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In this supplementary material, we provide additional details on implementa-
tion, robustness analysis for OBB initialization, and further experimental results.

1 Implementation Details

1.1 Training configuration

We optimize our model using the Adam optimizer [5] for 10,000 iterations. For
optimizing 3D Gaussian Splatting (3DGS) parameters, we use the same learning
rates as in the original 3DGS framework |[3], except for the Gaussian means,
which use a learning rate of 1.6e-2. The canonical-to-world transformation T}
and the articulation transformation 77 are jointly optimized with a learning rate
of le-2. We initialize 10,000 Gaussian primitives for each OBB by uniformly
sampling their positions within the canonical space [—1,1]3.

We use the following loss weights by default. The rendering loss weight is set
t0 Aimage = 10.0. The part fitting loss consists of a coverage loss and a margin
loss, with Acoverage = 100.0 and Apargin = 50.0, respectively. For the contact loss,
Acontact = 0.1. The extent regularizer is set with Aext = 0.01.

We optimize StructureGS using a loss schedule. The structure-aware losses
and the extent regularizer are activated from the beginning to guide the ini-
tial construction of part structure. Starting from iteration 400, we enable the
rendering loss to jointly optimize part appearance and geometry. Once the part
structure stabilizes, the contact loss and extent regularizer are disabled at itera-
tion 1,500, and subsequent refinement is performed using the rendering and part
fitting losses.

All experiments were conducted on a workstation with an NVIDIA GeForce
RTX 4090 GPU and an Intel Core i9-12900K CPU, using PyTorch 2.0.1 [10] with
CUDA 11.8. We use the differentiable 3D Gaussian Splatting renderer provided
by the gsplat [14] library. The average training time per scene is approximately
13 minutes, varying with scene complexity.

1.2 Densification strategy

We adopt the densification strategy of 3D Gaussian Splatting [3] during training.
All Gaussians from all OBBs are rendered jointly, and Gaussians are split or
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duplicated based on the rendering error and opacity, following the original 3DGS
framework [3]. To preserve Gaussian-to-OBB membership, new Gaussians are
assigned to the same OBB as their parent Gaussian.

1.3 OBB Initialization

We initialize OBB parameters using coarse point clouds estimated from the two
articulation states. Given point clouds Py and P; reconstructed by VGGT [12],
we compute a nearest-neighbor motion cue for each point p; € Py:

di = min Pi — qjla- (1)
We classify points with small motion cues as static and use the remaining points
as moving candidates. Specifically, we threshold the distances d; by Tmotion tO
separate static and moving candidate points.

The moving candidate points are clustered using DBSCAN [1]. The resulting
clusters are treated as moving-part hypotheses. If the number of clusters is larger
than the expected number of moving parts, we keep the dominant clusters by
size and remove small noisy clusters. We then fit an oriented bounding box to
each part hypothesis, including the static region. These fitted boxes initialize the
OBB transforms T§. The articulation transforms Tf are initialized to identity
for all parts.

The initialization is intentionally coarse. Its role is to place the oriented
boxes near plausible object parts, rather than to provide accurate segmentation.
During optimization, the Gaussian primitives, OBB parameters, and articulation
parameters are jointly refined by photometric and structure-aware losses.

1.4 Joint type and parameter estimation

The motion of each part is obtained from its optimized part-wise OBB transfor-
mation 7. For transformation 7}, we first determine the joint type and then
recover the corresponding joint parameters.

To determine the joint type, we compute the rotation angle from the rota-
tional component of 7}*. A part is classified as prismatic if the rotation angle is
below a threshold of 5° (i.e., 8 < 0.087 radians), and revolute otherwise.

