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1 Details about the Multi-Hand Grasping Dataset

We use the Graspit! [1] simulation software to generate a set of initial grasps for each gripper-object
pair in a similar fashion as the ObMan dataset [2]. Graspit assumes setting contact points on the
gripper links which we manually set for grippers not present by default in Graspit (Franka Panda
and Allegro grippers). We also ensure to not select a proposed grasp if there is no contact with the
object. On the initial set of grasps generated by Graspit, we use farthest point sampling to obtain a
final, fixed set of diverse grasps. In our experiments, the multi-hand grasping dataset has 60 grasps
for each gripper-object pair i.e across the five grippers and the seven objects. The relevant grasp
information (griper pose and configuration for the joints) generated by Graspit were stored as a json
file which was later utilized in the PyBullet rendering. Once the grasps were generated, the object
and gripper models were loaded in PyBullet environment with the pose and the joint configuration
corresponding to the grasp applied on the gripper. We used 128 virtual Pybullet camera viewpoints
around the object to ensure complete scene information and render a dense point cloud for each
grasping scene.

Upon generation of the point clouds, the SDF values for the gripper and the object were generated
using the scheme outlined in [3] with the caveat that we computed the SDFs over surface point
clouds instead of 3D meshes as we had access to the surface points for the gripper and object via the
dense point cloud rendering. For each object, we ensured that every grasping scene is scaled to a
unit sphere using a constant scaling factor across all grippers before the computing the SDF training
data to ensure that the relative differences in gripper sizes stay the same. Given a desired number of
points for the SDF generation (we used 40,000 points), there was an equal division between points
having (at least one of) positive and negative SDF values to either the gripper or the object. As seen
in other related implicit representation works, a majority (95%) of the sampled points were close to
the gripper and object surface to encourage learning of SDF near their surfaces. The SDF values
were also utilized in the contact map generation to find the object contact points as all the points
within 5cm of a gripper surface point.

2 Network Architecture and Training Details

The auto-decoder architecture shown in Fig. 1 is used in all of our experiments. The decoder com-
ponent consists of 12 MLP layers, each having 512 dimensions and having the two SDF values (for
gripper and object) as the output. We use Batch Normalization [4] and Dropout [5] after each layer
with a dropout probability of 0.2. The query point and latent code for a specific grasping scene are
concatenated and passed as input to the auto-decoder. The latent code size (d) for all experiments
was 128 and the latent code distribution had a zero-mean Gaussian prior N (0, σ2Id) with σ = 0.01.
We used the Adam [6] optimizer to the train the network parameters and the latent codes for a total
of 2,000 epochs with a step learning rate schedule for the optimizer. From the 60 grasps for every
object-gripper pair in the dataset, we choose 50 of them across each object to construct the training
set for the neural network model training. For the loss function on the SDF values, we have equal
weight between the losses on the gripper and object SDFs and the triplet loss with each component
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Figure 1: Network architecture used in our experiments. The 12 MLP blocks are shown along with
the final layer tanh activation on the 2 output SDF values.

being given a weight of 1.0. The SDF clamping distance δ is set to be 0.05 and for each grasping
scene, we sample 20,000 points from the corresponding SDF samples in the dataset.

3 Experiment Details

3.1 Shape Reconstruction and Grasp Retrieval

For the experiments on unseen test grasps mentioned in the paper, we pick a set of held-out grasps
not used during the model training. For an object, we select 5 grasping scenes from every gripper as
the test set. The latent code for each test grasp is inferred using the SDF samples prepared during
dataset construction and doing the MAP optimization for 800 iterations. Once the latent code is
inferred, we try to predict the SDF values (query it via the model) on a randomly sampled set of
query points inside the unit sphere. For all our experiments, we sample 100,000 points inside the
unit sphere. Using the predicted SDF values on the query points, we obtain the estimated point
clouds for the object and the gripper as the query points having the SDFs less than zero for object
and gripper respectively. Chamfer distance is then computed between the inferred and ground truth
point clouds for the object and gripper in the specific test grasping scene.

In the grasp retrieval experiments, for an input query grasp, the L1 distance matrices for 1) the
inferred latent code of the query grasp and training grasp latent codes and 2) the ground truth contact
map of the query grasp and training set contact maps, each has the distances normalized to be
between 0 and 1 so that the similarity score (computed as 1-distance) also remains between 0 and 1.
We opted to use the simple 1-distance measure since any monotonically decreasing function of the
distance works as a notion of similarity. Once we have the distances between the query and training
set grasps, we simply sort them to obtain the closest and farthest examples.

