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Mini Diffuser: Fast Multi-task Diffusion Policy 
Training Using Two-level Mini-batches

“Reduces by an order of magnitude 
the time and memory needed to train 

multi-task vision-language robotic diffusion policies.”

Yutong Hu, Pinhao Song, 
Kehan Wen, Renaud Detry



Image vs robot diffusion: same model, different target

Rolling window prediction and control 
Sequence length = 𝑙

, only predict next pose𝑙 = 1

Denoising process 
for action 𝒂(𝒔)
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Image Diffusion [1] Policy Diffusion [2]

[1] Rombach, Robin, et al. "High-resolution image synthesis with latent diffusion models." 

[2] Chi, Cheng, et al. "Diffusion policy: Visuomotor policy learning via action diffusion."

[3] Shridhar, Mohit, Lucas Manuelli, and Dieter Fox. "Perceiver-actor: A multi-task transformer for robotic manipulation."
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{(𝑘(𝑖,𝑗), 𝝐(𝑖,𝑗))}
𝑀

𝑗−1
, 𝑘(𝑖,𝑗) ∼ 𝒰(1, 𝐾), 𝝐(𝑖,𝑗) ∼ 𝒩(0, 𝐈) .

𝒂𝑘 = 𝛼𝑘𝒂0 + 1 − 𝛼𝑘𝝐

{(𝒔(𝑖), 𝒂(𝑖)
0 )}

𝐵

𝑖=1
, (𝒔(𝑖), 𝒂(𝑖)

0 ) ∼ 𝑞(𝒂, 𝑠)

Level-1: We first sample  independent 
state–action pairs

𝐵 Level-2: For each of those , we 
independently draw  step-noise pairs,

𝐵
𝑀

 point clouds, language instructions, 
current joint configs …

𝒔

Two-Level Batch for Action Diffusion



Action Samples

Shared Conditions

Two-Level Batch for Action Diffusion



(i) An action sample attends to itself 
and shared conditions, but not to 
other action samples  

(ii) shared conditions do not attend 
back to action samples.  

Two modules can perform such a 
“Non-invasive extraction”

Cross attention Kernel query

Masked 
Attention

Kernel 
Query

 independent 
noised actions
𝑀

“Put item in 
the drawer”

Masked Attention Protects Action Sample Independence
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(i) An action sample attends to itself 
and shared conditions, but not to 
other action samples  

(ii) shared conditions do not attend 
back to action samples.  

Two modules can perform such a 
“Non-invasive extraction”

Cross attention Kernel query



Method Avg. Suc. (%) Norm. Time Memory (GB) Reported Hardware

PerAct 49.4 128 128 V100×8×16 days

RVT 62.9 8 128 V100×8×1 day

Act3D 63.2 40 128 V100×8×5 days

RVT-2 81.4 6.6 128 V100×8×20 hours

3D-Dif-Actor 81.3 (100%) 39 (100%) 240 (100%) A100×6×6 days

SAM2Act 86.8 8.3 160 H100×8×12 hours

Mini-diffuser 77.6 (95.4%) 1.9 (4.8%) 16 (6.6%) 4090×13 hours or 
A100×1 day

Training an 18-in-1 multi-task model for RL-Bench 
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Level-1 batches: B
Level-2 batches: M Memory Cost Time per

Gradient Step
Avg. Succ.

after 1e5 Steps

B=100 M=64 102.2% 106.3% 78.3

B=100 M=1 100% 100% 44.1

B=200 M=1 188.8% 176.6% 50.8

Efficiency of Level-2 Batch



Train a multi-task Diffuser Actor in the Realworld



Train a multi-task Diffuser Actor in the Realworld



https://mini-diffuse-actor.github.io



P. Song, Y. Hu, P. Li, 
and R. Detry 

 
At UCLA on 2025-08-27

Equivariant 
Volumetric 
Grasping



rotate rotate

A model is equivariant if its output responds predictably to 
transformations of its input

translate translate reflect reflect
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s = image segmentation model

A trivial way of responding predictably: responding identically



rotate

A model is invariant if its output is immutable to 
transformations of its input

translate reflect
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rotate identity

Invariance is a special case of equivariance, 
where the output transformation is the identity transformation

translate identity reflect identity
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c = image classification model



Data-driven models can achieve equivariance (a) through exposure to tons of 
data, or (b) through architectural design

(a) 
Vanilla model (e.g., MLP) 

trained on: 

(b) 
Architecturally-equivariant model 

trained on: 

Better sample efficiency



A canonical example of a model designed for translation equivariance: 
the convolutional neural network

(a) 
MLP (no architectural equivariance) 

(b) 
CNN (architectural equivariance to translations) 

W
hy

convolutionalneuralnetw
orks?

ix

W
hy

c
o
n

v
o
lu

tio
n

a
lneuralnetw

orks?

C
onvolutionalneuralnetw

orks
(C

N
N

s)
are

the
standard

netw
ork

architecture
for

spatially
structured

signals.They
differfrom

plain,fully
connected

netw
orks

in
tw

o
respects:firstly,

they
usually

have
a

localneuralconnectivity,and
secondly,they

share
synapse

w
eights(e.g.

a
convolution

kernel)betw
een

differentspatiallocations:

The
w

eightsharing
requirem

entapplies
to

any
type

ofoperation
em

ployed
in

convolutional
netw

orks,enforcing,forinstance,thatone
and

the
sam

e
bias

vectorornonlinearity
is

to
be

used
atevery

spatialposition.
C

N
N

s
ow

e
their

nam
e

to
so-called

convolution
operations,

w
hich

are
exactly

those
linear

m
aps

that
share

w
eights.

Intuitively,
convolutions

can
be

thoughtofas
sliding

a
tem

plate
pattern

–
the

convolution
kernel–

across
space,m

atching
it

ateach
single

position
w

ith
the

signalto
produce

a
response

field.

B
oth

the
localconnectivity

and
w

eightsharing
reduce

the
num

berofm
odelparam

eters
(vi-

sualized
by

the
num

berand
colorofthe

synapse
w

eightsin
the

graphicsabove),w
hich

m
akes

C
N

N
s

less
hungry

for
training

data
in

com
parison

to
fully

connected
netw

orks.
The

local
connectivity

im
pliesin

addition
thateach

neuron
isassociated

w
ith

a
specific

spatiallocation
(the

centerofits
receptive

field),such
thatthey

are
naturally

arranged
in

“feature
m

aps”.

M
ore

im
portantfor

us
is,how

ever,thatthe
spatialw

eightsharing
im

plies
the

translation
equivariance

ofconvolutionalnetw
orks:

spatialw
eightsharing

=
→

translation
equivariance

To
see

thatthisisindeed
the

case,note
thatany

translation
ofa

netw
ork’sinputshiftspatterns

to
otherneurons’receptive

fields.G
iven

thatthe
neuralconnectivity

isshared,these
neurons

are
guaranteed

to
evoke

the
sam

e
responses

as
those

atthe
previous

location.

(Lizards
adapted

underthe
C

reative
C

om
m

ons
A

ttribution
4.0

Internationallicense
by

courtesy
ofTw

itter.)

W
hy

convolutionalneuralnetw
orks?

ix

W
hy

c
o
n

v
o
lu

tio
n

a
lneuralnetw

orks?

C
onvolutionalneuralnetw

orks
(C

N
N

s)
are

the
standard

netw
ork

architecture
for

spatially
structured

signals.They
differfrom

plain,fully
connected

netw
orks

in
tw

o
respects:firstly,

they
usually

have
a

localneuralconnectivity,and
secondly,they

share
synapse

w
eights(e.g.

a
convolution

kernel)betw
een

differentspatiallocations:

The
w

eightsharing
requirem

entapplies
to

any
type

ofoperation
em

ployed
in

convolutional
netw

orks,enforcing,forinstance,thatone
and

the
sam

e
bias

vectorornonlinearity
is

to
be

used
atevery

spatialposition.
C

N
N

s
ow

e
their

nam
e

to
so-called

convolution
operations,

w
hich

are
exactly

those
linear

m
aps

that
share

w
eights.

Intuitively,
convolutions

can
be

thoughtofas
sliding

a
tem

plate
pattern

–
the

convolution
kernel–

across
space,m

atching
it

ateach
single

position
w

ith
the

signalto
produce

a
response

field.

B
oth

the
localconnectivity

and
w

eightsharing
reduce

the
num

berofm
odelparam

eters
(vi-

sualized
by

the
num

berand
colorofthe

synapse
w

eightsin
the

graphicsabove),w
hich

m
akes

C
N

N
s

less
hungry

for
training

data
in

com
parison

to
fully

connected
netw

orks.
The

local
connectivity

im
pliesin

addition
thateach

neuron
isassociated

w
ith

a
specific

spatiallocation
(the

centerofits
receptive

field),such
thatthey

are
naturally

arranged
in

“feature
m

aps”.

M
ore

im
portantfor

us
is,how

ever,thatthe
spatialw

eightsharing
im

plies
the

translation
equivariance

ofconvolutionalnetw
orks:

spatialw
eightsharing

=
→

translation
equivariance

To
see

thatthisisindeed
the

case,note
thatany

translation
ofa

netw
ork’sinputshiftspatterns

to
otherneurons’receptive

fields.G
iven

thatthe
neuralconnectivity

isshared,these
neurons

are
guaranteed

to
evoke

the
sam

e
responses

as
those

atthe
previous

location.

(Lizards
adapted

underthe
C

reative
C

om
m

ons
A

ttribution
4.0

Internationallicense
by

courtesy
ofTw

itter.)

[1] M. Weiler, P. Forre, E. Verlinde, and M. Welling. Equivariant and Coordinate Independent Convolutional Networks. 2023.



DNN building blocks that provide equivariance to rotations or reflections readily 
exist in software libraries. They are generally referred to as steerable kernels.

Generalized equivariant CNNs & steerable kernels xi

Applied at one single location, a kernel produces a single response feature vector, as shown
above. Convolutions apply the kernel at every point of space, and result therefore in a whole
feature vector field. Since convolutions are translation equivariant, and steerable kernels are
G-equivariant, any convolution with a steerable kernel is jointly translation and G-equiv-
ariant – they are hence A!(G)-equivariant, as desired.

The main challenge in constructing A!(G)-equivariant CNNs is to solve for and to param-
eterize the subspaces of G-steerable convolution kernels. These subspaces are characterized
by the specific G-symmetries that their constituent kernels have to satisfy. The particular
details of the kernels’ symmetries depend thereby on the choice of transformation laws (G-
actions) according to which their input and output feature vectors are supposed to transform.

To build a more concrete intuition for steerable kernels, we turn to some specific examples.

Reflection steerable kernels: The simplest non-trivial example is the one where G is the
reflection group, such that A!(G) consists of translations and reflections.

Assume the convolution input to be a scalar field, modeling, for instance, a grayscale image.
Let the convolution kernel be symmetric, i.e. invariant under reflections. When being applied
to a reflected input such a kernel is guaranteed to produce exactly the same responses as for
the original input, however, now located at spatially reflected positions. As the output field
transforms in this example just like the input field, it is of scalar type as well.

Note that general, non-symmetric kernels would not satisfy this equivariance diagram. Their
two response fields on the right-hand side would rather be mutually unrelated.[1] M. Weiler, P. Forre, E. Verlinde, and M. Welling. Equivariant and Coordinate Independent Convolutional Networks. 2023.



Dense grasp prediction is similar in spirit to dense image processing: it predicts 
parameters for each pixel of an input image

Fig. 4. A visualization of the MultiGrasp model running on a test image of a flying disc. The MultiGrasp model splits the image into an NxN grid.
For each cell in the grid, the model predicts a bounding box centered at that cell and a probability that this grasp is a true grasp for the object in the
image. The predicted bounding boxes are weighted by this probability. The model can predict multiple good grasps for an object, as in this instance. For
experiments on the Cornell dataset we pick the bounding box with the highest weight as the final prediction.