For prismatic joints, we estimate the motion axis by normalizing the transla-
tion vector. The joint displacement is measured as the 5 norm of the translation.
For revolute joints, we extract the rotation axis by converting the rotational com-
ponent to axis-angle form. The pivot point corresponds to the fixed point of the
rigid transformation, i.e., a point that remains unchanged under the transfor-
mation. We compute the pivot point as the minimum-norm solution to a linear
system derived from (R — I)p = —t, where R and t are the rotation and trans-
lation components of 7.
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Fig. 1: Visualization of the error maps and intermediate terms of the part fitting loss.
M denotes the binary ground-truth object mask, I%,,; the occupancy map of the k-th
part OBB, and I}, their union. (a) and (b) illustrate two example cases where the
coverage loss and the margin loss are non-zero, respectively. In (a), the error map is
formed by multiplying the complement of the aggregated structure image (1 — I3k,;)
with the object mask M, yielding (1 — I?L,.;) ® M, which indicates object regions not
covered by the union of OBBs. In (b), the error map is formed by multiplying the per-
part structure image I¥,,.; with the region outside the object mask (1 — M), yielding
%, wet © (1 — M), which indicates OBB regions outside the object.

1.5 Error map for the part fitting loss

To provide an intuitive understanding of the part fitting loss Lg¢ that consists
of the coverage 10ss Lcoverage and the margin loss Largin, We visualize the error
maps of the individual loss terms, together with the structure image and object
mask used to define the loss terms.

The coverage loss becomes active when regions inside the object mask are not
covered by the union of OBBs. In Fig. [Th, we show the two intermediate terms,
the complement of the all-part structure image (1 — I3 ) and the object mask
M, together with the resulting error map obtained by their element-wise product.
The error map highlights uncovered regions inside the object mask, encouraging
the OBBs to fully cover the object.

The margin loss encourages each OBB to tightly fit the object. In Fig.[Tp, we
visualize the part structure image I . and the complement of the object mask
1 — M, together with the resulting error map obtained by their element-wise
product. This error map captures the empty space inside the OBB that is not
occupied by the object.

2 Robustness to OBB initialization

To initialize the OBB parameters, we first obtain point clouds of the target ob-
ject in the initial and articulated states using VGGT [12|. We then cluster the
points into static and dynamic parts based on the distances between correspond-
ing points in the two states, and fit an OBB to each cluster. This initialization
provides only coarse and noisy structural information, as it depends on imperfect
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Fig. 2: Left: Default initial OBBs obtained from motion-based point clustering, where
point colors indicate clustered part points. Middle: OBB optimization results over
iterations under clustering noise, point cloud noise, and an alternative point cloud
estimator. Right: Fitting error curves over optimization iterations for the default and
perturbed settings.

point cloud estimation and point clustering. Nevertheless, our optimization re-
mains robust to such noisy initialization and can still recover a reliable solution.
We examine this robustness in the following experiment.

We evaluate robustness under three settings with 10 sparse views: cluster-
ing noise, point cloud noise, and an alternative point cloud estimator. Clustering
noise is introduced by varying the threshold used to separate static and dynamic
points across the two states, which reduces the accuracy of part segmentation and
thus degrades the OBB initialization. Point cloud noise is introduced by adding
Gaussian perturbations to the points estimated by VGGT before perform-
ing part clustering for OBB initialization. Finally, we replace the default point
estimator (VGGT) with a recent alternative method (Pi3 [13]) to evaluate the
robustness of our method to different point estimation methods. These pertur-
bations produce OBB initializations of varying quality, ranging from reasonable
part-wise boxes to severely imbalanced cases. For example, a single OBB covers
most of the object while the remaining boxes capture only small fragments, as
shown in the “Point cloud noise” of Fig.

Fig. 2] shows the initial OBBs and their evolution during optimization under
these perturbation settings, together with the corresponding fitting error curves.
Although the initial OBB quality varies substantially, the fitting error decreases
during optimization and converges to similar values across all settings. Quali-
tatively, the OBBs progressively align with the object parts even when start-
ing from different initializations. These results demonstrate that our method
can recover reliable part-aligned structures from inaccurate OBB initializations.
Moreover, the comparable convergence obtained with Pi3 indicates that our
method does not rely on a specific point cloud estimator.
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3 Additional Experimental Results

3.1 Per-scene quantitative comparison on the PARIS dataset

In the main paper, we report the average performance on the PARIS synthetic
benchmark. Here, for completeness, we provide the per-scene quantitative results
under dense-view and sparse-view settings, respectively (Table .

