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Figure 1. Our proposed LAM can generate diverse articulated objects with multiple types of movement from text.

Abstract

We introduce LAM, a system that explores the collabora-
tion between large-language models and vision-language
models to generate articulated objects from text prompts
without a visual prior or prebuilt 3D assets. In contrast, we
formulate articulated object generation as a unified code-
generation task, in which geometry and articulations can be
co-designed from scratch. Given an input text, LAM coor-
dinates a team of specialized modules to generate code to
represent the desired articulated object procedurally. LAM
first reasons about the hierarchical structure of parts (links)
with Link Designer, then writes code, compiles it, and debugs
it with Geometry & Articulation Coders and self-corrects
with Geometry & Articulation Checkers. The code serves as
a structured, interpretable bridge between individual links,
ensuring the correct relationships among them. Experiments
demonstrate the power of leveraging code as a generative

medium within a collaboration system, showcasing its effec-
tiveness in automatically constructing complex articulated
objects. The project page is https://gaoypeng.github.io/LAM.

1. Introduction

Articulated objects are widespread in daily life, playing a cru-
cial role in building realistic and interactive virtual environ-
ments for robotics, embodied AI, gaming, and VR/AR appli-
cations [8, 20, 28, 39, 42]. Despite recent progress on train-
ing with 3D objects that significantly accelerates training
through large-scale virtual environments [7, 30, 35, 50, 52],
the creation of articulated 3D assets remains a critical bot-
tleneck. Unlike static 3D objects, which are abundantly
available in large open-source datasets [4, 5], articulated
3D models require expert manual annotation. This is time-
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Figure 2. The overall framework of our proposed LAM. From a user’s text prompt, LAM first designs a hierarchical structure of the object.
It iteratively generates and refines code for both the geometry and articulation, resulting in an articulated object.

consuming, as complex objects are represented as hierar-
chical trees of parts and sub-parts (which are called links
in this literature), along with corresponding joints, articu-
lation types, and ranges of motion. This results in exist-
ing articulated object datasets having only thousands of in-
stances [29, 36]. This limits the ability to leverage digital
twins to train robots to interact with a wide variety of artic-
ulated objects. Automating the generation of articulation-
ready models from textual descriptions is a promising ap-
proach we explore here to address this gap and enhance
scalability in creating interactive virtual environments.

Previous work on articulated object modeling has pri-
marily relied on inputs that contain structural information,
such as images or videos [1, 2, 44, 53, 57], graphs [19, 26],
and meshes [40, 45], to reconstruct or generate objects with
movable parts, often using predefined annotations and part
graphs to guide the process. However, these methods are
constrained not only by their reliance on structured data as
input but also by a fundamental scalability ceiling. Current
training-based approaches, such as those using diffusion
or graph-based architectures [19, 26], are primarily demon-
strated on objects with only a limited number of parts (links)
and joints. Attempting to scale these models to generate
complex articulated objects (e.g., a keyboard with 20 keys)
is often intractable. This limitation is twofold. First, training
data for such intricate, high-part-count assets is exceptionally
scarce. Second, and more critically, the models themselves
are not designed for this level of complexity; for end-to-
end generation, explicitly representing the high-resolution
geometry of each individual part is computationally pro-
hibitive [23], leading to out-of-memory failures or severe
oversimplification as the number of links increases.

In contrast, we propose to unify the complex, coupled
problem of geometry and articulation generation into a sin-
gle, expressive code representation. To manage this, we first
build a new dataset, LAMBench, to capture the relation-
ships among text prompts, code, and articulated objects. As
shown in Figure 2, our method — LAM — implements a
collaborative framework where a team of specialized mod-
ules (composed of LLMs and 2D&3D VLMs) work together
to generate a complete, articulated 3D object from a single

text prompt. This process begins with Link Designer that
reasons about the user’s text to decompose the object into a
hierarchical structure from shapes to parts to links and their
relationships. Following this plan, Geometry & Articula-
tion Coders translate the structure into executable code for
both the precise geometry of each part and their kinematic
joints. That code is checked by Debuggers for abnormalities.
A cornerstone of our system is the automated, multi-modal
feedback loop, which features Geometry & Articulation
Checkers powered by 2D and 3D Vision-Language Mod-
els (VLMs). These modules render and analyze the current
object design. Then they provide feedback, enabling the
Coders to iteratively refine the code and ensure the model is
both physically plausible and visually realistic.