A. Grasp Detection

Previous work uses two different metrics when evaluating
grasps on the Cornell dataset. The point metric looks at the
distance from the center of the predicted grasp to the center
of each of the ground truth grasps. If any of these distances
is less than some threshold, the grasp is considered a success.

There are a number of issues with this metric, most notably
that it does not consider grasp angle or size. Furthermore,
past work does not disclose what values they use for the
threshold which makes it impossible to compare new results
to old ones. For these reasons we do not evaluate on the
point metric.

The second metric considers full grasp rectangles during
evaluation. The rectangle metric considers a grasp to be
correct if both:

1) The grasp angle is within 30� of the ground truth grasp.
2) The Jaccard index of the predicted grasp and the

ground truth is greater than 25 percent.
Where the Jaccard index is given by:

J(A,B) =
|A \B|
|A [B|

The rectangle metric discriminates between good and bad
grasps better than the point metric. It is similar to the metrics
used in object detection although the threshold on the Jaccard
index is lower (25 percent instead of a more standard 50
percent in computer vision) because the ground truth grasps
are not exhaustive. A rectangle with the correct orientation
that only overlaps by 25 percent with one of the ground
truth grasps is still often a good grasp. We perform all of
our experiments using the rectangle metric.

Like prior work we use five-fold cross validation for our
experimental results. We do two different splits of the data:

1) Image-wise splitting splits images randomly.
2) Object-wise splitting splits object instances randomly,

putting all images of the same object into the same
cross-validation split.

Image-wise splitting tests how well the model can general-
ize to new positions for objects it has seen previously. Object-
wise splitting goes further, testing how well the network
can generalize to novel objects. In practice, both splitting
techniques give comparable performance. This may be due
to the similarity between different objects in the dataset (e.g.
there are multiple sunglasses of slightly different shapes and
colors).

B. Object Classification

We manually classify the images in the Cornell Grasping
Dataset into 16 distinct categories, with categories like
“bottle”, “shoe”, and “sporting equipment”. The dataset is
not evenly distributed between categories but every category
has enough examples in the dataset to be meaningful. The
least represented category has 20 images in the dataset while
the most represented has 156.

We train and test our combined regression + classification
model using these class labels. At test time the combined
model simultaneously predicts the best grasp and the object
category. We report classification accuracy on the same
cross-validation splits as above.

C. Pretraining

Before training our network on grasps we pretrain on the
ImageNet classification task [20]. Our experience backed by
current literature suggests that pretraining large convolutional
neural networks greatly improves training time and helps
avoid overfitting [21] [22].

Krizevsky et al. designed AlexNet for standard RGB
images. Low-cost stereo vision systems like the Kinect make
RGB-D data increasingly ubiquitous in robotic systems. To
use AlexNet with RGB-D data we simply replace the blue
channel in the image with the depth information. We could
instead modify the architecture to have another input channel
but then we would not be able to pretrain the full network.

Fig. 4. A visualization of the MultiGrasp model running on a test image of a flying disc. The MultiGrasp model splits the image into an NxN grid.
For each cell in the grid, the model predicts a bounding box centered at that cell and a probability that this grasp is a true grasp for the object in the
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experiments on the Cornell dataset we pick the bounding box with the highest weight as the final prediction.
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wise splitting goes further, testing how well the network
can generalize to novel objects. In practice, both splitting
techniques give comparable performance. This may be due
to the similarity between different objects in the dataset (e.g.
there are multiple sunglasses of slightly different shapes and
colors).

B. Object Classification

We manually classify the images in the Cornell Grasping
Dataset into 16 distinct categories, with categories like
“bottle”, “shoe”, and “sporting equipment”. The dataset is
not evenly distributed between categories but every category
has enough examples in the dataset to be meaningful. The
least represented category has 20 images in the dataset while
the most represented has 156.

We train and test our combined regression + classification
model using these class labels. At test time the combined
model simultaneously predicts the best grasp and the object
category. We report classification accuracy on the same
cross-validation splits as above.

C. Pretraining

Before training our network on grasps we pretrain on the
ImageNet classification task [20]. Our experience backed by
current literature suggests that pretraining large convolutional
neural networks greatly improves training time and helps
avoid overfitting [21] [22].

Krizevsky et al. designed AlexNet for standard RGB
images. Low-cost stereo vision systems like the Kinect make
RGB-D data increasingly ubiquitous in robotic systems. To
use AlexNet with RGB-D data we simply replace the blue
channel in the image with the depth information. We could
instead modify the architecture to have another input channel
but then we would not be able to pretrain the full network.

Dense grasp prediction

Predict 𝜃 for each pixel

Redmon, J., & Angelova, A. Real-time grasp detection using convolutional neural networks. ICRA 2015.



Architecturally-equivariant models improve sample efficiency and 
lower training costs
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Fig. 4. A visualization of the MultiGrasp model running on a test image of a flying disc. The MultiGrasp model splits the image into an NxN grid.
For each cell in the grid, the model predicts a bounding box centered at that cell and a probability that this grasp is a true grasp for the object in the
image. The predicted bounding boxes are weighted by this probability. The model can predict multiple good grasps for an object, as in this instance. For
experiments on the Cornell dataset we pick the bounding box with the highest weight as the final prediction.

A. Grasp Detection

Previous work uses two different metrics when evaluating
grasps on the Cornell dataset. The point metric looks at the
distance from the center of the predicted grasp to the center
of each of the ground truth grasps. If any of these distances
is less than some threshold, the grasp is considered a success.

There are a number of issues with this metric, most notably
that it does not consider grasp angle or size. Furthermore,
past work does not disclose what values they use for the
threshold which makes it impossible to compare new results
to old ones. For these reasons we do not evaluate on the
point metric.

The second metric considers full grasp rectangles during
evaluation. The rectangle metric considers a grasp to be
correct if both:

1) The grasp angle is within 30� of the ground truth grasp.
2) The Jaccard index of the predicted grasp and the

ground truth is greater than 25 percent.
Where the Jaccard index is given by:

J(A,B) =
|A \B|
|A [B|

The rectangle metric discriminates between good and bad
grasps better than the point metric. It is similar to the metrics
used in object detection although the threshold on the Jaccard
index is lower (25 percent instead of a more standard 50
percent in computer vision) because the ground truth grasps
are not exhaustive. A rectangle with the correct orientation
that only overlaps by 25 percent with one of the ground
truth grasps is still often a good grasp. We perform all of
our experiments using the rectangle metric.

Like prior work we use five-fold cross validation for our
experimental results. We do two different splits of the data:

1) Image-wise splitting splits images randomly.
2) Object-wise splitting splits object instances randomly,

putting all images of the same object into the same
cross-validation split.

Image-wise splitting tests how well the model can general-
ize to new positions for objects it has seen previously. Object-
wise splitting goes further, testing how well the network
can generalize to novel objects. In practice, both splitting
techniques give comparable performance. This may be due
to the similarity between different objects in the dataset (e.g.
there are multiple sunglasses of slightly different shapes and
colors).

B. Object Classification

We manually classify the images in the Cornell Grasping
Dataset into 16 distinct categories, with categories like
“bottle”, “shoe”, and “sporting equipment”. The dataset is
not evenly distributed between categories but every category
has enough examples in the dataset to be meaningful. The
least represented category has 20 images in the dataset while
the most represented has 156.

We train and test our combined regression + classification
model using these class labels. At test time the combined
model simultaneously predicts the best grasp and the object
category. We report classification accuracy on the same
cross-validation splits as above.

C. Pretraining

Before training our network on grasps we pretrain on the
ImageNet classification task [20]. Our experience backed by
current literature suggests that pretraining large convolutional
neural networks greatly improves training time and helps
avoid overfitting [21] [22].

Krizevsky et al. designed AlexNet for standard RGB
images. Low-cost stereo vision systems like the Kinect make
RGB-D data increasingly ubiquitous in robotic systems. To
use AlexNet with RGB-D data we simply replace the blue
channel in the image with the depth information. We could
instead modify the architecture to have another input channel
but then we would not be able to pretrain the full network.



Breyer, Michel, et al. "Volumetric grasping network: Real-time 6 dof grasp detection in clutter." Conference on Robot Learning. PMLR, 2021.

Volumetric Grasping is a popular approach to grasp planning that applies principles of 2D 
computer vision to 6D grasping

Depth Camera



Grasp 𝒈

Graspness  
(whether this voxel 
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Grid feature extraction

Breyer, Michel, et al. "Volumetric grasping network: Real-time 6 dof grasp detection in clutter." Conference on Robot Learning. PMLR, 2021.

Volumetric Grasping is a popular approach to grasp planning that applies principles of 2D 
computer vision to 6D grasping



Volumetric grasping with no architectural equivariance has 
a prohibitively low sample efficiency
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Fig. 4. A visualization of the MultiGrasp model running on a test image of a flying disc. The MultiGrasp model splits the image into an NxN grid.
For each cell in the grid, the model predicts a bounding box centered at that cell and a probability that this grasp is a true grasp for the object in the
image. The predicted bounding boxes are weighted by this probability. The model can predict multiple good grasps for an object, as in this instance. For
experiments on the Cornell dataset we pick the bounding box with the highest weight as the final prediction.

A. Grasp Detection

Previous work uses two different metrics when evaluating
grasps on the Cornell dataset. The point metric looks at the
distance from the center of the predicted grasp to the center
of each of the ground truth grasps. If any of these distances
is less than some threshold, the grasp is considered a success.

There are a number of issues with this metric, most notably
that it does not consider grasp angle or size. Furthermore,
past work does not disclose what values they use for the
threshold which makes it impossible to compare new results
to old ones. For these reasons we do not evaluate on the
point metric.

The second metric considers full grasp rectangles during
evaluation. The rectangle metric considers a grasp to be
correct if both:

1) The grasp angle is within 30� of the ground truth grasp.
2) The Jaccard index of the predicted grasp and the

ground truth is greater than 25 percent.
Where the Jaccard index is given by:

J(A,B) =
|A \B|
|A [B|

The rectangle metric discriminates between good and bad
grasps better than the point metric. It is similar to the metrics
used in object detection although the threshold on the Jaccard
index is lower (25 percent instead of a more standard 50
percent in computer vision) because the ground truth grasps
are not exhaustive. A rectangle with the correct orientation
that only overlaps by 25 percent with one of the ground
truth grasps is still often a good grasp. We perform all of
our experiments using the rectangle metric.

Like prior work we use five-fold cross validation for our
experimental results. We do two different splits of the data:

1) Image-wise splitting splits images randomly.
2) Object-wise splitting splits object instances randomly,

putting all images of the same object into the same
cross-validation split.

Image-wise splitting tests how well the model can general-
ize to new positions for objects it has seen previously. Object-
wise splitting goes further, testing how well the network
can generalize to novel objects. In practice, both splitting
techniques give comparable performance. This may be due
to the similarity between different objects in the dataset (e.g.
there are multiple sunglasses of slightly different shapes and
colors).

B. Object Classification

We manually classify the images in the Cornell Grasping
Dataset into 16 distinct categories, with categories like
“bottle”, “shoe”, and “sporting equipment”. The dataset is
not evenly distributed between categories but every category
has enough examples in the dataset to be meaningful. The
least represented category has 20 images in the dataset while
the most represented has 156.

We train and test our combined regression + classification
model using these class labels. At test time the combined
model simultaneously predicts the best grasp and the object
category. We report classification accuracy on the same
cross-validation splits as above.

C. Pretraining

Before training our network on grasps we pretrain on the
ImageNet classification task [20]. Our experience backed by
current literature suggests that pretraining large convolutional
neural networks greatly improves training time and helps
avoid overfitting [21] [22].

