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Figure 1. We propose ArtLLM, a novel framework capable of rapidly generating articulation assets from images or text. By using a
3D LLM to jointly predict part layouts and joints, and integrating state-of-the-art part generation methods, our approach can produce
high-quality, physically grounded articulation assets.

Abstract

Creating interactive digital environments for gaming,
robotics, and simulation relies on articulated 3D objects
whose functionality emerges from their part geometry and
kinematic structure. However, existing approaches remain
fundamentally limited: optimization-based reconstruction
methods require slow, per-object joint fitting and typically
handle only simple, single-joint objects, while retrieval-
based methods assemble parts from a fixed library, lead-
ing to repetitive geometry and poor generalization. To
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address these challenges, we introduce ArtLLM, a novel
framework for generating high-quality articulated assets di-
rectly from complete 3D meshes. At its core is a 3D multi-
modal large language model trained on a large-scale ar-
ticulation dataset curated from both existing articulation
datasets and procedurally generated objects. Unlike prior
work, ArtLLM autoregressively predicts a variable num-
ber of parts and joints, inferring their kinematic structure
in a unified manner from the object’s point cloud. This
articulation-aware layout then conditions a 3D generative
model to synthesize high-fidelity part geometries. Experi-
ments on the PartNet-Mobility dataset show that ArtLLM
significantly outperforms state-of-the-art methods in both
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part layout accuracy and joint prediction, while generaliz-
ing robustly to real-world objects. Finally, we demonstrate
its utility in constructing digital twins, highlighting its po-
tential for scalable robot learning.

1. Introduction
The creation of interactive digital worlds for gaming,
robotics, and simulation fundamentally relies on assets that
can be manipulated and animated. These articulated ob-
jects, from doors and drawers to complex machinery, derive
their functionality from their underlying part-based geome-
try and kinematic structures. Generating articulated assets
automatically is essential for scaling up content creation,
enabling realistic robot training in simulation [47], and en-
riching the interactivity of virtual environments.

Recent efforts in articulated object generation have pri-
marily followed two distinct paradigms. One line of
work [25, 29, 30, 39] focuses on optimization-based re-
construction from multi-view images or videos, leveraging
neural representations like NeRF [36] or 3DGS [14] to es-
timate joint parameters and geometry. However, these ap-
proaches are often hampered by slow, per-object optimiza-
tion, tend to produce low-fidelity geometry, and are typi-
cally constrained to simple objects with only a single joint.
Other approaches [26, 27] train feedforward networks on
existing datasets to directly predict part layouts and joint pa-
rameters. While offering fast inference, these methods are
usually constrained to retrieving parts from a fixed, prede-
fined database, which severely limits their ability to produce
novel shapes and results in geometrically repetitive assets.

While generating high-quality articulated objects re-
mains difficult, general 3D object generation [55, 66] has
seen immense progress, enabling high-fidelity synthesis
from various inputs. Recent extensions support part-level
generation [23, 46, 59, 62]. Yet, a fundamental limitation
persists: a disconnect between geometry and motion. These
models are unaware of the underlying kinematic structures
that dictate how parts should move, leading to a potential
mismatch between a part’s visual semantics and its intended
mechanical role. It clearly indicates that a unified approach,
capable of jointly reasoning over geometry and articulation,
is required.

To this end, we present a framework that generates ar-
ticulated assets by first predicting their geometric layouts
as well as kinematic structures and then synthesizing their
geometry. The centerpiece is a 3D articulation language
model (ArtLLM), which autoregressively outputs a tok-
enized blueprint of the object’s part layout and kinematic
relationships, given an input point cloud. This blueprint
then guides a part-aware generative model to synthesize
high-fidelity geometries, overcoming the reliance on fixed
databases. Furthermore, we introduce a post-processing

step to optimize the predicted joint limit, so that the result-
ing articulation is physically plausible and collision-free.
Trained on a large, curated dataset of articulated objects,
ArtLLM offers a scalable and effective solution that avoids
the slow optimization of reconstruction methods and the ge-
ometric limitations of retrieval-based approaches.

