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Abstract

The increasing demand for augmented reality and robotics
is driving the need for articulated object reconstruction with
high scalability. However, existing settings for reconstruct-
ing from discrete articulation states or casual monocular
videos require non-trivial axis alignment or suffer from in-
sufficient coverage, limiting their applicability. In this pa-
per, we introduce FreeArtGS, a novel method for recon-
structing articulated objects under free-moving scenario,
a new setting with a simple setup and high scalability.
FreeArtGS combines free-moving part segmentation with
Jjoint estimation and end-to-end optimization, taking only
a monocular RGB-D video as input. By optimizing with
the priors from off-the-shelf point-tracking and feature mod-
els, the free-moving part segmentation module identifies
rigid parts from relative motion under unconstrained cap-
ture. The joint estimation module calibrates the unified
object-to-camera poses and recovers joint type and axis ro-
bustly from part segmentation. Finally, 3DGS-based end-
to-end optimization is implemented to jointly reconstruct
visual textures, geometry, and joint angles of the articu-
lated object. We conduct experiments on two benchmarks
and real-world free-moving articulated objects. Experi-
mental results demonstrate that FreeArtGS consistently ex-
cels in reconstructing free-moving articulated objects and
remains highly competitive in previous reconstruction set-
tings, proving itself a practical and effective solution for
realistic asset generation. The project page is available at:
https://freeartgs.github.io/

1. Introduction

Articulated objects broadly exist and are frequently inter-
acted with in our daily lives. Building digital replicas of
interactable articulated objects not only enhances the hu-
man experience in augmented reality [41], but also reduces
the sim-to-real gap [3, 11, 14, 37, 46] for robot learning. To
efficiently expand the scope of graphics- and simulation-
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Figure 1. Free ArtGS reconstructs articulated object under the free-
moving scenario, in which both joint and object pose move in an
unconstrained manner.

ready assets, the reconstruction system for articulated ob-
jects should achieve high scalability in a simple setup.
Regarding the scalability and simplicity of reconstruct-
ing articulated objects, recent works can be separated into
three lines. The first line of works [10, 16, 22] directly gen-
erates the articulated object assets from a single-view image
with foundation models. These methods fail to generalize
to unseen scenarios due to the scarcity of post-optimization.
The second line of works [17, 20, 38] assumes that the ob-
ject is captured in two articulation states (e.g., open-closed,
pulled-pushed) with fixed multi-view cameras. However,
these methods require alignment of the axes between the
two states, limiting the real-world usage. The third line
of works [15, 24, 49] reconstructs the object from casual
monocular video with a static base part and moving dy-
namic parts. These works expose two disadvantages. First,
during real-world casual capture, the pose of many articu-
lated objects, such as scissors and pliers, may be inadver-
tently altered, violating the assumption of a static base part.
Second, the coverage of the object is insufficient, limiting
its usage in asset generation. These drawbacks motivate the
need for reconstructing articulated objects in free-moving
scenario, in which both joint state and object pose relative
to the camera vary arbitrarily (Fig. 1). By reconstructing
the articulated object in a free-moving manner, the object
is captured with full coverage of both object pose and joint
state, resulting in an interactable, simulation-ready asset.
In this paper, we introduce FreeArtGS, a reconstruction
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system for articulated objects under the free-moving sce-
nario. Our system consists of three key modules: (1) Free-
moving Part Segmentation. We design an optimization-
based part segmentation method based on the visual cues
from dense 2D tracks [6] and a pretrained feature extrac-
tor [29], without assuming a static base part or predefined
motion patterns. (2) Joint Estimation. We estimate the ar-
ticulated joints by predicting the part-to-camera transforma-
tions, and use the relative transformation between the parts
to decide the joint type and axis. (3) End-to-end Optimiza-
tion. We jointly refine the appearance, geometry, cameras,
and articulation in an end-to-end manner, with ground-truth
RGB, depth, and foreground masks as supervision.

