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Abstract. Reconstructing articulated objects with multiple movable
parts is essential for understanding object structure and enabling physi-
cal interaction. However, this reconstruction task poses significant chal-
lenges due to the entanglement of geometry, appearance, and motion
parameters during optimization. Existing methods rely primarily on pho-
tometric supervision, which commonly fails to disentangle these interde-
pendent components, resulting in poor part decomposition with blurred
boundaries and geometric artifacts. To address this limitation, we in-
troduce StructureGS, a reconstruction framework for articulated objects
that integrates structure-aware guidance into 3D Gaussian Splatting.
Our approach leverages oriented bounding boxes of object parts to en-
force two key structural properties: spatial coherence, which constrains
each part’s geometry to remain compact and spatially coherent within its
designated region, and structural connectivity, which enforces physically
plausible contact relationships between adjacent parts. These properties
are realized through structure-aware losses that inject explicit structural
constraints into the optimization process. Extensive experiments demon-
strate that our method achieves state-of-the-art performance in artic-
ulated object reconstruction, producing high-quality results with well-
defined part geometries.

1 Introduction

Articulated objects with multiple movable parts are omnipresent in human-made
environments. Accurate reconstruction of these objects is crucial for embodied
AI systems [3,30,32] to correctly understand object structure and plan physical
interaction. Beyond capturing static geometry, such reconstruction must also
recover the underlying kinematic structure, which defines how different parts
move relative to each other with constraints on their possible configurations.

Unlike typical object reconstruction [2, 22, 26, 29, 34] that focuses solely on
static geometry and appearance, reconstructing objects with a kinematic struc-
ture poses significant challenges due to the need to jointly optimize multiple
interdependent components: per-part geometry, appearance, and motion param-
eters. These components are inherently entangled, as the observed appearance
depends on the underlying geometry, while accurate geometry recovery relies
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Fig. 1: StructureGS. (a) Each part is represented by an explicit OBB (structure) and
3D Gaussians (geometry), with prismatic or revolute motion parameters. (b) Structure-
aware optimization yields cleaner part decomposition and more accurate motion esti-
mation than a photometric-only method (ScrewSplat [12]).

on understanding how parts are spatially structured and move relative to each
other. This entanglement often hinders accurate estimation of each component,
resulting in suboptimal reconstruction quality.

Recent works on articulated object reconstruction represent geometry and
appearance using neural radiance fields [8,9,18,24,35] or Gaussian splatting [7,
11,12,17,20,21], and parameterize part motions as rigid transformations [1,6,15,
19, 27, 37]. These methods rely primarily on photometric reconstruction objec-
tives to update 3D model parameters, and may recover high-quality renderings
of the whole object. However, without explicit structural guidance, photometric
supervision alone often entangles geometry, appearance, and motion parameters
during reconstruction, leading to poor part decomposition with blurred bound-
aries and geometric artifacts, as shown in Fig. 1.

To address this problem, we introduce structure-aware guidance for the re-
construction framework. In this work, we use the term structure to refer to both
the geometry of each part and the contact relationships between adjacent parts,
which together characterize how an articulated object maintains a physically
plausible configuration. Our structure-aware guidance enforces two properties:
spatial coherence, which constrains each part’s geometry to remain compact and
spatially coherent within its designated region, and structural connectivity, which
enforces physically plausible contact relationship between adjacent parts. To ef-
fectively encode structural information, we leverage an oriented bounding box
(OBB) for each articulated part. The OBB explicitly defines the oriented ex-
tent of each part, providing spatial boundary information for reasoning about
its geometric coherence. Furthermore, its convexity facilitates efficient distance
computation, allowing for the direct evaluation of connectivity between parts.

Based on the OBB representation, we design two complementary loss func-
tions: part fitting loss and part contact loss. The part fitting loss encourages
spatial coherence by constraining the reconstructed geometry of a part to re-
main within a tight bounding box. This drives tightly bounded part represen-
tations, reducing scattered and spatially incoherent geometry. The part contact
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loss promotes structural connectivity by leveraging the Separating Axis Theorem
(SAT) [4], which identifies shape intersection by examining projection overlaps
across candidate separating axes. By computing inter-OBB distances using SAT,
our loss encourages physically plausible contact between adjacent parts.