The key contributions of our work include: (1) We in-
troduce LAM, a collaborative system where a team of spe-
cialized modules (including Designer, Coders, Debuggers,
and Checkers) generates articulated objects by operating on
a unified code representation for both geometry and artic-
ulation. (2) We introduce LAMBench, a novel dataset of
text, code, and articulated object pairs, curated to enable sys-
tematic training and validation. (3) Extensive experiments
validate that our method achieves superior performance for
generating high-fidelity articulated objects from text.

2. Related Works

Articulated Objects Reconstruction. Early methods train
end-to-end models on synthetic data, simultaneously seg-
menting parts and predicting joint parameters through either
interaction-based [10, 12, 37, 38] or single-stage observa-
tions [9, 15, 48]. Per-object optimization techniques [25, 31]
avoid training but face scalability issues with multiple joints.
Real2code [57] addresses this by leveraging LLMs to gener-
ate codes for each joint. Another line of work aims to predict
articulation from pre-built meshes. Articulate AnyMesh [40]
and MagicArticulate [45] retrofit static meshes using VLMs
and transformers, while IAAO [56] enhances reconstruc-
tion via joint affordance prediction. Recent advances em-
ploy 3D Gaussian Splatting [16]. For example, Articu-
latedGS [14] builds digital twins from multi-state point
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Figure 3. An overview of the Articulable Geometry Coder. Given a hierarchical link layout produced by Link Designer, our Geometry
Coder generates code that defines the shape and position of each link. Then, a VLM-powered Geometry Checker analyzes the rendered
images and provides feedback, enabling an iterative refinement loop to correct geometric errors.

clouds, RigGS [54] processes dynamic video input, and
other works [17, 49, 55] integrate visual-physical modeling
with kinematic constraints.
Articulated Objects Generation. Diffusion-based methods
have dominated recent advances. NAP [19] utilizes graph-
attention networks. CAGE [26] and ArtFormer [46] add user
controllability for specifying constraints. Single-image gen-
eration also emerged as a key direction with SINGAPO [27]
learning plausible geometric variations, PhysPart [34] inte-
grating physics constraints, and DreamArt [33] employing
three-stage pipelines with diffusion priors. Meanwhile, Infi-
nite Mobility [22] and Infinite-sim [13] scale via procedural
generation. Articulate-Anything [18] synthesizes Python
code compiled to URDF, Real2Code [57] reconstructs up to
10 articulated parts via LLM-based code generation, and Me-
shArt [6] employs hierarchical transformers for structured
part-by-part generation.

In contrast, we introduce a collaborative system built
upon a unified code representation that jointly models both
object geometry and articulation. This integrated framework
enables a closed-loop refinement process, allowing for the
generation of physically plausible objects from text alone,
without relying on the visual or structural priors required by
previous methods.

3. LAM
3.1. Preliminaries
Representation of articulated objects. We represent ar-
ticulated objects using the Unified Robot Description For-
mat (URDF), which encodes the geometry and kinematics
of object parts, called links. Each link Li = {Mi,Ti}
consists of a 3D mesh Mi and a pose Ti ∈ SE(3), de-
fined by its position pi and roll-pitch-yaw (RPY) orientation
θi. A joint Jpc defines the kinematic connection between
a parent link Lp and a child link Lc. It is formally de-
fined as Jpc = (Tpc, tpc, apc, ℓpc), where Tpc ∈ SE(3)
is the joint’s pose relative to the parent, tpc is its type (e.g.,
revolute, prismatic), apc ∈ R3 is the motion axis,
and ℓpc = [ℓmin, ℓmax] are the motion limits. With the par-

ent link Lp at the origin, the child link’s pose Tc is updated
by the joint motion as:

T
′

c = Tp ·Tpc ·X(qpc) ·Tc, (1)

where X(qpc) ∈ SE(3) is the joint transformation parame-
terized by the motion value qpc (e.g., rotation angle).

Problem Formulation. Given a textual description x, our
goal is to generate an articulated object A = (L,J ). The
object is composed of a link set L = {Li = (Mi,Ti)}Ni=1,
containing N meshes with corresponding poses, and a joint
set J =

{
Jpc = (Tpc, tpc, apc, ℓpc)

}
(p,c)∈E , defining the

kinematic connections. A compiler Ψ converts A into a
physically plausible URDF model U = Ψ(A).