To evaluate the reconstruction quality of our method un-
der the free-moving scenario, we establish a new bench-
mark, FreeArt-21, including 21 free-moving articulated ob-
jects from 7 categories in the PartNet-Mobility dataset [42].
We capture the free-moving object in the simulation en-
gine Sapien [42], and tele-operate the object poses and joint
states with a VR system. We also evaluate the method on
real-world objects captured by an RGB-D camera. To align
the settings of the existing baselines, we further compare
our method with them in the Video2Articulation-S dataset.
In all three evaluation settings, our method outperforms the
current baselines by a large margin.

To summarize, our contributions are threefold:

* We propose FreeArtGS, a system for reconstructing artic-
ulated objects in free-moving scenarios, where the joint
state and object pose vary arbitrarily without any static
base part as a reference. Our approach combines motion-
based part segmentation with joint estimation and end-to-
end Gaussian Splatting optimization, enabling accurate
reconstruction from only a monocular RGB-D video.

* Since there is no previous benchmark on articulated ob-
ject reconstruction in the free-moving scenario, to bridge
this gap, we build FreeArt-21, a simulated benchmark
covering 21 free-moving articulated objects from 7 cat-
egories. To mimic the free-moving setting as in the real
world, we develop a VR system to manipulate the object
pose and joint state in the Sapien [42] simulator.

* Experiments on our proposed benchmark FreeArt-21,
Video2Articulation-S dataset, and real-world objects
demonstrate that FreeArtGS consistently excels in the
free-moving setting while remaining competitive in pre-
vious reconstruction settings.

2. Related Works
2.1. Articulated Object Reconstruction

Articulated object reconstruction is a long-standing prob-
lem in 3D computer vision and has been widely researched
in recent years. Feed-forward network-based methods [4,
7, 10, 12, 25, 30, 33, 45] are trained on an annotated

dataset, but fail to generalize to unseen objects. To im-
prove the generalization ability, a series of methods lever-
age the foundation models [3, 16, 22, 26] to generate ar-
ticulated object models from single-view images. While
these approaches benefit from extensive pre-training on di-
verse datasets, they typically lack geometric consistency
constraints and iterative refinement mechanisms. Another
series regards articulated object reconstruction as calibrated
multi-view camera capturing under two distinct articulation
configurations [5, 17, 19, 20, 32, 37, 38]. Despite their geo-
metric rigor, it remains difficult to align the axes of different
states, leading to the limited practicality. To address these
limitations and improve generalization, recently, a new line
of methods [15, 24, 40, 49] reconstruct articulated objects
from monocular RGB or RGB-D video sequences under the
assumption that one part remains stationary relative to the
background. These methods suffer from two fundamental
limitations. First, the static base part assumption is violated
in practical scenarios where users naturally manipulate ob-
jects like scissors or pliers. Second, the inability to freely
repose the object during capture results in incomplete cov-
erage. In contrast, our method operates in a free-moving
setting, where the object pose and joint state can vary con-
currently, eliminating these issues.

2.2. Dynamic Reconstruction

Articulated object reconstruction can be regarded as an-
other type of dynamic reconstruction. Feed-forward meth-
ods [21, 34, 48] directly learn to reconstruct dynamic
point clouds from large-scale datasets. However, they fail
to recover precise motions under the free-moving setting
(Fig. 3). Optimization-based dynamic reconstruction meth-
ods [2, 8, 18, 39] reconstruct temporal deformations of radi-
ance fields, but often lack generalization ability. Recently,
point tracking methods [6, 23, 27, 43, 44, 47] provide gen-
eralized priors at pixel-level resolution, enabling their ap-
plication to free-moving articulated object reconstruction.
However, due to the data-driven nature, the tracks inevitably
contain noise and outliers. Our method uses an off-the-shelf
point tracking model [6] to generate pseudo motion labels,
and optimizes the articulated object to fit the labels. In this
way, we combine the generalization ability of point tracking
and the high accuracy of the optimization-based dynamic
reconstruction in one framework.