Krizevsky et al. designed AlexNet for standard RGB
images. Low-cost stereo vision systems like the Kinect make
RGB-D data increasingly ubiquitous in robotic systems. To
use AlexNet with RGB-D data we simply replace the blue
channel in the image with the depth information. We could
instead modify the architecture to have another input channel
but then we would not be able to pretrain the full network.

3D dense models



Volumetric grasping with 3D (translation-equivariant) CNNs is a promising concept
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Fig. 4. A visualization of the MultiGrasp model running on a test image of a flying disc. The MultiGrasp model splits the image into an NxN grid.
For each cell in the grid, the model predicts a bounding box centered at that cell and a probability that this grasp is a true grasp for the object in the
image. The predicted bounding boxes are weighted by this probability. The model can predict multiple good grasps for an object, as in this instance. For
experiments on the Cornell dataset we pick the bounding box with the highest weight as the final prediction.

A. Grasp Detection

Previous work uses two different metrics when evaluating
grasps on the Cornell dataset. The point metric looks at the
distance from the center of the predicted grasp to the center
of each of the ground truth grasps. If any of these distances
is less than some threshold, the grasp is considered a success.

There are a number of issues with this metric, most notably
that it does not consider grasp angle or size. Furthermore,
past work does not disclose what values they use for the
threshold which makes it impossible to compare new results
to old ones. For these reasons we do not evaluate on the
point metric.

The second metric considers full grasp rectangles during
evaluation. The rectangle metric considers a grasp to be
correct if both:

1) The grasp angle is within 30� of the ground truth grasp.
2) The Jaccard index of the predicted grasp and the

ground truth is greater than 25 percent.
Where the Jaccard index is given by:

J(A,B) =
|A \B|
|A [B|

The rectangle metric discriminates between good and bad
grasps better than the point metric. It is similar to the metrics
used in object detection although the threshold on the Jaccard
index is lower (25 percent instead of a more standard 50
percent in computer vision) because the ground truth grasps
are not exhaustive. A rectangle with the correct orientation
that only overlaps by 25 percent with one of the ground
truth grasps is still often a good grasp. We perform all of
our experiments using the rectangle metric.

Like prior work we use five-fold cross validation for our
experimental results. We do two different splits of the data:

1) Image-wise splitting splits images randomly.
2) Object-wise splitting splits object instances randomly,

putting all images of the same object into the same
cross-validation split.

Image-wise splitting tests how well the model can general-
ize to new positions for objects it has seen previously. Object-
wise splitting goes further, testing how well the network
can generalize to novel objects. In practice, both splitting
techniques give comparable performance. This may be due
to the similarity between different objects in the dataset (e.g.
there are multiple sunglasses of slightly different shapes and
colors).

B. Object Classification

We manually classify the images in the Cornell Grasping
Dataset into 16 distinct categories, with categories like
“bottle”, “shoe”, and “sporting equipment”. The dataset is
not evenly distributed between categories but every category
has enough examples in the dataset to be meaningful. The
least represented category has 20 images in the dataset while
the most represented has 156.

We train and test our combined regression + classification
model using these class labels. At test time the combined
model simultaneously predicts the best grasp and the object
category. We report classification accuracy on the same
cross-validation splits as above.

C. Pretraining

Before training our network on grasps we pretrain on the
ImageNet classification task [20]. Our experience backed by
current literature suggests that pretraining large convolutional
neural networks greatly improves training time and helps
avoid overfitting [21] [22].

Krizevsky et al. designed AlexNet for standard RGB
images. Low-cost stereo vision systems like the Kinect make
RGB-D data increasingly ubiquitous in robotic systems. To
use AlexNet with RGB-D data we simply replace the blue
channel in the image with the depth information. We could
instead modify the architecture to have another input channel
but then we would not be able to pretrain the full network.

Breyer, Michel, et al. "Volumetric grasping network: Real-time 6 dof grasp 
detection in clutter." Conference on Robot Learning. PMLR, 2021.

3D dense models



3D dense models

The increased sample efficiency brought by 3D steerable CNNs is 
insufficient to justify their computational cost
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Fig. 4. A visualization of the MultiGrasp model running on a test image of a flying disc. The MultiGrasp model splits the image into an NxN grid.
For each cell in the grid, the model predicts a bounding box centered at that cell and a probability that this grasp is a true grasp for the object in the
image. The predicted bounding boxes are weighted by this probability. The model can predict multiple good grasps for an object, as in this instance. For
experiments on the Cornell dataset we pick the bounding box with the highest weight as the final prediction.

A. Grasp Detection

Previous work uses two different metrics when evaluating
grasps on the Cornell dataset. The point metric looks at the
distance from the center of the predicted grasp to the center
of each of the ground truth grasps. If any of these distances
is less than some threshold, the grasp is considered a success.

There are a number of issues with this metric, most notably
that it does not consider grasp angle or size. Furthermore,
past work does not disclose what values they use for the
threshold which makes it impossible to compare new results
to old ones. For these reasons we do not evaluate on the
point metric.

The second metric considers full grasp rectangles during
evaluation. The rectangle metric considers a grasp to be
correct if both:

1) The grasp angle is within 30� of the ground truth grasp.
2) The Jaccard index of the predicted grasp and the

ground truth is greater than 25 percent.
Where the Jaccard index is given by:

J(A,B) =
|A \B|
|A [B|

The rectangle metric discriminates between good and bad
grasps better than the point metric. It is similar to the metrics
used in object detection although the threshold on the Jaccard
index is lower (25 percent instead of a more standard 50
percent in computer vision) because the ground truth grasps
are not exhaustive. A rectangle with the correct orientation
that only overlaps by 25 percent with one of the ground
truth grasps is still often a good grasp. We perform all of
our experiments using the rectangle metric.

Like prior work we use five-fold cross validation for our
experimental results. We do two different splits of the data:

1) Image-wise splitting splits images randomly.
2) Object-wise splitting splits object instances randomly,

putting all images of the same object into the same
cross-validation split.

Image-wise splitting tests how well the model can general-
ize to new positions for objects it has seen previously. Object-
wise splitting goes further, testing how well the network
can generalize to novel objects. In practice, both splitting
techniques give comparable performance. This may be due
to the similarity between different objects in the dataset (e.g.
there are multiple sunglasses of slightly different shapes and
colors).

B. Object Classification

We manually classify the images in the Cornell Grasping
Dataset into 16 distinct categories, with categories like
“bottle”, “shoe”, and “sporting equipment”. The dataset is
not evenly distributed between categories but every category
has enough examples in the dataset to be meaningful. The
least represented category has 20 images in the dataset while
the most represented has 156.

We train and test our combined regression + classification
model using these class labels. At test time the combined
model simultaneously predicts the best grasp and the object
category. We report classification accuracy on the same
cross-validation splits as above.

C. Pretraining

Before training our network on grasps we pretrain on the
ImageNet classification task [20]. Our experience backed by
current literature suggests that pretraining large convolutional
neural networks greatly improves training time and helps
avoid overfitting [21] [22].

Krizevsky et al. designed AlexNet for standard RGB
images. Low-cost stereo vision systems like the Kinect make
RGB-D data increasingly ubiquitous in robotic systems. To
use AlexNet with RGB-D data we simply replace the blue
channel in the image with the depth information. We could
instead modify the architecture to have another input channel
but then we would not be able to pretrain the full network.
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We propose to achieve 3D translation-rotation equivariance 
by factorizing the input voxel grid into three orthogonal planar grids, and 

designing equivariant features in these three planes. 
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Fig. 4. A visualization of the MultiGrasp model running on a test image of a flying disc. The MultiGrasp model splits the image into an NxN grid.
For each cell in the grid, the model predicts a bounding box centered at that cell and a probability that this grasp is a true grasp for the object in the
image. The predicted bounding boxes are weighted by this probability. The model can predict multiple good grasps for an object, as in this instance. For
experiments on the Cornell dataset we pick the bounding box with the highest weight as the final prediction.

A. Grasp Detection

Previous work uses two different metrics when evaluating
grasps on the Cornell dataset. The point metric looks at the
distance from the center of the predicted grasp to the center
of each of the ground truth grasps. If any of these distances
is less than some threshold, the grasp is considered a success.

There are a number of issues with this metric, most notably
that it does not consider grasp angle or size. Furthermore,
past work does not disclose what values they use for the
threshold which makes it impossible to compare new results
to old ones. For these reasons we do not evaluate on the
point metric.

The second metric considers full grasp rectangles during
evaluation. The rectangle metric considers a grasp to be
correct if both:

1) The grasp angle is within 30� of the ground truth grasp.
2) The Jaccard index of the predicted grasp and the

ground truth is greater than 25 percent.
Where the Jaccard index is given by:

J(A,B) =
|A \B|
|A [B|

The rectangle metric discriminates between good and bad
grasps better than the point metric. It is similar to the metrics
used in object detection although the threshold on the Jaccard
index is lower (25 percent instead of a more standard 50
percent in computer vision) because the ground truth grasps
are not exhaustive. A rectangle with the correct orientation
that only overlaps by 25 percent with one of the ground
truth grasps is still often a good grasp. We perform all of
our experiments using the rectangle metric.

Like prior work we use five-fold cross validation for our
experimental results. We do two different splits of the data:

1) Image-wise splitting splits images randomly.
2) Object-wise splitting splits object instances randomly,

putting all images of the same object into the same
cross-validation split.

Image-wise splitting tests how well the model can general-
ize to new positions for objects it has seen previously. Object-
wise splitting goes further, testing how well the network
can generalize to novel objects. In practice, both splitting
techniques give comparable performance. This may be due
to the similarity between different objects in the dataset (e.g.
there are multiple sunglasses of slightly different shapes and
colors).

B. Object Classification

We manually classify the images in the Cornell Grasping
Dataset into 16 distinct categories, with categories like
“bottle”, “shoe”, and “sporting equipment”. The dataset is
not evenly distributed between categories but every category
has enough examples in the dataset to be meaningful. The
least represented category has 20 images in the dataset while
the most represented has 156.

We train and test our combined regression + classification
model using these class labels. At test time the combined
model simultaneously predicts the best grasp and the object
category. We report classification accuracy on the same
cross-validation splits as above.

C. Pretraining

Before training our network on grasps we pretrain on the
ImageNet classification task [20]. Our experience backed by
current literature suggests that pretraining large convolutional
neural networks greatly improves training time and helps
avoid overfitting [21] [22].

Krizevsky et al. designed AlexNet for standard RGB
images. Low-cost stereo vision systems like the Kinect make
RGB-D data increasingly ubiquitous in robotic systems. To
use AlexNet with RGB-D data we simply replace the blue
channel in the image with the depth information. We could
instead modify the architecture to have another input channel
but then we would not be able to pretrain the full network.

3D dense prediction, 3×2D equivariant
feature planes
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We propose to achieve 3D translation-rotation equivariance 
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Fig. 4. A visualization of the MultiGrasp model running on a test image of a flying disc. The MultiGrasp model splits the image into an NxN grid.
For each cell in the grid, the model predicts a bounding box centered at that cell and a probability that this grasp is a true grasp for the object in the
image. The predicted bounding boxes are weighted by this probability. The model can predict multiple good grasps for an object, as in this instance. For
experiments on the Cornell dataset we pick the bounding box with the highest weight as the final prediction.

A. Grasp Detection

Previous work uses two different metrics when evaluating
grasps on the Cornell dataset. The point metric looks at the
distance from the center of the predicted grasp to the center
of each of the ground truth grasps. If any of these distances
is less than some threshold, the grasp is considered a success.

There are a number of issues with this metric, most notably
that it does not consider grasp angle or size. Furthermore,
past work does not disclose what values they use for the
threshold which makes it impossible to compare new results
to old ones. For these reasons we do not evaluate on the
point metric.