Building upon the structure-aware losses, we present StructureGS, a novel
framework for articulated object reconstruction, where each part is represented
as a set of 3D Gaussian splats [10]. Importantly, in our framework, the motion of
each part, shared by all Gaussians belonging to that part, is parameterized and
optimized using its OBB. Given multi-view RGB images capturing an object
before and after articulation, our part fitting and part contact losses, together
with a photometric loss, provide explicit structural guidance for jointly optimiz-
ing per-part geometry, appearance, and motion parameters. This structure-aware
design enables high-quality reconstruction with well-defined part boundaries and
physically plausible articulated configurations, and provides robustness even un-
der sparse observations, enhancing its practical applicability in real-world cap-
ture scenarios.

In summary, our main contributions are:

– We present StructureGS, a framework integrating structure-aware guidance
into 3D Gaussian Splatting for high-quality reconstruction of articulated
objects with clear part boundaries.

– We introduce structure-aware guidance via two OBB-based loss functions,
part fitting loss and part contact loss, that enforce spatial coherence and
structural connectivity of parts during optimization.

– Our method achieves state-of-the-art performance on benchmarks with clear
part decomposition and accurate motion estimation. It also provides robust
reconstructions with sparse views and generalizes well to real-world objects.

2 Related Work

Articulated object reconstruction Articulated object reconstruction methods can
be categorized into holistic and part-wise approaches. Holistic methods recon-
struct the object as a single continuous representation, where part structure is
implicitly captured by latent variables or deformation fields. In contrast, part-
wise methods decompose the object as a set of explicit parts, each with its own
geometry and motion parameters. Table 1 summarizes the key characteristics of
representative methods.

Holistic deformation-based methods, such as A-SDF [23], represent the ob-
ject’s shape and articulation within a single signed distance function by learning
separate latent codes for shape and pose. Similarly, REACTO [31] employs a
skeleton-driven deformation field to explain appearance changes across a video
sequence. These approaches can produce plausible whole-object reconstructions
under large deformations, but they lack explicit control over part-level geometry
and often struggle to recover clean part boundaries.

Alternatively, part-wise approaches model an articulated object as a com-
position of multiple parts with part-level geometry and rigid motions [8, 9, 12,
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A-SDF [23] PC

NeRFREACTO [31] RGB
PARIS [18] RGB 3 3

SPLART [16] RGB

Gaussian
Splatting

ArtGS [20] RGBD 3 3
ScrewSplat [12] RGB 3 3 3

ArticulatedGS [7] RGB 3 3
Ours RGB 3 3 3 3

Table 1: Comparison of ar-
ticulated object reconstruction
methods. Multi-part indicates
support for arbitrary k parts;
Part-wise denotes per-part rep-
resentation rather than a holis-
tic one; Joint type means no
prede�ned joint type infor-
mation is required; Structure-
awareness re�ects the use of
structural constraints beyond
photometric supervision.

18]. PARIS [18] jointly reconstructs part-level radiance �elds and motions from
multi-view captures. Within the realm of 3D Gaussian Splatting (3DGS), Ar-
ticulatedGS [7] and ArtGS [20] discover part structures through deformation-
aware clustering and skeleton-guided spectral clustering of Gaussian splats, re-
spectively. Other recent works focus on mobility: SPLART [16] infers part as-
signments from per-Gaussian mobility estimates, while ScrewSplat [12] groups
Gaussians via screw-motion parameters. In this work, we adopt the part-wise
paradigm, explicitly representing each movable part with a set of 3D Gaussians
and an oriented bounding box to jointly recover its structure and motion.

Photometric supervision and its limitation Photometric supervision has been the
primary objective used in previous articulated object reconstruction methods.
However, although appearance changes in articulated objects are solely induced
by part motions, photometric supervision cannot distinguish whether the ap-
pearance changes have been caused by geometry change or motion. As a result,
the optimizer often incorrectly adjusts the geometry to account for appearance
changes caused by motion, rather than accurately updating kinematic parame-
ters, which leads to blurred part boundaries or geometry leaking across parts.