3. Method

3.1. Overview

Given a monocular RGB-D video of a free-moving articu-
lated object with two rigid parts V = {Z;, D;}¥ | and fore-
ground masks {M{ 93N |, obtained using Segment Any-
thing Model [28], our goal is to reconstruct its canonical
Gaussians G, = {G%,G1} of the two parts and joint param-
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Figure 2. Overview of FreeArtGS. It consists of three modules: (1) Part Segmentation from free-moving video; (2) Joint Estimation with

estimated part transforms; (3) End-to-end Optimization for articul

eters 7. Thus, the object can be represented as G = G.0 7.

As shown in Fig. 2, our framework includes three mod-
ules: part segmentation, joint estimation, and end-to-end
optimization. In Sec. 3.2, our method leverages the point
tracking results of the two parts to obtain their 2D part
segmentation M = {M?, M!}¥ | within the foreground
masks. In Sec. 3.3, we reconstruct the Gaussians of the
two parts GO, and Gl . respectively, coarsely estimate the
joint parameters 7, and calibrate {G° ., G1 .} and J to the
canonical Gaussians {G?,G!}. In Sec. 3.4, we perform
blended rendering and fine-tune the Gaussians and joint pa-
rameters with an end-to-end optimization.

3.2. Free-moving Part Segmentation

Setting. We first aim to segment the articulated object into
two rigid parts purely from motion. Our key assumption is
that within a short temporal window, the motion of each
part is well-approximated by an independent rigid trans-
form. Specifically, for a frame pair (¢,¢’) in the window and
a tracked pixel p with valid depth, we obtain the correspond-
ing 3D points X pand Xys ,,. We seek two rigid transforms
T2,, and T}, and a soft part weight w, , € [0, 1] per
point, where w; , ~ 1 and w; ;, ~ 0 denote the two differ-
ent parts. We initialize the part weight by clustering with
a feature map from DINOv3 [29], where the semantically
similar points are assigned the same part label.

ated Gaussian Splatting.

Part Solver. We process the RGB-D video V with a sliding
window of size n. For each window, assume ¢ = 0 for the
first frame of the window, AllTracker [6] provides pixel-
level 2D trajectories through n frames {up}icio,n—1] €
R?, where p € Z? is the pixel index of the tracked points
in the first frame of the window and u; ;, denotes its 2D po-
sition at the frame ¢ in the window. Then we lift them to
3D trajectories {X; ,} € R® with depth and camera intrin-
sics. With these trajectories, we further optimize the rigid
transform and part weight w, , for each part:

Linain = Z(l — Wyp)p (HTO_}tXOP XM)H)

» [Xop = Xipl| + e

||T01%tX0,P — Xt,p”
+ W pp ( HXO,p — Xt,p” Te ,

where p(-) is Huber loss and € is a small constant to avoid
division by zero.

Regularization. Jointly optimizing the transform and part
weight may fall into a sub-optimal solution. To this end, we
regularize w; , to be confident and spatially coherent. First,
an entropy penalty encourages near-binary assignments,

Leny = — Z {wt plogwiy + (1 —wyp)log(1 — wt’p)} '

Second, to prevent the model from fitting the unstable
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point tracking results, we build a feature-space neighbor
graph A/ (p) by sampling per-pixel image features at tracked
points and connecting radius-based neighbors with weights
Q- A smoothness term enforces local consistency,

£smooth = § E Qpq |wt,p - wt,q|'

P qeN(p)

Finally, we discourage part weights from being too different
from the initial weights wg , with BCE loss Linit,

Linit = Y BCE(wy p, wo,p) -
p

Our objective per window is
L= /\mﬁmain + )\sﬁsmooth + )\eﬁerlt + >\init£init-

Part Segmentation. We propagate the optimized part
weights {w; ,} across windows, fill the unobserved pixels
via feature-space [29] neighbors, and obtain the binary part
masks { M, M!}Y | by thresholding the part weights at
0.5. Refer to the supplementary materials for the details.