The second metric considers full grasp rectangles during
evaluation. The rectangle metric considers a grasp to be
correct if both:

1) The grasp angle is within 30� of the ground truth grasp.
2) The Jaccard index of the predicted grasp and the

ground truth is greater than 25 percent.
Where the Jaccard index is given by:

J(A,B) =
|A \B|
|A [B|

The rectangle metric discriminates between good and bad
grasps better than the point metric. It is similar to the metrics
used in object detection although the threshold on the Jaccard
index is lower (25 percent instead of a more standard 50
percent in computer vision) because the ground truth grasps
are not exhaustive. A rectangle with the correct orientation
that only overlaps by 25 percent with one of the ground
truth grasps is still often a good grasp. We perform all of
our experiments using the rectangle metric.

Like prior work we use five-fold cross validation for our
experimental results. We do two different splits of the data:

1) Image-wise splitting splits images randomly.
2) Object-wise splitting splits object instances randomly,

putting all images of the same object into the same
cross-validation split.

Image-wise splitting tests how well the model can general-
ize to new positions for objects it has seen previously. Object-
wise splitting goes further, testing how well the network
can generalize to novel objects. In practice, both splitting
techniques give comparable performance. This may be due
to the similarity between different objects in the dataset (e.g.
there are multiple sunglasses of slightly different shapes and
colors).

B. Object Classification

We manually classify the images in the Cornell Grasping
Dataset into 16 distinct categories, with categories like
“bottle”, “shoe”, and “sporting equipment”. The dataset is
not evenly distributed between categories but every category
has enough examples in the dataset to be meaningful. The
least represented category has 20 images in the dataset while
the most represented has 156.

We train and test our combined regression + classification
model using these class labels. At test time the combined
model simultaneously predicts the best grasp and the object
category. We report classification accuracy on the same
cross-validation splits as above.

C. Pretraining

Before training our network on grasps we pretrain on the
ImageNet classification task [20]. Our experience backed by
current literature suggests that pretraining large convolutional
neural networks greatly improves training time and helps
avoid overfitting [21] [22].

Krizevsky et al. designed AlexNet for standard RGB
images. Low-cost stereo vision systems like the Kinect make
RGB-D data increasingly ubiquitous in robotic systems. To
use AlexNet with RGB-D data we simply replace the blue
channel in the image with the depth information. We could
instead modify the architecture to have another input channel
but then we would not be able to pretrain the full network.

3D dense prediction, 3×2D equivariant
feature planes

We provide the functionality of 3D steerable 
CNNs, at the cost of three 2D steerable CNNs
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We propose to achieve 3D translation-rotation equivariance 
by factorizing the input voxel grid into three orthogonal planar grids, and 

designing equivariant features in these three planes. 
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Fig. 4. A visualization of the MultiGrasp model running on a test image of a flying disc. The MultiGrasp model splits the image into an NxN grid.
For each cell in the grid, the model predicts a bounding box centered at that cell and a probability that this grasp is a true grasp for the object in the
image. The predicted bounding boxes are weighted by this probability. The model can predict multiple good grasps for an object, as in this instance. For
experiments on the Cornell dataset we pick the bounding box with the highest weight as the final prediction.

A. Grasp Detection

Previous work uses two different metrics when evaluating
grasps on the Cornell dataset. The point metric looks at the
distance from the center of the predicted grasp to the center
of each of the ground truth grasps. If any of these distances
is less than some threshold, the grasp is considered a success.

There are a number of issues with this metric, most notably
that it does not consider grasp angle or size. Furthermore,
past work does not disclose what values they use for the
threshold which makes it impossible to compare new results
to old ones. For these reasons we do not evaluate on the
point metric.

The second metric considers full grasp rectangles during
evaluation. The rectangle metric considers a grasp to be
correct if both:

1) The grasp angle is within 30� of the ground truth grasp.
2) The Jaccard index of the predicted grasp and the

ground truth is greater than 25 percent.
Where the Jaccard index is given by:

J(A,B) =
|A \B|
|A [B|

The rectangle metric discriminates between good and bad
grasps better than the point metric. It is similar to the metrics
used in object detection although the threshold on the Jaccard
index is lower (25 percent instead of a more standard 50
percent in computer vision) because the ground truth grasps
are not exhaustive. A rectangle with the correct orientation
that only overlaps by 25 percent with one of the ground
truth grasps is still often a good grasp. We perform all of
our experiments using the rectangle metric.

Like prior work we use five-fold cross validation for our
experimental results. We do two different splits of the data:

1) Image-wise splitting splits images randomly.
2) Object-wise splitting splits object instances randomly,

putting all images of the same object into the same
cross-validation split.

Image-wise splitting tests how well the model can general-
ize to new positions for objects it has seen previously. Object-
wise splitting goes further, testing how well the network
can generalize to novel objects. In practice, both splitting
techniques give comparable performance. This may be due
to the similarity between different objects in the dataset (e.g.
there are multiple sunglasses of slightly different shapes and
colors).

B. Object Classification

We manually classify the images in the Cornell Grasping
Dataset into 16 distinct categories, with categories like
“bottle”, “shoe”, and “sporting equipment”. The dataset is
not evenly distributed between categories but every category
has enough examples in the dataset to be meaningful. The
least represented category has 20 images in the dataset while
the most represented has 156.

We train and test our combined regression + classification
model using these class labels. At test time the combined
model simultaneously predicts the best grasp and the object
category. We report classification accuracy on the same
cross-validation splits as above.

C. Pretraining

Before training our network on grasps we pretrain on the
ImageNet classification task [20]. Our experience backed by
current literature suggests that pretraining large convolutional
neural networks greatly improves training time and helps
avoid overfitting [21] [22].

Krizevsky et al. designed AlexNet for standard RGB
images. Low-cost stereo vision systems like the Kinect make
RGB-D data increasingly ubiquitous in robotic systems. To
use AlexNet with RGB-D data we simply replace the blue
channel in the image with the depth information. We could
instead modify the architecture to have another input channel
but then we would not be able to pretrain the full network.

3D dense prediction, 3×2D equivariant
feature planes
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Figure 1: Illustration of the IGD workflow. This figure is based on graphical elements shown in
Fig. 2 of GIGA [10]. The scene is captured by a TSDF obtained from a depth image. A 3D
convolutional network extracts features from the TSDF, and the obtained features are projected
onto three canonical planes, then aggregated into tri-plane feature grids. Then, a Grasp Orientation
Diffuser samples grasp orientations conditioned on the aggregated feature queried at the grasp center.
Finally, a Two-stage Probabilistic Grasp Evaluator estimates grasp quality.

to generate grasps, endowing it with an inherent capacity to probabilistically encode multiple hand-
approach modes around one grasp location.

Implicit Neural Representations. Implicit neural representations (INRs) have shown remarkable
capabilities in modeling 3D object shapes, synthesizing scene surfaces, and capturing complex struc-
tures [21, 22, 9]. INRs use MLPs to map spatial coordinates to scene attributes, enabling smooth
and continuous representation of shapes in high resolution. INRs eliminate the need for discretiza-
tion by effectively mapping continuous indices to corresponding data, such as magnifying images
for super-resolution using a magnification scale as an index [23] or querying video frames in con-
tinuous time [24]. In robotics, INRs play a crucial role: [25, 26] use INRs to map gripper poses
to grasp distances, guiding the gripper towards valid grasp poses, while GIGA [10] uses INRs to
learn geometry and affordance jointly for acquiring grasp poses at query positions. In this work, the
proposed IGD follows GIGA and uses INRs to eliminate spatial discretization. Combined with the
multi-modal sampling of diffusion models, IGD can theoretically sample all the potential grasps in
a workspace.

3 Implicit Grasp Diffusion

Implicit Grasp Diffusion (IGD) models the distribution p(r, w|p), capturing gripper orientations
r and gripper widths w conditioned on a grasp center point p → R3. As shown in Fig. 1, IGD
comprises a Grasp Orientation Diffuser (GOD) that samples a grasp g = (p, r) at p, followed by
a Grasp Evaluator that assesses the grasp quality q → [0, 1] of g and filters out low-quality grasps.
Both models are based on a local feature representation of the object’s geometry around p, extracted
by a Tri-plane Feature Encoder. A Width Predictor then estimates the finger width required for the
grasp using the same aggregated feature.

3

We factorize 3D data into a tri-plane feature grid

Convolutional Occupancy Networks 5

(a) Plane Encoder

(b) Volume Encoder

(c) Convolutional Single-Plane Decoder

(d) Convolutional Multi-Plane Decoder

(e) Convolutional Volume Decoder

Fig. 2: Model Overview. The encoder (left) first converts the 3D input x

(e.g., noisy point clouds or coarse voxel grids) into features using task-specific
neural networks. Next, the features are projected onto one or multiple planes
(Fig. 2a) or into a volume (Fig. 2b) using average pooling. The convolutional

decoder (right) processes the resulting feature planes/volume using 2D/3D
U-Nets to aggregate local and global information. For a query point p 2 R3, the
point-wise feature vector  (x,p) is obtained via bilinear (Fig. 2c and Fig. 2d) or
trilinear (Fig. 2e) interpolation. Given feature vector  (x,p) at location p, the
occupancy probability is predicted using a fully-connected network f✓(p, (p,x)).

Plane Encoder: As illustrated in Fig. 2a, for each input point, we perform an
orthographic projection onto a canonical plane (i.e., a plane aligned with the
axes of the coordinate frame) which we discretize at a resolution of H ⇥ W pixel
cells. For voxel inputs, we treat the voxel center as a point and project it to
the plane. We aggregate features projecting onto the same pixel using average
pooling, resulting in planar features with dimensionality H ⇥ W ⇥ d, where d is
the feature dimension.

In our experiments, we analyze two variants of our model: one variant where
features are projected onto the ground plane, and one variant where features
are projected to all three canonical planes. While the former is computationally
more e�cient, the latter allows for recovering richer geometric structure in the z

dimension.

Volume Encoder: While planar feature representations allow for encoding
at large spatial resolution (1282 pixels and beyond), they are restricted to two
dimensions. Therefore, we also consider volumetric encodings (see Fig. 2b) which

projection, aggregation

“Synergies Between Affordance and Geometry: 
6-DoF Grasp Detection via Implicit Representations (GIGA)”, Z. Jiang, Y. Zhu, M. Svetlik, K. Fang, Y. Zhu 

“Convolutional occupancy networks.”, Peng, S., Niemeyer, M., Mescheder, L., Pollefeys, M., & Geiger, A.
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Figure 1: Illustration of the IGD workflow. This figure is based on graphical elements shown in
Fig. 2 of GIGA [10]. The scene is captured by a TSDF obtained from a depth image. A 3D
convolutional network extracts features from the TSDF, and the obtained features are projected
onto three canonical planes, then aggregated into tri-plane feature grids. Then, a Grasp Orientation
Diffuser samples grasp orientations conditioned on the aggregated feature queried at the grasp center.
Finally, a Two-stage Probabilistic Grasp Evaluator estimates grasp quality.

to generate grasps, endowing it with an inherent capacity to probabilistically encode multiple hand-
approach modes around one grasp location.

Implicit Neural Representations. Implicit neural representations (INRs) have shown remarkable
capabilities in modeling 3D object shapes, synthesizing scene surfaces, and capturing complex struc-
tures [21, 22, 9]. INRs use MLPs to map spatial coordinates to scene attributes, enabling smooth
and continuous representation of shapes in high resolution. INRs eliminate the need for discretiza-
tion by effectively mapping continuous indices to corresponding data, such as magnifying images
for super-resolution using a magnification scale as an index [23] or querying video frames in con-
tinuous time [24]. In robotics, INRs play a crucial role: [25, 26] use INRs to map gripper poses
to grasp distances, guiding the gripper towards valid grasp poses, while GIGA [10] uses INRs to
learn geometry and affordance jointly for acquiring grasp poses at query positions. In this work, the
proposed IGD follows GIGA and uses INRs to eliminate spatial discretization. Combined with the
multi-modal sampling of diffusion models, IGD can theoretically sample all the potential grasps in
a workspace.