3.2. Articulable Geometry Generation
Code-based Representation. We treat the code as a highly
compressed, parametric representation of 3D geometry. Un-
like explicit representations (e.g., meshes or voxels), where
memory cost scales directly with geometric resolution, the
cost of our code representation is largely independent of it.
By using code, we can efficiently define complex objects
with a large and variable number of links.

To make the structure of articulated objects tractable for
LLM, we introduce a hierarchical code-based representa-
tion progressing from shape primitives (S) to parts (P),
and finally to links (L). This structured representation cir-
cumvents the control limitations of end-to-end text-to-3D
methods [32, 43, 52]. We define a set of parametric prim-
itives, S = { sk(ϕk) }Kk=1, built by calling functions like
<BoxGeometry>(l,w,h) from the Three.js library. All
primitives are normalized to a shared coordinate system for
consistent alignment. Given a text instruction x, the Geome-
try Coder uses these primitive functions to generate shape
primitives {sn(ϕn) }Nn=1, which can be hierarchically as-
sembled into parts and then links. The final mesh geometry
Mi and pose Ti for each link are thus defined within this
program.
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Figure 4. The Articulation Builder takes the generated shape code to define the object’s articulation through a closed-loop process. An
Articulation Coder generates code of joints, which the Articulation Visualizer then simulates to create a sequence of images to indicate the
motion of joints. The Articulation Checker provides corrective feedback to iteratively refine the code until the motion is physically plausible
and functionally correct.

Articulable Shape Generation with Iterative Refinement.
As illustrated in Figure 3, given an input text, the Link De-
signer (powered by an LLM) first reasons about the prompt
to decompose the target object into a hierarchical structure
of links and components. The Geometry Coder is a large
language model that translates the generated link layout into
executable code by selecting and parameterizing a library of
predefined functions for both shape and pose. For shape gen-
eration, it employs primitive factory functions to instantiate
and compose the mesh Mi for each link Li. Concurrently,
it determines the appropriate pose Ti (including position pi

and orientation θi) for each link. This methodology offers
far greater control than generating raw URDF files or using
text-to-3D models, thereby mitigating issues such as over-
simplification or geometric uncontrollability. Usually, the
initial code may contain geometric errors or physical implau-
sibilities due to hallucinations. Therefore, we first employ
Geometry Debugger to automatically fix grammar issues
and then develop Geometry Checker to correct geometric
errors, which is composed of 2D VLMs (e.g., GPT-4o; [11])
or 3D VLMs (e.g., PointLLM; [51]). The Geometry Vi-
sualizer renders multi-view images and a point cloud of
the object (each link will be assigned a specific color for
the Checker to refer to conveniently). Then, the Geome-
try Checker provides targeted feedback (e.g., “The sphere
and arch are misaligned”) to enable an iterative refinement
loop that corrects these errors. The final, validated link set,
L = {Li = (Mi,Ti)}Ni=1, forms the complete object geom-
etry A.

3.3. Articulation Generation

Once the set of links L = {Li = (Mi,Ti)}Ni=1 is generated,
the next crucial step is to define the kinematic joint set J that
enables their articulation. This process is orchestrated by
Articulation Builder, as shown in Figure 4, which interprets
the geometric and semantic properties of the links to produce
a functionally correct articulation structure.

Joint Assembly Solver. Our approach first simplifies the
complex problem of joint placement. Since the geometry
generation stage (Section 3.2) produces links that are already
well-aligned within a shared world matrix system, we bypass
the need to predict complex relative joint poses. Instead,
we focus on predicting the essential joint parameters: the
joint type tpc, the parent-child link pair (Lp, Lc), and the
absolute 3D position of the joint, ppc. The Articulation
Builder achieves this by invoking meta-functions to analyze
the spatial relationships and functional affordances of the
links based on their geometry (Mi) and pose (Ti).