To mitigate this ambiguity, several approaches incorporate auxiliary priors to
better estimate articulation or part geometry. Skeleton-driven methods such as
REACTO [31] use prede�ned joint hierarchies to guide deformation. Clustering-
based approaches including ArticulatedGS [7], ArtGS [20], and SPLART [16]
form part groups using deformation similarity, spectral analysis, or per-Gaussian
mobility. ScrewSplat [12] constrains the space of rigid motions through a screw-
motion formulation.

These methods provide valuable supplementary supervision for identifying
how an articulated object moves or how its elements should be grouped. How-
ever, they do not constrain the structure of parts, such as shapes, boundaries,
and physical contacts, which is critical for robust reconstruction of articulated
objects. In this paper, we address this issue by introducing structure-aware losses
that explicitly promote coherent part shapes and plausible part connectivity.
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Fig. 2: Overview of StructureGS. (a) Each part P k is represented by canonical Gaus-
sians Gk , which are transformed to two states: an initial state (t = 0) and an articulated
state (t = 1). (b) For each state, the transformed Gaussians are rendered with the 3DGS
renderer, and photometric and structure-aware losses are computed to jointly optimize
Gk , T k

0 , and T k
1 .

3 Structure-Aware Gaussian Splatting

Given multi-view RGB images fI t
v g and corresponding camera parameters fCv g

of an articulated object captured in two distinct con�gurations, the initial state
at t = 0 and an articulated state at t = 1, our objective is to jointly reconstruct
the part-wise 3D geometry, appearance, and motion parameters that faithfully
explain the observations across both states. Similar to prior articulated recon-
struction works [7, 16, 18, 20], we model the articulated object as K rigid parts
P = fP 0; P1; : : : ; PK�1 g, where P0 is a �xed base and each movable part Pk
(k � 1) transforms rigidly between the two states.

3.1 Part Representation

Our part representation is designed to disentangle intrinsic geometry from ex-
trinsic pose. Each part Pk consists of Gaussian primitives in a canonical coordi-
nate frame, coupled with transformation parameters that determine its location,
orientation, and scale in the world space.

Canonical Gaussian primitives Each part Pk is represented by a group Gk con-
sisting of Nk Gaussian primitives de�ned in a normalized canonical space, along
with transformation parameters fT k

0 ; T k
1 g, where Tk

0 is an a�ne transformation
that maps the canonical space to the world space at t = 0, and Tk1 is a rigid
transformation that maps the initial state to the articulated state:

Gk = f(x j ; � j ; qj ; cj )gN k
j=1 [ fT k

0 ; T k
1 g;

where xj 2 R3 is the canonical position, � j 2 [0; 1] is the opacity, qj parameter-
izes the covariance through rotation and scale, and cj denotes spherical harmonic
coe�cients for view-dependent appearance. To ensure that Gaussian positions
remain within the normalized canonical space, we constrain them to the cube
[�1; 1] 3 using:

� j = tanh(x j ); � j 2 [�1; 1] 3:
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This canonical representation decouples the local geometric details of each part
from its global pose and spatial extent, facilitating explicit modeling and opti-
mization of part structure through bounding box parameters (Fig. 2(a), right).

Transformation to world space The transformation parameters Tk
0 = (s k

0 ; Rk
0 ; t k

0 )
de�ne an a�ne transformation that maps the canonical Gaussians to the world
coordinate system at the initial state t = 0. For the j-th Gaussian in part k, the
world position is computed as:

� k;0
j = s k

0 � (R k
0 � j ) + t k

0 ;

where sk
0 2 R3

>0 represents per-axis scaling, Rk0 2 SO(3) is the rotation, and
t k

0 2 R3 is the translation. The element-wise product � with the scale vector ef-
fectively parameterizes an oriented bounding box that encodes the part's spatial
extent and orientation. The covariance matrix is similarly transformed as:

� k;0
j = R k

0 diag(sk
0 ) � j diag(sk

0 ) (R k
0 )> :

Transformation to articulated state For the articulated state t = 1, we apply a
rigid transformation T k

1 = (R k
1 ; t k

1 ) to the initial position of part P k at t = 0:

� k;1
j = R k

1 � k;0
j + t k

1 and � k;1
j = R k

1 � k;0
j (Rk

1 )> ;

where Rk
1 2 SO(3) and t k

1 2 R3 capture the part's rigid motion between states
(Fig. 2(a), middle and left).