3 Implicit Grasp Diffusion

Implicit Grasp Diffusion (IGD) models the distribution p(r, w|p), capturing gripper orientations
r and gripper widths w conditioned on a grasp center point p → R3. As shown in Fig. 1, IGD
comprises a Grasp Orientation Diffuser (GOD) that samples a grasp g = (p, r) at p, followed by
a Grasp Evaluator that assesses the grasp quality q → [0, 1] of g and filters out low-quality grasps.
Both models are based on a local feature representation of the object’s geometry around p, extracted
by a Tri-plane Feature Encoder. A Width Predictor then estimates the finger width required for the
grasp using the same aggregated feature.

3

We extract rich features by applying a 2D UNet to each plane

Convolutional Occupancy Networks 5

(a) Plane Encoder

(b) Volume Encoder

(c) Convolutional Single-Plane Decoder

(d) Convolutional Multi-Plane Decoder

(e) Convolutional Volume Decoder

Fig. 2: Model Overview. The encoder (left) first converts the 3D input x

(e.g., noisy point clouds or coarse voxel grids) into features using task-specific
neural networks. Next, the features are projected onto one or multiple planes
(Fig. 2a) or into a volume (Fig. 2b) using average pooling. The convolutional

decoder (right) processes the resulting feature planes/volume using 2D/3D
U-Nets to aggregate local and global information. For a query point p 2 R3, the
point-wise feature vector  (x,p) is obtained via bilinear (Fig. 2c and Fig. 2d) or
trilinear (Fig. 2e) interpolation. Given feature vector  (x,p) at location p, the
occupancy probability is predicted using a fully-connected network f✓(p, (p,x)).

Plane Encoder: As illustrated in Fig. 2a, for each input point, we perform an
orthographic projection onto a canonical plane (i.e., a plane aligned with the
axes of the coordinate frame) which we discretize at a resolution of H ⇥ W pixel
cells. For voxel inputs, we treat the voxel center as a point and project it to
the plane. We aggregate features projecting onto the same pixel using average
pooling, resulting in planar features with dimensionality H ⇥ W ⇥ d, where d is
the feature dimension.

In our experiments, we analyze two variants of our model: one variant where
features are projected onto the ground plane, and one variant where features
are projected to all three canonical planes. While the former is computationally
more e�cient, the latter allows for recovering richer geometric structure in the z

dimension.

Volume Encoder: While planar feature representations allow for encoding
at large spatial resolution (1282 pixels and beyond), they are restricted to two
dimensions. Therefore, we also consider volumetric encodings (see Fig. 2b) which

projection, aggregation
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Figure 1: Illustration of the IGD workflow. This figure is based on graphical elements shown in
Fig. 2 of GIGA [10]. The scene is captured by a TSDF obtained from a depth image. A 3D
convolutional network extracts features from the TSDF, and the obtained features are projected
onto three canonical planes, then aggregated into tri-plane feature grids. Then, a Grasp Orientation
Diffuser samples grasp orientations conditioned on the aggregated feature queried at the grasp center.
Finally, a Two-stage Probabilistic Grasp Evaluator estimates grasp quality.

to generate grasps, endowing it with an inherent capacity to probabilistically encode multiple hand-
approach modes around one grasp location.

Implicit Neural Representations. Implicit neural representations (INRs) have shown remarkable
capabilities in modeling 3D object shapes, synthesizing scene surfaces, and capturing complex struc-
tures [21, 22, 9]. INRs use MLPs to map spatial coordinates to scene attributes, enabling smooth
and continuous representation of shapes in high resolution. INRs eliminate the need for discretiza-
tion by effectively mapping continuous indices to corresponding data, such as magnifying images
for super-resolution using a magnification scale as an index [23] or querying video frames in con-
tinuous time [24]. In robotics, INRs play a crucial role: [25, 26] use INRs to map gripper poses
to grasp distances, guiding the gripper towards valid grasp poses, while GIGA [10] uses INRs to
learn geometry and affordance jointly for acquiring grasp poses at query positions. In this work, the
proposed IGD follows GIGA and uses INRs to eliminate spatial discretization. Combined with the
multi-modal sampling of diffusion models, IGD can theoretically sample all the potential grasps in
a workspace.

3 Implicit Grasp Diffusion

Implicit Grasp Diffusion (IGD) models the distribution p(r, w|p), capturing gripper orientations
r and gripper widths w conditioned on a grasp center point p → R3. As shown in Fig. 1, IGD
comprises a Grasp Orientation Diffuser (GOD) that samples a grasp g = (p, r) at p, followed by
a Grasp Evaluator that assesses the grasp quality q → [0, 1] of g and filters out low-quality grasps.
Both models are based on a local feature representation of the object’s geometry around p, extracted
by a Tri-plane Feature Encoder. A Width Predictor then estimates the finger width required for the
grasp using the same aggregated feature.
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Convolutional Occupancy Networks 5

(a) Plane Encoder

(b) Volume Encoder

(c) Convolutional Single-Plane Decoder

(d) Convolutional Multi-Plane Decoder

(e) Convolutional Volume Decoder

Fig. 2: Model Overview. The encoder (left) first converts the 3D input x

(e.g., noisy point clouds or coarse voxel grids) into features using task-specific
neural networks. Next, the features are projected onto one or multiple planes
(Fig. 2a) or into a volume (Fig. 2b) using average pooling. The convolutional

decoder (right) processes the resulting feature planes/volume using 2D/3D
U-Nets to aggregate local and global information. For a query point p 2 R3, the
point-wise feature vector  (x,p) is obtained via bilinear (Fig. 2c and Fig. 2d) or
trilinear (Fig. 2e) interpolation. Given feature vector  (x,p) at location p, the
occupancy probability is predicted using a fully-connected network f✓(p, (p,x)).

Plane Encoder: As illustrated in Fig. 2a, for each input point, we perform an
orthographic projection onto a canonical plane (i.e., a plane aligned with the
axes of the coordinate frame) which we discretize at a resolution of H ⇥ W pixel
cells. For voxel inputs, we treat the voxel center as a point and project it to
the plane. We aggregate features projecting onto the same pixel using average
pooling, resulting in planar features with dimensionality H ⇥ W ⇥ d, where d is
the feature dimension.

In our experiments, we analyze two variants of our model: one variant where
features are projected onto the ground plane, and one variant where features
are projected to all three canonical planes. While the former is computationally
more e�cient, the latter allows for recovering richer geometric structure in the z

dimension.

Volume Encoder: While planar feature representations allow for encoding
at large spatial resolution (1282 pixels and beyond), they are restricted to two
dimensions. Therefore, we also consider volumetric encodings (see Fig. 2b) which

projection, aggregation

With bilinear interpolation, we can synthesize a feature at any given 3D point, 
allowing us to query the model in continuous 3D space
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Figure 1: Illustration of the IGD workflow. This figure is based on graphical elements shown in
Fig. 2 of GIGA [10]. The scene is captured by a TSDF obtained from a depth image. A 3D
convolutional network extracts features from the TSDF, and the obtained features are projected
onto three canonical planes, then aggregated into tri-plane feature grids. Then, a Grasp Orientation
Diffuser samples grasp orientations conditioned on the aggregated feature queried at the grasp center.
Finally, a Two-stage Probabilistic Grasp Evaluator estimates grasp quality.

to generate grasps, endowing it with an inherent capacity to probabilistically encode multiple hand-
approach modes around one grasp location.

Implicit Neural Representations. Implicit neural representations (INRs) have shown remarkable
capabilities in modeling 3D object shapes, synthesizing scene surfaces, and capturing complex struc-
tures [21, 22, 9]. INRs use MLPs to map spatial coordinates to scene attributes, enabling smooth
and continuous representation of shapes in high resolution. INRs eliminate the need for discretiza-
tion by effectively mapping continuous indices to corresponding data, such as magnifying images
for super-resolution using a magnification scale as an index [23] or querying video frames in con-
tinuous time [24]. In robotics, INRs play a crucial role: [25, 26] use INRs to map gripper poses
to grasp distances, guiding the gripper towards valid grasp poses, while GIGA [10] uses INRs to
learn geometry and affordance jointly for acquiring grasp poses at query positions. In this work, the
proposed IGD follows GIGA and uses INRs to eliminate spatial discretization. Combined with the
multi-modal sampling of diffusion models, IGD can theoretically sample all the potential grasps in
a workspace.

3 Implicit Grasp Diffusion

Implicit Grasp Diffusion (IGD) models the distribution p(r, w|p), capturing gripper orientations
r and gripper widths w conditioned on a grasp center point p → R3. As shown in Fig. 1, IGD
comprises a Grasp Orientation Diffuser (GOD) that samples a grasp g = (p, r) at p, followed by
a Grasp Evaluator that assesses the grasp quality q → [0, 1] of g and filters out low-quality grasps.
Both models are based on a local feature representation of the object’s geometry around p, extracted
by a Tri-plane Feature Encoder. A Width Predictor then estimates the finger width required for the
grasp using the same aggregated feature.
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(a) Plane Encoder

(b) Volume Encoder

(c) Convolutional Single-Plane Decoder

(d) Convolutional Multi-Plane Decoder

(e) Convolutional Volume Decoder

Fig. 2: Model Overview. The encoder (left) first converts the 3D input x

(e.g., noisy point clouds or coarse voxel grids) into features using task-specific
neural networks. Next, the features are projected onto one or multiple planes
(Fig. 2a) or into a volume (Fig. 2b) using average pooling. The convolutional

decoder (right) processes the resulting feature planes/volume using 2D/3D
U-Nets to aggregate local and global information. For a query point p 2 R3, the
point-wise feature vector  (x,p) is obtained via bilinear (Fig. 2c and Fig. 2d) or
trilinear (Fig. 2e) interpolation. Given feature vector  (x,p) at location p, the
occupancy probability is predicted using a fully-connected network f✓(p, (p,x)).

Plane Encoder: As illustrated in Fig. 2a, for each input point, we perform an
orthographic projection onto a canonical plane (i.e., a plane aligned with the
axes of the coordinate frame) which we discretize at a resolution of H ⇥ W pixel
cells. For voxel inputs, we treat the voxel center as a point and project it to
the plane. We aggregate features projecting onto the same pixel using average
pooling, resulting in planar features with dimensionality H ⇥ W ⇥ d, where d is
the feature dimension.

In our experiments, we analyze two variants of our model: one variant where
features are projected onto the ground plane, and one variant where features
are projected to all three canonical planes. While the former is computationally
more e�cient, the latter allows for recovering richer geometric structure in the z

dimension.

Volume Encoder: While planar feature representations allow for encoding
at large spatial resolution (1282 pixels and beyond), they are restricted to two
dimensions. Therefore, we also consider volumetric encodings (see Fig. 2b) which

projection, aggregation

With bilinear interpolation, we can synthesize a feature at any given 3D point, 
allowing us to query the model in continuous 3D space
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Figure 1: Illustration of the IGD workflow. This figure is based on graphical elements shown in
Fig. 2 of GIGA [10]. The scene is captured by a TSDF obtained from a depth image. A 3D
convolutional network extracts features from the TSDF, and the obtained features are projected
onto three canonical planes, then aggregated into tri-plane feature grids. Then, a Grasp Orientation
Diffuser samples grasp orientations conditioned on the aggregated feature queried at the grasp center.
Finally, a Two-stage Probabilistic Grasp Evaluator estimates grasp quality.

to generate grasps, endowing it with an inherent capacity to probabilistically encode multiple hand-
approach modes around one grasp location.