Among the prior methods listed in Table 1 of the main paper, we compare
our method only with those evaluated under comparable settings and metrics.
Since our method takes multi-view RGB images of two states as input and does
not assume known joint types, methods based on different input modalities or
problem settings are excluded from the comparison. Specifically, A-SDF [9] is
a data-driven learning-based method, REACTO [11] requires monocular RGB
video sequences, ArtGS [§] additionally relies on depth input, and SPLART |6]
assumes known joint types.

3.2 Additional qualitative comparison on the PARIS dataset

We also present additional qualitative comparisons on the PARIS dataset under
both full-view and sparse-view settings. For each example, we reconstruct static
and dynamic part meshes and visualize the estimated articulation axes.

As discussed in the main paper, existing methods generally exhibit degraded
performance under sparse-view setting compared with the full-view setting. In
contrast, our method remains robust in both sparse-view and full-view settings,
achieving reliable part decomposition and articulation estimation. We provide a
gallery of reconstructed part meshes in Fig. [f] to further illustrate the geometric
fidelity of the recovered results.

3.3 Fitted OBBs and reconstructed 3DGS on the PARIS dataset

Fig. [6] shows additional results of our method on scenes from the PARIS bench-
mark. We visualize the fitted OBBs and reconstructed 3D Gaussians for each
part. Across all scenes, the jointly optimized Gaussians capture geometric de-
tails, while the OBBs represent the underlying part structure. The results also
demonstrate that our method generalizes well to parts with non-cuboidal ge-
ometries, as discussed in Section 5.4 of the main paper. For example, Scissors,
Stapler, and Fridge scenes include highly concave regions.

3.4 Scalability to multiple moving parts on ArtGS-Multi dataset

To evaluate scalability beyond objects with a single moving part, we conduct
additional experiments on ArtGS-Multi [8], which contains articulated objects
with 4 to 7 parts. Since ArtGS-Multi provides RGB-D observations, we use
the provided depth only to construct the initial point clouds for OBB initial-
ization, and do not use depth during optimization. We compare our method
with ScrewSplat |4], which supports reconstruction of articulated objects with
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Table 1: Quantitative results on the ArtGS-Multi dataset [8]. We compare with
ScrewSplat [4], a baseline that supports articulated reconstruction with multiple mov-
ing parts. Ang Err and Pos Err evaluate joint-axis accuracy, GD-r and GD-p measure
motion errors for revolute and prismatic motions, respectively, and CD-s/CD-m/CD-
w report Chamfer-L1 distances for the static base, movable parts, and whole object.
Lower is better for all metrics.

Ang Err Pos Err GD-r GD-p CD-s CD-m CD-w

ScrewSplat  27.4 0.13 54.7 0.01 58.2 684.3 66.2
Ours 3.67 0.03 7.05 0.00 2.53 2.70 2.64

multiple moving parts. As shown in Table [I} our method successfully converges
on multi-part objects and substantially improves both geometric and kinematic
accuracy over the baseline, demonstrating that our part-level parameterization
scales to more complex articulated structures.

3.5 Animation of real-world reconstructions

We provide animations for the real-world results in Sec. 5.3 of the main paper.
For each example, we interpolate the motion of the dynamic parts using the esti-
mated articulation parameters, transform the corresponding 3DGS set to inter-
mediate states, and render the resulting images. These animations demonstrate
that our method can robustly recover both part-wise geometry and articulation
parameters.
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Fig. 3: Further qualitative comparison on the PARIS dataset under full-view and
sparse-view settings. The left column shows the articulated objects in two states. The
remaining columns visualize reconstruction and articulation estimation results of differ-
ent methods (PARIS [7], ScrewSplat [4], ArticulatedGS [2], and ours). Dynamic parts
are shown in blue and static parts in gray, while red arrows indicate the estimated
articulation axes.
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Fig. 4: Gallery of part-wise reconstructed meshes across different object categories.