3.2 Part Contactness

A fundamental property of articulated objects is that connected parts remain
in physical contact. We exploit this structural constraint by computing inter-
part distances directly from the bounding box parameters equipped in our part
representation.

Bounding box extraction Since each part is de�ned in a normalized canonical
space [�1; 1]3, transformation T k

0 = (s k
0 ; Rk

0 ; t k
0 ) naturally induces the oriented

bounding box for part Pk at the initial state t = 0. The OBB is centered at t k
0

with half-extent s k
0 and orientation de�ned by R k

0 . Similarly, the OBB at the
articulated state t = 1 can be obtained by applying T k

1 to the OBB in the initial
state. This direct correspondence between part parameters and bounding boxes
enables e�cient contact evaluation without explicit mesh extraction.

Distance computation via Separating Axis Theorem To
compute the distance between two parts Pi and Pj , we em-
ploy the Separating Axis Theorem [4], which provides an
e�cient method for determining the distance between two
convex objects by projecting both objects onto a set of can-
didate axes.
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For two OBBs, the complete set of candidate axes consists of 15 directions:

A = fn 1
i ; n 2

i ; n 3
i ; n 1

j ; n 2
j ; n 3

j g [ fn p
i � n q

j g3
p;q=1 ;

comprising the three face normals of each OBB (obtained from the columns
of Ri

0 and Rj
0), and the nine pairwise cross products of their edge directions.

For each axis a 2 A, we project both bounding boxes onto the normalized axis
â = a=kak, yielding one-dimensional intervals with centers ci and cj and extents
r i and r j . The signed distance along this axis is:

da = jc i � c j j � (r i + r j );

where ci = t i
0 � â and r i =

P
d2fx;y;zg si

0;d jn d
i � âj. The distance between two

OBBs is then:
d(Pi ; Pj ) = max

a2A
da ; (1)

whose positive values indicate separation, zero indicates contact, and negative
values indicate overlap. This di�erentiable distance metric enables e�cient en-
forcement of contact constraints during optimization (see Sec. 4).

4 Optimization with Structural Guidance

For articulated object reconstruction with meaningful part decomposition, in
addition to the photometric loss, we introduce two di�erentiable losses for struc-
tural guidance: part �tting loss for spatial coherence of parts and part contact
loss for structural connectivity of parts (see Fig. 2).

4.1 Loss Functions

Photometric image loss Following 3D Gaussian Splatting [10], we employ the
standard photometric image loss:

L image = (1 � � ssim )L 1 + � ssim L D-SSIM ; (2)

where L1 measures the L1 distance between the rendered and ground-truth im-
ages, and LD-SSIM is the structural dissimilarity term.

Part �tting loss We enforce spatially coherent parts by ensuring each bounding
box tightly encloses its part geometry with minimal unused interior volume.
To quantify this constraint, we �rst generate structure images that visualize
each part's spatial extent: we uniformly sample points within the canonical cube
[�1; 1] 3, transform them to the world space using Tk

0 for t = 0 (or additionally
apply T k

1 for t = 1), and render them as white pixels on a black background. The
rendered structure image is a binary image that represents the spatial occupancy
of each part's bounding box, where 1 (white) indicates occupied regions. Based on
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Fig. 3: Illustration of part �tting loss. (a) P 1 's OBB is fully inside the part (margin loss
= 0), but does not cover the entire part, incurring coverage loss. (b) P 1 's OBB fully
covers the part (coverage loss = 0), but includes regions outside the part, incurring
margin loss. (c) Optimizing both losses yields a tight OBB.

the structure images, we formulate the part �tting loss with two complementary
objectives:

L �t = � coverage L coverage + � margin L margin :

The coverage loss Lcoverage ensures that the union of all part structure images
fully covers the object region in the rendered image:

L coverage = k(1 � I all
struct ) � Mk 1;

where Iall
struct is the union of structure images rendered from OBBs of all parts,

M is the object mask in the rendered image, and � denotes element-wise mul-
tiplication. This term penalizes regions of the object not covered by any OBB.

