
GaussianArt: Unified Modeling of Geometry and Motion for Articulated Objects

Licheng Shen1,2*, Saining Zhang1,2,3*†, Honghan Li1,2,3*, Peilin Yang1,4,
Zihao Huang1,5, Zongzheng Zhang1,2, Hao Zhao2,1‡

1BAAI 2AIR, THU 3NTU 4BIT 5HUST

High Quality

Pipeline Comparison
ArtGS  (Separate)

Training Views

CD = 0.94 CD = 0.16

GaussianArt  (Unified)

Part Labels

Canonical 

Gaussians

𝑹1 𝑻1

State0

Gaussians

+
𝑹2 𝑻2

Geometry

Clusters init
State1

Gaussians

Motion

ArtGS 

GaussianArt 

4 Parts 5 Parts 7 parts

4 Parts 5 Parts 7 parts

Multi-part Support
State 0

State 1

ArtGS GaussianArt

Dynamic MeshStatic MeshCorrect Segmentation

CD = 1.98 CD = 120.15

Dynamic MeshStatic MeshWrong Segmentation

Figure 1. ArtGS adopts a separate pipeline, while GaussianArt introduces a unified representation that jointly models geometry and motion. Compared
to ArtGS, which struggles with wrong part assignments and axis errors beyond 2–3 parts, our method robustly handles complex objects with many parts.
In terms of quality, ArtGS produces wrong segmentation and high errors (CD = 1.98 / 120.15 for static/dynamic), while GaussianArt achieves correct
segmentation and much lower errors (CD = 0.94 / 0.16). These results highlight the scalability and accuracy benefits of our unified design.

Abstract

Reconstructing articulated objects is essential for build-
ing digital twins of interactive environments. However,
prior methods typically decouple geometry and motion
by first reconstructing object shape in distinct states and
then estimating articulation through post-hoc alignment.
This separation complicates the reconstruction pipeline and
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restricts scalability, especially for objects with complex,
multi-part articulation. We introduce a unified representa-
tion that jointly models geometry and motion using articu-
lated 3D Gaussians. This formulation improves robustness
in motion decomposition and supports articulated objects
with up to 20 parts, significantly outperforming prior ap-
proaches that often struggle beyond 2–3 parts due to brit-
tle initialization. To systematically assess scalability and
generalization, we propose MPArt-90, a new benchmark
consisting of 90 articulated objects across 20 categories,
each with diverse part counts and motion configurations.



Extensive experiments show that our method consistently
achieves superior accuracy in part-level geometry recon-
struction and motion estimation across a broad range of
object types. We further demonstrate applicability to down-
stream tasks such as robotic simulation and human-scene
interaction modeling, highlighting the potential of unified
articulated representations in scalable physical modeling.
Project Page.

1. Introduction
Reconstructing articulated objects plays a central role in
creating digital twins for robotic simulation and generic
interaction modeling [13, 36, 48]. While recent progress
[12, 17, 30, 33, 38, 54, 65, 79] has been made, most exist-
ing pipelines [30, 38, 65, 79] adopt a decoupled design as
shown in Fig. 1: they first reconstruct geometry from two
static observations and subsequently infer motion through
part-wise alignment. This separation not only introduces
redundant modeling and brittle optimization, but more
critically, breaks the physical consistency across object
states—the same region of geometry is reconstructed inde-
pendently per state without a coherent articulation structure.

As shown in Fig. 1 (top-left and top-middle), ArtGS [38]
exemplifies this limitation: it separately models geometry
and motion using per-state 3D Gaussians, then relies on
clustering to estimate part motion. Such pipelines often suf-
fer from incorrect part grouping and axis misalignment, es-
pecially when handling more than 2–3 moving parts.

Several recent systems, including DigitalTwinArt [65]
and ArtGS [38], attempt to address multi-part articula-
tion by leveraging learned part-field or clustering heuris-
tics. However, they are constrained by: (1) separate opti-
mization of geometry and motion; (2) brittle initialization,
often failing to produce reliable part decomposition under
complex configurations; and (3) limited scalability, rarely
tested beyond a dozen objects, and often constrained to two-
part motion. Moreover, current benchmarks are narrow in
scope—most evaluate on fewer than 20 objects with con-
strained topology and articulation patterns.

