic grasping property
allows CenterGrasp to predict grasps
even behind the visible region of the
camera (viewing from left to right).

Fig. 8: The object awareness property
allows human interaction. User can
select the desired object to be grasped.

the visible region of the camera (Fig. 9). For example, with the
object in Fig. 9, we predict a total of 1267 grasps, of which
61% are on the visible region and 39% on the invisible region
of the object. Although our approach demonstrates significant
performance improvements compared to the state-of-the-art
baseline, it does have some limitations. First, precise pose
predictions are critical to the success of the pipeline, which in
practice implies the adoption of an ICP refinement step. Second,
two separate models need to be trained, the image encoder,
which operates at the scene level, and the SGDF decoder, which
operates at the object level. Both aspects represent an exciting
opportunity for future research.

VI. CONCLUSION

In this work, we presented CenterGrasp, a simultaneous
shape reconstruction and grasp-pose prediction architecture.
We designed our framework around two key concepts: object
awareness and holistic grasping, with the aim to combine
3D scene understanding with object grasping. We compared
the proposed approach with a recent state-of-the-art method
and showed that it achieves exceptional performance both in
simulation and real-world robotic experiments. By combining
accurate perception and successful grasping, our framework
paves the way for dexterous robotic systems capable of
effectively interacting with objects in complex real-world
environments. We made the code and trained models publicly
available to facilitate future research.
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