Minimizing L coverage alone may cause OBBs to expand excessively beyond
object boundaries. We therefore introduce a margin loss that penalizes regions
of each part's structure image that lie outside the object mask:

L margin =
1
K

K�1X

k=0

kI k
struct � (1 � M)k 1; (3)

where Ikstruct denotes the structure image of part Pk . This term encourages tight
�tting of OBBs by penalizing the unused void space within each bounding box.
For concave parts, reaching the tightest feasible bound does not necessarily drive
the margin loss to zero, as unavoidable empty regions may remain within their
corresponding OBBs. Fig. 3 provides a visual illustration of the part �tting loss.

Part contact loss To enforce connectivity, we penalize separation between adja-
cent parts using the distance d(�; �) computed by Eq. 1:

L contact = � contact

X

(i;j)2E

max(0; d(Pi ; Pj ))2; (4)

where E denotes the set of adjacent pairs,
formed between the static base part P0 and
each movable part Pk (k � 1). Since OBBs
encode part structures rather than exact oc-
cupied volumes, valid articulated layouts can
involve OBB overlap, as in a drawer nested inside a cabinet body. Accordingly,
the max operator penalizes only separation, not overlap.
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Fig. 4: Structure-aware optimization over iterations. Part-wise 3D Gaussian splats
constrained by OBBs progressively align with their corresponding object parts.

Extent regularization To encourage the OBB scale components to adapt to the
underlying part geometry, we introduce an axis-weighted scale regularization:

L ext = �� ext

K�1X

k=0

3X

i=1

w(i)
k log(sk

0;i ); (5)

where sk0;i is the i-th scale component of the k-th OBB, and wk = softmax(� k )
are per-axis weights with learnable parameters �k 2 R3. The softmax weights
act as a di�erentiable selector over the OBB scale components, emphasizing scale
directions whose expansion does not increase the overall objective. Consequently,
the OBB expands primarily along under-covered directions rather than scaling
uniformly.

Combining structure-aware and photometric image losses across temporal
states t 2 f0; 1g, along with extent regularization, our �nal optimization objec-
tive is:

L total =
X

t2f0;1g

�
L t

image + L t
�t + L t

contact

�
+ L ext : (6)

4.2 Optimization Process

We initialize Gaussians by randomly sampling 10,000 primitives per part within
the canonical space [�1; 1]3. For OBB parameters, we initialize the boxes using
coarse point clouds estimated for the two articulation states with VGGT [33].
We use nearest-neighbor distances between the two states to separate static and
moving regions, cluster the moving points into dynamic parts with DBSCAN [5],
and �t an OBB to each resulting part to initialize T k

0 . The articulation transforms
T k

1 are initialized as identity. The initialization provides only a coarse structural
cue and does not require accurate part segmentation. The proposed structure-
aware losses subsequently optimize both part geometry and motion, making
the method tolerant to imperfect initial bounding boxes. We provide detailed
initialization procedures and robustness analysis in the supplementary material.

Optimization proceeds for 10,000 iterations using Adam optimizer [13] with
progressive scheduling. Structure-aware losses (L�t , L contact , L ext ) are active
from the start to establish part decomposition. We introduce Limage at iteration
400 and disable Lcontact and Lext at iteration 1500, once the part structures are
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su�ciently established. During optimization, we apply standard 3DGS densi�-
cation and pruning. More details on optimization schedules, hyperparameters,
and architectural details are provided in the supplementary material.

In essence, we reparameterize each part as a canonical Gaussian set in the
unit cube centered at the origin. Before rendering, the canonical Gaussians are
�rst transformed to the initial state by the OBB transform T k

0 , and then mapped
to the articulated state by the articulation transform T k

1 . This di�erentiable pa-
rameterization allows photometric and structure-aware losses to jointly update
the Gaussians, OBB parameters, and articulation parameters, guiding the re-
construction toward coherent articulated parts.

Fig. 4 visualizes the optimization process. The left columns show part-wise
bounding boxes and their associated Gaussian primitive sets, while the right
columns show rendered Gaussians. As optimization progresses, the structure-
aware losses guide the Gaussian sets toward separated parts with cleaner bound-
aries.