We introduce GaussianArt, a physically consistent and
scalable framework for articulated object reconstruction.
Unlike prior methods, GaussianArt adopts a unified rep-
resentation based on articulated 3D Gaussian primitives,
where each Gaussian simultaneously encodes its part affili-
ation (via learned soft assignments) and its rigid motion (as
a mixture of motion bases). This formulation enables ge-
ometry and motion to be co-optimized within a single dif-
ferentiable structure, ensuring cross-state consistency and
interpretability, as visualized in Fig. 1 (middle row).

To evaluate scalability, we construct MPArt-90, a
benchmark of 90 articulated objects across 20 categories,
each with observations in two states and full articulation

ground truth. As shown in Fig. 1 (top-right), GaussianArt
correctly recovers fine-grained part structure and motion pa-
rameters, even with 7 components. In contrast, ArtGS suf-
fers from cluster collapse, resulting in incorrect part group-
ing and misaligned joints. In terms of quality, Fig. 1 (bottom
row) highlights the significant gains in both segmentation
accuracy and reconstruction fidelity. GaussianArt reduces
the dynamic part Chamfer Distance (CD) from 120.15 to
0.16, demonstrating an order-of-magnitude improvement.

In summary, our contributions are:
• We propose GaussianArt, a reconstruction method that

jointly models geometry and motion using articulated 3D
Gaussians, enabling consistent reasoning across states.

• We design a soft-to-hard training paradigm that progres-
sively refines part segmentation and rigid motion parame-
ters, improving robustness on complex multi-part objects.

• We evaluate on MPArt-90, the largest benchmark to date
for articulated object reconstruction, featuring 90 objects
across 20 categories, with up to 20 parts (19 movable
parts) and ground-truth motion annotations.

• Our method significantly outperforms ArtGS in both ge-
ometry and motion accuracy, and supports deployment
in downstream tasks such as robotic manipulation and
human-scene interaction (HSI) modeling.

2. Related Work
2.1. 3DGS and Dynamic Variants

3D Gaussian Splatting (3DGS) [21, 51, 73] represents 3D
scenes using ellipsoids with Gaussian distributions as geo-
metric primitives. This representation enables novel view
rendering through differentiable rasterization, making it
highly efficient for both training and rendering. The su-
perior performance of 3DGS has inspired a series of stud-
ies that apply it to more complex dynamic scenes, explor-
ing various motion modeling approaches [15, 32, 59, 71,
74, 75]. Several studies, such as GART [25], utilize ar-
ticulated motion primitives for modeling rigid human body
movement via linear blend skinning (LBS), while Shape-
of-Motion [62] applies a similar model for reconstructing
dynamic scenes from monocular videos. Other approaches,
like SC-GS [15], use sparsely distributed control points
with SE(3) motion priors, allowing user editing of motion,
and Gaussian-Flow [32] employs a dual-domain deforma-
tion model considering frequency-domain transformations.
However, most of these methods lack motion constraints
and struggle to accurately estimate part-level articulated
motion parameters.

2.2. 3D Articulated Object Modeling

With the advancements of shape and dynamic modeling
[14, 18, 29, 40, 56, 57, 85], many works begin leveraging
3D point clouds [10, 11, 24, 28, 63, 64, 72, 77, 83, 84], or

https://sainingzhang.github.io/project/gaussianart/
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Figure 2. The overview of GaussianArt. We first design a pipeline to generate multi-view-consistent part segmentation masks, which are used to initialize
Gaussians in the canonical state. During training, we introduce a unified framework that jointly learns part segmentation and motion using Gaussians. This
process employs a soft-to-hard motion optimization strategy, supervised by RGB-D data and part segmentation masks, along with additional refinement
techniques (see Sec. 3.3). Finally, the mesh and motion parameters produced by GaussianArt can be effectively applied to robotic simulation.

images and videos (sometimes with depth) [1, 4, 9, 10, 16,
19, 27, 35, 41, 42, 46, 49, 53, 67–69, 82] to model articu-
lated objects. However, the most effective way is to recon-
struct high-fidelity digital twins through multi-state obser-
vation [6, 12, 17, 22, 30, 33, 38, 47, 54, 55, 60, 65, 66, 79].