To correctly assemble the links, we designate a base link
and iterate through each joint. For prismatic and fixed
joints, no position update is needed as their alignment is
determined during geometry generation. For revolute
joints, we recalculate the child link’s position to ensure it
pivots correctly around the joint’s position ppc. The updated
child position pnew

c is computed as:

pnew
c = ppc +Rpc(pc − ppc)

where Rpc is the rotation matrix derived from the joint pa-
rameters. Finally, any pose updates are recursively propa-
gated down the kinematic chain.
Articulation Generation Using Shape Code with Checker.
As illustrated in Fig. 4, the generation and validation of the
joint set J is performed through a closed-loop, multi-agent
pipeline. Given the generated shape code as input, the Artic-
ulation Coder, a trainable large language model, generates
executable code that defines the kinematic structure. It rea-
sons about the object’s components to establish parent-child
hierarchies. It determines the appropriate joint type (tpc),
position (ppc), and motion axis (apc) for each connection.
Concurrently, an Articulation Debugger collaborates to re-
solve any syntax or code-level errors, ensuring the generated
script is valid. The validated code is then passed to the Ar-
ticulation Visualizer. To enable the Articulation Checker
to provide targeted feedback, the Articulation Visualizer
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assigns a unique color to the child link of each joint. The
corresponding mapping between colors and link semantics is
then passed to the 2D VLM-powered Articulation Checker.
It assesses the functional plausibility of the object’s move-
ment. For instance, it can detect if a cabinet door opens in the
wrong direction or if a drawer’s movement is unnatural (as
shown in Figure 4). Based on its assessment, it provides feed-
back (e.g., “The articulation between the arch and axis pins
is wrong”). This feedback guides the Articulation Coder
to refine the code iteratively. This loop continues until the
critic confirms that the articulations are well-defined and
physically correct, resulting in the final, validated joint set
J . More details of the articulation generation are provided
in the supplementary material.

4. Experiment
Datasets. To ensure a fair comparison with prior works [27,
46], evaluations are conducted on the same subsets of the
Part-Mobility dataset as in previous studies (5 classes for
[57]; 6 classes for [46]). For a more comprehensive analysis
of the method’s capabilities in generating diverse articulated
objects, experiments are extended to include all 46 object
categories in the Part-Mobility dataset, referred to as General
Classes. For each category, the official rendered images are
used to generate a single caption. Meanwhile, we also utilize
the proposed LAMBench, which consists of 2K text, code,
and articulated objects pairs for finetuning open-sourced
large language models to generate code. A more challenging
set of 27 descriptions of complex articulated objects from
LAMBench, referred to as Open-World Classes, is also
included. Further details are provided in the supplementary
material.
Benchmark and Metrics. We first adopt a masked URDF
reconstruction task to validate joint placement capability and
evaluate the success rate, as defined in [18]. We also measure
geometric quality and diversity using Minimum Matching
Distance (MMD), Coverage (COV), and 1-Nearest Neigh-
bor Accuracy (1-NNA) [26, 46]. Text-to-image alignment
is quantified via CLIP [41] and BLIP [21] scores. For auto-
mated evaluation, GPT-5 [24] performs articulation exami-
nations and pairwise preference comparisons. Finally, we
use the accuracy of the generated articulated objects (both
the links and the articulations should be correct) for the 83
collected captions to ablate the variant designs of LAM.
Implementation Details. The framework centrally employs
LLMs and VLMs to generate code that defines object ge-
ometry and articulation. The Link Designer is implemented
using GPT-4o by default. For Articulable Geometry Gen-
eration, Gemini-2.5-pro and, by default, functions from the
Three.js library are used. The o3 model, equipped with the
proposed Joint Assembly Solver, serves as the Articulation
Coder. Geometry & Articulation Checkers are based on the
Gemini-2.5-flash and PointLLM [51]. Debuggers are also

Table 1. Quantitative comparisons on the success rate of text-
based joint prediction. Results are reported on (a) the 5 cat-
egories used by Real2Code (Laptop, Box, Refrigerator,
Storage-Furniture, Table), and (b) all classes of the Part-
Mobility dataset. * denotes using the default commercial LLMs.
Zero-shot means all LAM modules are used as Qwen3-VL-8B, and
finetuned means Qwen3-VL-8B is finetuned on our LAMBench
dataset.