We present the Chamfer distances and grasp retrieval similarity scores on the grasps in the training
set in Table 1. The training set experiments were used as a sanity check on the model for representing
grasps it had already seen. Although reconstruction is not the primary goal, we see low values for
Chamfer distance and a high degree of match between the ground truth contact map-based and
latent code-based grasp retrieval results. The Barnes-Hut t-SNE visualizations [7] of the learned
embeddings of the different grasps from five robotic hands across the different objects are shown in
Figs. 2, 3, 4.

Table 1: Chamfer distance (x1e-3) for shape reconstruction and contact map similarity for grasp
retrieval on training set.

Ycb Model Shape Reconstruction Grasp Retrieval
Object Fetch Barrett Human Allegro Panda Near Z Near GT Far Z Far GT

Cracker Box 1.28 4.06 5.89 6.36 4.11 7.84 0.87 0.88 0.26 0.24
Soup Can 1.29 3.77 4.84 2.91 3.30 3.12 0.78 0.79 0.12 0.10

Mustard Bottle 0.99 1.91 3.22 2.14 1.98 2.48 0.83 0.84 0.19 0.16
Pudding Box 1.22 5.14 8.16 6.55 5.25 6.11 0.83 0.84 0.24 0.23
Gelatin Box 1.12 5.53 7.73 4.66 4.99 4.73 0.80 0.81 0.23 0.21

Potted Meat Can 1.96 3.90 5.23 3.78 3.77 3.05 0.79 0.80 0.14 0.10
Bleach Cleanser 7.09 4.87 6.12 7.52 5.50 8.85 0.72 0.73 0.18 0.17
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Figure 2: t-SNE visualization of the grasp embeddings on tomato soup can (left) and mustard bottle
(right).

Figure 3: t-SNE visualization of the grasp embeddings on pudding box (left)and gelatin box (right).

Figure 4: t-SNE visualization of the grasp embeddings on potted meat can.
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3.2 Robotic Grasping

For the object pose estimation and grasping experiments, we assume an uncluttered tabletop scene
with a single object placed on the table. Since the goal of the experiments is not to showcase
detection or segmentation on object point clouds, we adopt a simple heuristic of using the table
height to segment out the real world point cloud of the target object. We only use a single-view
(partial) point cloud of the object in the real-world experiments.

Baseline Model for 6D Object Pose Estimation. The pose optimization assumes that the given
points lie on the object surface and hence the predicted SDF values for them should be close to zero
(first term of Equation 5 in the paper). We solve the following optimization problem to estimate the
3D rotation R and the 3D translation t of the object pose:

R∗, t∗ = argmin
R,t

[ M∑
j=1

|foSDF(Rx
j
c + t, z; θo)|

]
, (1)

where {xj
c}Mj=1 denotes the points in the camera frame. z is the latent code of an arbitrary grasp in

the training set since we do not use the SDF of the gripper in this optimization. We name this model
the baseline model for object pose estimation since it does not utilize the grasp contact. To start the
optimization with a good initial pose, we initialize the 3D translation with the center of the point
cloud. For 3D rotation, we discretize the SO(3) space by yaw, pitch and roll angles with 45-degree
intervals, then evaluate and randomly select a 3D rotation within the top-5 minimum objective values
according to Eq. (1) as the initial rotation. After the optimization, we accept the estimated pose if the
objective value is smaller than a pre-defined threshold. Otherwise, we re-run the optimization until
a good pose is obtained. These steps are useful to avoid local minimums in SDF-based optimization
for object pose estimation.

6D Object Pose Estimation with Contact. Let’s denote the estimated object pose using the baseline
model as (R0, t0). Using this initial pose estimation, we find a Fetch gripper grasp from the training
set closest to the current gripper position for optimization. Because all the grasps are defined in the
coordinate frame of the object. We need to use the object pose to transform the grasps to the camera
frame, and use the pose between camera and robot base to transform them into the robot base frame.
After that, we can compare them with the current gripper pose in the robot base frame. Assume
the select grasp has a latent code z∗ and contact map φ. We can first find a set of contact points
on the object surface {xk

o}Lk=1 using the contact map φ. Note that these points are defined in the
object coordinate frame. Using the initial pose estimation (R0, t0), we can transform these points
to the camera frame and then find the nearest neighbors of the transformed points from the object
point cloud in the camera frame. Let’s denote these nearest neighbor points in the camera frame
as {xk

g}Lk=1. We consider these points to be the contact points in the camera frame for the grasp
encoded by z∗. Therefore, we can perform the following optimization to refine the initial pose:

R∗, t∗ = argmin
R,t

[ M∑
j=1

|foSDF(Rx
j
c + t, z∗; θo)|+

L∑
k=1

|fgSDF(Rx
k
g + t, z∗; θo)|

]
, (2)

This is our algorithm for 6D object pose estimation with contact using our implicit representations.