Former works [17, 47] use different scene representa-
tions to reconstruct articulated objects. The emergence of
neural radiance fields [34, 37, 44, 61, 81] and their high
rendering fidelity have led to a series of works adopting
neural implicit scene representations for articulated object
reconstruction. [33, 55] are among the first efforts in recon-
structing articulated objects based on neural rendering. Al-
though promising results have been achieved for two-part
objects, extending these approaches to multi-part scenar-
ios remains challenging and lacks generalizability. Recent
studies [6, 54, 65] have improved the accuracy of motion
parameter prediction and demonstrated some capability in
multi-part object reconstruction, but they struggle to gen-
eralize to objects with more parts and more complex mo-
tion combinations. ArtGS [38], built upon 3DGS, achieves
certain improvements on multi-part objects, but its results
are highly unstable and show poor generalization in large-
scale evaluations. In this work, we propose a well-designed
unified scalable reconstruction pipeline based on articulated
Gaussians.

3. GaussianArt
In this section, we present GaussianArt, a unified pipeline
for modeling articulated objects using 3DGS. Sec. 3.2 pro-
vides the design and analysis of the articulated Gaussians.

We employ a soft-to-hard training paradigm to optimize the
Gaussians as rigid parts (Sec. 3.3) and build robust initial-
ization (Sec. 3.5). An overview of GaussianArt is shown in
Fig. 2, with key factors discussed in the following sections.

3.1. Preliminaries

3DGS [21] represents a 3D scene by a set of Gaussian Prim-
itives, each defined as:

G(x) = exp

(
−1

2
(x− µ)TΣ−1(x− µ)

)
, (1)

where x ∈ R3×1 is Gaussian’s 3D position in the scene,
µ ∈ R3×1 is the mean vector, and Σ ∈ R3×3 is the co-
variance matrix. To ensure positive semi-definiteness, Σ is
parameterized as Σ = RSSTRT , where R ∈ R3×3 is a
rotation matrix and S ∈ R3×3 is a scaling matrix.

For rendering, 3D Gaussians are depth-sorted, projected,
and alpha-blended on the 2D plane to form pixel colors:

C =

n∑
i=1

Tiαici, Ti =

i−1∏
j=1

(1− αj) , (2)

where n is the number of contributing 2D Gaussians, Ti is
the transmission factor, αj is the opacity and ci represents
the spherical harmonics-based color of the i-th Gaussian.
Other attributes, such as depth, normals, and even seman-
tics, can also be rendered in this way.

To reconstruct articulated objects with multiple 1-DoF
motion parts, we follow the two-state observation setting in
DigitalTwinArt [65], requiring posed RGB-D sequences of

the same scene in two states as input:
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t ∈ {0, 1}, where Ns denotes the number of images, I
t

i the
RGB image, D

t

i the depth map, E
t

i the camera extrinsics,
and K

t

i the camera intrinsics..

3.2. Articulated Object Representation

While effective for static geometry, vanilla 3DGS cannot
represent part-wise rigid motion or ensure cross-state con-
sistency—each state must be modeled independently, which
breaks physical plausibility in articulated systems. To ad-
dress this, we extend 3DGS with an articulated formulation.

Since 3DGS is an explicit scene representation, rigid mo-
tions can be modeled by directly transforming Gaussian
primitives. Thus, we reconstruct articulated objects as a
motion field over canonical Gaussians. For each primitive,
rigid motion applies to its mean and covariance:

µ̃(i) = R(i)µ(i) +T(i), Σ̃(i) = R(i)Σ(i)R(i)T , (3)
where µ̃(i) ∈ R3, Σ̃(i) ∈ R3×3 denotes the means and
covariance after transformation, and R(i),T(i) denotes the
rigid motion parameters of each Gaussian primitive. In ar-
ticulated scenes, the number of movable parts is far fewer
than primitives. We therefore define global motion bases
{Ri,Ti}Ni=1 (N stands for the number of parts), and ex-
press per-Gaussian motion as a weighted combination:

R(i) =

N∑
j=1

w
(i)
j Rj ,T

(i) =

N∑
j=1

w
(i)
j Tj , (4)

where blending weights w(i) = w
(i)
1 , w

(i)
2 , . . . , w

(i)
N ∈ RN

denote the probability of each primitive belonging to a mo-
tion base.