We evaluate our method on the PartNet-Mobility [54]
dataset and compare it with state-of-the-art approaches.
Our model achieves superior performance in predicting part
placement, joint accuracy, and kinematic relationship mod-
eling. Unlike retrieval-based methods, it generates accurate
and novel part geometries and generalizes well to real-world
images, effectively reconstructing articulated assets and en-
abling realistic digital twins, which highlight its potential to
bridge perception and generation for scalable robot learn-
ing.

2. Related Work
3D Generation Early approaches leveraged 2D founda-
tion models for 3D generation, including techniques based
on SDS optimization [40] and multi-view image synthe-
sis [28, 31, 43]. Later, LRM series [8, 45, 57, 67], intro-
duced a feed-forward paradigm to achieve fast 3d genera-
tion. However, their representation is not inherently 3D,
which constrained the generation fidelity. More recently,
3DShape2VecSet [66] and Trellis [55] respectively intro-
duced native 3D generation representations based on point
and voxel, laying the foundation for native 3D generative
models. Several works such as [15, 18–20, 68] have fur-
ther advanced high-quality 3D generation with DiT [38].
Building upon these 3D foundation models, many studies
have explored downstream 3D generation tasks, including
part-level generation [6, 59, 61, 62, 69], scene-level genera-
tion [10, 63], diverse condition control generation [11, 58],
editable generation [65]. Collectively, these advancements
enable flexible and expressive 3D generation across diverse
conditions, establishing robust 3D foundation models that
benefit multiple application domains.
3D Large Language Models Inspired by the success of
VLMs [1, 24], enabling LLMs to understand 3D content
has become an urgent and important research direction. Re-
cent works [9, 41, 56] have pioneered the direct integration
of 3D representations into language models, enabling na-
tive 3D reasoning. Beyond conversational understanding,
subsequent studies have broadened the capabilities of 3D
LLMs to tasks such as 3D generation [48, 51, 64], scene
grounding [35]. Collectively, these works demonstrate the
practical value and strong potential of 3D LLMs in advanc-
ing multimodal understanding and generation tasks.
Articulation Assets Generation Rapidly generating artic-
ulated object assets from images or text is crucial for build-
ing digital twins and advancing robotic simulation. Early
efforts [2, 7, 12, 13, 37, 50, 54] relied on manual annota-
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Figure 2. Architecture Overview. Given an input point cloud, ArtLLM first predicts a tokenized articulation blueprint that specifies
part layouts and kinematic structures. This blueprint then conditions a part-aware generative model to synthesize high-fidelity link
geometries, followed by a physics-based joint-limit correction module refines the articulation, producing simulation-ready articulated
assets.

tion to construct large-scale part-level and articulated ob-
ject datasets, laying the foundation for this field. Recent
methods [25, 29, 30, 39] employ per-object optimization to
reconstruct articulated objects. However, these approaches
suffer from low optimization speed, dependence on dense
multi-view or video inputs, and limited scalability. Other
approaches [5, 16, 22, 26, 27, 52] generate articulated ob-
jects by retrieving existing parts from pre-built libraries,
which restricts geometric novelty. To enable novel geom-
etry generation, some studies [17, 44] perform surface re-
construction from generated SDFs, but the results often
lack quality. With the emergence of 3D foundation models,
methods such as [3, 4, 32] have achieved articulated ob-
ject generation, though they are typically limited to single-
joint structures. Additionally, some works [21, 34] lever-
age the strong reasoning ability of LLMs for articulated
object modeling. Yet, they directly predict float parame-
ters and are trained on limited data, leading to poor gen-
eralization. Their reliance on point cloud based mesh re-
construction further constrains output quality. In contrast,
our approach trains a 3D LLM with a well-designed tem-
plate and data quantization strategy, enabling accurate pre-
diction of part layouts and joint parameters. Combined
with state-of-the-art part generation models, our method
produces high-quality articulated objects with high-fidelity
geometric structures.

3. Method
This section introduces our framework for generating artic-
ulated assets from point clouds. First, our novel 3D articu-
lation language model (ArtLLM) autoregressively predicts
the object’s kinematic structure, outputting a tokenized rep-

resentation (Sec.3.1). This model is trained on a large-scale,
diverse collection of articulated data (Sec.3.2). Next, the
previously predicted structural blueprint conditions a part-
aware generative model to synthesize high-fidelity, coherent
part geometries (Sec.3.3). Finally, a joint-range optimiza-
tion step ensures the resulting asset is physically plausible
and collision-free (Sec. 3.4). See Figure 2 for the overall
pipeline.