Implicit Neural Representations. Implicit neural representations (INRs) have shown remarkable
capabilities in modeling 3D object shapes, synthesizing scene surfaces, and capturing complex struc-
tures [21, 22, 9]. INRs use MLPs to map spatial coordinates to scene attributes, enabling smooth
and continuous representation of shapes in high resolution. INRs eliminate the need for discretiza-
tion by effectively mapping continuous indices to corresponding data, such as magnifying images
for super-resolution using a magnification scale as an index [23] or querying video frames in con-
tinuous time [24]. In robotics, INRs play a crucial role: [25, 26] use INRs to map gripper poses
to grasp distances, guiding the gripper towards valid grasp poses, while GIGA [10] uses INRs to
learn geometry and affordance jointly for acquiring grasp poses at query positions. In this work, the
proposed IGD follows GIGA and uses INRs to eliminate spatial discretization. Combined with the
multi-modal sampling of diffusion models, IGD can theoretically sample all the potential grasps in
a workspace.

3 Implicit Grasp Diffusion

Implicit Grasp Diffusion (IGD) models the distribution p(r, w|p), capturing gripper orientations
r and gripper widths w conditioned on a grasp center point p → R3. As shown in Fig. 1, IGD
comprises a Grasp Orientation Diffuser (GOD) that samples a grasp g = (p, r) at p, followed by
a Grasp Evaluator that assesses the grasp quality q → [0, 1] of g and filters out low-quality grasps.
Both models are based on a local feature representation of the object’s geometry around p, extracted
by a Tri-plane Feature Encoder. A Width Predictor then estimates the finger width required for the
grasp using the same aggregated feature.

3

3D
 C

on
v

Pr
oj

ec
tio

n

A
gg

re
ga

tio
n

2D
 U

-N
et

!

"

#

!

"

#
TS

D
F

3D
 F

ea
tu

re
 G

rid
Pr

oj
ec

te
d 

2D
 F

ea
tu

re
 G

rid
s

Tr
i-

pl
an

e 
Fe

at
ur

e 
G

rid
s
!

!

"

#
("
,$
,%
)

'(
()

'(
))

("
′,$
′,%
′)

Lo
ca

l F
ea

tu
re '(
))

D
A
M

O
cc

up
an

cy
Pr

ed
ic

to
r

0 1

G
ra

sp
 C

en
te

r 
(

Q
ue

ry
 P

oi
nt

 )

G
ra

sp
 O

rie
nt

at
io

n
D

iff
us

er

G
ra

sp
 E

va
lu

at
or

W
id

th
 P

re
di

ct
or

!" #

"
Tr

i-
pl

an
e 

Fe
at

ur
e 

G
rid

s
!

'+
(

A
gg

re
ga

te
d

Fe
at

ur
e

A
gg

re
ga

te
d 

Fe
at

ur
e

!
"

!

Linear

Linear

Linear

Linear

Linear

G
ra

sp
 D

A
M

#

$

Linear

Linear

Linear

Linear

Linear
A

ffo
rd

an
ce

 E
va

lu
at

or

G
ra

sp
 C

la
ss

ifi
er

%

Tw
o-

st
ag

e 
Pr

ob
ab

ili
st

ic
 G

ra
sp

 E
va

lu
at

or

A
gg

re
ga

te
d 

Fe
at

ur
e

G
ra

sp
 O

ri
en

ta
ti

on
D

if
fu

se
r

! !
! "

! "
#$

…
! %

…
! !
(#

"#
$|#

",&
)

((
# "
|#
"#
$)

Fi
gu

re
1:

Ill
us

tra
tio

n
of

th
e

IG
D

w
or

kfl
ow

.
Th

is
fig

ur
e

is
ba

se
d

on
gr

ap
hi

ca
le

le
m

en
ts

sh
ow

n
in

Fi
g.

2
of

G
IG

A
[1

0]
.

Th
e

sc
en

e
is

ca
pt

ur
ed

by
a

TS
D

F
ob

ta
in

ed
fr

om
a

de
pt

h
im

ag
e.

A
3D

co
nv

ol
ut

io
na

l
ne

tw
or

k
ex

tra
ct

s
fe

at
ur

es
fr

om
th

e
TS

D
F,

an
d

th
e

ob
ta

in
ed

fe
at

ur
es

ar
e

pr
oj

ec
te

d
on

to
th

re
e

ca
no

ni
ca

lp
la

ne
s,

th
en

ag
gr

eg
at

ed
in

to
tri

-p
la

ne
fe

at
ur

e
gr

id
s.

Th
en

,a
G

ra
sp

O
rie

nt
at

io
n

D
iff

us
er

sa
m

pl
es

gr
as

p
or

ie
nt

at
io

ns
co

nd
iti

on
ed

on
th

e
ag

gr
eg

at
ed

fe
at

ur
e

qu
er

ie
d

at
th

e
gr

as
p

ce
nt

er
.

Fi
na

lly
,a

Tw
o-

st
ag

e
Pr

ob
ab

ili
st

ic
G

ra
sp

Ev
al

ua
to

re
st

im
at

es
gr

as
p

qu
al

ity
.

to
ge

ne
ra

te
gr

as
ps

,e
nd

ow
in

g
it

w
ith

an
in

he
re

nt
ca

pa
ci

ty
to

pr
ob

ab
ili

st
ic

al
ly

en
co

de
m

ul
tip

le
ha

nd
-

ap
pr

oa
ch

m
od

es
ar

ou
nd

on
e

gr
as

p
lo

ca
tio

n.

I
m

p
li

c
it

N
e
u

r
a
l

R
e
p

r
e
s
e
n

ta
ti

o
n

s
.

Im
pl

ic
it

ne
ur

al
re

pr
es

en
ta

tio
ns

(I
N

R
s)

ha
ve

sh
ow

n
re

m
ar

ka
bl

e
ca

pa
bi

lit
ie

si
n

m
od

el
in

g
3D

ob
je

ct
sh

ap
es

,s
yn

th
es

iz
in

g
sc

en
e

su
rf

ac
es

,a
nd

ca
pt

ur
in

g
co

m
pl

ex
st

ru
c-

tu
re

s
[2

1,
22

,9
].

IN
R

s
us

e
M

LP
s

to
m

ap
sp

at
ia

lc
oo

rd
in

at
es

to
sc

en
e

at
tri

bu
te

s,
en

ab
lin

g
sm

oo
th

an
d

co
nt

in
uo

us
re

pr
es

en
ta

tio
n

of
sh

ap
es

in
hi

gh
re

so
lu

tio
n.

IN
R

s
el

im
in

at
e

th
e

ne
ed

fo
rd

is
cr

et
iz

a-
tio

n
by

ef
fe

ct
iv

el
y

m
ap

pi
ng

co
nt

in
uo

us
in

di
ce

s
to

co
rr

es
po

nd
in

g
da

ta
,s

uc
h

as
m

ag
ni

fy
in

g
im

ag
es

fo
rs

up
er

-r
es

ol
ut

io
n

us
in

g
a

m
ag

ni
fic

at
io

n
sc

al
e

as
an

in
de

x
[2

3]
or

qu
er

yi
ng

vi
de

o
fr

am
es

in
co

n-
tin

uo
us

tim
e

[2
4]

.
In

ro
bo

tic
s,

IN
R

s
pl

ay
a

cr
uc

ia
lr

ol
e:

[2
5,

26
]

us
e

IN
R

s
to

m
ap

gr
ip

pe
r

po
se

s
to

gr
as

p
di

st
an

ce
s,

gu
id

in
g

th
e

gr
ip

pe
r

to
w

ar
ds

va
lid

gr
as

p
po

se
s,

w
hi

le
G

IG
A

[1
0]

us
es

IN
R

s
to

le
ar

n
ge

om
et

ry
an

d
af

fo
rd

an
ce

jo
in

tly
fo

ra
cq

ui
rin

g
gr

as
p

po
se

sa
tq

ue
ry

po
si

tio
ns

.I
n

th
is

w
or

k,
th

e
pr

op
os

ed
IG

D
fo

llo
w

s
G

IG
A

an
d

us
es

IN
R

s
to

el
im

in
at

e
sp

at
ia

ld
is

cr
et

iz
at

io
n.

C
om

bi
ne

d
w

ith
th

e
m

ul
ti-

m
od

al
sa

m
pl

in
g

of
di

ff
us

io
n

m
od

el
s,

IG
D

ca
n

th
eo

re
tic

al
ly

sa
m

pl
e

al
lt

he
po

te
nt

ia
lg

ra
sp

s
in

a
w

or
ks

pa
ce

.

3
I
m

p
li

c
it

G
r
a
s
p

D
if

fu
s
io

n

Im
pl

ic
it

G
ra

sp
D

iff
us

io
n

(I
G

D
)

m
od

el
s

th
e

di
st

rib
ut

io
n
p(
r
,w

|p
),

ca
pt

ur
in

g
gr

ip
pe

r
or

ie
nt

at
io

ns
r

an
d

gr
ip

pe
r

w
id

th
s
w

co
nd

iti
on

ed
on

a
gr

as
p

ce
nt

er
po

in
t
p

→
R

3
.

A
s

sh
ow

n
in

Fi
g.

1,
IG

D
co

m
pr

is
es

a
G

ra
sp

O
rie

nt
at

io
n

D
iff

us
er

(G
O

D
)

th
at

sa
m

pl
es

a
gr

as
p
g
=

(p
,r

)
at

p
,f

ol
lo

w
ed

by
a

G
ra

sp
Ev

al
ua

to
rt

ha
ta

ss
es

se
s

th
e

gr
as

p
qu

al
ity

q
→

[0
,1
]

of
g

an
d

fil
te

rs
ou

tl
ow

-q
ua

lit
y

gr
as

ps
.

B
ot

h
m

od
el

sa
re

ba
se

d
on

a
lo

ca
lf

ea
tu

re
re

pr
es

en
ta

tio
n

of
th

e
ob

je
ct

’s
ge

om
et

ry
ar

ou
nd

p
,e

xt
ra

ct
ed

by
a

Tr
i-p

la
ne

Fe
at

ur
e

En
co

de
r.

A
W

id
th

Pr
ed

ic
to

rt
he

n
es

tim
at

es
th

e
fin

ge
rw

id
th

re
qu

ire
d

fo
rt

he
gr

as
p

us
in

g
th

e
sa

m
e

ag
gr

eg
at

ed
fe

at
ur

e.

3

3D Conv
Projection

Aggregation 2D U-Net

!

"

#

!

"

#
TSDF 3D Feature Grid Projected 2D Feature Grids Tri-plane Feature Grids !

!

"

#
(", $, %)

'(()

'())

("′, $′, %′)

Local Feature

'())

DAM

Occupancy
Predictor

0

1

Grasp Center (

Query Point )

Grasp Orientation
Diffuser

Grasp Evaluator

Width Predictor

!

"

#

"Tri-plane Feature Grids !

'+ (

Aggregated Feature

Aggregated Feature

! "

!

Li
ne

ar

Li
ne

ar

Li
ne

ar

Li
ne

ar

Li
ne

ar

Grasp DAM

#

$

Li
ne

ar

Li
ne

ar

Li
ne

ar

Li
ne

ar

Li
ne

ar

Affordance Evaluator

Grasp Classifier

%

Two-stage Probabilistic Grasp Evaluator

Aggregated Feature

Grasp Orientation Diffuser

!! !" !"#$… !%…
!!(#"#$|#" , &)

((#"|#"#$)

Figure 1: Illustration of the IGD workflow. This figure is based on graphical elements shown in
Fig. 2 of GIGA [10]. The scene is captured by a TSDF obtained from a depth image. A 3D
convolutional network extracts features from the TSDF, and the obtained features are projected
onto three canonical planes, then aggregated into tri-plane feature grids. Then, a Grasp Orientation
Diffuser samples grasp orientations conditioned on the aggregated feature queried at the grasp center.
Finally, a Two-stage Probabilistic Grasp Evaluator estimates grasp quality.

to generate grasps, endowing it with an inherent capacity to probabilistically encode multiple hand-
approach modes around one grasp location.

