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Fig. 1. Facing the scarcity of 3D articulated object datasets, we propose FreeArt3D, a novel training-free pipeline for generating 3D articulated objects without
requiring any specific dataset. We employ a per-shape optimization strategy by repurposing a pretrained 3D diffusion model—originally developed for static
object generation—as a 3D guidance prior. This enables the reconstruction of high-quality 3D articulated objects from sparse input views within minutes.
Unlike recent methods that rely on part retrieval or template meshes and often miss fine details and overlook texture, our approach strictly follows the input
prompts and produces high-quality results with faithful geometry, realistic textures, and accurate articulation structures.

Articulated 3D objects are central to many applications in robotics, AR/VR,
and animation. Recent approaches to modeling such objects either rely on
optimization-based reconstruction pipelines that require dense-view super-
vision or on feed-forward generative models that produce coarse geometric
approximations and often overlook surface texture. In contrast, open-world
3D generation of static objects has achieved remarkable success, especially
with the advent of native 3D diffusion models such as Trellis. However, ex-
tending these methods to articulated objects by training native 3D diffusion
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models poses significant challenges. In this work, we present FreeArt3D,
a training-free framework for articulated 3D object generation. Instead of
training a new model on limited articulated data, FreeArt3D repurposes a
pre-trained static 3D diffusion model (e.g., Trellis) as a powerful shape prior.
It extends Score Distillation Sampling (SDS) into the 3D-to-4D domain by
treating articulation as an additional generative dimension. Given a few
images captured in different articulation states, FreeArt3D jointly optimizes
the object’s geometry, texture, and articulation parameters—without requir-
ing task-specific training or access to large-scale articulated datasets. Our
method generates high-fidelity geometry and textures, accurately predicts
underlying kinematic structures, and generalizes well across diverse ob-
ject categories. Despite following a per-instance optimization paradigm,
FreeArt3D completes in minutes and significantly outperforms prior state-
of-the-art approaches in both quality and versatility. Code for this paper is
at https://github.com/CzzzzH/FreeArt3D.
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1 Introduction

Articulated 3D objects ranging from everyday items like glasses
and phones to larger assets such as appliances and furniture are
ubiquitous in our surroundings. Accurately capturing their geome-
try, appearance, and underlying kinematic structures is crucial for a
wide range of applications, including robotics, digital twins, AR/VR,
and animation pipelines.

Building on this need, recent e orts in articulated 3D generation
and reconstruction have followed two main directions. One line of
work [Liu et al. 2023d; Tseng et a2022; Wei et al2022] focuses on

optimization-based methods often leveraging NeRFs or 3D Gauss-

ian Splatting to recover ne-grained articulated geometry. While

into the 3D-to-4D domain by treating articulation as an additional
generative dimension.

Given a few images of an object captured at di erent articulation
states, FreeArt3D optimizes an articulated object representation
from scratch. This representation includes separate geometries for
the static body and the movable part, joint-related parameters (e.g.,
rotation axis and pivot point), and the joint state corresponding
to each input image. By transforming the component geometries
according to the estimated joint parameters and per-image joint
con gurations, we synthesize the 3D object in each articulation
state. These synthesized 3D models, paired with their corresponding
input images, are then fed into the 3D di usion model to compute

these techniques can produce decent results, they are computa-9uidance signals that drive the optimization of geometry and joint

tionally intensive, require dense multi-view supervision, limiting

their scalability. In parallel, several feed-forward models [Chen
et al 2024b; Le et aR024; Liu et al2024a] have been proposed
to directly reconstruct or generate articulated objects from more

representations. To ensure robust convergence and high-quality
textured mesh, we introduce carefully designed strategies for shape
normalization, initialization, and post-processing.

FreeArt3D enables high- delity articulated object generation

accessible inputs such as object categories, articulation graphs, or Without requiring task-speci c training or access to large-scale
even single-view images and text prompts. Although faster, many of articulated datasets. We compare FreeArt3D with recent state-of-
these models rely on coarse geometric approximations using bound- the-art models and show that our method signi cantly outperforms
ing boxes, prede ned templates, or small part retrieval databases. them by a large margin in terms of geometry, appearance, and
As a result, the reconstructed shapes often lack structural realism Kinematic structure metrics. FreeArt3D not only generates higher-

and ne detail, and many methods fail to model surface texture,
further diminishing visual delity.

In contrast, open-world 3D generation of static objects has seen
greater success. Early e orts leveraged 2D priors from pre-trained
di usion models either through score distillation techniques [Poole
et al. 2022] or by ne-tuning to enable multi-view synthesis [Liu
et al. 2023e] followed by the training of sparse-view reconstruc-
tion models [Liu et al 2023f]. More recently, several open-world
approaches [Xiang et a024; Zhang et aR024b] have emerged
that train native 3D di usion models directly in the 3D domain.
Notably, models like Trellis [Xiang et a2024] have demonstrated
that by adopting e ective 3D representations, carefully designing
3D architectures and algorithms, and scaling up training data, it is
possible to generate high-quality 3D geometry with realistic tex-
tures, while maintaining strong generalization across diverse object
categories.

