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Abstract. Building high-fidelity digital twins of articulated objects from
visual data remains a central challenge. Existing approaches depend on
multi-view captures of the object in discrete, static states, which severely
constrains their real-world scalability. In this paper, we introduce Articu-
lat3D, a novel framework that constructs such digital twins from casually
captured monocular videos by jointly enforcing explicit 3D geometric and
motion constraints. We first propose Motion Prior—Driven Initialization,
which leverages 3D point tracks to exploit the low-dimensional structure
of articulated motion. By modeling scene dynamics with a compact set of
motion bases, we facilitate soft decomposition of the scene into multiple
rigidly-moving groups. Building on this initialization, we introduce Ge-
ometric and Motion Constraints Refinement, which enforces physically
plausible articulation through learnable kinematic primitives parameter-
ized by a joint axis, a pivot point, and per-frame motion scalars, yielding
reconstructions that are both geometrically accurate and temporally co-
herent. Extensive experiments demonstrate that Articulat3D achieves
state-of-the-art performance on synthetic benchmarks and real-world
casually captured monocular videos, significantly advancing the feasibility
of digital twin creation under uncontrolled real-world conditions. Here is
our project page.

1 Introduction

Articulated objects, prevalent in our daily life, are a major focus in computer
vision and robotics [12, 16, 26, 33, 43]. Reconstructing an interactable digital
twin of an articulated object—capturing its part geometry, visual appearance,
and articulation parameters—enables a wide range of downstream applications,
including augmented reality [39], robotics simulation [41], and interactive scene
understanding [13]. Among possible sensing modalities, monocular videos are
particularly attractive because they are cheap to acquire at scale and readily
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Table 1: Comparison to Concurrent Fig.1: From casual monocular video
Works. Articulat3D uniquely enables the to interactive digital twin. Given a
reconstruction of explicit articulation mod- video of an object’s articulation, Articu-
els from casual monocular videos by enforc- 1at3D produces physically-consistent mod-
ing explicit physical motion and rigorous els that are ready for interaction and ma-
geometric joint parameter constraints. nipulation in simulation environments.

available from casual capture and internet content, making it feasible for robotic
agents to model objects directly from onboard observations. Achieving accurate
articulated digital twins from such monocular inputs is therefore a key step
toward scalable scene and object modeling and toward reducing the sim-to-real
gap in robotic manipulation and interaction [8, 21].

Recent approaches to reconstructing articulated objects can be broadly cate-
gorized into three families based on the way to estimate articulation parameters.
One line of work uses feed-forward predictors to infer articulation directly from
images or videos [7, 9, 17]. While efficient at test time, these methods often
depend on an external library for object retrieval or require data for fine-tuning,
which limits scalability and robustness in real-world deployment. A second, more
common family reconstructs objects by explicitly estimating joint parameters
from multi-view images of the object in two or more discrete states [11, 14, 26].
While benefiting from geometric constraints, they necessitate controlled data
capture setups and, crucially, require precise camera intrinsics and extrinsics for
reconstruction, which is impractical for spontaneous, in-the-wild scenarios. A
far more practical and scalable paradigm is reconstructing articulated objects
from casually captured monocular videos which enables the ability to learn from
internet videos and allows robotic agents to model objects directly from their
visual observations [8, 13, 18]. While seemingly more scalable, these methods
still implicitly rely on an initial static scan of the object, typically requiring the
video to start with a segment where the camera moves around the object.
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More fundamentally, a pervasive but overlooked limitation shared by these
paradigms is their reliance on optimizing motion parameters (e.g., dual quater-
nions) for discrete states or individual frames independently. This frame-wise
optimization is inherently disjointed; the model focuses on fitting the visual
appearance at specific timestamps rather than learning the actual evolutionary
process of the motion. In reality, articulated motion, such as a door transitioning
from closed to open, follows a continuous physical trajectory. By treating each
frame as an isolated optimization target, existing methods fail to capture this
temporal coherence, leading to reconstructions that lack physical plausibility
during the transition phases, which limits their use on in-the-wild videos that
start with immediate motion. As summarized in Tab. 1, existing methods often
lack the ability to jointly optimize all frames under explicit articulation con-
straints without a separate static scan. We therefore ask this question: how can
we reconstruct articulated digital twins from just casually captured monocular
videos by imbuing the model with an understanding of the fundamental geometric
constraints that govern articulated motion?

To this end, we present Articulat3D, a novel framework for reconstructing
high-fidelity, interactable articulated digital twins from a single monocular video
by modeling motion as a continuous, constrained trajectory rather than a col-
lection of independent per-frame states, as shown in Fig. 1. Articulat3D follows
a two-stage optimization strategy. First, in Motion Prior-Driven Initialization,
instead of optimizing per-frame displacements, we exploit the low-dimensional
structure of articulated movement by modeling the scene’s dynamics through a
compact set of motion bases. By representing each trajectory as a linear com-
bination of these bases, we effectively regularize the motion space, ensuring
global temporal consistency from the outset. Second, in Geometric and Motion
Constraints Refinement, we explicitly parameterize articulation with learnable
kinematic primitives—joint axes, pivot points, and per-frame motion scalars—and
enforce these constraints in a differentiable optimization loop, encouraging physi-
cally plausible motion throughout the entire sequence, including transition phases.
Extensive experiments on both synthetic benchmarks and real-world casual cap-
tures demonstrate that our method significantly outperforms existing approaches,
achieving state-of-the-art accuracy in both geometry reconstruction and motion
estimation. In summary, our work makes the following contributions:

— We present Articulat3D, a novel framework for high-fidelity, interactable
digital twin reconstruction from monocular videos.

— We introduce a two-stage optimization strategy: Motion Prior-Driven Initial-
ization exploits the low-dimensional structure of 3D point tracks via motion
bases, and Geometric and Motion Constraints Refinement enforces strict
physical plausibility through learnable kinematic primitives.

— We introduce two challenging benchmarks featuring multi-part kinematics and
uncontrolled captures. Experiments demonstrate that our method achieves
state-of-the-art performance in all metrics.
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2 Related Work

2.1 Dynamic Scene Reconstruction

Dynamic scene reconstruction is a long-standing challenge. One significant line
of research focuses on jointly estimating camera poses and scene geometry.
Pioneering optimization-based methods [36] like DROID-SLAM [20], and Mega-
SaM [10] established robust frameworks for this task. More recently, foundation
models have provided a powerful basis for 3D reconstruction, with DUSt3R [24]
being a prominent example. Subsequent works extend these models to better
handle dynamic content, such as MonST3R [37], which fine-tunes DUSt3R on
dynamic datasets, and CUT3R. 23], which proposes a continuous model for online
reconstruction. While these methods effectively recover camera parameters and
static geometry, modeling scene dynamics remains a formidable challenge.