Fig. 5: Animation results on real-world objects. For each example, the left two columns
show the input image examples at the initial and articulated states, respectively. The
remaining columns show rendered frames from the resulting animation, where the re-
constructed part-level Gaussians are transformed according to the estimated articula-
tion parameters.
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Table 2: Quantitative per-scene results on the PARIS dataset under full-view and
sparse-view settings with 100 and 10 input views, respectively. Geometry is measured
by Chamfer Distance on the whole object (CD-w), static part (CD-s), and movable part
(CD-m), with all values scaled by 10. Motion is evaluated by joint axis angular error,
position error for revolute joints, and motion magnitude via geodesic and translation
errors for revolute and prismatic motions, respectively. “F” denotes failure to predict a
valid motion type, and “~” indicates non-applicable metrics. Per-scene motion metrics
can be interpreted in the context of their scales: in most scenes under both full-view
and sparse-view settings, angular errors are within 1°, position errors measured in
meters are below 0.01 m, and geodesic errors are near 1°. These scene-wise variations
are therefore numerically marginal. More importantly, our method achieves consistently
low geometric error, whereas other methods may obtain competitive motion estimates
while degrading geometric accuracy.

(a) Full-view setting (100 views)

Synthetic Real
Group Metric  Method Foldchair Fridge Laptop Oven Scissor Stapler USB Washer Blade Storage Fridge —Storage
PARIS 0837 0128 0.867 0204 2451  1.059 0179 2323 48118 0179 2595 1953
Ane By ScrewSplat 0236 0.052 70178 058 0.020 6522 0119 0.088 0.040 0034 2477 4.244
s ArticulatedGS ~ 0.049  0.028 0.152 006 0066 0.074 0.62 0279 0.020 0.021 313 8521
Ours 0.019 0055 0.083 0.019 0092 0128 0.059 0096 0292 0034 0.988 13.01
PARIS 0218 0005 0009 0001 0361 1.020 0832  0.636 - - 0.016 -
Motion  p - ScrewSplat 0364 0005 0307 0035 0001 0234 0161  0.002 - - 0.599 -
S BT ArticulatedGS 0.001 0.002  0.061 0003 0002 0.001 0.072 0.000 - - 0.043 -
Ours 0.000  0.000 0.000 0.000 0.000 0003 0.001 0.000 - - 0.032 -
PARIS 177.068  0.256 1002 0.601 13820 12011 179.66 66.23 1523  0.602 5893  0.541
Geo Dist ScrewSplat 14602 0.555 8930  79.942 20378 85726 0069  0.400  0.000 91.809  0.499
€O ArticulatedGS  0.063 0383 0.163 0.056 0.063 0.173  0.220 0400 0.000  6.195 F
Ours 0.027  0.068 0.055 0.027 0062 0163 0.068 0.055 0.001 0.000 0.017 0.024
PARIS 11676 3.064 0.202 9485 2636  1.718 2189 16291 1.806  6.206 41.897 67.321
CDs ScrewSplat 13.078 4614 48765 45.694 131.813 32.154 31071 31.389 0584 8816 13855  8.29
s ArticulatedGS ~ 3.713 1674 1257 285 0342 1735  1.927 5364  0.304 2687  33.02 31278
Ours 0.358  0.880 0374 1.503 0.279 5360 0.860 4.083 0311 1576 1.883  3.06
PARIS 1157 1957 0236 6 12171 7513 26110  F 9110 119.60  293.69