5 Experiments

5.1 Setup

Benchmark datasets We evaluate our method on two primary articulated object
benchmarks. The PARIS dataset [18] comprises 10 synthetic and 2 real-world
objects, each consisting of a static base and a single movable part. The DTA-
Multi dataset [36] contains 2 synthetic multi-part objects, each consisting of a
static base and multiple movable parts. For both datasets, objects are captured
in two distinct articulation states, each with 100 multi-view RGB images at
an 800 � 800 resolution from cameras uniformly distributed over a hemisphere.
To assess robustness under limited observations, we additionally introduce a
sparse-view setting using only 10 uniformly sampled views per state from PARIS.
Additional scalability experiments on more complex articulated objects with 4�7
parts are provided in the supplementary material.

Real-world data To demonstrate practical usefulness of our method, we introduce
a custom real-world dataset of four articulated objects (kettle, stand, carrier, and
hole punch) that exhibit challenging features: textureless surfaces, non-box-like
geometries, and subtle articulations. As a practical setup, we utilize only 10 im-
ages per state captured via a consumer smartphone. Camera poses and object
masks are obtained using o�-the-shelf tools, COLMAP [28] and SAM [14], re-
spectively, so our evaluation re�ects the estimation noise encountered in practical
settings.

Baselines We compare our method against three representative baselines using
their o�cial implementations: PARIS [18], which explicitly decomposes part-
wise neural radiance �elds; ArticulatedGS [7], which discovers part structures via
deformation-aware clustering on canonical 3D Gaussians; and ScrewSplat [12],
which models continuous screw motions using soft Gaussian assignments. For a
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Fig. 5: Qualitative comparison on PARIS and DTA datasets under full- and sparse-
view settings. Reconstructed geometry, �tted OBBs with per-part 3DGS, and estimated
joint axes (red) are shown; gray denotes static parts, while blue and green indicate
movable parts. Additional results are provided in the supplementary material.

Fig. 6: Articulation animation on PARIS real data from initial to articulated states.

fair comparison, we adapt ScrewSplat to the two-state setting according to its
original protocol, evaluating multiple parsimony weights per scene to report the
best achievable result.

Evaluation metrics We comprehensively evaluate our method across three as-
pects: geometry, kinematics, and rendering. Following [7,18], geometric accuracy
is measured via the Chamfer-L1 distance (CD) using 10; 000 sampled points,
reported for the whole object (CD-w), static base (CD-s), and movable part
(CD-m), all scaled by 103. For kinematics, we evaluate joint axis accuracy using
angular error (in degrees) for all joints and position error speci�cally for rev-
olute joints. Motion magnitude is assessed via geodesic and translation errors
for revolute and prismatic motions, respectively. Finally, novel view synthesis is
evaluated using PSNR, SSIM, and LPIPS.
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Table 2: Quantitative results on the PARIS dataset under full (100 views) and sparse
(10 views) settings. Scores are averaged over 8 revolute and 2 prismatic scenes for each
joint type; per-scene results are provided in the supplementary material. Angle error
is in degrees (°); CD is scaled by Ö1000.

Group Metric Type
PARIS full views (100) PARIS sparse views (10)

PARIS ScrewSplat ArticulatedGS Ours PARIS ScrewSplat ArticulatedGS Ours

Motion

Ang Err All 5.635 7.787 0.091 0.088 32.840 11.537 8.553 0.701

Pos Err Revolute 0.385 0.139 0.018 0.001 0.162 0.181 0.126 0.007

Geo Dist
Revolute 85.52 32.20 0.761 0.066 71.84 39.96 12.89 1.305
Prismatic 1.062 0.200 0.200 0.001 0.14 0.401 0.270 0.042

Geometry
CD-s All 5.528 38.948 2.119 1.558 157.46 36.521 2.044 1.957

CD-m All 67.935 32.202 1.585 1.400 164.93 133.50 62.700 1.982

CD-w All 5.895 13.935 1.908 0.919 84.632 31.892 19.847 1.320

Photometry
PSNR " All 29.324 31.377 37.336 43.39 22.363 28.135 23.320 33.264
SSIM " All 0.948 0.965 0.985 0.995 0.878 0.952 0.910 0.969
LPIPS # All 0.097 0.046 0.039 0.014 0.160 0.064 0.095 0.052