A parallel and highly successful approach represents dynamic scenes with
a deformation field, evolving from signed distance functions (SDFs) to mod-
ern neural representations. In particular, 4D extensions of 3D Gaussian Splat-
ting [2, 15, 22, 30, 34, 38—40, 42] achieve state-of-the-art results in shape recon-
struction and novel-view rendering. However, a critical limitation is that implicit
deformation field is difficult to convert into an explicit motion representation, such
as a rigid transformation matrix or an articulated structure. While concurrent
works like Shape of Motion [22] attempt to extract motion from gaussians, they
still treat motion as generic displacements rather than constrained articulated tra-
jectories, a gap our work specifically addresses. Articulat3D integrates an explicit,
constraint-driven articulation model into the Gaussian framework. By regulariz-
ing motion with kinematic primitives, our method produces a digital twin that
is both visually accurate and physically controllable for downstream simulation
across diverse articulated-object configurations and interaction scenarios.

2.2 Articulated Object Reconstruction

Reconstruction of articulated objects is a long-standing task in computer vision
and robotics, which presents a dual challenge: one must solve for both the
part-level geometry and the underlying articulation parameters. One family
of methods employs large language and multi-modal models to predict both
part segmentation and joint parameters [3, 5, 17, 25, 31|, while some similar
methods only predict articulation parameters [6, 35]. Leveraging vision-language
models, Articulate Anything [9] take image or video as input to generate a code
representation for articulated objects. Their fundamental limitation, however, is a
reliance on large, existing mesh libraries, which prevents them from generalizing
to unseen object categories in real-world setting.

Another line of work attempts to infer joint parameters and build part-level
geometry of articulated objects simultaneously [4, 7, 11, 14, 26, 28, 29]. They rely
on multi-view observations at discrete multi-state. These methods leverage strong
geometric constraints, which simplify the problem but require impractical and
controlled data capture setups. For example, ArtGS [14] and ArticulatedGS [4]
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must be provided with two static 3D reconstructions of the object at different
articulation states and assume all observations are aligned to the same coordinates.
While this simplifies the correspondence problem, the underlying data acquisition
process remains impractical for real-world use.

A more practical but far more challenging setting is reconstruction from just
a monocular video. Existing methods are typically limited to simple objects [18,
19, 44] or implicitly rely on an initial static scan of the object [8, 13, 18]. For
example, RSRD [8] and iTACO [18] require a pre-scanned 3D model before
analyzing the dynamic video. Even methods designed for monocular input, such as
VideoArtGS [13], still needs an initial static sequence for geometric initialization.
This prerequisite fundamentally limits their applicability to in-the-wild videos
that often begin with immediate motion. In contrast, our Articulat3D bypasses
the need for static scans or templates by leveraging low-dimensional motion
bases and explicit kinematic constraints, enabling robust joint optimization of
the entire motion trajectory from the very first frame.

3 Owur Methodology

As illustrated in Fig. 2, Articulat3D reconstructs a high-fidelity digital twin from
a casual monocular video sequence X = {z;}}¥, through a two-stage optimization
pipeline. We first preprocess the input frames by segmenting the object using
SAMS3 [1], filtering occluding hands via Qwen-Image [27], and extracting initial
3D motion trajectories with TAPIP3D [306] to serve as a foundational motion
prior. In the first stage, we introduce Motion Prior-Driven Initialization to
exploit the low-dimensional structure of articulated motion by modeling scene
dynamics with a compact set of motion bases, where each noisy trajectory is
fused into a coherent 3D Gaussian Splatting (3DGS) representation as a linear
combination of these bases. Building upon this, the second stage, Geometric and
Motion Constraints Refinement, enforces physical plausibility by introducing
learnable kinematic primitives. By parameterizing component movements as
either revolute or prismatic joints—defined by a joint axis, a pivot point, and
per-frame motion scalars—we constrain each part to adhere strictly to rigid body
transformations. This joint enforcement of geometric and kinematic constraints
yields a reconstructed digital twin that is not only visually accurate and temporally
coherent but also inherently controllable for downstream physical simulations.

3.1 Motion Prior-Driven Initialization

Prior Extraction. Casual captures of articulated objects often suffer from
significant hand occlusions, leading to incomplete visual observations and distorted
3D reconstructions. To address this, we first employ Qwen-Image [27] to perform
inpainting, removing occluding hands and recovering the holistic appearance of the
object. This process yields a sequence of de-occluded images with corresponding
complete segmentation masks M = {m;} | generated by SAM3 [1]. We also
utilize TAPIP3D [36] to obtain sparse 3D point trajectories with visibility. Each
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Fig. 2: Overview of Articulat3D . Given a monocular video, Articulat3D recon-
structs a high-fidelity articulated digital twin via two stages. (1) Motion Prior—Driven
Initialization exploits the low-dimensional structure of 3D point tracks by modeling
them as a linear combination of shared motion bases. (2) Geometric and Motion Con-
straints Refinement then enforces physical plausibility by optimizing learnable kinematic
primitives, including joint axes and pivot points. This joint optimization ensures that
the final reconstruction is both geometrically accurate and temporally coherent.

trajectory is independently classified as static, prismatic, revolute, or invalid by
fitting simple geometric motion primitives. Static points are detected by bounded
displacement around their visible mean. Prismatic candidates are obtained by
robust 3D line fitting, while revolute candidates are obtained by fitting a plane and
a circle to the projected trajectory, yielding an axis direction and pivot. We then
cluster trajectories within each motion type using KMeans over primitive-aware
features, including initial position, mean position, motion direction, pivot for
revolute motion, and temporal displacement or angular signatures. The number
of prismatic and revolute clusters is determined by the predicted joint-type prior.
This produces a per-track part label, where static points share label 0 and each
dynamic cluster corresponds to one candidate movable part.

Motion Bases-based Modeling. Directly optimizing per-Gaussian trajectories
from noisy sparse tracks is ill-posed. Instead, we leverage the fact that articulated
motion resides in a low-dimensional subspace. Inspired by Shape of Motion
[22], we model the scene dynamics using a compact set of B shared, learnable
SE(3) motion bases. Unlike Shape of Motion, which represents object motion
with generic free motion bases and soft per-Gaussian mixture weights, our
motion prior-driven initialization is designed to produce a part-aware motion
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representation from the beginning. Instead of allowing each Gaussian to freely
combine multiple redundant bases, we bias the optimization toward compact,
sparse, and near-discrete motion assignments that align with articulated parts.
We also decouple the true articulation interval from static camera-orbiting frames,
so temporal regularization is applied only over physically meaningful motion
segments. As a result, motion prior-driven initialization provides a more coherent
and interpretable part-level motion initialization, making the subsequent joint-
axis and joint-value estimation more stable.