3.3. Joint Estimation

Part-level Reconstruction. With Z;, D; and { M} (0.1,
where ¢ and £ are the frame and part index, we leverage off-
the-shelf pose estimators [1, 36] to calibrate each frame’s
part-to-camera transformations {E¥} € SE(3) for each
part. We note that, though we have obtained T}*,,, in part
segmentation, solving the part-to-camera transformations
from all the pairs is not trivial [35], since the motion track-
ing labels {u;,} contain noise and outliers. In contrast,
off-the-shelf pose estimators are robust to sudden visual
changes while preserving multi-view consistency. With part
masks {M?*} and transformations {EF}, we reconstruct

each part G* . and optimize their poses with 3DGS [13].

ort
Pose Calibration. To unify the object-to-camera poses, we
calibrate the poses of two parts to a canonical coordinate
system by a rigid transform A* € SE(3), which is given as
the inverse of E} in the first frame. We choose the part with
the least average moving as the reference part (denoted as
part 0) and the other part as the relative moving part (de-
noted as part 1). After calibration, we obtain the canonical
Gaussians G¥ = G¥ . o A¥, transformation E*/ = E00 A°
of the reference part and E/*! = E}o A! of the relative part.
By aligning both parts, their trajectories share the same axes
in the first frame, and the relative transformation of E: ef
and E7* represents the combination of joint state and axes.
Joint Type Estimation. We estimate the kinematic joint
that explains the relative transformation between the two
reconstructed parts. From { £/} and { £/}, we obtain a
sequence of relative part poses {7} }}¥.; € SE(3) of one part
w.r.t. the other, and implement a light-weight solver that de-
termines the joint type and estimates joint parameters. We

decide the joint type by two cues: the overall rotation span
across frames and whether translations lie nearly on a single
line. A small span with strong linearity indicates a prismatic
joint; otherwise, we regard the joint as revolute.

Joint Axis Estimation. For a revolute joint, we solve the
closed-form rotation axis from pairwise relative rotations,
recover the per-frame angle by fitting pairwise angle differ-
ences with the first frame, and solve the pivot only on the
plane orthogonal to the axis to avoid degeneracy. For a pris-
matic joint, we recover the translation axis with PCA from
{T;}X¥_,, project each translation onto the axis to obtain the
displacement sequence, and keep a constant rotation.

Noise Resistance. The part poses estimated inevitably con-
tain noise from the off-the-shelf methods. To ensure robust-
ness, there are two key designs in joint estimation. First,
instead of directly estimating the joint from the absolute 7},
we solve the pairwise relative transform 7;_, ;1 1) between
neighboring frames. Second, we filter the outlier transforms
with a threshold of 20, where o is the standard deviation of
the translations of poses in 3D space. These choices make
the solver stable under small tracking errors and occasional
outlier frames, while remaining fast and light-weight.

3.4. End-to-end Optimization

Joint Formulation. Starting from an estimated joint on the
canonical poses detailed in 3.3, we perform an axis-aware
end-to-end optimization that jointly refines appearance, ge-
ometry, cameras, and articulation. Denoting I as the iden-
tity matrix, we parameterize the target part by either a rev-
olute joint with unit axis u, pivot o, and per-frame angle 6;,
or a prismatic joint with axis u and displacement d;:

T T(0;;u,0) = [R(u,@i) | (I — R(u,@,;))o},
"\ T(disu) = (1] dii).

Blended Rendering and Optimization. We apply the
rigid part transformations on the canonical Gaussians G, for
frame ¢, and then perform alpha-blend on the Gaussians ac-
cording to part weights w = {w;} € [0, 1] which represent
the the probability of each Gaussian belonging to both parts

gi = w(gc o I) U (1 - w)(g(' o \.71)
Finally, we render frame 7 with a differentiable renderer
Zi = R(Gi, Ki, E[Y)

where K; is the camera intrinsics.