Method Success Rate (%)

Five Classes General Classes

Real2Code [57] 13.5 –
URDFormer [3] – 14.6
Articulate Anything [18] 40.3 48.9
LAM * 77.1 68.2
LAM (zero-shot) 36.8 44.3
LAM (finetuned) 51.6 49.6

Table 2. Visual alignment (CLIP, BLIP) and articulation mod-
eling (GPT-5 pass rate) results on the shared classes (Storage
Furniture, Table, Refrigerator, Dishwasher, Oven,
Washer) between CAGE and SINGAPO.

Method CLIP ↑ BLIP ↑ GPT-5 ↑

CAGE [26] 27.65 53.92 53.9%
SINGAPO [27] 30.43 56.21 58.8%
Articulate Anything [18] 28.23 56.99 65.3%
LAM* 31.94 63.76 77.0%
LAM (zero-shot) 27.63 55.92 66.1%
LAM (finetuned) 29.55 58.38 69.3%

based on Gemini-2.5-flash, utilizing deterministic Python
and JavaScript scripts to verify issues. The above setting
is noted as zero-shot. The zero-shot ability and potential
of open-source large language models finetuned with the
proposed LAMBench, such as Qwen3-VL-8B [47], are also
evaluated. Further details are provided in the supplementary
material.

4.1. Main Results
Success Rate Comparison of Joint Prediction. As shown
in Table 1, on the dataset classes from Real2Code, the de-
fault “LAM *” model achieves a success rate of 77.1%, sig-
nificantly surpassing both Articulate Anything (40.3%) and
Real2Code (13.5%). This robust performance remains con-
sistent on the more diverse General Classes, where “LAM
*” attains a 68.2% success rate, again outperforming the
strongest baseline, Articulate Anything (48.9%). Further-
more, we observe that our “LAM (zero-shot)” using Qwen3-
VL-8B improves significantly after instruction tuning on the
new LAMBench dataset, increasing from 36.8% to 51.6%
(Five Classes) and from 44.3% to 49.6% (General Classes).
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Table 3. In-distribution generation quality comparison using MMD
(lower is better), COV (higher is better), and 1-NNA (lower is
better). * denotes using the default commercial LLMs. Zero-shot
means all LAM modules are used as Qwen3-VL-8B, and finetuned
means Qwen3-VL-8B is finetuned on our LAMBench dataset.

Method MMD ↓ COV ↑ 1-NNA ↓

CAGE [26] 0.0193 0.6064 0.5319
ArtFormer [46] 0.0292 0.5213 0.5266
ArtFormer-PR [46] 0.0214 0.6400 0.3950
LAM* 0.0149 0.6871 0.3599
LAM (zero-shot) 0.0238 0.5978 0.4887
LAM (finetuned) 0.0210 0.6235 0.4369

These experiments validate the superior capability of the
method and the effectiveness of the proposed LAMBench
dataset.

Visual Alignment and Generation Quality Comparisons.
Table 2 and Table 3 provide a comprehensive evaluation
of LAM against several baselines, assessing both visual-
semantic alignment with text prompts and the quality of
in-distribution generation. In the visual alignment and artic-
ulation preference comparisons, the default LAM* model
demonstrates clear superiority. The model achieves the high-
est CLIP and BLIP scores (31.94 and 63.76, respectively), in-
dicating stronger semantic correspondence than CAGE, SIN-
GAPO, and Articulate Anything. Furthermore, the LAM*
model achieves a GPT-5 pass rate of 77.0%, indicating that
its generated articulations are overwhelmingly considered
functionally correct and plausible. Notably, the Qwen3-VL-
8B model, when finetuned on LAMBench (“LAM (fine-
tuned)”), also achieves strong results (69.3% GPT-5 pass
rate), showing significant improvement over its zero-shot
counterpart and validating the efficacy of the LAMBench

dataset. For in-distribution generation quality, the approach
continues to excel, achieving the best performance across
all standard metrics. The model records the lowest MMD
(0.0149) and 1-NNA (0.3599), confirming that the distribu-
tion of generated shapes is closer to the ground-truth data
and more realistic. Concurrently, LAM achieves the highest
COV score (0.6871), reflecting its ability to produce a more
diverse set of objects that better covers the data manifold.
Comparisons on General Classes. As shown in Figure 6,
the LAM model demonstrates substantially better perfor-
mance than Articulate Anything on both General and the
more challenging Open-World object classes. For General
Classes, LAM achieves significantly higher visual-semantic
alignment with CLIP and BLIP scores of 31.21 and 58.94,
respectively, compared to the baseline’s 25.34 and 48.32.
Notably, it garners an overwhelming preference from both
GPT-5 (83.2%) and human users (84.6%). These strong
preference rates from both automated and human evaluators
indicate that the objects generated by LAM are not only
semantically aligned but also perceived as more function-
ally plausible and visually coherent. This performance gap
widens in the Open-World evaluation, where LAM’s user
preference score reaches 91.7%, demonstrating superior gen-
eralization and the ability to generate plausible articulated
objects from diverse, unseen text prompts.