Given the TAPIP3D trajectories from the prior extraction step, we cluster
them into B part-level motion groups using spatiotemporal K-means (see Supp.
Mat. for details), where each recovered cluster corresponds to one motion basis,
including an identity basis for the static part. For each dynamic cluster b,
we initialize its per-frame SE(3) basis Télit by solving a weighted Procrustes
alignment between the canonical 3D tracks at frame ty and their observations
at each target frame ¢. Each Gaussian is then assigned a strong one-hot motion
coefficient according to its associated trajectory cluster. These coeflicients remain
trainable during Stage-I optimization, but are regularized to stay sparse and
near-discrete, encouraging compact part-level motion instead of arbitrary soft
combinations of redundant bases. Specifically, for a 3D Gaussian at time ¢, its
position p; and orientation R; are transformed from the canonical state (g0, Ro)
via a rigid transformation To_+ = [Ro—¢ | to—:] € SE(3):

pe = Roipio +tose, Ri = Ro¢Ro. (1)

To represent complex articulated motion, each Gaussian is assigned a set of
learnable coefficients {w(®}£_ | normalized via a softmax function such that
b w(® = 1. The aggregate transformation T¢_,; is formulated as a weighted
combination of the B shared bases:

B
Ty_,; = Normalize <Z w® Télit> , (2)
b=1

where the normalization ensures the resulting transformation remains a valid
SE(3) member (e.g., via SVD-based orthogonalization of the rotation component).
This formulation regularizes the motion space, forcing Gaussians with similar
semantic properties to share consistent, low-dimensional trajectories, thereby
ensuring spatio-temporal coherence even in regions with sparse tracking data.

3.2 Geometric and Motion Constraints Refinement

While the motion bases in Sec. 3.1 provide a flexible initialization, they lack the
physical rigour required for true digital twins, as they do not guarantee axis-
aligned rigid-body motions. To enforce physical plausibility, we transition from
unconstrained SE(3) bases to explicit kinematic primitives, specifically revolute
and prismatic joints forcing each component to adhere to strict kinematic laws.
Kinematic Parameterization. We parameterize the motion of each object part
k using a normalized joint axis a; € S?, a pivot point ¢, € R3, and a per-frame
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scalar qi(t) representing displacement or rotation. These parameters define a
per-part rigid transformation Ty (t) = [Ri(t) | tx(t)] € SE(3).

For a revolute joint with rotation angle 0 (t) = ¢x(t), the transformation
follows Rodrigues’ formula around pivot cy:

Ry.(t) = exp(Or(t)[ak]x), ti(t) = (I—Rp(t))ck, 3)

where [a;]« denotes the skew-symmetric matrix of a;. For a prismatic joint
with displacement dj(t) = gx(t), the motion is a pure translation along the axis:

Rk(t) = I, tk(t) = dk(t)ak. (4)

We provide more details about kinematic parameterization in our Supp. Mat.

Robust Joint Initialization To bridge the gap between soft bases and rigid

joints, we first perform a hard assignment where each Gaussian i is assigned to

part k = arg max; wgb) based on its learned coeflicients. We then initialize the

kinematic parameters by analyzing the aggregate motion: 1) Robust Trajectory

Synthesis: For each part k, we compute a robust center trajectory ci(t) using a

trimmed mean of the positions of its assigned Gaussians to filter out tracking

noise. 2) Kinematic Discovery via PCA: We apply Principal Component Analysis

(PCA) to the centered trajectory {c(¢) — €x}. The joint type is determined by

the eigenvalue distribution: a single dominant eigenvalue indicates a prismatic

joint (linear motion), while two significant eigenvalues suggest a revolute joint

(planar arc). In the latter case, the joint axis ay is initialized as the normal to the

motion plane (the third principal component). We provide more details about

robust joint initialization in our Supp. Mat.

Joint Refinement of Part Assignment.

Initial assignments based on motion bases

may be noisy near kinematic boundaries.

We refine these assignments jointly with

the joint parameters by associating each

Gaussian with a learnable latent vector

z; € R (initialized from w;), as shown in

Fig. 3. Soft assignment probabilities p; j

are obtained via a softmax with tempera-

ture 7. Fig. 3: Joint Refinement of Part
To maintain strict rigidity in the for- Assignment. Kinematic consistency

ward pass, we apply the transformation of ~corrects initial misalignments (left) into

the most probable joint: T; = T} where Physically-grounded segments (right).

k* = argmaxy p; . For end-to-end opti-

mization, we utilize a Straight-Through Estimator (STE) in the backward pass.

The gradient of the loss £ with respect to z; is approximated by treating the

transformation as a soft mixture ), p; ;T;:

oL 5 Joc
oy S Pik E <8T'7Tj> (8 — Pi ) (5)
i, i=1 i
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Table 2: Comparison of Articulat3D with state-of-the-art baselines. We evaluate
kinematic accuracy, reconstruction fidelity, 3D tracking, and view synthesis across
synthetic and real-world datasets.

Method Joint Estimation Reconstruction Tracking View Synthesis
Axis Err | Pos Err | CD-w | CD-m | CD-s | EPE | PSNR 1 SSIM 1 LPIPS |
Video2Articulation-S

RSRD [8] 68.49 203.00 339.00 82.00 14.00 N/A 24.78 0.77 0.16

Articulate Anything [9] 49.85 81.00 11.00 59.00 7.00 N/A N/A N/A N/A

iTACO [18] 16.05 13.00 1.00  13.00 6.00 N/A N/A N/A N/A

Shape of Motion [22] N/A N/A N/A N/A N/A N/A 31.88 0.96 0.05

Articulat3D 1.60 1.83 0.82 1.12 1.82 N/A 35.91 0.98 0.05
Articulat3D-Sim

RSRD [8] 55.75 91.52 69.16 55.41  10.05 3.14 28.19 0.94 0.06

Articulate Anything [9] 44.65 129.00 16.10 17.74 16.36 2.02 N/A N/A N/A

iTACO [18] 48.50 38.00 3.13 1.63  3.72 0.14 N/A N/A N/A

Shape of Motion [22] N/A N/A N/A N/A N/A 0.08 33.37 0.97 0.04

Articulat3D 0.53 0.65 0.76 0.84 0.85 0.04 37.80 0.98 0.03
Articulat3D-Real

RSRD 8] N/A N/A N/A N/A N/A N/A 16.12 0.78 0.34

Shape of Motion [22 N/A N/A N/A N/A N/A N/A 24.13 0.91 0.15

Articulat3D N/A N/A N/A N/A N/A N/A 26.73 0.93 0.14

where ¢, is the Kronecker delta and (-, -) denotes the Frobenius inner product.
This "re-skinning" mechanism allows model to correct misassignments, ensuring
each Gaussian aligns with the most physically consistent kinematic structure.

