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Figure 1. We propose ART, a feed-forward model that reconstructs articulated objects from images by decomposing them into rigid parts.
ART predicts each part’s geometry, texture, and articulation structure. Here we showcase its results on diverse categories, with each image
pair displaying the part-based decomposition (left, each movable part in a unique color) and the final textured mesh (right).

Abstract

We introduce ART, Articulated Reconstruction
Transformer—a category-agnostic, feed-forward model
that reconstructs complete 3D articulated objects from
only sparse, multi-state RGB images. Previous methods for
articulated object reconstruction either rely on slow op-
timization with fragile cross-state correspondences or use
feed-forward models limited to specific object categories.
In contrast, ART treats articulated objects as assemblies
of rigid parts, formulating reconstruction as part-based
prediction. Our newly designed transformer architecture
maps sparse image inputs to a set of learnable part slots,
from which ART jointly decodes unified representations for
individual parts, including their 3D geometry, texture, and
explicit articulation parameters. The resulting reconstruc-
tions are physically interpretable and readily exportable
for simulation. Trained on a large-scale, diverse dataset
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with per-part supervision, and evaluated across diverse
benchmarks, ART achieves significant improvements over
existing baselines and establishes a new state of the art for
articulated object reconstruction from image inputs.

1. Introduction

Articulated objects are ubiquitous in daily lives and central
to human-scene interactions [38]. Accurately construct-
ing their digital replicas is important for VR/AR, robotics,
and embodied AI [9, 10, 25, 27, 28, 53, 68]. While re-
cent 3D generation and reconstruction methods have sig-
nificantly advanced the automatic creation of static as-
sets [16, 34, 43, 48, 54, 61, 65], articulated objects remain
challenging as they require recovering both geometry and
underlying kinematic structure. Today, building such mod-
els still demands extensive expert effort, making the pro-
cess labor-intensive and hard to scale, and ultimately lim-
iting the accessibility and realism of articulated content for
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large-scale interactive environments.

To automate this process, we tackle the challenging
problem of image-based articulated object reconstruction:
recovering a complete 3D representation for an articulated
object, including geometry, texture, and its underlying ar-
ticulation structure. We specifically focus on a practical,
yet difficult setting: reconstructing articulated objects in a
feed-forward manner from only a sparse set of multi-state
RGB images. This setup is important for scalability, as
dense multi-view, multi-state capture is often infeasible in
real-world scenarios. However, the sparsity of inputs poses
a significant challenge, requiring the inference of complex
3D shape, material, and articulation structure from limited
visual cues, a task where existing articulated object recon-
struction methods typically fall short.

Existing approaches to image-based articulated object
reconstruction can be categorized into per-object optimiza-
tion and feed-forward learning, both of which are ill-
suited to our target setting. Per-object optimization meth-
ods [15,21, 36,42, 62] achieve high-fidelity reconstructions
but are impractically slow due to the lengthy test-time op-
timization; they also depend on dense observations (often
~ 100 views) and fragile cross-state matching, making them
unsuitable for sparse inputs. In contrast, while feed-forward
models [4, 13, 20, 37] offer fast inference, they are typically
trained on limited datasets (e.g., PartNet-Mobility [63], re-
stricting them to a few categories and limiting generaliza-
tion to diverse, unseen objects.

To address this gap, we introduce the Articulated Re-
construction Transformer (ART), a category-agnostic, feed-
forward model that reconstructs complete articulated 3D
objects from sparse, multi-state RGB images. Our key
insight is that articulated objects can be effectively repre-
sented as a collection of rigid parts, with articulation defin-
ing their kinematic relationships. Accordingly, ART formu-
lates the reconstruction of articulated objects as a part-based
prediction task.

Inspired by the success of large-scale static reconstruc-
tion models [16], ART adopts a transformer architecture
that maps sparse image inputs to a set of learnable part slots,
each trained to capture one object part. From each slot, ART
jointly decodes a unified part representation—3D geometry,
texture, and explicit articulation parameters (e.g., motion
type, axis, and pivot). Training with per-part supervision
on a large-scale, diverse dataset yields a transferable prior,
allowing ART to function as a single, unified model across
categories. The part-based output is physically interpretable
and directly exportable to standard simulation formats (e.g.,
URDF), producing simulation-ready assets.

Through comprehensive experiments, we show that
ART significantly outperforms both optimization-based and
feed-forward baselines. Our method sets a new state-of-
the-art for articulated object reconstruction from sparse im-

age inputs, demonstrating the potential of large-scale, part-
based feed-forward models for this challenging task.
In summary, our main contributions are as follows:

* We tackle image-based articulated object reconstruction
from sparse-view, multi-state inputs by formulating it as a
part-level prediction of geometry, texture, and articulation
properties.

* We propose ART, a category-agnostic feed-forward trans-
former trained on large-scale articulated object datasets,
capable of inferring not only per-part geometry/texture,
but also kinematically consistent articulation structures.

* We demonstrate that ART significantly outperforms both
optimization-based and feed-forward baselines, establish-
ing a new state-of-the-art for holistic articulated object re-
construction.

2. Related Work

2.1. Articulation structure understanding

A large body of work studies articulation understanding
across diverse input modalities, including RGB [59] and
RGB-D [I, 18, 39] images, point clouds [12, 40, 60],
videos [41, 50] and 3D meshes [51]. Within this space,
one line of work identifies movable parts to reveal the po-
tential degrees of freedom of the object [20, 50, 56] from
the given input. Another complementary line directly es-
timates articulation parameters—from high-level kinematic
graphs to low-level joint directions, pivots, and motion an-
gles [21, 31, 64]—with recent advances adopting generative
or diffusion-based formulations to improve robustness and
accuracy [26, 37]. However, most prior methods treat ar-
ticulation in isolation from geometry and appearance: they
recover motion structure but do not reconstruct photoreal-
istic shape and texture suitable for simulation or rendering.
In contrast, our method jointly predicts articulation struc-
ture and part-level geometry/texture, producing a unified,
simulation-ready representation.