4.2. Ablation Studies
A combination of captions from General Classes in the Part-
Mobility dataset and self-collected descriptions of Open-
World Classes is used to evaluate performance across differ-
ent settings, yielding a total of 83 classes. For each category,
one object per class is generated for validation. Accuracy
(Acc.) is used to evaluate each setting, requiring that the
generated objects include the correct shape layout and joints
with accurate placements. To evaluate the potential of the
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Table 4. Ablation study on the effect of Geometry Checker and
Articulation Checker. Multi-view refers to using four rendered
images instead of a single image for the Geometry Checker.

Geometry
Checker

Articulation
Checker

Max
Iter

Acc. ↑

% % - 50.6%
✓ % - 61.4%
% ✓ 1 56.6%
✓ ✓ 1 66.3%
✓ ✓ 3 75.9%

Table 5. Effects of different Checker designs. Image Sequence
refers to using multiple intermediate motion states for the Articula-
tion Checker.

Geometry
Checker Type

Multi-
View

Images
Sequence

Acc. ↑

2D % % 60.2%
2D ✓ % 65.1%
2D ✓ ✓ 71.1%
3D ✓ ✓ 62.7%

2D & 3D ✓ ✓ 75.9%

framework, commercial large language models are used as
the default setting.
Effects of Checkers. Table 4 shows that our Geometry and
Articulation Checkers are essential. The baseline accuracy
without any Checker is 50.6%. Adding only the Geometry
Checker raises accuracy to 61.4%, while using only the Artic-
ulation Checker gives 56.6%. Using both together increases
accuracy to 66.3%, showing they work well in combination.

Table 6. Ablation study on the choice of LLMs for the Link
Designer, Geometry Coder, and Articulation Coder.

Link Designer
Geometry

Coder
Articulation

Coder
Acc. ↑

GPT-4o GPT-4o GPT-4o 53.8%
Gemini-2.5-flash Gemini-2.5-flash o3 57.9%
o3 Gemini-2.5-pro GPT-4o 66.3%
GPT-5 Gemini-2.5-pro GPT-4o 67.5%
GPT-4o GPT-5 o3 64.3%
GPT-4o Gemini-2.5-pro GPT-4o 69.8%
GPT-4o Gemini-2.5-pro o3 75.9%
GPT-4o Claude-4.1-Opus o3 80.7%

Running three refinement iterations gives the highest accu-
racy at 75.9%, highlighting the effectiveness of the iterative
feedback for generating plausible objects.
Effects of the design of Checkers. Table 5 shows how
different Checker designs affect performance. A basic 2D
Checker using a single image yields 60.2% accuracy. Ac-
curacy rises to 65.1% with multi-view images and to 71.1%
when adding image sequences for motion evaluation. While
a 3D-only Checker is less effective (62.7%), a hybrid ap-
proach combining 2D and 3D Checkers achieves the best
performance at 75.9%, suggesting that 2D and 3D Checkers
provide complementary feedback, making their combination
the most effective configuration.
Effects of the choice of LLMs. The core LLM components
are ablated in Table 6. The results show that the choice of
model is critical, particularly for the Link Designer and Ge-
ometry Coder roles. A strong Link Designer, such as GPT-
4o, is essential for high-level structure, as weaker planners
significantly degrade performance. The greatest sensitivity is
observed in the Geometry Coder, where advanced models
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Figure 7. Open-Vocabulary Scenarios. Our model consistently outperforms Articulate Anything.

Step1 Step2 Step3 Step4

“Add 1 drawer
and 2 doors.”

“ Add 1 drawer.