3.1. 3D Articulation Language Model (ArtLLM)

Kinematic structures of articulated objects are often spec-
ified in the Unified Robotics Description Format (URDF),
which utilizes an XML schema. Thus, we reformulate 3D
articulation understanding as a language modeling problem
to leverage the powerful reasoning and sequence modeling
capabilities of Large Language Models (LLMs). We rep-
resent an object’s entire kinematic structure—including its
constituent parts, their layout, and joint parameters—as a
unified sequence of discrete tokens. The autoregressive ap-
proach naturally accommodates objects with varying num-
bers and types of parts, while also allowing us to leverage
the rich semantic and structural priors learned by the LLM.
Furthermore, this token-based representation is inherently
flexible and easily extensible.
Input Representation Our model operates on a point cloud
representation, allowing it to flexibly handle various input
modalities. For text or image inputs, we first leverage off-
the-shelf generative models (e.g., Hunyuan3D 2.5 [15], Tri-
poSG [20]) to produce an initial 3D mesh. For mesh inputs,
whether generated or provided directly, we uniformly sam-
ple 32,768 surface points with their corresponding normals.
To ensure the consistency of normals, we pre-process the
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mesh to be watertight before sampling.
Bridging 3D Geometry and Language To bridge the
modality gap between the input point cloud and our LLM,
we employ an encoder-projector architecture inspired by the
success of vision-language models [1, 24] as well as 3D-
language modeling [35, 41, 56]. We choose Point Trans-
former v3 [53] as our point cloud encoder due to its pow-
erful yet efficient design. Following SpatialLM [35], we
augment the final layer’s features with position embeddings
to preserve crucial spatial information. These augmented
features are then projected by a simple two-layer MLP for
modality alignment. The Qwen3 [60] 0.6B model is used as
our language model backbone.
Generating Articulation as Languages We formulate the
articulated structure of an object as a language sequence
composed of part and joint definitions. We design a con-
cise yet informative text template to regularize outputs.

Each part is assigned with an id and parameterized by its
3D axis-aligned bounding box (AABB):

bbox id = BBox(xmin, ymin, zmin, xmax, ymax, zmax), (1)

Similarly, kinematic joints are defined using a structured
format that encodes their type, connectivity, and parame-
ters. We support four primitive types, including Revolute,
Continuous, Prismatic, and Screw. For example, a revolute
joint is written as:

joint id = RevoluteJoint(parent, child, dir, pos, limit), (2)

where parent and child link are integer IDs of the con-
nected parts; dir and pos are 3D vectors defining the joint’s
rotation axis and origin; and limit is a tuple specifying the
motion range.

The model is designed to autoregressively generate the
full sequence, by first predicting all part bounding boxes,
followed by a separator token, and then all joint definitions.
This ordering ensures that joint prediction is conditioned on
the complete part layout, improving structural coherence.
Quantized Predictions While structured templates sim-
plify the generation task, LLMs are fundamentally designed
to predict tokens from a discrete vocabulary, making direct
regression of continuous values prone to numerical insta-
bility. To address this, we convert all continuous geometric
and kinematic parameters into a discrete, token-based rep-
resentation through quantization. This approach allows us
to frame the entire articulation prediction problem within a
robust language modeling paradigm.

For each part’s bounding box, we quantize its coordinate
from a normalized range of [−1, 1] into discrete 128 bins
per axis:

ĉmin =
⌊
(cmin+1)

2 × 128
⌋
, ĉmax =

⌈
(cmax+1)

2 × 128
⌉
, (3)

where c represents a original continuous coordinate value
and ĉ is its its corresponding quantized bin index.