3.3 Optimization

To reconstruct high-fidelity geometry and physically plausible motion, we jointly
optimize the canonical Gaussian parameters G¢, the latent assignments z;, and
the kinematic articulation parameters © = {ay, cx, qx(t)}. The total objective
function is defined as:

L= Lrender + Aaccﬁacc + )\zﬁz (6)

where \,.c and A, are hyper-parameters balancing rendering accuracy, motion
smoothness, and assignment consistency.

Rendering Loss. Following ArtGS [14], Lyender combines photometric accuracy
with geometric supervision. Specifically, Liender = (1—Assn) L1+ AsstmLp-ssiv+
ApLp. For the depth supervision, we utilize monocular depth estimates D (e.g.,
from [10]) and apply a robust scale-invariant loss: Lp = log(1 + ||D — D||1),
where D is the rendered depth map. To ensure temporal smoothness and mitigate
monocular depth ambiguities, we employ an Acceleration Loss (L) and a Depth-
Stability Loss (£,). A detailed mathematical formulation and a discussion of
their physical significance are provided in our Supp. Mat.

4 Experiments

4.1 Datasets

We conduct a comprehensive evaluation on three distinct datasets to assess the
performance of existing methods on objects with varying articulation complexity.
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Fig. 4: Visual results on Video2Articulation-S dataset [18].

Video2Articulation-S. It is a dataset proposed by [18], which serves as our
benchmark for simple articulated objects. It consists of 73 test videos across 11
categories of synthetic objects, where each object has only a single movable part.
Articulat3D-Sim. We introduce this dataset of 20 videos across 17 categories
from PartNet-Mobility dataset [32] to evaluate complex multi-part kinematics
(ranging from 2 to 7 parts). Each sequence features natural interaction, combining
synchronized articulations with significant camera motion.
Articulat3D-Real. To evaluate performance in real world, we introduce this
dataset, which consists of 12 sequences of 9 distinct categories (e.g., cabinets, and
doors). Captured using an iPhone 16 Pro Max, these sequences feature diverse
lighting conditions and complex background clutter, providing a benchmark for
assessing the generalizability of articulated reconstruction in the wild.

4.2 Evaluation Metrics

We evaluate Articulat3D across four dimensions: (1) Joint Estimation: Axis
Err (°) and Position Err (cm) for kinematic accuracy; (2) Reconstruction:
Chamfer Distance (cm) for the whole object (CD-w), movable parts (CD-m), and
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Fig. 5: Visual results on Articulat3D-Sim dataset.

static base (CD-s); (3) Tracking: End-Point Error (EPE) for temporal motion
coherence; (4) View Synthesis: PSNR, SSIM, and LPIPS for photometric
quality. For qualitative results, we visualize reconstruction results as meshes,
using grey for static components, various colors for dynamic parts, and red arrows
for joint axes. Detailed definitions are provided in our Supp. Mat.

4.3 Results

We compare Articulat3D against four state-of-the-art baselines: (1) RSRD |g],
which optimizes part-level SFE(3) transformations; (2) Articulate Anything [9],
a foundation model that retrieves joint parameters from a mesh library; (3)
iTACO [18], which estimates articulation via point cloud motion analysis; (4)
Shape of Motion [22]|, a 4D-GS based method representing dynamics with
generic motion bases. For a fair comparison, RSRD [8] is adapted with NKSR mesh
reconstruction, Articulate Anything [9] is provided with the PartNet-Mobility
library, and iTACO [18] is given ground-truth depth. We provide exhaustive
implementation details and configuration settings for all baselines in Supp. Mat.

For quantitative results, N/A entries in Tab. 2 indicate inapplicable metrics:
EPE is omitted for datasets lacking ground-truth trajectories; view synthesis
metrics are excluded for Articulate Anything [9] and iTACO [18] as they do not
support rendering. For qualitative results, we visualize reconstruction results
as meshes, using grey for static components, various colors for dynamic parts,
and red arrows for joint axes. Failed indicates cases where RSRD [8] failed to
reconstruct geometry. Since baseline methods such as Articulate Anything [9]
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Table 3: Ablation Study on Articulat3D-Sim dataset.

Method Joint Estimation Reconstruction Tracking View Synthesis

Axis Err | Pos Err | CD-w | CD-m | CD-s | EPE | PSNR { SSIM 1 LPIPS |
Articulat3D w/o motion prior 43.42 31.26 18.78 92.45 17.73 28.29 20.78 0.95 0.07
Articulat3D w/noise 0.56 0.67 0.78 0.88 0.86 0.05 37.62 0.98 0.03
Articulat3D w/o prior init 1.36 3.42 1.13 1.67 0.96 0.06 30.89 0.98 0.04
Articulat3D w/o kinem. const. 0.86 4.98 5.19 7.71 2.76 0.09 35.45 0.97 0.02
Articulat3D w less data 0.61 0.68 0.83 0.92 0.86 0.07 34.60 0.97 0.03
Articulat3D 0.53 0.65 0.76 0.84 0.85 0.04 37.80 0.98 0.03

and iTACO [18] only provide static meshes rather than per-frame poses, their
results are shown in fixed configurations that may not match the GT states.
Quantitative results. As shown in Tab. 2, Articulat3D consistently outper-
forms all baselines. Regarding Joint Estimation, Articulat3D achieves best
precision with an average axis error of 1.60° on Video2Articulation-S and 0.53°
on Articulat3D-Sim. In contrast, iTACO [18] fails to handle multi-part objects
(48.50° axis error), highlighting its limitations in complex kinematic scenarios.
Regarding Reconstruction Fidelity, Articulate Anything [9] and RSRD [8]
suffer from catastrophic position errors (> 90 cm) due to template mismatch
or structural collapse. Conversely, Articulat3D still maintains sub-centimeter
accuracy and high-fidelity synthesis. While Shape of Motion [22] is a dedicated
dynamic renderer, its motion bases lead to significant geometric drift. In con-
trast, our kinematic refinement enforces strict rigid-body laws, ensuring both
high-fidelity synthesis (37.80 PSNR) and physically plausible 3D trajectories.
Qualitative Results. Visual comparisons in Fig. 4, 5, and 6 confirm our
quantitative gains. In Video2Articulation-S (Fig. 4), Articulat3D preserves
structural rigidity by filtering tracking noise. On more challenging Articulat3D-
Sim dataset (Fig. 5), our framework effectively reconstructs complex multi-
part kinematics. While concurrent methods often suffer from ghosting or part-
intersections, our two-stage optimization ensures clean, axis-aligned trajectories.
Finally, results on real world dataset, Articulat3D-Real (Fig. 6) demonstrate
our robustness to in-the-wild challenges, including handheld jitter, cluttered
backgrounds, and significant hand occlusions. Articulat3D still produces high-
fidelity digital twins that are inherently ready for physical interaction.