This modeling alone is insufficient for accurately captur-
ing the characteristics of articulated objects due to the lack
of constraints. To precisely model articulated objects, the
following properties should be satisfied during training:
• One-hot weights: each Gaussian strongly belongs to one

motion base.
• Spatial sparsity: motion weights vary only near part

boundaries.
• Rigid estimation: primitives within a part are treated as a

rigid body for efficient joint optimization.

3.3. Soft-to-hard Training Paradigm

This formulation encodes both geometry and motion in
a differentiable manner and ensures physical consistency
across object states. However, optimizing such a soft, over-
parameterized motion field is challenging, especially when
parts are ambiguous or occluded. To address this, Gaus-
sianArt adopts a soft-to-hard training paradigm that learns
motion as rigid parts.

During the initial 6,000 iterations, we warm up the Gaus-
sians at the canonical state. After the warm-up, since part
geometry, assignments, and motion parameters are initially
suboptimal, we employ a soft learning strategy to refine
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Figure 3. Regularization during training. (a) L0 regularization: By using
L0 regularization, erroneously assigned Gaussians can be progressively
corrected. (b) Trajectory regularization: The point transformed by p using
the estimated flow is constrained to approximate the matched point, facili-
tating the efficient optimization of motion parameters.

Gaussian weights w(i) and refine part geometries, which
ensures rigid part segmentation while laying the foundation
for hard training. Specifically, we estimate Gaussian motion
as a soft mode Eq. (4) for smooth learning and use two-state
part segmentation masks (Sec. 3.5) to guide w(i) via raster-
ization, enforcing robust boundary constraints.

However, segmentation masks alone are insufficient for
regularizing the weights of all Gaussians. To enhance regu-
larization, we incorporate L0 gradient sparsity during opti-
mization:

Lsparsity =

N∑
i=1

∑
j∈KNN(i)

∥∥∥w(i) −w(j)
∥∥∥ . (5)

As depicted in Fig. 3a, L0 regularization corrects misallo-
cated Gaussians, preventing mix-up. It enforces spatial con-
sistency, ensuring nearby Gaussians produce similar predic-
tions and approximate rigid parts, facilitating subsequent
hard training.

In other training settings, the Gaussian position learning
rate decays exponentially to zero before hard training, en-
suring geometric stability and focusing on motion learning.
To prevent interference in prismatic parts, we classify a part
as prismatic if its rotation remains below a threshold ϵ after
1,000 soft training steps. We then fix its rotation quaternion
to the identity quaternion and detach it from further updates.

During hard training, we disable L0 regularization and
assign each Gaussian’s motion parameters to those of the
part with the highest weight:
R(i) = Rj∗,T

(i) = Tj∗,where j∗ = argmax
j

w
(i)
j . (6)

This enables simple and direct motion optimization.
Sometimes, part segmentation alone cannot fully con-

strain motion parameter learning, making extreme move-
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Figure 4. MPArt-90 benchmark. Unlike prior datasets that contain fewer than 20 objects and quickly saturate, MPArt-90 scales articulated object reconstruc-
tion to 90 objects across 20 diverse categories. Each object provides multi-view RGBD observations together with ground-truth motion parameters, covering
configurations with up to 20 parts. This scale reveals failure cases of prior methods, which often collapse beyond 2–3 parts due to brittle initialization. By
offering a large and physically grounded benchmark, MPArt-90 enables systematic evaluation of scalability and generalization in articulated modeling.