We apply a similar discretization to joint parameters.
The joint origin is quantized into 128 bins per axis, iden-
tical to the bounding box coordinates. For joint limits, we
discretize rotational angles into 48 bins over [−2π, 2π] and
translational distances into 64 bins over [−2, 2]. For the
joint axis, we create a discrete 128-entry codebook. Mo-
tivated by the observation that most joint axes align with
the coordinate axes, our codebook is constructed hierarchi-
cally. We first sample points uniformly from the unit circles
on the XY, YZ, and XZ planes. Then, additional points are
obtained via Farthest Point Sampling (FPS) on a Fibonacci
sphere. Each point on the unit sphere corresponds to a ro-
tation axis. This codebook design provides dense coverage
for axis-aligned directions while maintaining the flexibility
to represent other orientations.

Multi-Task and Multi-Stage SFT To effectively train our
model, we draw inspiration from multi-task learning [42],
which improves performance by leveraging shared repre-
sentations with related auxiliary tasks. The articulation pre-
diction naturally decomposes into two core sub-problems:
identifying the geometric layout of its parts and inferring
the kinematic relationships (joints) between them. We de-
fine three supervised fine-tuning (SFT) tasks:

1. Part Layout Prediction: Predicts only the part bound-
ing boxes from the point cloud.

2. Kinematic Prediction: Predicts the joints, conditioned
on both the point cloud and the ground-truth part layout.

3. End-to-End Articulation Prediction: Predicts both
parts and joints from the input point cloud.

Furthermore, we propose a progressive, two-stage train-
ing strategy that effectively integrates multi-task learning.
The first stage is to establish a robust geometric founda-
tion for our 3D encoder, and we train model only on the
Task 1 (Part layout prediction). In addition, we initialize the
point encoder with weights from P3SAM [33], a model pre-
trained on large-scale part segmentation. This stage pro-
vides our encoder with a strong prior for identifying part-
level geometry. In the second stage, we initialize the point
encoder and projector with the weights from the first stage.
We then perform SFT on model using all three tasks. This
refines the model’s understanding by training it to focus on
kinematic reasoning.

This multi-task, multi-stage training strategy is crucial
as we verify in ablation studies (Sec. 4.4). By first ground-
ing the 3D encoder on part-centric feature learning, we es-
tablish a high-quality weight initialization that significantly
stabilizes the subsequent, more complex multi-task SFT. It
effectively decouples geometric understanding from kine-
matic reasoning during initial training, enabling the model
to learn their intricate relationship more robustly.
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Table 1. Statistics of our curated dataset for ArtLLM training.

Dataset Source #Objects #Categories

PartNet-Mobility [54] 2168 43
PhysX3D [2] 7672 23
Infinite-Mobility [22] 10833 13

Total 20673 43

3.2. Training Corpus for ArtLLM
To training ArtLLM, we construct a new large-scale dataset
by aggregating and refining existing articulation datasets
as well as procedurally generated data. Our dataset
comprises objects from established benchmarks: PartNet-
Mobility [54] and PhysX3D [2]. To enhance scale and di-
versity, we supplement these with 12k synthetic assets gen-
erated via the procedural method of Infinite-Mobility [22].

We then perform data preprocessing on the collected raw
articulation assets, including:
• Filtering: We remove objects with more than 20 joints

and exclude categories containing excessively small parts
(e.g., keyboard, remote). Small components, such as but-
tons, are also filtered according to part volume thresholds.

• Structure Simplification: All fixed joints are removed, and
their connected links are merged. For screw joints, which
are usually represented as a combination of revolute and
prismatic joints in URDF files, we merge them into a sin-
gle screw joint to reduce prediction complexity.

• Normalization: All joint parameters are transformed into
the global coordinate frame, and normalized to the range
[−0.9, 0.9] together with geometry.

• Normal Correction: For models in PartNet-Mobility [54]
with incorrect surface normals, we apply watertight re-
construction to obtain accurate surface normals.
This pipeline yields a dataset of 20,673 articulated ob-

jects across 43 categories. Table 1 shows its statistics.

3.3. Part-Aware Geometry Synthesis
Our framework generates a structural blueprint—a layout
of part bounding boxes—that can be seamlessly integrated
with recent part-based generative models. Methods like
OmniPart [62] and XPart [59] are particularly well-suited,
as they can condition geometry synthesis on bounding box
inputs. For this work, we adopt XPart as our geometry gen-
eration backbone.