5.2 Comparisons

Our method achieves state-of-the-art performance in both dense- and sparse-
view settings, with consistent improvements across geometry, motion, and photo-
metric metrics. Notably, baselines exhibit inconsistency in metrics: a low whole-
object Chamfer Distance often obscures severe part-level geometric errors (Ta-
ble 2) and incorrect motion estimates (Fig. 5). This suggests that photometric-
only optimization can converge to physically implausible states that satisfy vi-
sual observations but misrepresent true articulation. Moreover, this ambiguity
between geometry and motion is ampli�ed in under-constrained sparse-view set-
tings.

Consequently, during animation, baseline reconstructions su�er from ghost-
ing artifacts and blurry boundaries caused by �awed part decomposition (Fig. 6).
In contrast, our structure-aware formulation jointly regularizes part decompo-
sition and motion, ensuring physically valid articulation and robust reconstruc-
tions regardless of view density.

We further validate our method's scalability on the DTA dataset, which
features more complex, multi-part kinematic structures. As shown in Table 3
and Fig. 5, our approach maintains high-quality reconstructions and lower errors
across both scenes. While ScrewSplat achieves a marginally lower error for one
joint in the Storage scene, it su�ers from signi�cant geometric and kinematic
inaccuracies elsewhere. Speci�cally, it fails to decouple the two movable parts,
merging them into a single component and propagating errors that degrade the
overall reconstruction. Further comparisons with ScrewSplat on ArtGS-Multi
dataset in the supplementary material show consistent gains on more complex
4�7 part articulated objects.

Finally, in the full-view setting, our method converges in approximately 13
minutes per scene, achieving comparable e�ciency to ArticulatedGS (13 min)
and ScrewSplat (15 min), while being substantially faster than PARIS (40 min).
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Table 3: Quantitative results on the DTA dataset, reported per part. Superscripts
y and z denote part 0 and part 1, respectively. F denotes failure; `-' indicates not
applicable due to prismatic geometry.

Object Method Ang Err y Ang Err z Pos Erry Pos Errz Geo Disty Geo Distz CD-s CD-m y CD-m z CD-w

Fridge
ScrewSplat 15.12 0.347 0.024 0.007 9.640 15.12 25.43 321.01 34.93 8.369
Ours 0.445 0.119 0.003 0.002 1.301 0.217 5.888 0.736 1.078 4.699

Storage
ScrewSplat 0.052 89.86 0.003 - 60.30 - 136.1 180.9 299.5 38.15
Ours 2.165 0.542 0.017 - 0.292 - 3.336 0.553 4.184 3.238

Fig. 7: Reconstruction of real-world articulated objects using 10 views. Blue/green
Gaussian splats denote static/dynamic parts, respectively. Joint axes and estimated
OBBs of our method are shown as red arrows and black wireframes, respectively.

5.3 Real-world evaluation

We further evaluate our method's generalization under sparse and noisy real-
world conditions using only 10 views per state. As shown in Fig. 7, photometric-
only baselines struggle to recover geometry and articulation, producing scattered
Gaussians and inaccurate joint estimates. In contrast, our method reconstructs
coherent part-level 3DGS and accurate kinematics by leveraging tightly �tted
OBBs that properly bound each semantic part. These results demonstrate that
our explicit structural guidance e�ectively generalizes to diverse real-world ar-
ticulated objects. Additional animations are available in the supplementary ma-
terial.

5.4 Discussion

Loss function ablation To validate our structural losses, we conduct an ablation
study on the PARIS dataset (Fig. 8). Optimizing solely with the photomet-
ric loss (Limage ) yields severe geometry and kinematic errors due to unresolved
shape-motion ambiguity. Introducing the �tting and contact losses (L �t , L contact )
reduces both geometric distortion and joint inaccuracies, enabling coherent part
decomposition and stable kinematics. Finally, adding the extent regularization
(L ext ) recti�es under-estimated bounding volumes, stabilizing part extents and
further decreasing geometric error. Notably, the large CD-m reduction after
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