4.4 Ablation Study

Motion Prior Guidance. Removing 3D track guidance leads to performance
drop (Articulat3D w/o motion prior) in Tab. 3 and visible artifacts, as shown
in Fig. 7. This prior is essential for resolving the inherent ambiguity between
geometry and kinematics and decoupling local geometry from global motion
dynamics. Our full model successfully resolves this coupling, yielding stable and
accurate digital twins.

Robustness to noise in Motion Priors. By injecting Gaussian noise into raw
3D trajectories (Articulat3D w/ noise), we demonstrate that Articulat3D remains
robust, as shown in Tab. 3 and Fig. 9. Our explicit axis-angle parameterization
acts as a rigid kinematic bottleneck that filters non-physical noise. Instead of
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Fig. 6: Visual results on Articulat3D-Real dataset.

directly supervising on inconsistent raw coordinates, this formulation forces
motion onto a valid kinematic manifold, effectively refining and correcting the
upstream trajectories in a geometrically consistent manner.

Low-Dimensional Motion Bases Initialization. We evaluate the necessity
of Motion Prior-Driven Initialization by attempting to initialize kinematic pa-
rameters directly from raw 3D tracks (Articulat3D w/o prior init). While explicit
kinematic primitives provide strong physical grounding, their optimization is
inherently non-convex and highly sensitive to initial values. As shown in Tab. 3
and Fig. 8, bypassing this stage causes the model to converge to poor local
minima, characterized by misaligned part segmentation and inaccurate joint axes.
This initialization stage exploits the low-dimensional structure of articulated
motion to transform an ill-posed monocular tracking problem into a well-posed
kinematic refinement task, ensuring temporal coherence and geometric accuracy.

Novel-view synthesis on synthetic data. We additionally render the re-
constructed articulated objects from viewpoints that are not observed during
training. As shown in Fig 10, Articulat3D produces visually consistent novel-view
renderings while preserving object appearance, geometric structure, and articula-
tion details. This indicates that the learned representation captures a coherent
3D articulated object rather than merely reproducing the observed training views
from the input sequence directly.
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w/0o Motion Prior  w/ Motion Prior

Fig.7: Visual impact of motion  Fig.8: Visual impact of refinement.

prior. Without 3D motion guidance, = Without our initialization, the model con-
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Fig. 9: Robustness to noisy motion priors. Our kinematic refinement stage recovers
accurate part segmentation and joint parameters even when initialized with highly
inconsistent 3D tracks.

Geometric and Motion Constraints Refinement. Removing the geometric
and motion refinement stage leads to a marked degradation in joint accuracy
and structural fidelity (Articulat3D w/o kinem. const.), as shown in Tab. 3.
Without the explicit kinematic bottleneck, the model fails to enforce rigid-body
physical laws, resulting in "floating" components and geometric drift, as shown
in Fig. 8. This is evidenced by the sharp increase in Position Error (from 0.65 to
4.98) and CD-m (from 0.84 to 7.71), which confirm that our refinement stage is
indispensable for transforming initial motion estimates into physically plausible
and temporally coherent digital twins.

Robustness to data sparsity. To evaluate the efficiency and robustness of our
under limited visual observations, we conduct an experiment by uniformly subsam-
pling the input video to use only 1/3 of the original frames. As reported in Tab. 3
and Fig. 11, while the rendering quality experiences a moderate decline (PSNR
decreases from 37.80 to 34.60) due to fewer photometric constraints for Gaussian
optimization, the kinematic accuracy remains remarkably stable. Specifically, the
Axis Error and Position Error only show marginal increases (0.53° — 0.61° and
0.65 — 0.68 cm, respectively). This demonstrates that our Motion Prior-Driven
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Fig. 10: Novel-view synthesis results on the Articulat3D-Sim dataset. The
displayed viewpoints are not observed during training.

GT Articulat3D  Articulat3D w less data GT Articulat3D Articulat3D w less data

Fig.11: Robustness to data sparsity. Comparison the results between GT, Articu-
lat3D trained with full frames, and Articulat3D trained with 1/3 sub-sampled frames.

Initialization effectively captures the low-dimensional structure of articulation
even from temporally sparse data, and the Geometric Constraints Refinement
successfully maintains structural integrity despite the reduced supervision.

5 Conclusion

We present Articulat3D, a framework for reconstructing physically plausible,
interactable digital twins of articulated objects from a single casually captured
monocular video, even when motion begins immediately. A motion-prior-driven
initialization combined with rigorous geometric constraint refinement successfully
regularizes the ill-posed monocular reconstruction problem into a structured
optimization of kinematic primitives. Without requiring static scans or controlled
environments, Articulat3D offers a scalable, robust solution for modeling the
articulated world and enabling advanced robotic manipulation applications.
Limitation and future work. Articulat3D ’s performance may degrade on
texture-less surfaces where sparse 3D tracks become unreliable. Moreover, our
current implementation assumes independent joints rather than hierarchical
kinematic structures, which limits the modeling of nested assemblies. Future work
will address these issues by integrating multi-view geometric priors and exploring
the estimation of dynamic physical parameters (e.g., mass and friction).
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A Metrics

This section provides the formal definitions for the metrics presented in Tab. 2:

— Joint Estimation: We evaluate kinematics using Axis Err, the angular
deviation (°) between predicted and ground-truth joint axes, and Position
Err, the Euclidean distance (cm) between predicted and ground-truth pivot
points.

— Reconstruction: We compute the bi-directional Chamfer Distance (CD) on
10,000 points sampled from the reconstructed and ground-truth meshes. We
report CD (cm) for the entire object (CD-w), movable components (CD-m),
and the static base (CD-s) to assess structural fidelity.

— 3D Tracking: Following [22], EPE (End-Point Error) measures the average
3D Euclidean distance between predicted and ground-truth trajectories across
all frames, quantifying the model’s ability to capture continuous motion.