ments and occlusions difficult to model. To refine motion
learning, we apply a feature-matching-based trajectory reg-
ularization term during hard training. For image I0v from
view v at state 0, we select the top k closest view from state
1 and apply an image feature matching model [52] to es-
tablish 2D pixel correspondences {(pi,qi)}Nm

i=1, where Nm

denotes the number of matches and pi,qi are pixel coordi-
nates. We lift them to 3D space as M = {(p̃i, q̃i)}Nm

i=1 us-
ing depth and camera parameters. Then, we apply a 3D lo-
cality filter on 3D maches to mitigate false correspondences,
yielding a refined set of matching pairs F (M). The trans-
formation (Rj ,Tj) at the matching positions can be de-
rived from Eq. (6). The trajectory regularization term is the
average difference between the position obtained through
transformation and that derived from the filtered correspon-
dences (Fig. 3b):

Ltraj =
∑

j∈F (M)

∥(Rjpj +Tj)− qj∥ . (7)

3.4. Optimization

We supervise training via a multi-term loss that balances ap-
pearance fidelity, part consistency, and physically plausible
motion. LRGB-D is the rendering loss like:

LRGB-D = (1− λSSIM)L1 + λSSIMLD-SSIM + λDLD (8)
where L1 =

∥∥I − I
∥∥
1
, LD-SSIM is the D-SSIM loss [21],

and LD =
∥∥D −D

∥∥
1
. We also use the segmentation loss:
LSEM = H(P, P ) (9)

where P is the rendering of weights w, P is the segmenta-
tion mask of parts, and H is the cross-entropy loss. All in

all, our supervision could be summarized as:
LSoft = LRGB-D + λSEMLSEM + λsparsityLsparsity, (10)

LHard = LRGB-D + λSEMLSEM + λtrajLtraj, (11)
where Eq. (10) is for soft training, and Eq. (11) is for the
hard. See Supplementary Material Sec. 11 for details.

3.5. Initialization

Part segmentation. To initialize and regularize Gaussian
part weights w(i), we leverage SAM2 [50], a foundation
segmentation model pretrained on large-scale data. Since its
zero-shot results often show inconsistent granularity on ar-
ticulated objects, we fine-tune it on multi-view images and
masks rendered from Partnet-Mobility (PM) [70], yielding
a specialized model, Art-SAM. We then apply cross-view
propagation to ensure multi-view consistency (see Supple-
mentary Material Secs. 9 and 10). This method is robust and
generalizable, as Art-SAM requires only light post-training
to adapt to novel object categories or configurations.

Canonical Gaussians Initialization. First, we select the
joint state with higher visibility as the canonical state.
After obtaining view-consistent segmentation masks, we
randomly sample points from RGB-D images and repro-
ject both the color and the part label into 3D space us-
ing the depth map. This process yields point clouds
for initializing the canonical Gaussians. The part la-
bel S(i) is then employed as an affinity feature w

′(i) =

(w
′(i)
1 , w

′(i)
2 , . . . , w

′(i)
N ) ∈ RN attached to the Gaussian and

serves as the initialization of the weights term w(i) in mo-



tion estimation as follows:

w
′(i)
j =

{
1 if j = S(i),

0 if j ̸= S(i),
(12)

w(i) = Softmax(w
′(i)). (13)

This method for part initialization is highly robust while
also providing ample room for modification.

4. MPArt-90 Benchmark
4.1. Benchmark Data Generation

We have constructed a novel benchmark, MPArt-90, con-
taining 90 objects from 20 categories, extending the existing
dataset for articulated object reconstruction to a larger scale,
covering more object types and motion patterns, as shown
in Fig. 4. Compared to earlier benchmarks limited to fewer
than 20 objects and only 2–3 part articulations, MPArt-90
emphasizes diversity and realism, exposing failure modes in
brittle pipelines and enabling systematic evaluation of gen-
eralization and robustness.

Articulated objects are mainly constructed from the PM
dataset [70], from which we select 87 objects based on the
diversity of categories, part number, and appearances. We
use Blender with a procedural rendering pipeline [5, 7] to
render multi-view images of the 3D models in the base as-
sets. To increase the diversity of object states while provid-
ing adequate observation of the interior parts of the objects,
we set the 1-DoF part-level motion parameter to two ran-
dom states: the starting state lies between [0.65, 0.75] and
the ending state is within [0.35, 0.45] (here 0 denotes the
”fully-closed” state and 1 denotes the ”fully-open” state).
For the object at each motion state, we place the camera
in a spherical region around the object and randomly sam-
ple 100 views for training and 20 views for testing, all at a
resolution of 800× 800.