Supervised with RGB, depth, and foreground masks, we op-
timize Gaussian parameters for both parts, camera poses,
part weights and articulation variables {u,o0,{6;}} or
{u,{d;}} together. The full objective is

Lp2E = 21 (‘Cigb + Adepth ‘Cfiepth + Amask ‘Cﬁnask)
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Table 1. Results and Ablation Studies on FreeArt-21. Metrics are reported as mean = std over all test videos. Lower () is better for the
joint and geometry metrics, higher (1) is better for the rendering metric. The best results are highlighted in bold.

Joint Type = Method Axis (deg)|  Position (cm)| State (deg/cm)| CD-w(cm)/ CD-m(cm)| CD-s(cm)] PSNR (dB)t
ArticulateAnything [16] 42.00+46.48 59.384+62.19 - - - - -
Video2Articulation [24] 20.00+28.81 16.31+28.78 27.37+19.06 2.29+3.40 10.74+16.35 1.874+1.59 -

Revolute Ours w/o Srpooth Loss 28.014+29.23 17.734+30.79 18.74+20.96 5.72+7.39 14.374+15.89 5.64+9.17 10.60+4.61
Ours w/o Init Loss 9.35+13.50 19.58+39.17 14.64+19.90 0.75+0.90 1.90+3.11 1.14+2.60 13.07+7.26
Ours w/o Noise Resistance 4.75+7.83 2.22+6.89 1.30+1.09 0.17+£0.15 0.48+0.79 1.10£2.72 22.65+3.13
Ours w/o Blended Rendering 1.7242.38 1.88+6.23 1.884+2.54 0.12+0.07 0.34+0.52 1.05+2.61 22.23+2.64
Ours 1.04+1.03 0.29+0.36 1.434+1.20 0.1440.13 0.28+0.36 0.97+2.69 24.02+3.15
ArticulateAnything [16] 45.00+49.30 - - - - - -
Video2Articulation [24] 18.47+22.83 - 13.98+21.47 1.514+2.23 8.41+14.57 5.31+15.37 -

Prismatic Ours w/o Srpooth Loss 26.97+23.75 - 46.91+58.06 8.21+11.16  11.82+11.37 10.16+13.62  12.63+6.46
Ours w/o Init Loss 28.72+£27.83 - 38.31+£38.81 22.34+50.18 23.73+44.37  21.62+45.33 13.861+4.48
Ours w/o Noise Resistance 11.90+26.93 - 16.78+38.86 0.87+1.02 5.85+13.24 0.90+1.50 20.18+3.36
Ours w/o Blended Rendering 2.04£3.01 - 0.974+0.39 0.4540.24 0.50+0.42 0.28+0.13 20.2442.64
Ours 1.85+2.75 0.90-+0.53 0.41+0.22 0.67+0.34 0.30+0.13 22.92+2.65

where free-moving videos are captured while the objects are held

igb = (1 - )\ssim) Ly (iZ7IL) + )\ssim Essim (I,',Ii)

K(iiepth = ‘f)l - D’L

fnask = |A1 - MZI

L1 and L, follow the definitions in [13]. This stage
tightly couples appearance with kinematics and corrects
small biases from the coarse joint, producing a high-fidelity
articulated 3DGS.

4. Experiments

4.1. Experimental Settings

Datasets. We evaluate the reconstruction performance of
our method on the following datasets:

(1) New Benchmark: FreeArt-21. As there is no exist-
ing benchmark for free-moving articulated object recon-
struction, to evaluate our method, we propose FreeArt-
21, a new benchmark containing 21 objects of 7 different
categories (5 revolute and 2 prismatic) from the PartNet-
Mobility dataset [42]. To simulate the free-moving setting,
we deploy a VR system that is widely used in augmented re-
ality and robotics, place the object in front of a fixed RGB-D
camera, and teleoperate the object. Please refer to the sup-
plementary materials for the details of our benchmark.