— View Synthesis: We use PSNR, SSIM, and LPIPS to evaluate novel
view rendering. These metrics ensure that our kinematic constraints maintain
the high-fidelity rendering performance of the underlying Gaussian Splatting
framework.

B Implementation and Training Details

B.1 Motion Prior Grouping via K-means Clustering

To provide a robust initialization for the motion coefficients w; in Sec. 3.2, we
propose a spatio-temporal trajectory clustering strategy. Unlike standard spatial
K-means, which ignores the temporal evolutionary structure of articulated motion,
our approach exploits both the temporal motion directions and the canonical
spatial layout of 3D trajectories. Importantly, this initialization does not assume
that different articulated parts must move in disjoint temporal windows.
Kinematic Priors. Our grouping algorithm is guided by three priors derived
from common articulated interactions:

— Motion Direction Consistency: Gaussians belonging to the same rigid
part tend to exhibit similar velocity-direction patterns over time.

— Spatial Coherence: Gaussians from the same physical part are expected to
be spatially coherent in the canonical frame.

— Static-Dynamic Separation: Nearly static Gaussians, if identified by the
tracking prior, are assigned to the static base, while the remaining dynamic
Gaussians are clustered into movable part candidates.

Weighted Motion Energy Calculation. Given a set of 3D trajectories X =
{x;.} with associated visibility v;; and confidence scores c; ;, we first perform
linear interpolation to handle occlusions. We then define the weighted speed §; ;
for each Gaussian i at interval ¢ as:

~ Cit + Cj
Sit = ||Xi,t+1 - Xi,tH27 Wit = (Vi,t : Vi,tJrl) : Z’tfm“ (7)
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To characterize the motion of each Gaussian, we use both its velocity direction
and its spatial position as clustering cues. Specifically, for each Gaussian ¢ at
interval ¢, we compute the normalized velocity direction as:

Xi,t-‘rl - Xi,t (8)

Sit = Wit * p
S¢7t+€

Meanwhile, we use the spatial position of each Gaussian in the canonical frame
as its geometric cue:
Pi = Xi o, 9)

where ty denotes the canonical frame. We then combine the motion direction and
spatial position into a unified spatio-temporal feature:

E;, = [)\s{si,t}zwzill’ )\ppi] (1())

where A; and A, balance the contributions of motion direction and spatial
position. In practice, p; is normalized to have a comparable scale to the unit
velocity-direction features.

Part Assignment and Initialization. The assignment of each Gaussian to a
specific kinematic cluster k € {0,..., K — 1} is determined as follows:

— Static Identification (k = 0): We compute the accumulated motion mag-
nitude:

!

—1
M; = it (11)
t=1
If M; falls below a robust threshold 7 (determined by the 20*" percentile of
motion distribution across the scene), the Gaussian is classified as part of
the static base.
— Dynamic Assignment (k > 0): For non-static Gaussians, we cluster them
into K — 1 groups using K-means on the spatio-temporal feature E;:

. 2

ki = arg, o min 1Ei — prlly +1 (12)
where p), denotes the k-th K-means cluster center in the spatio-temporal
feature space.

— Coefficient Initialization: To facilitate the differentiable refinement in
Stage 2, we initialize the distance distribution d; for the soft-assignment
logits. For dynamic clusters, the initial distance is proportional to the negative
log-probability of the energy distribution:

ik = | Bi — plf3 - (13)

Finally, we recompute the cluster centers C; in the canonical frame using the
spatial median of all Gaussians assigned to part k. This strategy ensures that even
if the initial 3D tracks are noisy, the resulting part decomposition is grounded in
the temporal logic of the object’s kinematics.
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B.2 Mathematical Formulations of Articulated Kinematics

In the second stage of our pipeline, we transition from soft SE(3) motion bases
to a rigorous kinematic parameterization to enforce physical consistency. This
section provides the exhaustive mathematical derivation for the revolute and
prismatic joint models utilized in Articulat3D.

Kinematic Parameters. For each articulated object part k € {1,..., K}, the
motion is governed by a specific joint model. We define the following learnable
parameters:

— Joint Axis a; € R3: To ensure the rotation or translation axis remains
unitlength during optimization, we derive the normalized axis aj, as:

ay

= — 14
[anll + (14)

ag

where € = 1077 is a small constant for numerical stability.

— Pivot Point c; € R?: This represents the center of rotation for revolute
joints or a point through which the translation axis passes for prismatic
joints.

— Joint Scalar ¢x(t) € R: A per-frame learnable value representing the rotation
angle 0, (t) (in radians) or the translational displacement d(t).

Revolute Joint Model. For rotational motion, we utilize the Rodrigues’ rotation
formula to compute the per-frame rotation matrix Ry (t) € SO(3) based on the
joint scalar 0 (t) = qx(t). The matrix is defined as:

Ry,(t) = exp (0x(t)[ar]x) = T+ sin(0x(t))[ar]x + (1 — cos(0x(t)))ar]s  (15)

where [a;]« denotes the skew-symmetric matrix of the normalized axis vector
ay. To account for the fact that the rotation occurs around a pivot cj rather
than the world origin, the corresponding translation vector ty(t) is derived by
enforcing the pivot as a fixed point under rotation:

tk(t) = Ci — Rk(t)ck (16)

This ensures that the transformation Ty (t) = [Rg(¢), tx(t)] represents a pure
rotation in the local coordinate system of the pivot.

Prismatic Joint Model. For translational motion, the rotation matrix remains
an identity matrix, and the movement is characterized as a displacement dj,(t) =
qr(t) along the axis ay:

Rk(t) = I, tk(t) = dk(t)ak (17)

This formulation ensures that all points within the Gaussian cluster £ undergo a
strictly synchronized linear shift.
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B.3 Mathematical Formulations of Joint Initialization

To bridge the gap between the soft motion bases and the rigid kinematic con-
straints, we first establish a discrete part-level assignment. Leveraging the per-
Gaussian motion coeflicients w;, we perform a hard assignment for each Gaussian
i to a specific part k € {1,..., K} via kf = argmax;, wgb).

Given the inherent noise in initial actual trajectories of gaussians, we employ
a trimmed mean strategy to extract a stable center trajectory c(t) for each
dynamic part. At each frame ¢, we first determine the spatial median é;(t) =
median;eg, (11 (t)). We then compute the Euclidean distances d;(t) = ||u(t) —
¢,(t)]]2 and retain only the 80% subset of points S; with the smallest d;(t). The
robust center trajectory is synthesized as:

ult) = 1 () (18)

1E€ES

The synthesized trajectory ci(t) is analyzed via Principal Component Analysis
(PCA) to determine joint types and parameters. By examining the principal
components of the trajectory, we distinguish between revolute joints (forming
planar arcs) and prismatic joints (exhibiting linear motion), yielding the initial
axis direction aj and pivot point cy.