Grasp Execution. In order to execute the chosen grasp with optimized object pose, we first compute
a standoff position and then sample 10 way points from the the standoff to the final grasp position
for smooth execution. In the videos, it can be seen that sometimes the motion from standoff to final
pose is still very fast resulting in some momentum transferred to the object being grasps. We add
the table on which the object is placed as an obstacle and then utilize the Moveit [8] package to do
the motion planning from an initial stowed position for the Fetch gripper. Lastly, on arriving in the
final position, the Fetch gripper attempts to grasp the object by closing its fingers and then lifting
the object from the table. The pose estimation method is not fail-proof and as such is seen from
the results of Table 2 in the paper and attached video containing the grasping clips. A few failures
are a consequence of the pose estimation getting stuck in a local minima. In some cases, the pose
estimation for the “with contact” method actually performed worse due to an incorrect closest point
matching, also likely resulting from a bad initial pose estimate.
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Hand Demonstration & Inferred
Combined Point Cloud

5 Closest Fetch Gripper grasps for human demos on 

Figure 5: Closest Fetch gripper grasps for the human demonstrations on the gelatin box (009). The
grasps in the dataset generated from Graspit are not similar to a pincer like grasp.

3.3 Human Demonstrations and Grasp Transfer

We utilize existing methods for hand pose estimation in our human-to-robot grasp transfer experi-
ments. The same RGB-D robot head camera is used to observe the human grasp demonstrations and
infer the hand pose and 3D mesh for it on a per frame basis. Following a demo of the desired grasp
by a human hand, we estimate the human hand grasps with the following pipeline. Given a RGB-
D video of the human grasp demo, the Region of Interest (RoI) around the hand is detected using
the Fully Convolutional One-Stage Object Detector (FCOS [9]) trained on 100 Days of Hands [10]
dataset. Next, the RoI of the hand is cropped from the depth image, and the 3D hand joints are
estimated using the Anchor to Joint (A2J [11]) model trained on the DexYCB [12] dataset. Lastly,
we use the Pose2Mesh [13] model trained on FreiHAND [14] dataset to recover a 3D mesh of the
hand from the predicted 3D hand joints. The 3D mesh consequently also gives the hand surface
point cloud required for the latent code inference (here the hand is considered as a gripper). The
supplementary video also shows how the grasp transfer process looks like with demos for each ob-
ject. Once we have the closest Fetch gripper grasps, the Moveit [8] motion planning package is used
as before to find a motion plan to the closest grasp. We note that the closest retrieved Fetch grasp
might not have a feasible motion plan associated with it and hence we iterated along the ordered
list of closest grasps and execute the one for which a successful motion plan is found. This set of
executed grasps are shown in the video and hence for a few cases, the execution slightly differs from
the demonstration.

The grasp transfer for the gelatin box (009) demo was not successful due to the motion planning
finding no feasible plan to the inferred closest Fetch gripper grasps. This is likely due to the fact that
the inferred closest Fetch grippers grasps have the gripper to grasp the box using the top and bottom
rather than the corner as see in Fig. 5. Additional qualitative results on closest inferred grasps across
the entire gripper set are shown in Fig. 6, and 7. It is possible that the transfer process is sometimes
not feasible for such scenarios where the mapping to the Fetch gripper is not perfect. It can be a
consequence of the dataset not containing a specific type of Fetch gripper grasp and the existing
grasps being very different from the human demo even though the contact regions may be close on
a small object relative to the grippers like the gelatin box. Another avenue to consider in the grasp
transfer process is utilizing reliable object pose estimates of real world scans. For example in Fig. 6,
for the first row of cracker box demonstration, the closest Panda gripper grasp is diagonally opposite
to others. This result is due to the fact that the latent code inference does not take texture information
into account and hence we have a flipped result.
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Figure 6: Closest grasps for all grippers for the human demonstrations on the cracker box (first row),
tomato soup can (second row), and mustard bottle (third row).
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Allegro Barrett Fetch Panda Human Hand

Figure 7: Closest grasps for all grippers for the human demonstrations on the pudding box (first
row), gelatin box (second row), potted meat can (third row) and bleach cleanser (fourth row).
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