Extending the success of static object generation to articulated
3D objects remains largely underexplored. A natural approach is
to train a native 3D di usion model tailored for articulated objects,
but two key challenges arise. First, articulated objects require a
representation that jointly captures multi-part geometry and kine-
matic structure. Second, existing datasets [Xiang e8lR0] are
limited typically containing only a few thousand shapes several
orders of magnitude smaller than those for static objects, making it
di cult to train di usion models e ectively.

quality geometry and textures that better adhere to user input but
also predicts more accurate articulated structures. Moreover, unlike
previous methods that are limited to a small set of prede ned cat-
egories, our approach demonstrates stronger generalizability and
performs well across a wide range of object types, as shown in
Figure 1. Although our method adopts a per-shape optimization
paradigm, it completes within a reasonable time typically just a
few minutes. We also demonstrate that our method can be easily ex-
tended to support multiple joints and achieves robust performance
on real-world captured images.

2 Related Work

2.1 Understanding, Reconstruction, and Generation of 3D
Articulated Objects

Prior research has extensively investigated the understanding of
articulated objects, focusing on tasks such as detecting movable
parts from a single image [Jiang et.&022b; Sun et aR023] or
from video sequences [Qian et.&022]. A substantial body of work
targets joint parameter estimation such as joint axes, pivot points,
and articulation angles given various forms of input, including
point clouds [Fu et al2024; Jiang et aR022a; Li et al2020; Liu

et al. 2023a; Wang et a019; Xu et al2022; Yan et a2020], RGB-D
images [Abbatematteo et a82019; Che et aP024; Hu et al2017;
Jain et al2022a, 2021; Liu et.&1022], video [Liu et al2020], or

To address these challenges, we introduce FreeArt3D, a training- 4D dynamic point clouds [Liu et a023b]. Beyond static analysis,

free framework for articulated 3D object generation from sparse in-
put views. Rather than training a new model from scratch, FreeArt3D
leverages a pre-trained 3D di usion model such as Trellis originally

active perception methods have been proposed to facilitate more
accurate estimation [Yan et a2023; Zeng et aR024]. Recently,
vision-language models (VLMs) have also been netuned for joint

trained on static objects, as a general 3D shape prior. It extends the €stimation tasks [Huang et a2024]. Several methods address tem-

concept of Score Distillation Sampling (SDS), which was originally
developed for guiding 3D generation using 2D di usion models,
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poral modeling of articulated objects, such as tracking and pose

estimation over time [Heppert et al. 2022; Weng et al. 2021].
Beyond understanding, numerous methods aim to reconstruct

or generate articulated objects. A popular approach is per-instance



optimization using Neural Radiance Fields (NeRF) [Deng €2G24;

Liu et al 2023d; Mu et a021; Song et a2024; Swaminathan et.al
2024; Tseng et a2022; Wang et aP024b; Weng et a024; Wu et al
2022] or 3D Gaussian Splatting [Wu et 2025]. While e ective in
capturing object-speci ¢ geometry and appearance, they are typi-
cally slow to optimize and rely on densely sampled, posed images
across multiple articulation states conditions that are challenging
to satisfy in real-world scenarios, thus limiting their scalability.

To improve scalability, recent works explore feedforward ap-
proaches for articulated object reconstruction and generation from
object categories, articulation graphs [Liu et 2024c], single im-
ages [Chen et aR024b; Dai et aP024; Kawana and Harada 2023;
Liu et al 2024a], multi-view images [Gadi Patil et. &023; Hep-
pert et al 2023; Mandi et aP024; Zhang et aR021], text [Su et al
2024], or static 3D mesh [Qiu et.&#025]. These models leverage
di usion models [Gao et al2024; Lei et aR023; Luo et aR024],
vision-language models [Le et.&024], or large-scale reconstruction
frameworks [Gao et al2025]. However, they often simplify object
geometry using coarse approximations such as bounding boxes,
template parts, or retrieval from small databases, which limits their
ability to capture ne-grained and realistic shape details. Moreover,
most of these methods focus solely on geometry, neglecting the re-
construction of accurate textures, which reduces the visual delity
and realism of the results.

