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Figure 1. Failure cases for post-processing methods RSRD [5] and
ArtGS [8], which are prone to errors.

1. Detailed Comparison with Existing Works

For pose-based representation, post-processing methods
have emerged to reconstruct articulated objects from visual
inputs. However, our method has unique advantages.

RSRD [5] uses a 4D differentiable part model to recover
object motions from an object scan and a single monoc-
ular video. It is time-consuming. Reconstruction takes
about 40 minutes on a single 3090 GPU following its of-
ficial code, and pose estimation (10 minutes) is needed for
each interaction sequence. Each time we interact with the
object in another environment or camera view, we need
to re-run pose estimation (10 minutes). Furthermore, this
optimization-based method is prone to errors, e.g., Fig. |
(a) self-occlusion; (b) initial frame error; (c) segmentation
error. Instead, our VR-GPS are quick and ensure quality
with manual annotation.

There are other post-processing methods. Ditto[4] fails
to process most of the VR-GPS objects, e.g., book, lamp, as
itis trained only on 8 categories and needs to train a network
for each category. PARIS[7] and ArtGS[8] leverages neural
radiance fields and 3D Gaussians to reconstruct objects and
estimate joints. They excel in synthetic objects, but fail to
estimate joints in real-world scenes (Fig. 1(d)) and take an
extra 20 minutes to manually align two states.
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Figure 2. A large proportion of current robot tasks are related to
object geometric structure. Tasks with precise force control, e.g.,
hit a pool ball, are out of scope of this work.

2. Detailed Dataset Statistics

VR-GPS is developed in Unity and deployed on a Meta
Quest 3 device, based on the existing work [1]. The vir-
tual point coordinate is in the world frame determined dur-
ing each initial configuration. During interaction, the rel-
ative transformation of the world frame and the headset is
recorded. With the fixed transformation of the headset and
the RealSense camera, the virtual point coordinate can fi-
nally be mapped to the camera frame. As an intermediate
frame, the world frame can be located anywhere within the
boundary. We also provide VR recording videos as an at-
tachment in the supplementary material.

To collect VR-GPS dataset, we invite 8 volunteers to an-
notate data wearing a headset, and another 3 volunteers to
check. The collected dataset has six part classes: Lid (89
objects), Lid-thin (21 objects), Lid-book (32 objects), Han-
dle (34 objects), Door (33 objects), Drawer (25 objects). A
large proportion of current robot tasks are related to the ob-
ject’s geometric structure. As is illustrated in Fig. 2, among
89 complex tasks in RH20T [2], there are 70% tasks requir-
ing geometric structure knowledge, e.g., unfolding paper,
plugging in a charger.



3. Geometric Structure Learning
3.1. Benchmark Details

We evaluate the model on two external datasets: HOI4D
and RGBD-Art. HOI4D has 1.2K frames for Laptop, 1.4K
frames for Trashcan, 2.9K frames for Safe, 0.4K frames
for Bucket, 2.8K frames for Drawer. RGBD-Art has 1.1K
frames for Laptop, 0.6K frames for Trashcan, 0.5K frames
for Safe, 1.4K frames for Bucket, 1.4K frames for Drawer.

3.2. Implementation Details

We train our model on 2 NVIDIA H100 GPUs for a total
of 100 epochs, using a batch size of 16. The initial learning
rate is set to 0.0001, using a warm-up scheduler for gradual
increase at the start of training. Input images are cropped
and resized to 640x640 resolution, and point clouds are
randomly sampled to 24,576 points before being processed
by the network.

3.3. Transform Flow into GPS

We transform flow prediction into GPS for comparison un-
der the same metric. We first sample 1024 points on the
object’s surface using Farthest Point Sampling (FPS) and
predict their trajectories. To ensure quality and filter out
static parts, we select K = 256 trajectories with the largest
total displacements. Then the GPS is extracted as follows:
For revolute objects, the rotation axis direction u is com-
puted via Principal Component Analysis (PCA) on all mo-
tion vectors {d; .}, corresponding to the eigenvector with
the smallest eigenvalue:

u = arg min (v- djvt)z, (1
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Second, we determine a point on the axis, q, using a per-
trajectory voting scheme. For each of the K selected tra-
jectories 7;, we estimate an axis position candidate c;
by finding the common intersection of internal motion-
perpendicular lines. The final axis point is the mean of these
candidates:

K
1
q= EZCJ», where ¢; = F(Tj,u). (2)
j=1

For prismatic joints, the axis direction is instead the
eigenvector with the largest eigenvalue, as motion is paral-
lel to the axis. The axis position is the average of trajectory
centers projected onto the perpendicular plane.

3.4. Transform Part Pose into GPS

We transform part pose into GPS for comparison under the
same metric. With the predicted part segmentation and
NPCS [6] map, we apply RANSAC [3] for outlier removal
and Umeyama algorithm [9] to obtain part bounding box,
and then calculate GPS from bounding box coordinates, as
is shown in Fig. 3.
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Figure 3. Object part pose and corresponding GPS.
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Figure 4. The test objects in real robot experiments. We show a
random view for each object.

4. Real Robot Experiments
4.1. Heuristic Policy

We test on 9 objects with diverse appearances. Their
categories and part classes are: Box (Lid), Document-Box
(Lid), Bucket (Handle), Door (Door), Drawer (Drawer),
Notebook (Lid-book), Folder (Lid-book), Lamp (Lid-thin),
Clapperboard (Lid-thin). We show a random view for each
object in Fig 4.

The GPS-based heuristic policy is shown in Alg. 1. To
select G, GPS predictions are used for a scoring func-



Algorithm 1 Heuristic Policy

Input: Object point cloud P € RY>*3; Time step t;
Qutput: Planned robot trajectory
1: G + AnyGrasp(P)
2: {d1,d2,p} + GPS(P)
3: G, T, < argmax S{qu,qu’f)} (g)
4: for time stept <— 1tot do
5:  if Revolute joint then
6 Tt+1 — ROt(CIl, CIQ) - Ty
7. elseif Prismatic joint then
8 Tt+1 — Trans(q}, qAQ) - Ty
9:  endif
10: end for
11: return {T,}t_;

tion S of grasp proposals. For objects with revolute joint,
one criterion is the angle between {d1,d2,p} plane and
{d1, d2, o} plane, where o is the position of a grasp. The
angle and the original grasp confidence scores are processed
with z-score normalization. The final score is their weighted
sum, with the coefficients 1.0, 0.25. For objects with a
prismatic joint, the criterion is the distance from o to the
{d1,d2, p} plane. The coefficients of the distance and the
original grasp confidence scores are 1.0, 0.5.

We also provide robot manipulation videos as an attach-
ment in the supplementary material.

4.2. Combination with Diffusion Policy

We conduct a small-scale experiment with our GPS-Policy
base on RISE [10], a diffusion policy model with point
cloud input. We develop GPS-Policy: we use the trained
GPS model to extract GPS prediction for the initial frame,
and encode them as additional input for RISE. For each
frame, the policy predicts future GPS and then uses it as
condition to guide action generation. The task is closing a
rotation lid. Observation is recorded via a side-view RGBD
camera. The policy is trained on 5 objects, with 50 demon-
strations per object. We evaluate the policy on another 5 ob-
jects, conducting 10 trials each object under varying poses.
We find that GPS integration boosts the success rate from
32% to 78%. Notably, GPS-Policy excels at contacting the
lid at correct position and closing it via proper path. We will
extend to more objects, tasks, advanced model and stronger
VLA baselines in future work.
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