Unlike the weighted interpolation utilized in Sec. 3.1, every Gaussian ¢ assigned
to part k undergoes an identical global transformation T (t) = [Ri(t), tx(t)] €
SE(3). For any Gaussian within cluster k, its pose at time ¢ is strictly defined by
applying the part-specific rigid transformation to its canonical state:

wi(t) = R ()i (0) + tx(t) (19)

R;(t) = Ri(t)R;(0) (20)

Through this geometric optimization parameterization, the motion of object parts
is enforced as a strictly collective rigid-body transformation, which ensures that
the spatial configuration of points within each component remains invariant over
time.

B.4 Detailed Formulation of Regularization Losses

To further stabilize the optimization in Stage 2 and ensure physical plausibility
in the absence of multi-view supervision, we introduce two critical regularization
terms: the Acceleration Loss (L4c.) and the Depth-Stability Loss (L£.).

Acceleration Loss (L,..) The Acceleration Loss is designed to enforce temporal
smoothness by penalizing high-frequency oscillations in the articulated motion.
Unlike unconstrained tracking methods that may produce jittery trajectories, we
apply this loss directly to the learnable joint scalars qx(t) (representing either
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rotation angles 0y (¢) or translational displacements dg(t)). The loss is formulated
as the squared second-order finite difference of the motion sequence:

Loce =D NI = lax(t +1) = 2qu(t) + ai(t = 1)1, (21)
t,k

tk

By minimizing the acceleration (the second derivative of position over time),
Lace encourages the articulated parts to move with a constant or smoothly
changing velocity. This is particularly effective for suppressing the noise inherent
in monocular tracking priors and ensuring that the reconstructed digital twin
exhibits a natural, physically consistent evolutionary process.
Depth-Stability Loss (£.) In monocular reconstruction, a common artifact
known as the "breathing effect" occurs when the optimization erroneously adjusts
the depth of Gaussians (the Z-coordinate in camera space) to minimize color
re-projection errors, even when no such physical motion exists. To mitigate
this depth-scale ambiguity, we introduce the Depth-Stability Loss (£,).This loss
penalizes the displacement of Gaussian centers along the camera’s optical axis
(Z-axis) that cannot be explained by the explicit kinematic model. Let Axl(ft) be
the Z-component of the predicted 3D displacement for Gaussian 7 at time t. The
loss is defined as:

N T
Lo= > wi AP (22)
i=1 t=1
where w; is a confidence weight derived from the Stage 1 motion priors. By
specifically constraining the Z-axis variance, £, forces the model to prioritize
explaining the visual observations through rotation and lateral translation—which
are well-observed in the image plane—rather than through non-physical depth-
wise "pulsing." This loss is essential for preserving the static canonical shape of
the object during complex articulations.

C Experimental Details

C.1 Evaluation Protocol and Baseline Configurations

For a fair comparison, RSRD [8] is adapted with NKSR mesh reconstruction, Artic-
ulate Anything [9] is provided with the PartNet-Mobility library, and iTACO [18]
is given ground-truth depth.

For quantitative results, N/A entries in Tab. 2 indicate inapplicable metrics:
EPE is omitted for datasets lacking ground-truth trajectories; view synthesis
metrics (PSNR/SSIM/LPIPS) are excluded for Articulate Anything [9] and
iTACO [18] as they do not support rendering. Notably, Shape of Motion [22] is
omitted from joint and part-level evaluations as it produces a holistic dynamic
representation without explicit kinematic segmentation or joint parameterization.

For qualitative results, we visualize reconstruction results as meshes, using
grey for static components, various colors for dynamic parts, and red arrows for
joint axes. Failed indicates cases where RSRD 8] failed to reconstruct geometry.
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Table 4: Hyperparameter sensitivity analysis for Articulat3D. We evaluate the impact
of varying learning rates for key parameters including motion coefficients, joint axes,
and pivot points. The default settings (indicated in blue) consistently yield the optimal
balance between convergence speed and reconstruction accuracy.

Joint Estimation Reconstruction 3D Tracking View Synthesis

Axis Err | Position Err | CD-w | CD-m | CD-s | EPE | PSNR 1 SSIM 1

Parameter Configuration

Motion Coefficients Learning Rate (7.,)

Nw = 1 X 1072 1.25 2.45 1.05 1.42 0.92 0.06 34.20 0.96
Nw =5 x 1072 (Default) 0.53 0.65 0.76 0.84 0.85 0.04 37.80 0.98
Nw =1x 1073 0.89 1.12 0.95 1.10 0.88 0.05 36.15 0.97
Joint Axis & Pivot Point Learning Rate (74, 7.)
Na,e = 1 X 1072 2.14 5.82 2.30 3.45 1.25 0.08 31.50 0.94
Na,e = 1 X 1074 (Default) 0.53 0.65 0.76 0.84 0.85 0.04 37.80 0.98
Na,e = 5 X 107° 0.68 0.92 0.82 0.95 0.86 0.04 37.42 0.98
Joint Scalar Learning Rate (74)
g =1x10"2 0.94 1.56 1.20 1.65 0.98 0.07 35.80 0.97
ng = 5 x 1073 (Default) 0.53 0.65 0.76 0.84 0.85 0.04 37.80 0.98

Since baseline methods such as Articulate Anything [9] and iTACO [18] only
provide static meshes rather than per-frame poses, their results are shown in
fixed configurations that may not match the GT articulated states.

C.2 Hyperparameter Settings

We provide a comprehensive sensitivity analysis of the core learning rates gov-
erning our multi-stage optimization pipeline in Tab. 4. Specifically, we evaluate
the impact of varying the learning rates for the motion coefficients (n,,), the
kinematic joint parameters (7,,.), and the per-frame joint scalars (n,). The re-
sults demonstrate that Articulat3D is relatively robust to moderate variations
in these hyperparameters, yet certain thresholds are critical for maintaining
physical consistency. For instance, excessively high learning rates for the joint
axis (n,) can lead to instability in the non-convex SO(3) optimization space,
whereas insufficient learning rates for the motion coefficients (7,,) hinder the
clear emergence of part boundaries during the first stage. Our empirically deter-
mined default configurations (highlighted in blue) consistently yield the optimal
trade-off between kinematic accuracy and surface reconstruction fidelity across
both synthetic and real-world benchmarks.