However, when predicted bounding boxes do not per-
fectly encompass the ground-truth part geometry, gener-
ated parts might be truncated or incomplete. To mitigate
this, we introduce a robust bounding box expansion step
that ensures complete geometric coverage. First, we iter-
ate through every point in the input object’s point cloud.
Any point not contained within any predicted bounding box
is assigned to its nearest box based on Euclidean distance.

Figure 3. Physical limit calcualtion. Illustration for our physical
based limit correction process.

Subsequently, each bounding box is expanded just enough
to tightly enclose all points newly assigned to it. This sim-
ple yet effective mechanism guarantees that the entire ob-
ject point cloud is covered, preventing geometric artifacts
and ensuring the fidelity of the final generated parts.

3.4. Physically-Constrained Joint Limit Correction
When predicting joint limits, the model relies solely on the
geometric state at a single timestep, which limits its abil-
ity to perceive dynamic motion. This can lead to inter-part
collisions during articulation, thereby compromising phys-
ical realism. To address this issue, we introduce a post-
processing correction step that refines joint limits based on
collision detection.

Our method is illustrated in Figure 3. For a given rev-
olute joint, we articulate its child part through its initially
predicted range and compute the collision volume against
all other static parts at discrete steps. Significant collisions
manifest as sharp spikes in the derivative of this collision
volume with respect to the joint angle. We first identify
a coarse angular window containing a spike and then per-
form a hierarchical search within this window to pinpoint
the precise angle of initial contact. This angle is then set as
the refined, collision-free joint limit. A similar procedure is
applied to prismatic joints based on translational distance.

By incorporating this physics-based refinement, we ef-
fectively prevent self-collisions. This enhances the stability
and realism of the asset in physical simulations, making it
more reliable for downstream applications like robotic ma-
nipulation.

4. Experiments
In this section, we compare our approach with the cur-
rent state-of-the-art articulation object generation methods
to demonstrate its superior performance. We also conduct
ablation studies on the designed modules to validate the
soundness of our design. Finally, we further verify the prac-
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Figure 4. Qualitative Comparison. Baseline methods rely on retrieving parts from a fixed asset library, hence often fail to recover
accurate geometry and frequently generate incorrect articulations with mismatched joint types or misaligned joint positions. In contrast,
our approach produces geometry that closely matches the input and recovers correct, coherent articulations.

ticality of our method in real robotic scenarios.

4.1. Evaluation Dataset
We adopt the PartNet-Mobility [54] dataset for evaluation.
Following the data split proposed in SINGAPO [26], we se-
lect 7 categories (Storage, Table, Refrigerator, Dishwasher,
Oven, Washer, and Microwave), comprising a total of 77
objects, as our test set. These objects are held out during
training. In addition, we adopt several real-world images,
including objects outside these seven categories, to further
assess the model’s generalization ability.

4.2. Evaluation Metrics
For the model’s predicted results and the ground-truth data,
we first perform scale and offset alignment of the objects,
along with coordinate conversion (e.g., from z-up to y-up).
Next, similar to [26], we apply the Hungarian matching al-
gorithm to match parts based on the distances between their
centers. Finally, using the established part correspondences,
we can derive the matching relationships for the joints.

To thoroughly evaluate the model’s capability, we adopt
multiple metrics for part prediction and articulation predic-
tion. For part layout, we compute the mIoU between parts.
For articulation prediction, we first compute the joint type

accuracy, then follow FreeArt3D [3] to adopt angle and
minimum distance betwe axis to evaluate the axis predic-
tion. Finally, we evaluate the accuracy of limit prediction
by computing the IoU of the predicted limit ranges. We also
evaluate the kinematic hierarchy by constructing a directed
graph from links and joints, and computing graph accuracy.

4.3. Comparisons

Comparison Methods We conduct a comprehensive
comparison between our method and recent state-of-the-
art baselines, including URDFormer [5], Singapo [26], and
Articulate-Anything [16]. Since URDFormer is trained
only on five categories, we restrict our evaluation to these
categories and explicitly denote this setting in the table. Be-
sides, both Singapo and URDFormer treat handles as sep-
arate parts and connect them to parent components using
fixed joints. For a consistent evaluation protocol, we re-
move these fixed joints and merge the corresponding child
and parent links. For Articulate-Anything, we evaluate the
model with the GPT-4o API. To ensure fairness, we also re-
move the ground-truth object parts from the retrieval library
to ensure fairness. As for our method, we adopt Hunyuan3D
3.0 to generate accurate geometry from the input image, and
sample surface points as the input of our pipeline.
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Table 2. Quantitative Comparison. We evaluate all methods on the seven categories of the PartNet-Mobility dataset (splitted by SIN-
GAPO [26]). Metrics are computed per category, and the final score is obtained by an average over all seven categories. * denotes retraining
on our dataset. Our method attains high performance, highlighting its strong ability to recover accurate articulated structures.