(2) Video2Articulation-S. Video2Articulation-S is a syn-
thetic dataset of two-part articulated objects proposed by
Video2Articulation [24]. It consists of 73 test videos across
11 categories of synthetic objects from the PartNet-Mobility
dataset, where each object has a static base part. Since a
static-base capture can be regarded as a special case of the
free-moving setting, our method is also compatible with it.
(3) Real-world Articulated Objects. = We evaluate our
method on six daily articulated objects, including five
revolute-joint objects and one prismatic-joint object. The

by hand. We fix an Orbbec Femto Bolt RGB-D camera, and
the object holder stands at a distance of 30-50cm from the
camera. We report both qualitative and quantitative results.

Evaluation Metrics. We report the following core metrics:
(1) Joint axis error (degree): both for revolute and pris-
matic joints, the angle between the predicted unit axis u and
ground truth uy,, (2) Joint position error (cm): only for rev-
olute joints, the Euclidean distance between predicted pivot
o and ground-truth pivot o4, (3) State (degree/cm): both
for revolute and prismatic joints, the absolute difference be-
tween the predicted joint state and the ground truth joint
state. (4) Chamfer Distance (cm): symmetric £ Chamfer
distance between reconstructed and ground-truth surfaces.
We report CD on the whole object (CD-w) and separately on
the moving part (CD-m) and the reference part (CD-s). All
distances are computed in the canonical state and reported
in centimeters. (5) PSNR: On our FreeArt-21 dataset, we
additionally report PSNR of novel views and joint states
measured inside the foreground mask.

Baselines. We choose Video2Articulation [24], Robot-See-
Robot-Do (RSRD) [14] and Articulate-Anything [16] as
our baseline methods. Articulate-Anything is a founda-
tion model-based method that predicts the whole URDF
from only a single image input. Since it also uses PartNet-
Mobility as the URDF template for retrieval, the domain
gap is reduced. For Articulate-Anything, we use the GPT-
40 [9] model as the vision-language model. Addition-
ally, we provide the ID of each case to the model, which
means the model only needs to predict the correct joint,
rather than jointly inferring both the object mesh and the
joint. RSRD first reconstructs the object with a smartphone
scan and recovers the part motion from a monocular video.
Since FreeArt-21 only contains free-moving object frames,
we only compare its performance on Video2Articulation-
S. Video2Articulation leverages the feed-forward point map
models to predict the dynamics. Although not the same as
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Figure 3. Qualitative Results on FreeArt-21. We visualize both the articulation and rendering results of our method. The red part and the

blue part are the identified parts by our method.

the free-moving scenario, it is the latest open-source state-
of-the-art method in the setting closest to ours.

4.2. Implementation Details

For all modules, we maintain a unified set of hyperparame-
ters across all datasets, avoiding per-case tuning.

Part segmentation. For the optimization process, we em-
ploy the Adam optimizer with a learning rate of le-4 for
the rigid transforms 7,,, and T}! ,,,, and le-2 for the part
weight w; ,. A sliding window of 8 frames is defined,
within which we optimize frame pairs anchored by the first
frame, specifically (0,) for ¢ € {1,2,...,7}. Each pair
undergoes 100 iterations of optimization. The loss weights
are: \,,, = 200, A\; = 10, A\;pnst = 5, and A\, = 0.01.

Joint estimation and end-to-end optimization. Our im-
plementation is based on NeRFStudio [31] and its default

parameters. During reconstruction, we optimize for 30000
iterations in both part-level reconstruction and end-to-end
optimization. In the stage of part-level reconstruction, we
choose Agepen = 1.0, Apyes = 0.01 while in the end-to-
end optimization, Agepen, = 1.0, Mgk = 1.0,

Hardware and time cost. We evaluate the running times of
our method and the two baselines on a workstation equipped
with an Intel 19-14900K CPU and an NVIDIA RTX 4090
GPU. Given an input RGB-D video with 100 frames and a
resolution of 640x 360, our method takes ~25 minutes, in-
cluding 6 minutes for part segmentation, 1 minute for joint
estimation, and 18 minutes for end-to-end optimization.