Due to the limited availability of high-quality real-world
articulated object data and the significant ground-truth er-
rors caused by the inability to annotate the internal struc-
tures of real objects, we selected only three well-annotated
real objects from the Multiscan [43] dataset. See Supple-
mentary Material Sec. 18 for more results.

5. Experimental Results
5.1. Implementations

We first evaluate several methods on several traditional
datasets, and finally select our method and ArtGS [38] for
scale-up evaluation on our MPArt-90 benchmark.

For metrics, we calculate Axis Pos Error, Axis Angle
Error, and Part Motion Error for motion parameters estima-
tion, and CD for static and dynamic part separately for ge-
ometric reconstruction. We report the mean for each metric
over the 3 trials at the high-visibility state. See Supplemen-
tary Material Secs. 15 and 16 for more details.

5.2. Experiments on MPArt-90

As depicted in Tab. 1, when the object contains fewer parts,
ArtGS performs comparably to, or even slightly better than,
GaussianArt. However, as the number of parts increases,
the stability of ArtGS degrades and the performance gap be-
tween the two methods widens. This is particularly evident
in the geometry of dynamic parts, where ArtGS’s cluster-
based initialization lacks strong generalizability. In many
cases, it fails to achieve effective part segmentation, result-
ing in significant errors in motion parameter estimation. In
contrast, GaussianArt uses a fine-tuned vision foundation
model and a multi-view consistency pipeline to produce
high-quality part segmentation, providing stable initializa-
tion for motion parameter learning and improving general-
ization to diverse objects.

Moreover, as illustrated by the qualitative results in
Fig. 5, when handling objects with multiple parts exhibit-
ing similar motion patterns, ArtGS often produces ambigu-
ous segmentation results, which in turn lead to inaccurate
motion parameter estimation. Such errors frequently cause
parts to split during motion, adversely affecting the overall
reconstructed geometry. In more complex scenarios, such
as objects comprising more than 20 parts, ArtGS may even
fail to converge during training. In contrast, GaussianArt
exhibits strong generalization capabilities: even when con-
fronted with highly articulated objects, it consistently deliv-
ers accurate part segmentation and reliable motion param-
eter predictions. These strengths enable the reconstruction
of high-fidelity digital twins, laying a solid foundation for
wider deployment in downstream applications. See Supple-
mentary Material Sec. 17 for more results.

5.3. Ablation Studies

Implementation Details. To evaluate the effectiveness of
different components, we design several ablation studies on
5 multi-part objects. All metrics are averaged across 5 trials.
Results. The results are as follows:
• Part assignment. We evaluate our model under 3 differ-

ent scenarios: (1) without part segmentation masks, (2)
without part initialization, and (3) replacing the part as-
signment module with an MLP, as used in GART [25]. As
shown in Table 2, without segmentation masks, Gaussians
struggle to capture the complex motion of multiple parts.
Additionally, relying solely on part segmentation supervi-
sion—without explicit part initialization—can negatively
impact the geometric reconstruction of movable parts.
When using MLPs for part assignment, the model fails
entirely to learn part segmentation and motion for multi-
part objects.

• Trajectory regularization. As demonstrated in Table 2,
trajectory regularization enhances part motion learning,
improving articulated reconstruction.



2 Parts (34) 3 Parts (21) 4-5 Parts (24) 6-20 Parts (11) All (90)

Axis Ang
ArtGS [38] 3.53 11.61 15.49 35.66 24.34
Ours 4.90 6.33 12.43 12.05 12.17

Axis Pos
ArtGS [38] 1.08 1.62 1.09 4.62 1.45
Ours 0.27 0.38 1.30 3.06 1.06

Part Motion
ArtGS [38] 7.98 6.08 4.45 13.74 10.16
Ours 7.57 11.82 9.03 7.14 9.07

CD-s
ArtGS [38] 5.39 13.37 18.02 13.14 11.57
Ours 2.75 2.47 2.31 3.70 2.68

CD-m
ArtGS [38] 47.80 194.15 340.53 459.81 380.29
Ours 4.61 6.17 5.42 5.43 5.46

Table 1. Quantitative results on MPArt-90 benchmark. Metrics are shown as the mean ± std over 3 trials with different random seeds following [65].