Method mIoU CD Type Acc Joint-Axis-Err Joint-Pivot-Err Joint-Range-IoU Graph Acc Time(s)

Ours 0.6884 0.028 0.9084 0.1271 0.0801 0.7398 0.7741 19

ArtAny 0.3381 0.072 0.8457 0.4529 0.5361 0.8653 0.6142 522

Singapo 0.4330 0.044 0.7649 0.2445 0.2567 0.5256 0.4564 84

Singapo* 0.4705 0.048 0.9065 0.2463 0.1465 0.6184 0.6851 84

urdformer 0.1225 0.249 0.6068 0.7377 0.6095 0.7032 0.0791 183

Results As shown in Fig 4, our method is able to gener-
ate articulated objects whose shapes closely match the in-
put images. In contrast, URDFormer [5] relies on a fixed
assumption that objects consist of an external frame and
internal components, which leads to results that differ sig-
nificantly from the ground truth appearance. Moreover, it
fails to accurately predict the number of articulated parts
and their rotation directions, resulting in very limited artic-
ulation structures. Although Articulate Anything [16] and
SINGAPO [26] can retrieve nearly identical geometry from
their part databases, both methods exhibit clear limitations
in joint prediction: Articulate Anything often misidentifies
the axis direction, producing incorrect motion types, while
SINGAPO frequently predicts inaccurate part scales and
axis positions, causing the retrieved parts to be misaligned
or poorly sized. On real-world examples, URDFormer still
produces highly limited results. Articulate Anything can
reconstruct almost identical geometry, but continues to suf-
fer from substantial errors in axis localization. SINGAPO
fails to retrieve accurate geometry and often misses essen-
tial parts.

Quantitative results in Table 2 show that our method
achieves a clear advantage over existing approaches in part
layout prediction, joint accuracy, and hierarchical struc-
ture modeling. Although Articulate Anything performs
well with rule-based limit prediction, it suffers from large
axis-position errors. SINGAPO achieves reasonable perfor-
mance on limit prediction but is fundamentally constrained
by its small training category set. After retraining the
SINGAPO model, all metrics showed significant improve-
ment, but a noticeable gap remains compared to our method,
demonstrating the effectiveness of our model architecture.
Furthermore, we report the inference time of each method,
demonstrating that our method is also significantly faster,
providing an efficient and scalable pipeline for generating
articulated assets for large-scale simulation environments.

4.4. Ablation
We further conducted ablation studies to demonstrate the
effectiveness of our proposed components. Due to the large
computation cost, we train the model only on the PartNet-

Table 3. Quantitative Ablation. Ablation experiments evaluat-
ing the impact of our key components.

IoU TA JAE JPE JRI GA

Full 0.473 0.898 0.141 0.135 0.582 0.780

A 0.352 0.823 0.277 0.235 0.575 0.775

B 0.464 0.825 0.289 0.131 0.510 0.737

C 0.412 0.894 0.142 0.138 0.577 0.754

D 0.463 0.890 0.143 0.175 0.511 0.780

Mobility [54] training set for 30 epochs for each ablation
variant. To more comprehensively evaluate the model’s ca-
pability, we additionally select 2 objects in each category
of PartNet-Mobility based on the split of SINGAPO [26],
totaling 144 objects.