C.3 Training Efficiency

Tab. 5 summarizes the training time for all evaluated methods on a single
NVIDIA RTX 4090 GPU. While Articulat3D requires a moderate optimization
period compared to iTACO [18], this marginal increase in computational cost
enables a substantial leap in reconstruction fidelity, joint estimation accuracy,
and physical consistency. Notably, our framework remains significantly more
efficient than prior rendering-based optimization methods such as RSRD [8] and
Shape-of-Motion [22], which often require over an hour per scene, demonstrating
an optimal trade-off between speed and performance.
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Table 5: Runtime comparison across different datasets. We report the average time (in
minutes) per scene. All experiments were conducted on a single NVIDIA RTX 4090
GPU.

Datasets (min)

Method

Video2Articulation Articulat3D-Sim
Shape-of-Motion [22] ~63.28 ~85.77
RSRD 3] ~43.51 ~67.93
iTACO [18] ~10.77 ~20.58
Articulat3D (Ours) ~34.52 ~58.27

*Note: Articulate Anything [9] is excluded from this comparison as it retrieves models from an
existing library rather than performing a per-scene reconstruction process.

Table 6: Quantitative comparisons on three datasets

Method  |Axis Err | Pos Err || CD-w | CD-m| CD-s| | EPE] | PSNR1 SSIM 1 LPIPS |

Video2Articulation-S
Articulat3D| 1.60+1.82 1.83+1.17 [ 0.82+0.94 1.12+1.53 1.82+0.65| N/A |3591+2.36 0.98+0.01 0.05+0.02

Articulat3D-Sim
0.79+1.42 0.90+1.14 0.86+0.67
0.78+1.06 0.88+1.24 0.86+0.69
0.76+1.52 0.84+1.12 0.85+0.62

Articulat3D-Real
Articulat3D| 2.02+3.86 1.61+2.44| N/A N/A N/A | N/A |26.73+2.39 0.93+0.02 0.14+0.01

0.54+0.81 0.6340.93
0.564+0.89 0.67+0.99
0.53+0.70 0.65+40.82

0.05+0.07
0.05+0.08
0.04+0.06

noise mask
noise track
Articulat3D

37.45+2.11 0.97+0.01 0.0340.01
37.62+2.39 0.98+0.02 0.0340.01
37.80+2.04 0.98+0.01 0.03+o0.01

VideoArtGS-20
0.09+0.09 0.26+0.61 0.2440.58

VideoArtGS| 0.344+0.80 0.1040.10
0.15+0.22 0.27+0.76 0.22+0.46

Articulat3D |0.2740.79 0.09+0.12

N/A 37.4242.36 0.97+0.01 0.02+40.01
N/A |38.84+4.61 0.98+0.02 0.01+0.01

C.4 Extended Experiments

Robustness of Metric Values. To better characterize the robustness and
variability of Articulat3D, we report all quantitative results as the mean +
standard deviation in Tab. 6.

Robustness to upstream prediction errors. We further evaluate the sen-
sitivity of Articulat3D to errors introduced by its upstream segmentation and
tracking components. For segmentation, we apply region-level perturbations to
the SAM3 masks, since practical segmentation errors are generally spatially
correlated rather than independent at the pixel level.

Specifically, we randomly insert one or two spatially contiguous false-positive
foreground regions into the background of each frame. Their shapes are sampled
from ellipses, rectangles, and irregular polygons, and their areas are sampled
relative to the image size. We then rerun the complete pipeline with the perturbed
masks. As shown in Tab. 6 (rows noise mask and noise track), the resulting
Chamfer Distance and joint-axis metrics change only marginally. This robustness
benefits from the dense multi-view observations: local errors appearing in only
a few views lack consistent geometric support in 3D and therefore have limited
influence on the final reconstruction.
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To assess robustness to tracking errors, we perturb the TAPIP3D trajectories
with zero-mean Gaussian noise. Given a predicted trajectory point x * i, € R3,
we construct

Xit =X+ €ig, € ~N(0, o’I) (23)

where o controls the noise magnitude. The perturbation is applied only to
the 3D coordinates, while visibility, confidence, temporal correspondences, and
static-point labels remain unchanged. The results remain stable under moderate
perturbations, indicating that Articulat3D does not require perfectly accurate
TAPIP3D trajectories. This is because the trajectories primarily initialize the
dual-quaternion motion bases, joint axes, and joint-type inference, rather than
serving as hard ground-truth constraints throughout optimization. Subsequent
multi-view appearance, depth, and geometric-consistency objectives can therefore
compensate for moderate errors in the initial trajectories.

Evaluation on real-world sequences. Since accurate ground-truth geometry
and articulation parameters are difficult to acquire for real captured objects,
our original evaluation on Articulat3D-Real mainly relied on image-level ren-
dering metrics. To enable a more direct assessment of articulation estimation,
we manually annotate the joint-axis directions and positions for a subset of the
real-world sequences. We then compute the axis direction error and axis position
error against these annotations. As reported in Tab. 6 (Row 5), these additional
metrics complement PSNR, SSIM, and LPIPS by directly evaluating the accuracy
of the recovered joint parameters in real-world settings.

Evaluation against VideoArtGS. We further compare Articulat3D with the
recent VideoArtGS [13] baseline on the VideoArtGS-20 benchmark, following
its original evaluation setting. As shown in Tab. 6 (Rows 6-7), Articulat3D
achieves competitive or better performance across the evaluated metrics. In
particular, our method improves joint-axes estimation and novel-view synthesis
quality, while maintaining comparable reconstruction accuracy. These results
demonstrate that Articulat3D generalizes effectively to an external benchmark
and remains competitive with a strong recent method under its native evaluation
protocol.

D Dataset: Articulat3D-Sim

We introduce and evaluate our method on Articulat3D-Sim, a newly curated
dataset comprising 17 object categories from PartNet-Mobility [32]: Camera,
Chair, Coffee Machine, Dispenser, Door, Eyeglasses, Lamp, Lighter, Oven, Printer,
Refrigerator, Safe, Stapler, Storage Furniture, Switch, Table, and Toilet. This
dataset consists of 24 sequences featuring complex kinematics with 2 to 7 movable
parts per object. To simulate realistic human-object interaction scenarios, each
trajectory is meticulously designed to initiate with synchronized part articulation
and large-scale camera movement, concluding with a full 360-degree orbit around
the object for a holistic inspection. This setup provides a challenging benchmark
that requires the model to decouple intricate geometry and motion under sig-
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nificant viewpoint changes. Further details and visualizations are available in

XY 3§
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Fig. 12: Visualization of our Articulat3D-Sim dataset.
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