GT Ours ArtGS GT Ours ArtGS

FAILED FAILED

State 0 State 1

State 0 State 1

Figure 5. Qualitative results on multi-part objects of MPArt-90.

• L0 regularization. As observed in Table 2, L0 regulariza-
tion refines part assignment, leading to more accurate part
articulation modeling.

6. Application

6.1. Robotic Manipulation

Fig. 6 presents GaussianArt’s reconstruction of multi-part
articulated objects in NVIDIA Omniverse IssacSim. Lever-
aging learned motion parameters and precise part-level ge-
ometry, we effectively decomposed the hybrid motion in vi-
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Figure 6. Digital twins reconstructed by GaussianArt in NVIDIA Omniverse IssacSim.

Axis Ang Axis Pos Part Motion CD-s CD-m

Proposed 0.03 0.01 0.04 0.67 0.14
w/o Part-seg 28.60 4.67 18.50 0.88 186.67
w/o L0 0.10 0.01 0.08 0.70 0.17
w/o Traj 0.31 0.03 0.35 0.85 0.25
w/o Part-init 0.25 0.02 0.15 0.71 1.34
w MLP Seg 41.57 3.78 31.43 2.68 478.20

Table 2. Results of ablation studies.
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Figure 7. HSI pipeline with the digital twin generated by GaussianArt.

sual observations, enabling a robot arm to interact with any
moving part at unseen states in input images. These realis-
tic digital twins facilitate robotic manipulation of articulated
objects.

6.2. HSI

Furthermore, our Articulated Gaussians can be leveraged
to generate 4D assets, enabling the modeling of HSI in dy-
namic environments. As depicted in Fig. 7, given Gaussian-
based representations of humans, objects, and scenes as
input, inspired by ZeroHSI [26], we could generate high-
fidelity 4D scenes. We first render a static frame, which is
then used as input to a text-guided video diffusion model
to synthesize a corresponding video. This generated video
serves as a supervisory signal to optimize the kinematic pa-
rameters of humans and objects, effectively lifting the orig-
inal 3D assets into a coherent 4D representation.

Specifically, we employ SMPL [39] for human kine-
matic modeling and use our reconstructed digital twins,

with articulation parameters, to represent objects with kine-
matics. Through a distillation process, the motion dynamics
captured in the video are transferred to the 4D scene.

We believe this approach holds strong potential for a
wide range of applications and will offer significant value
across multiple domains in the future.

7. Limitations

Despite its strengths, GaussianArt has several limitations.
First, the lack of direct constraints on intermediate motion
states can lead to incorrect motion parameter learning, par-
ticularly in extreme transitions (e.g., from a fully open to
a fully closed door). Future work will explore constraint-
based strategies within the unified GS framework to im-
prove motion learning. Second, the initialization of canoni-
cal Gaussians may be suboptimal due to out-of-distribution
issues in part segmentation or misalignments in multi-view
reconstruction. These imperfections can negatively impact
the learning of motion parameters. Addressing this chal-
lenge will require developing more robust multi-view seg-
mentation methods. See Supplementary Material Sec. 14
for more details.

8. Conclusion

In this work, we introduce GaussianArt, a unified modeling
pipeline for articulated objects. Our approach begins with
a robust part segmentation model to initialize canonical
Gaussians, followed by a soft-to-hard training paradigm
for improved motion optimization. Extensive experi-
ments show that GaussianArt achieves state-of-the-art
(SoTA) performance in geometric reconstruction and
part motion estimation on our curated largest benchmark
for articulated objects reconstruction, MPArt-90. The
digital twins created by GaussianArt can be seamlessly
integrated into simulators for tasks like articulated object
manipulation, and can also be used for modeling hu-
man–scene interactions, where we hope to enable more
natural and adaptive simulation of real-world environments.
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