Geometry p - ScrewSplat 34295 1433 17.723 12636 6170 2160 4382  2.636 31617 1239  50.76
D ArticulatedGS 0520 0.699  6.05 0818 0407 1283 1061 1.833 1526  1.664 7161 11226
Ours 1083 0562 0.173 0.309 0.249 1.123 0.663 7.639 1.083 1.113 0.841 15.55
PARIS 1238 2398 0.228 5040 1427  19.03 2007 0547 6722 1759 4711
Doy ScrewSplat 198 4124 6.004 25.66 22204 0425 1278 2004 877
o ArticulatedGS 0512 1.395  5.010 . 1.508 4918 0231 1.890  23.09 23141
Ours 0.227  0.847 0281 1.368 0.248 0.881 0.745 2.985 0.175 1.441 1.242 3.226
(b) Sparse-view setting (10 views)
Synthetic Real
Group  Metric  Method Foldchair  Fridge Laptop Oven Scissor Stapler USB  Washer Blade Storage [Fridge Storage
PARIS 2203 27.92 2795 7554 415 3015 108 1819  66.97 5439 3406  46.33
A e ScrewSplat 0.138  0.034 11167 6757 0059 8085 1324 8714 0335 032 2192 89.08
AT8 BT ArticulatedGS  51.74 0101 0138 1.922  0.04 3448 0459 9357 0.034 28.854 4575 3555
Ours 0935 1061 0280 0506 0117 0911 0.099 0.466 0852 178  1.25  12.25
PARIS 0137 028 0131 0050 0180 0403 0004  0.110 - - 0.211 -
Motion oo ScrewSplat 0.001  0.001 0007 0056 0003 081 0391 o - - 0.066 -
oSBT ArticulatedGS  0.592 0.014  0.003 0378 0.000 0428  0.000 0.028 - - 0.002 -
Ours 0.001 0024  0.001 0.011 0.00 0.004 0001 0.014 - - 0.034 -
PARIS 10281 7462 287 921 8291 10423  0.97 8838  0.090  0.19 24.2 0.18
Geo Dist ScrewSplat 0.206 11993 80.711 5081 0069 5230 2143 F 0.401 F 1.632 F
€0 PIY T ArticulatedGS  79.66 4271 0384 1196  0.040 6950 0388  17.03 0400  0.41  4.968  0.642
Ours 1207 4121 0.267 3.581 0088 0.626 0.088 1.046 0.080 0.004 0.927 0.050
PARIS 30016 180.69 9214 3421 9078 316 246 1634 112 2743 6328  55.08
b ScrewSplat 1.72 6.95 13285 1439 3375 9951 4946  43.01 12 3832 12928 2458
o ArticulatedGS  2.856  0.993 1121 2522 0640 1.491 167 5723 0.215 3218 3831  242.27
Ours 3483 1256 0.297 1749 0.326 3708 0.749  5.046 0348  2.606 2.211  3.168
PARIS 98.13 56473  130.76 23695 1414  94.94  2.47  62.73 F 15855 1733  875.93
Geometry () ScrewSplat 88.27 351 43679 3704 7042 1230 1230 10552 22052 34.39 :
P ArticulatedGS 10430 1434 0693 22.60 0568 44556 3.810  0.212 3423 44303 6640  931.62
Ours 5.244  0.890 0.151 0.508 0.288 1.071 3.263  3.909 0.967 3.522 1.086 22.127
PARIS 175,73 198.72 3247 3129 1345 211 1837 056 9.2 3224 65.58
Chay  ScrewSplat 3.99 63.04 2138 4333 1614 1614 5502 30.21 1558  12.96
W ArticulatedGS 2.837  1.024 2577 0583 18103 1156 5278  0.195 3.158 2514  202.28

Ours 1.560 1.166 1.596  0.302 0.714 1.011  3.935  0.204 2.462  1.509 3.431
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Fig. 6: OBB and 3DGS fitting results on the PARIS dataset. Columns correspond to
different scenes from the PARIS benchmark. Rows show the full reconstruction (“All”)
and the static and dynamic parts. For each case, we visualize the fitted OBBs together
with the reconstructed 3D Gaussians.
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