Implicit Neural Representations. Implicit neural representations (INRs) have shown remarkable
capabilities in modeling 3D object shapes, synthesizing scene surfaces, and capturing complex struc-
tures [21, 22, 9]. INRs use MLPs to map spatial coordinates to scene attributes, enabling smooth
and continuous representation of shapes in high resolution. INRs eliminate the need for discretiza-
tion by effectively mapping continuous indices to corresponding data, such as magnifying images
for super-resolution using a magnification scale as an index [23] or querying video frames in con-
tinuous time [24]. In robotics, INRs play a crucial role: [25, 26] use INRs to map gripper poses
to grasp distances, guiding the gripper towards valid grasp poses, while GIGA [10] uses INRs to
learn geometry and affordance jointly for acquiring grasp poses at query positions. In this work, the
proposed IGD follows GIGA and uses INRs to eliminate spatial discretization. Combined with the
multi-modal sampling of diffusion models, IGD can theoretically sample all the potential grasps in
a workspace.

3 Implicit Grasp Diffusion

Implicit Grasp Diffusion (IGD) models the distribution p(r, w|p), capturing gripper orientations
r and gripper widths w conditioned on a grasp center point p → R3. As shown in Fig. 1, IGD
comprises a Grasp Orientation Diffuser (GOD) that samples a grasp g = (p, r) at p, followed by
a Grasp Evaluator that assesses the grasp quality q → [0, 1] of g and filters out low-quality grasps.
Both models are based on a local feature representation of the object’s geometry around p, extracted
by a Tri-plane Feature Encoder. A Width Predictor then estimates the finger width required for the
grasp using the same aggregated feature.

3

translation translation



We opt to design for equivariance to 90° rotations around Z
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Two relevant observations: 
1. The orthogonality of the three 

feature planes would make it 
particularly convenient to 
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•For the XY plane, equivariance to a 90° rotation around Z is equivalent 
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• It can be achieved by equipping the XY UNet with C4-equivariant 
steerable convolutions.
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The predictable effect on XZ and YZ of a 90° Z-rotations is 
a permutation between XZ and YZ, occasionally accompanied by a reflection

• If we design the XZ and YZ UNets for reflection invariance, 
•Then the pairwise sum of reflection-invariant XZ and YZ features is 
invariant to the permutations induced by 90° Z-rotations. 

•Conclusion: Downstream tasks (a grasp planner) will use the sum of 
reflection-invariant XZ/YZ features.
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EquiGIGA: Given a grasp location p, we ground models of gripper rotation r, grasp quality q 
and gripper width w in the tri-plane feature c(p)
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EquiIGD: Grasp rotations are encoded with a diffusion model, which effectively 
captures multi-modal rotation distributions
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Figure 1: Illustration of the IGD workflow. This figure is based on graphical elements shown in
Fig. 2 of GIGA [10]. The scene is captured by a TSDF obtained from a depth image. A 3D
convolutional network extracts features from the TSDF, and the obtained features are projected
onto three canonical planes, then aggregated into tri-plane feature grids. Then, a Grasp Orientation
Diffuser samples grasp orientations conditioned on the aggregated feature queried at the grasp center.
Finally, a Two-stage Probabilistic Grasp Evaluator estimates grasp quality.

to generate grasps, endowing it with an inherent capacity to probabilistically encode multiple hand-
approach modes around one grasp location.

Implicit Neural Representations. Implicit neural representations (INRs) have shown remarkable
capabilities in modeling 3D object shapes, synthesizing scene surfaces, and capturing complex struc-
tures [21, 22, 9]. INRs use MLPs to map spatial coordinates to scene attributes, enabling smooth
and continuous representation of shapes in high resolution. INRs eliminate the need for discretiza-
tion by effectively mapping continuous indices to corresponding data, such as magnifying images
for super-resolution using a magnification scale as an index [23] or querying video frames in con-
tinuous time [24]. In robotics, INRs play a crucial role: [25, 26] use INRs to map gripper poses
to grasp distances, guiding the gripper towards valid grasp poses, while GIGA [10] uses INRs to
learn geometry and affordance jointly for acquiring grasp poses at query positions. In this work, the
proposed IGD follows GIGA and uses INRs to eliminate spatial discretization. Combined with the
multi-modal sampling of diffusion models, IGD can theoretically sample all the potential grasps in
a workspace.

3 Implicit Grasp Diffusion

Implicit Grasp Diffusion (IGD) models the distribution p(r, w|p), capturing gripper orientations
r and gripper widths w conditioned on a grasp center point p → R3. As shown in Fig. 1, IGD
comprises a Grasp Orientation Diffuser (GOD) that samples a grasp g = (p, r) at p, followed by
a Grasp Evaluator that assesses the grasp quality q → [0, 1] of g and filters out low-quality grasps.
Both models are based on a local feature representation of the object’s geometry around p, extracted
by a Tri-plane Feature Encoder. A Width Predictor then estimates the finger width required for the
grasp using the same aggregated feature.
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Fig. 8: (a) Experimental setup for the real-world declutter experiment. (b) An illustration of the packed scene and the objects.
(c) An illustration of the pile scene and the objects. (d) An illustration of the adversarial scene and the objects.

TABLE I: Clutter removal performance under single-view, fixed camera pose, and gamma noise conditions. We report the
mean and standard deviation of GSR and DR. 𝐿 denotes sampling rounds in IGD. “*” denotes the results are from [2] since
we use the same experiment settings. The latency is evaluated on RTX 4070 GPU except for OrbitGrasp, because OrbitGrasp
requires over 40GB of GPU memory. Thus, we test OrbitGrasp on RTX A6000. The best performances are highlighted in
blue, and the second-best performances are highlighted in pink.

Method Packed Pile Latency (ms)GSR (%) DR (%) GSR (%) DR (%)

VGN* [1] 72.5±2.6 76.7±1.7 59.3±2.9 43.5±2.9 9

GIGA* [3] 84.8±2.2 85.1±2.5 69.5±1.3 49.0±3.4 24

GraspNet-1B Baselines* [12] 49.9±2.3 40.1±2.2 50.2±4.2 30.0±2.3 77
GSNet* [11] 67.8±2.5 60.1±3.2 58.3±3.8 51.3±4.6 156
GPD* [44] 41.8±2.9 34.1±3.4 22.7±1.1 9.0±0.7 2138

6DoF-GraspNet* [16] 17.9±0.8 11.9±0.9 15.5±2.9 6.9±1.1 2232
SE(3)-Dif* [15] 7.2±1.5 4.3±1.0 7.6±1.8 3.0±0.8 5691

EdgeGraspNet† [13] 54.1±2.1 54.0±2.7 50.5±3.7 43.0±4.8 843/685
VN-EdgeGraspNet† [13] 60.6±2.2 60.1±3.8 55.0±2.1 50.1±4.0 1174/953

ICGNet† [20] 60.3±4.1 64.5±5.9 57.3±1.5 51.7±3.3 806
DexGraspNet2† [21] 51.6±2.5 53.9±4.3 39.7±1.3 30.9±2.2 2781

OrbitGrasp† [6] 71.1±1.8 72.8±1.6 69.3±2.1 64.7±3.3 3193
IGD* (𝐿=1) [2] 92.9±1.8 86.7±1.8 68.2±1.9 50.6±1.5 217

IGD* (𝐿=11) [2] 91.2±0.9 88.8±1.5 71.8±2.2 55.7±2.6 1823

EquiGIGA 96.8±1.0 88.6±1.3 76.6±2.5 76.4±2.9 65
EquiGIGA (HR) 93.1±1.2 91.8±1.3 78.6±1.0 75.5±1.3 200

EquiIGD 97.4±1.6 91.4±1.4 78.6±2.1 78.0±3.0 147
EquiIGD (HR) 96.0±0.8 92.4±1.4 74.9±1.2 73.0±0.8 240

RealSense D435i camera used in our setup introduces more
noise than the high-quality sensors used in their experiments.
On noisy depth maps, the estimated surface normals become
unreliable, leading to substantial performance degradation. In
contrast, volumetric grasping models such as GIGA, IGD,
EquiGIGA, and EquiIGD use low-resolution TSDF volumes
as input and do not rely on surface normals, making them
inherently more robust to noise. As a result, these models ex-
hibit smaller sim-to-real gaps and maintain high performance
when transferred to real-world scenarios.

D. Visualization of Grasp Detection

We visualize the top-10-score grasps with a threshold in
some challenging cases in Fig. 9. Non-maximum suppression
is applied to filter out similar grasps for better visualization.
The first row denotes the grasp results of EquiGIGA, and
the second row denotes the grasp results of EquiIGD. (a-c)
are in pile scenes, while (d-f) illustrate packed scenes. Green
grasps denote successful grasps, while red grasps denote failed
grasps. As shown in Fig. 9, both EquiGIGA and EquiIGD
generate accurate collision-free grasps.

We also visualize some failure cases of EquiGIGA and
EquiIGD in Fig. 10. (a-c) are in pile scenes, while (d-f)



TABLE II: Clutter removal performance under single-view, random camera pose, and Gaussian noise conditions. The results
except EquiGIGA and EquiIGD are from [20] and [6] since we use the same experiment settings. We report the mean and
standard deviation of GSR and DR. The best performances are highlighted in blue, and the second-best performances are
highlighted in pink.

Method Packed Pile
GSR (%) DR (%) GSR (%) DR (%)

PointNetGPD [45] 79.3±1.8 82.5±2.9 75.6±2.3 77.0±2.8
VGN [1] 80.2±1.6 86.2±2.0 64.9±2.2 69.1±3.2
GIGA [3] 89.9±1.7 87.6±2.0 76.3±2.4 80.9±4.1

GIGA (HR) [3] 91.4±1.5 88.5±1.4 86.5±1.2 80.8±1.9
EdgeGraspNet [13] 92.5±0.9 94.3±1.1 91.5±1.3 92.5±1.3

VN-EdgeGraspNet [13] 91.6±1.7 94.4±1.5 92.0±1.8 92.2±2.1
ICGNet [20] 97.7±0.9 97.5±0.3 92.0±2.6 94.1±1.4

OrbitGrasp [6] 98.3±0.7 98.8±0.6 96.7±1.1 97.9±0.5

EquiGIGA 95.8±1.4 97.1±1.2 90.0±0.7 86.2±0.7
EquiGIGA (HR) 95.2±1.9 96.9±0.6 94.1±1.2 85.7±1.5

EquiIGD 95.8±0.3 96.8±0.9 90.1±0.7 94.5±1.5
EquiIGD (HR) 94.4±0.7 96.2±0.6 91.4±1.2 94.6 ±0.9

TABLE III: Quantitative results of clutter removal in the real-world experiment. We report GSR, DR, successful grasp numbers,
and total grasp trial numbers (in brackets). The best performances are highlighted in blue, and the second-best performances
are highlighted in pink.

Method Packed Pile Adv
GSR (%) DR (%) GSR (%) DR (%) GSR (%) DR (%)

GIGA [3] 76.7 (66/86) 88.0 61.1 (44/72) 58.7 72.5 (66/99) 88.0
EdgeGraspNet [13] 73.4 (58/79) 77.3 62.1 (41/66) 54.7 72.2 (57/79) 76.0

VN-EdgeGraspNet [13] 71.3 (57/80) 76.0 67.7 (44/65) 58.7 79.5 (58/73) 77.3
IGD [2] 78.0 (64/82) 85.3 63.0 (51/88) 68.0 78.2 (61/78) 81.3

ICGNet [20] 72.2 (57/79) 76.0 71.1 (54/76) 72.0 69.9 (51/73) 68.0

EquiGIGA 82.7 (67/81) 89.3 79.3 (65/82) 86.7 85.6 (71/83) 94.7

EquiIGD 89.9 (71/79) 94.7 77.0 (67/87) 89.3 88.1 (74/84) 98.7

TABLE IV: Ablation Study of Equivariant Tri-UNet. Training GPU Memory is calculated in a batch size of 64. The latency
is evaluated on RTX 4070 GPU.