In Experiment A, directly predicting continuous part lay-
outs and articulation parameters significantly weakens the
model’s ability to infer coordinate and direction-related at-
tributes, highlighting the difficulty of auto-regressive con-
tinuous prediction. In Experiment B, removing the multi-
task setup slightly improves axis-direction prediction but
degrades all other metrics, indicating that multi-task learn-
ing with varied difficulty reinforces part and articulation un-
derstanding. In Experiment C, eliminating random scaling
and rotation leads to lower part-IoU performance, show-
ing that 3D augmentation enhances spatial perception of
part position and scale. In Experiment D, removing the
multi-stage training and using P3SAM [33] initialized point
encoders lowers both part and joint prediction accuracy,
demonstrating that pretraining on part-layout prediction
yields superior encoder initialization.

For the physical constraint–based limit correction pro-
posed in the part geometry generation stage, we show qual-
itative results in Figure 5. In several cases where predicted
limits cause self-collision, our correction strategy effec-
tively adjusts the limits to ensure that the articulated parts
remain collision-free. This further improves the stability
and realism of the generated assets when used for training
in simulation environments.
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Figure 5. Qualitative result for physical limit correction. Be-
fore correction, the predicted joint ranges cause noticeable self-
collisions during articulation. After applying our physics-based
limit refinement, the articulated parts move smoothly without col-
lision, yielding physically plausible and stable motion.

4.5. Application in Robotic Area

To further demonstrate the value of our proposed method
for generating articulated object assets in robotics learning,
we conducted a real2sim evaluation. We first teleoperated
a Franka Panda robot arm equipped with a Robotiq grip-
per in the real world to perform several tasks, and recorded
the full pose sequence of the execution. Next, we used our
ArtLLM pipeline to reconstruct the real objects as articu-
lated assets suitable for simulation, placed them into a sim-
ulated scene, and replayed the recorded pose sequence with
the simulated robot. By assessing whether the simulated
objects exhibit the same articulation behavior as in the real
environment, we evaluate how faithfully our generated as-
sets preserve real-world articulation properties.

We tested three tasks: closing a laptop, closing a box,
and moving a bucket handle. We employed Hunyuan3D
3.0 to reconstruct accurate 3D object geometry from video
frames, and used our pipeline to generate URDF-format ar-
ticulated assets. In SAPIEN [54], we arranged the gener-
ated assets and the robot in appropriate positions and exe-
cuted the replay. As shown in Fig 6, all three tasks were
successfully reproduced in the simulator, demonstrating the
high fidelity of our articulated asset generation in terms of
structure, joint constraints, and resulting motion behavior.

5. Limitation

Although our method efficiently generates high-quality ar-
ticulated object assets, it has several limitations. First,
though training on a large curated dataset, the diversity of
object categories is still limited. As a result, the model
generalizes well to common household items but struggles

Figure 6. We teleoperate a Franka Panda robot to execute three ar-
ticulation tasks and record its pose trajectories. Using ArtLLM, we
reconstruct the corresponding articulated assets from real scenes
and replay the trajectories in simulation. The simulated objects
reproduce the real articulation behavior, showing that our gener-
ated assets accurately capture real-world kinematics and joint con-
straints.

with more complex categories such as vehicles or robots.
Future work could incorporate open-vocabulary approaches
like Kinematify [49] to expand category coverage and en-
able broader object modeling. Second, the framework does
not jointly model physical properties. Training on large-
scale datasets with annotated physical attributes could equip
the model with physics-aware prediction capabilities, which
we leave for future work.

6. Conclusion

In this work, we present ArtLLM, an efficient framework
capable of rapidly generating articulated objects from var-
ious modalities such as a single image or text descrip-
tion. Our approach models part layouts and articulation pa-
rameters in an autoregressive, language-based manner, en-
abling flexible representation of objects with varying num-
bers of joints and topologies. The proposed data discretiza-
tion design effectively improves numerical stability in next-
token prediction. Furthermore, ArtLLM integrates seam-
lessly with existing high-quality part generation modules,
allowing us to synthesize geometrically detailed and di-
verse parts, thus overcoming the low-novel geometry lim-
itation common in retrieval-based methods. In addition,
our physical constraint-based limit correction mechanism
effectively mitigates mesh collisions, producing physically
grounded assets that are valuable for robotic simulation and
related downstream tasks. Overall, ArtLLM provides a sta-
ble and generalizable pipeline for articulated object gener-
ation, with strong potential to narrow the real-to-simulation
gap, accelerate the creation of high-fidelity digital twins,
thus enable scalable robot learning.
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