2.2 Optimization-Based 3D and 4D Generation

Early open-world 3D generation methods rely on per-shape opti-
mization, iteratively re ning 3D representations to match input
text or images using supervision from pre-trained 2D models (e.g.,
CLIP [Radford et aR021], Stable Di usion [Rombach et &022]) via

di erentiable rendering. DreamFusion [Poole et 2022] pioneered
this direction with Score Distillation Sampling (SDS), which distills
denoising gradients from di usion models. Despite their exibility,
these methods [Chen et &023; Jain et aP022b; Lin et al2023;
Sanghi et al2022; Wang et aR023a,b] often su er from multi-view
inconsistency (e.g., the Janus problem) and slow convergence.
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synthesize 3D representations without iterative optimization. These
methods generally fall into two main paradigms. The 2D-lifting-
to-3D paradigm either trains models to reconstruct 3D shapes di-
rectly from single image inputs [Hong et a2023; Tochilkin et al
2024; Zou et aR024] or adopts a two-stage approach: rst gener-
ating multi-view images using 2D priors [Liu et a2023e,c; Long

et al 2024; Shi et ak023a,b], followed by feed-forward 3D recon-
struction from sparse views [Li et aR023; Liu et al2024b, 2023f,
2024d; Tang et aP024; Wang et aRk024a; Wei et aR024; Wu et al
2024b; Xu et aR024]. More recently, the 3D-native generation para-
digm pioneered by models [Wu et al2024a] such as CLAY [Zhang
et al. 2024b], Trellis [Xiang et a024], and Hunyuan3D [Zhao et.al
2025] directly models 3D geometry using generative techniques,
often through a two-step process of geometry synthesis followed
by texture generation. Enabled by large-scale datasets and advances
in 3D representations, VAEs, di usion models, and autoregressive
methods [Chen et al2024a; Siddiqui et aR024], this paradigm
achieves more accurate geometry and higher-quality textures.

Method
3.1 Overview

We propose FreeArt3D, a training-free framework for articulated 3D
object generation that formulates the problem as an optimization
task per object instance, as shown in Figure 2. Instead of training a
feedforward model, we leverage the prior of a pre-trained 3D dif-
fusion model (e.g., Trellis [Xiang et.&024]), originally developed
for static object generation, to supervise the optimization of artic-
ulated shapes. Given a sparse set ohput RGB imagesl. g_;

of an articulated object captured under varying articulation states
f\. g_, , our goal is to reconstruct high- delity textured meshes of
the object along with its underlying joint structure.

For simplicity, we consider objects with a single joint, and de-
compose the object into two components: a static body with tex-
tured meshM poqy, and a movable part with textured mesd¥ part.
FreeArt3D takes the joint type as input and jointly optimizes these

Recentworks extend SDS-based optimization to 4D generation [Balgeometries along with the joint parameteis, which vary depend-

mani et al 2024; Jiang et a2023; Li et al2024; Ren et a2023; Singer

et al 2023; Sun et aR024; Zhang et aR024a; Zhao et a023], en-
abling dynamic scene synthesis by jointly optimizing spatial and
motion parameters (e.g., deformation elds) without explicit motion
supervision. These methods leverage text-to-image or text-to-video
di usion models and apply losses across time steps or camera views
to ensure both appearance and motion consistency.

While prior work focuses on general dynamic objects, such as
character animations, we target articulated object reconstruction,
which involves rigid part-based motion and requires disentangled
geometry and articulation. Instead of relying on 2D or video di u-
sion models often prone to 3D inconsistencies we utilize static 3D
di usion priors [Xiang et al. 2024] to guide full-shape generation,
signi cantly improving consistency across views and poses.

2.3 Feed-Forward 3D Static Object Generation
Feed-forward 3D generation methods have recently gained promi-
nence, o ering signi cant improvements in speed and quality by
learning from large 3D datasets [Deitke et 2023a,b] to directly

ing on the joint type. For revolute joints] includes a unit rotation
axis vector a2 R® and a pivot point p2 R2 on the axis. The joint
state\. 2 Rthen denotes the rotation angle (in radians) around a.
For prismatic joints,) includes only the translation axis & R3. The
joint state\. 2 Rthen denotes the translation magnitude along a. If
the joint states\. are not available, we additionally optimize them
jointly with other variables as part of the reconstruction process.

During each optimization iteration, FreeArt3D samples an input
image | and transforms the movable part according to the corre-
sponding joint statd . , combining it with the static body to form
an articulated mesh. These image-mesh pairs are then passed to a
frozen 3D di usion model, which provides gradient signals to guide
the optimization of both geometry and joint parameters.

In Section 3.2, we introduce Trellis a pre-trained 3D di usion
model originally developed for static object generation which
serves as the supervisory signal in our framework. Section 3.3 out-
lines our optimization pipeline for coarse geometry (in occupancy
space), joint parameterd , and articulation state$. . To ensure
convergence, Section 3.4 presents our strategies for normalizing
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