Delete 2 doors.”
“Add 2 drawers.”“Generate a prototype

Drawer. ”

Figure 8. Instruction-following ability. In four steps, including adding and removing sub-objects, a one-drawer cabinet is guided to become
a five-drawer cabinet.

such as Claude-4.1-Opus (80.7% Acc.) and Gemini-2.5-pro
(75.9% Acc.) dramatically outperform other combinations.
The specialized o3 model proves most effective for the Ar-
ticulation Coder task, indicating that a specialized model
offers advantages over a general-purpose one.

4.3. Qualitative Results
Overall qualitative comparisons. Figure 5 illustrates the
method’s performance across six diverse zero-shot targets:
simple (3- and 5-drawer cabinets) and OOD (keyboard, scis-
sors). The pipeline successfully encodes each link as a pre-
cisely posed URDF mesh and accurately predicts all joints.
The output is consistently collision-free and correctly ar-
ticulated, whereas SINGAPO and Articulate Anything fre-
quently misplace parts or omit hinges and keys. The combi-
nation of stability on simpler tasks, excellent visual quality
on more challenging ones, and strong generalization to OOD
examples clearly demonstrates the superiority of the pro-
posed approach.
Open-Vocabulary Scenarios. Figure 7 compares the model
with Articulate Anything across three domains—containers
(spatial reasoning), tools (precision), and complex furniture
(structural complexity). The system demonstrates stronger
command understanding and physical common sense. It
tracks part-to-part spatial relations more accurately, iden-
tifies movable or interactive components more explicitly,
and handles highly intricate, mesh-like structures and dense

layouts.
Instruction-following Ability. Integrating high-context
LLMs into the pipeline makes the system portable and
reusable, primarily by enabling instruction-following. Prior
outputs can feed into later stages, allowing the model to
refine its own work. This reduces the descriptive burden on
users, supports incremental edits to complex objects, and
enables repeated iterations. Figure 8 shows that in four steps
(including adding and removing), a one-drawer cabinet can
be instructed to become a five-drawer cabinet.

5. Conclusion

We introduced LAM, a pioneering system that generates
articulated 3D objects from text by unifying geometry and
articulation within a single code representation. Our frame-
work uniquely employs a collaborative team of special-
ized AI modules—including Designers, Coders, and Check-
ers—to iteratively write, debug, and refine this code through
a closed-loop, multi-modal feedback process. Extensive
experiments demonstrate that LAM significantly surpasses
previous methods in generation quality, text alignment, and
diversity, particularly showcasing robust generalization on
challenging open-world classes. By streamlining the cre-
ation of articulation-ready assets, LAM offers a promising
solution for applications in robotics, VR/AR, and simula-
tion.
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mal Buch, Sanjana Srivastava, Lyne Tchapmi, et al. igibson
1.0: A simulation environment for interactive tasks in large
realistic scenes. In 2021 IEEE/RSJ International Conference
on Intelligent Robots and Systems (IROS), pages 7520–7527.
IEEE, 2021. 1

[43] Yichun Shi, Peng Wang, Jianglong Ye, Long Mai, Kejie Li,
and Xiao Yang. Mvdream: Multi-view diffusion for 3d gener-
ation. In The Twelfth International Conference on Learning
Representations, 2024. 3

[44] Chaoyue Song, Jiacheng Wei, Chuan Sheng Foo, Guosheng
Lin, and Fayao Liu. Reacto: Reconstructing articulated ob-
jects from a single video. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pages 5384–5395, 2024. 2

16019



[45] Chaoyue Song, Jianfeng Zhang, Xiu Li, Fan Yang, Yiwen
Chen, Zhongcong Xu, Jun Hao Liew, Xiaoyang Guo, Fayao
Liu, Jiashi Feng, and Guosheng Lin. Magicarticulate: Make
your 3d models articulation-ready. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2025. 2

[46] Jiayi Su, Youhe Feng, Zheng Li, Jinhua Song, Yangfan He,
Botao Ren, and Botian Xu. Artformer: Controllable genera-
tion of diverse 3d articulated objects. In Proceedings of the
Computer Vision and Pattern Recognition Conference, pages
1894–1904, 2025. 3, 5, 6

[47] Qwen Team. Qwen3 technical report, 2025. 5
[48] Fangyin Wei, Rohan Chabra, Lingni Ma, Christoph Lassner,
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