4.3. Results on FreeArt-21

As shown in Table 1, across all the 21 objects in the dataset,
our method achieves an average error of around 1 degree
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Table 2. Results on Video2Articulation-S Dataset. We report joint estimation results (top) and geometry reconstruction results (bottom).

The best results are in bold.

Joint Type Method Axis (deg)| Position (cm).. State (deg/cm)
Articulate-Anything [16] 46.98+45.27 81.00440.00 N/A
Revolute RSRD [15] 67.06+29.22 203.00+748.00 59.02434.38
Video2Articulation [24] 18.344+32.09 13.00425.00 14.324+26.35
Ours 1.77+2.87 1.31+1.81 3.69+6.60
Articulate-Anything [16] 52.71+44.69 - N/A
Prismatic RSRD [15] 69.911+24.07 - 70.00+48.00
Video2Articulation [24] 13.75+18.91 - 8.00+22.00
Ours 0.77+2.30 - 1.00+2.19
Task Method CD-w (cm)| CD-m (cm)] CD-s (cm)|
Articulate-Anything [16] 11.00+22.00 59.00+73.00 7.00£18.00
Geometry RSRD [15] 339.00+£2147.00 82.004+117.00 14.00+41.00
Reconstruction Video2Articulation [24] 1.00+£1.00 13.00+£26.00 6.00+19.00
Ours 1.8742.19 1.00+2.22 2.39+2.50

in axis angle and less than 1 cm in geometry, surpass-
ing all the baselines. FreeArtGS also achieves a plausi-
ble PSNR result, while the two baselines fail to recover
the precise visual textures. Since the rendering quality is
a synergy of pose estimation and visual reconstruction, in-
corporating a better pose estimation method may result in
a higher PSNR. Figure 3 presents qualitative results across
all categories. The visualization results demonstrate that
our method jointly achieves high fidelity in articulation, ge-
ometry, and rendering. On challenging thin objects such
as scissors, staplers, phones, and USBs, our method pre-
cisely reconstructs the geometry, consistent with Table 1.
This indicates the robustness of our part segmentation mod-
ule. Although using PartNet-Mobility as the asset library,
Articulate-Anything [16] often fails to predict the correct
part and joint axis, likely due to error accumulation in the
vision-language reasoning process. Video2Articulation also
performs poorly on our dataset, since Monst3R [48] fails to
predict the moving part in the free-moving scenario.

4.4. Results on Video2Articulation-S

As shown in Table 2, although under a similar yet dif-
ferent setting, our method also surpasses all baselines on
most metrics, consistent with the results on FreeArt-21.
RSRD performs worst on all metrics, due to its assump-
tion that the moving patterns of each part are unique, while
for articulated objects, their motions are related by the joint
transformation. Articulate-Anything also predicts incor-
rect assets in most cases, likely due to hallucination in the
vision-language model. Regarding Video2Articulation, it
should be noted that, even under its own setting, the perfor-
mance of Video2Articulation is still worse than our method.

Table 3. Quantitative Results on Real-world Objects. The rotation
and translation errors are clipped to 0.1° and 0.1 cm, respectively,
which correspond to the smallest annotation units.

Objects  Axis (deg)] Position (cm)] CD (cm)| PSNR (dB)t
Drawer 1.06 - 1.91 19.82
Bin 4.68 0.20 3.46 23.75
Case 0.10 0.10 1.89 22.77
Lid 8.92 0.40 3.36 22.39
Fan 1.53 1.30 1.78 21.95
Cabinet 0.10 3.30 2.53 23.71
Average 2.73 1.06 2.48 22.40

The main reason is that Video2Articulation depends on the
predictions from a pretrained feed-forward reconstruction
model, which is not robust due to the confidence threshold.
Instead, our method only uses the off-the-shelf models as
initialization and partial supervision. Combining the priors
with optimization is key to the performance gain.