No. Ablated models GSR (%) DR (%) GPU Memory (M) Params (M) Latency (ms)

1 Tri-UNet 84.8±2.2 85.1±2.5 2165 0.60 24
2 3D UNet 87.1±1.7 86.2±2.3 20376 1.13 22
3 Equi. 3D UNet 79.6±2.4 81.3±2.8 17208 0.46 46
4 XY-separated Tri-UNet 86.3±1.6 86.5±2.0 3320 1.10 24
5 Equi. Tri-UNet wo. S2TP 88.1±1.1 86.3±1.2 4828 0.86 47
6 (5) + 3 layers Lifting Convs 89.4±2.1 87.6±2.7 5598 0.87 48
7 Equi. Tri-UNet 93.1±2.2 88.3±1.9 4932 0.88 47
8 Equi. Tri-UNet + Side DCN 93.7±0.9 88.8±1.1 5056 1.03 61
9 Equi. Tri-UNet + Side DCN + DSCN 94.7±0.7 88.3±1.2 5142 1.04 65

illustrate packed scenes. There are two main reasons for
these failures. (i) Volumetric grasping models have difficulty
in grasping objects with smooth spherical surfaces (Fig. 10
(a) of EquiGIGA and (a-c) of EquiIGD) or large objects
(Fig. 10 (d,e) of EquiGIGA and (c-f) of EquiIGD). To achieve
valid grasps, the contact normal of two fingers should strictly
align with both sides’ surface normals. Since the volumetric
grasping model uses low-resolution volumetric data as input,
capturing this fine-grained surface normal on the spherical
surface is difficult. In contrast, contact-based models (e.g.,
EdgeGraspNet) with explicit surface normals as input are

good at grasping this object. (ii) Volumetric grasping models
struggle to distinguish between different objects without RGB
information. As shown in Fig. 10 (f) of EquiGIGA, the two
columes is not connected, but EquiGIGA with a low-resolution
input regard them as connected and predicted a grasp in
between them.

E. Ablation Studies

All the ablation studies are conducted with a smaller dataset
in the packed scene. We follow the experimental setting of

Camera

Dropbox

workspace
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Fig. 8: (a) Experimental setup for the real-world declutter experiment. (b) An illustration of the packed scene and the objects.
(c) An illustration of the pile scene and the objects. (d) An illustration of the adversarial scene and the objects.

TABLE I: Clutter removal performance under single-view, fixed camera pose, and gamma noise conditions. We report the
mean and standard deviation of GSR and DR. 𝐿 denotes sampling rounds in IGD. “*” denotes the results are from [2] since
we use the same experiment settings. The latency is evaluated on RTX 4070 GPU except for OrbitGrasp, because OrbitGrasp
requires over 40GB of GPU memory. Thus, we test OrbitGrasp on RTX A6000. The best performances are highlighted in
blue, and the second-best performances are highlighted in pink.

Method Packed Pile Latency (ms)GSR (%) DR (%) GSR (%) DR (%)

VGN* [1] 72.5±2.6 76.7±1.7 59.3±2.9 43.5±2.9 9

GIGA* [3] 84.8±2.2 85.1±2.5 69.5±1.3 49.0±3.4 24

GraspNet-1B Baselines* [12] 49.9±2.3 40.1±2.2 50.2±4.2 30.0±2.3 77
GSNet* [11] 67.8±2.5 60.1±3.2 58.3±3.8 51.3±4.6 156
GPD* [44] 41.8±2.9 34.1±3.4 22.7±1.1 9.0±0.7 2138

6DoF-GraspNet* [16] 17.9±0.8 11.9±0.9 15.5±2.9 6.9±1.1 2232
SE(3)-Dif* [15] 7.2±1.5 4.3±1.0 7.6±1.8 3.0±0.8 5691

EdgeGraspNet† [13] 54.1±2.1 54.0±2.7 50.5±3.7 43.0±4.8 843/685
VN-EdgeGraspNet† [13] 60.6±2.2 60.1±3.8 55.0±2.1 50.1±4.0 1174/953

ICGNet† [20] 60.3±4.1 64.5±5.9 57.3±1.5 51.7±3.3 806
DexGraspNet2† [21] 51.6±2.5 53.9±4.3 39.7±1.3 30.9±2.2 2781

OrbitGrasp† [6] 71.1±1.8 72.8±1.6 69.3±2.1 64.7±3.3 3193
IGD* (𝐿=1) [2] 92.9±1.8 86.7±1.8 68.2±1.9 50.6±1.5 217

IGD* (𝐿=11) [2] 91.2±0.9 88.8±1.5 71.8±2.2 55.7±2.6 1823

EquiGIGA 96.8±1.0 88.6±1.3 76.6±2.5 76.4±2.9 65
EquiGIGA (HR) 93.1±1.2 91.8±1.3 78.6±1.0 75.5±1.3 200

EquiIGD 97.4±1.6 91.4±1.4 78.6±2.1 78.0±3.0 147
EquiIGD (HR) 96.0±0.8 92.4±1.4 74.9±1.2 73.0±0.8 240

RealSense D435i camera used in our setup introduces more
noise than the high-quality sensors used in their experiments.
On noisy depth maps, the estimated surface normals become
unreliable, leading to substantial performance degradation. In
contrast, volumetric grasping models such as GIGA, IGD,
EquiGIGA, and EquiIGD use low-resolution TSDF volumes
as input and do not rely on surface normals, making them
inherently more robust to noise. As a result, these models ex-
hibit smaller sim-to-real gaps and maintain high performance
when transferred to real-world scenarios.

D. Visualization of Grasp Detection

We visualize the top-10-score grasps with a threshold in
some challenging cases in Fig. 9. Non-maximum suppression
is applied to filter out similar grasps for better visualization.
The first row denotes the grasp results of EquiGIGA, and
the second row denotes the grasp results of EquiIGD. (a-c)
are in pile scenes, while (d-f) illustrate packed scenes. Green
grasps denote successful grasps, while red grasps denote failed
grasps. As shown in Fig. 9, both EquiGIGA and EquiIGD
generate accurate collision-free grasps.

We also visualize some failure cases of EquiGIGA and
EquiIGD in Fig. 10. (a-c) are in pile scenes, while (d-f)
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Figure 2: (a) The architecture of Deformable Attention Module. (b) The architecture of Grasp-
conditioned Deformable Attention Module. See text for details.

this, we propose a Two-stage Probabilistic Grasp Evaluator, designed to manage the imbalance be-
tween positive and negative grasps. We consider the conditional distribution p(r|p) and rewrite it
as:

p(r|p) =
∑

a→{0,1}

p(r|a,p)p(a|p), (8)

where affordance a represents the existence of feasible grasps at a certain point. p(a|p) denotes
the probability of the existence of feasible grasps at position p, and p(r|a,p) denotes the feasibility
probability of the grasp orientation r given the affordance a at the position p. Eq. 8 shows that
the grasp evaluator can be separated into two factors: an Affordance Evaluator (AE) p(a|p) and
a Grasp Classifier (GC) p(r|a,p). To train the grasp evaluator, we maximize the lower bound of
log-likelihood, which is an approximation of maximum likelihood estimation (MLE), as:

log(p(r|p)) = log(
∑

a→{0,1}

p(r|a,p)p(a|p)),

→
∑

a→{0,1}

log(p(r|a,p)) + log(p(a|p)) (Jensen’s inequality)
(9)

The lower bound of the log-likelihood can be regarded as a summation of the log-likelihood of AE
and GC. Maximizing the lower bound reduces the original goal to independent maximum-likelihood
objectives for the first and second stages respectively. In our implementation, implicit neural repre-
sentations are used to realize AE and GC.

Affordance Evaluator (AE). We query the grasp center p and the aggregated feature c̃(p) to obtain
the affordance, as:

fω(p, c̃(p)) ↑ a ↓ [0, 1] , (10)

where fω is implemented by several residual fully-connected blocks. AE is trained with the follow-
ing cross-entropy loss:

La = ↔(ap log(âp) + (1↔ ap) log(1↔ âp)), (11)

where âp is the predicted affordance, while ap is the ground-truth affordance.

Grasp Classifier (GC). We query the grasp g and the aggregated feature c̃(p) to obtain the grasp
score v, as:

fε(g, c̃(p)) ↑ v ↓ [0, 1] . (12)

To implement Eq. 12, we propose a Grasp-conditioned Deformable Attention Module (Grasp DAM,
illustrated in Fig. 2b) to extract a feature for grasp classification. We first define a set of gripper-
relative learnable control points u1, ...,uL. In order to express these points in the scene’s base frame,
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Figure 1: Illustration of the IGD workflow. This figure is based on graphical elements shown in
Fig. 2 of GIGA [10]. The scene is captured by a TSDF obtained from a depth image. A 3D
convolutional network extracts features from the TSDF, and the obtained features are projected
onto three canonical planes, then aggregated into tri-plane feature grids. Then, a Grasp Orientation
Diffuser samples grasp orientations conditioned on the aggregated feature queried at the grasp center.
Finally, a Two-stage Probabilistic Grasp Evaluator estimates grasp quality.

to generate grasps, endowing it with an inherent capacity to probabilistically encode multiple hand-
approach modes around one grasp location.

Implicit Neural Representations. Implicit neural representations (INRs) have shown remarkable
capabilities in modeling 3D object shapes, synthesizing scene surfaces, and capturing complex struc-
tures [21, 22, 9]. INRs use MLPs to map spatial coordinates to scene attributes, enabling smooth
and continuous representation of shapes in high resolution. INRs eliminate the need for discretiza-
tion by effectively mapping continuous indices to corresponding data, such as magnifying images
for super-resolution using a magnification scale as an index [23] or querying video frames in con-
tinuous time [24]. In robotics, INRs play a crucial role: [25, 26] use INRs to map gripper poses
to grasp distances, guiding the gripper towards valid grasp poses, while GIGA [10] uses INRs to
learn geometry and affordance jointly for acquiring grasp poses at query positions. In this work, the
proposed IGD follows GIGA and uses INRs to eliminate spatial discretization. Combined with the
multi-modal sampling of diffusion models, IGD can theoretically sample all the potential grasps in
a workspace.

3 Implicit Grasp Diffusion

Implicit Grasp Diffusion (IGD) models the distribution p(r, w|p), capturing gripper orientations
r and gripper widths w conditioned on a grasp center point p → R3. As shown in Fig. 1, IGD
comprises a Grasp Orientation Diffuser (GOD) that samples a grasp g = (p, r) at p, followed by
a Grasp Evaluator that assesses the grasp quality q → [0, 1] of g and filters out low-quality grasps.
Both models are based on a local feature representation of the object’s geometry around p, extracted
by a Tri-plane Feature Encoder. A Width Predictor then estimates the finger width required for the
grasp using the same aggregated feature.
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Equivariant to in-plane 
translation/rotation

Equivariant to in-plane translation and 
invariant to reflections and XY-YZ permutations

Equivariant to 
translation + 90° Z-

rotations

Equivariant volumetric grasping 
P. Song, Y. Hu, P. Li, and R. Detry

Take-home’s: 
•Mini-diffuser cuts compute and memory by an 
order of magnitude. Use it to accelerate model 
prototyping! 

•Equivariant modeling requires delicate trade-offs. 
•The structure of tri-plane feature projection 
lends itself to C4 Z-rotation equivariance.