4.5. Results on Real-world Articulated Objects

We further evaluate FreeArtGS on six real-world objects,
including a drawer, a trash bin, a case, a bottle lid, an
electric fan, and a cabinet. As shown in Figure 4 and Ta-
ble 3, our method can not only predict the correct joint type
and axis, but also reconstruct precise geometry and textures
across all six objects. During the data collection, some ar-
eas of the objects are inevitably occluded by human hands.
However, as can be seen in the figure, our method is robust
to this occlusion. There are two reasons. First, the regular-
ization term of the part segmentation module can resist im-
plausible part weights. Second, the end-to-end optimization
from RGB-D images corrects the outlier points. These re-
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Figure 4. Qualitative Results on Real-world Objects. Our method successfully reconstructs all the objects with correct joints, geometries,

and textures.

sults highlight the potential of Free ArtGS as a scalable dig-
ital twin reconstruction for real-world articulated objects.

4.6. Ablation Study

Settings. To verify the effectiveness of each component
in our method, we conduct four ablation studies on the
FreeArt-21 dataset. For part segmentation, we ablate both
the smoothness loss and the initialization regularization
term, denoted as w/o Smooth Loss and w/o Init Loss. To
validate the effectiveness of noise resistance in joint estima-
tion, we remove the outlier filtering and use absolute trans-
forms for initialization, denoted as w/o Noise Resistance.
For the blended rendering in end-to-end optimization, we
replace the blending with hard assignment, meaning that the
part weights remain fixed at 0 or 1 and will not be refined
during optimization, denoted as w/o Blended Rendering.

Results. The results of the ablation study are shown in Ta-
ble 1, from which we make the following observations: (1)
Smoothness over the neighbor graph and consistency with
the initialization are important for both joint and geome-
try in the ablation. This indicates that although the point
tracking model can find the correspondence between neigh-
boring frames, its instability may drive the part solver to-
ward suboptimal solutions. (2) Noise Resistance of joint
estimation prevents the joint from overfitting the outlier part
transforms, as can be seen from the sudden degradation of
the axis angles for both revolute and prismatic joints. (3)
Blended Rendering improves the visual rendering quality
by around 2 dB. For the few metrics in which removing this
module yields slightly better results, the difference in met-
rics is trivial (~1mm and ~0.1deg/cm). We include this

module since it improves rendering quality while maintain-
ing joint accuracy. This is consistent with its role in refining
part weights during end-to-end optimization.

5. Conclusion

In this paper, we propose FreeArtGS, a novel method for
reconstructing free-moving articulated objects from monoc-
ular RGB-D videos. Our method first segments the free-
moving parts by combining an optimization-based method
with point-tracking priors. Based on the estimated part seg-
ments and transformations, it then infers the joint type and
axis by fitting the relative motion between parts. Finally,
a 3DGS-based end-to-end optimization jointly refines the
joint parameters, geometry, and appearance. Experiments
demonstrate the robustness and effectiveness of our method
in both simulated and real-world settings. With the grow-
ing need to rapidly expand articulated digital twins for aug-
mented reality and robotics, our method provides a promis-
ing solution with fewer constraints and higher scalability.

Free ArtGS still has several limitations. First, our method
currently assumes a two-part articulated object; extending
it to multi-part structures by sequentially capturing mov-
ing parts remains an important direction. Second, rely-
ing on multiple off-the-shelf priors can lead to cascading
error accumulation. A potential solution lies in develop-
ing a unified feed-forward model to simultaneously predict
joints, poses, geometry, and textures. Third, our framework
requires monocular RGB-D input. While extending it to
RGB-only sequences by predicting continuous video depth
is a natural progression, it currently faces challenges regard-
ing depth accuracy. We leave these as future work.
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