2.2. Articulated object reconstruction

Beyond understanding alone, another line of research tar-
gets reconstruction of articulated objects—i.e., recovering
geometry, texture, and articulation structure from observa-
tions. Methods typically fall into two categories. The first
is the per-object optimization methods. Many approaches
formulate reconstruction as inverse rendering with neural
radiance fields [45] or 3D gaussian splatting [24]. These ap-
proaches iteratively optimize geometry and appearance over
multi-view, multi-state sequences while inferring articula-
tion [9, 36, 42, 46, 57, 62]. Although often yielding high
fidelity, these pipelines require very dense viewpoints or
carefully staged sequences, entail lengthy per-instance op-
timization, and rely on fragile cross-state correspondences,
making them sensitive to occlusion and initialization.



‘ Properties decoder }—

‘ Hexa-plane decoder

Volume rendering

Part geometry & texture

DEOEE | OO0

Transformer blocks

1

[ Patchify & Linear

B ﬁ‘

omomE | o
EEEEE

/7
Bounding box

==, Spatial axis

Motion type

@?) Dynamics

‘.

Part at different states

y

Compose all parts

Teeey

Multi-view & state inputs Part slot tokens

Part articulation structure

Articulated object at different states

Figure 2. Model Architecture of ART. Multi-view, multi-state image inputs with known camera poses are tokenized and processed by
a transformer alongside learnable part slot tokens. Two separate decoders then predict each part’s geometry/texture and the articulation
structure, and SDF volume rendering composes these components to render and reconstruct the articulated object at different states.

The alternative is the feed-forward prediction models.
To improve scalability, these models infer articulation with-
out test-time optimization. For instance, SINGAPO [37]
predicts a kinematic graph and retrieves parts to assemble
full assets, while other approaches [4, 6, 15, 44] reconstruct
articulated objects directly from single- or multi-stage im-
age inputs. Nonetheless, data scarcity often restricts such
models to a small set of categories. More recent work [14]
leverages strong pre-trained generative prior to expand gen-
eralization, but is designed for multi-stage image genera-
tion and is typically combined with an optimization-based
refinement for final reconstruction. By contrast, our ap-
proach differs remains purely feed-forward at inference
from sparse RGB inputs, directly predicting a part-based 3D
geometry/texture and explicit articulation parameters, and is
trained on a substantially larger and more diverse dataset.

2.3. Feed-forward 3D reconstruction

The availability of large-scale 3D datasets [7, 8] has en-
abled powerful feed-forward reconstruction systems that
combine scalable transformers architectures with differen-
tiable rendering supervision [16, 22, 29, 34, 65]. Re-
cent work extends this approach to part-based reconstruc-
tion/generation [3, 35], indicating that structured outputs
can be produced in a single forward pass. Building on
these insights, ART exploits a transformer backbone for ar-
ticulated 3D reconstruction: it decomposes an object into
consistent components and predicts part-level geometry and
texture along with explicit articulation parameters (motion
type, axis, pivot/limits) for each dynamic part, yielding a
unified representation that is both photorealistic and kine-
matically interpretable.

3. Articulated Reconstruction Transformer

3.1. Problem Formulation

The input is a multi-view and multi-state image set Z =
{I,; € REXWX3 | 4 ¢ [1,V],t € [1,T]}, where V is
the number of camera views and 7" stands for the number of
articulation stages (states). During training, each view has
known intrinsics and extrinsics to cast sampling rays, and
the object is normalized to a bounding sphere with radius 7.

We aim to reconstruct an articulated object as a set of
parts. Let P denote the number of parts (including a static
base part). For each part p € [1, P], we predict a unified
representation A,:

Xp = {7;)7“417}7

where 7, encodes geometry/texture, and .4, denotes artic-

ulation parameters. The detailed definitions of these artic-

ulation parameters are given below (omitting the part index
for simplicity):

* B = (Bcentor, Bsize) € RS denotes an axis-aligned
bounding box in the canonical object frame, defined by
its center position and the side lengths along each axis.

* C € {static, prismatic, revolute} is the motion type.
The base part is static by definition; all other parts are
either prismatic (translational) or revolute (rotational).

e D € S? is the joint axis direction in the canonical object
frame, represented as a unit-length 3D vector.

» O € R3 is a point on the joint axis in canonical frame.
For a revolute joint, it is essentially the hinge pivot. For
a prismatic joint, O is defined and predicted but is not re-
quired in inference since the direction of the axis suffices
to interpret the part motion.

+ S € RT represents the normalized motion value (“dy-
namics”) for each input stage: angles in radians for revo-

Ap = (prcanpaOvap)- ey



lute motion, or translations in object-scale units for pris-
matic motion. During training, S aligns rendered images
to the observed state ¢; at inference, it can be used to con-
trol the articulated configuration.

For 7,, following transformer-based reconstruction
models [16, 34, 61], we represent each part’s geometry and
texture with a hexa-plane [2, 34] parameterization (details
in Section 3.2 and Section 3.3). Concretely, we denote:

To =Ty |k € {wy.yz 22}, @)
where each predicted plane T stores the features that will
be queried during volume rendering process. All parts
in the model are predicted in a shared canonical object
frame (the rest state). Given an articulation configuration
q (rotational angle or translation), part p can be posed by
a rigid transform T, (q; Cp, D,, O)) that (i) rotates about
axis (D, O,) when C), = revolute, or (ii) translates along
direction D, when C), = prismatic. The base part uses the
identity transform. During training, we enforce consistency
between the posed prediction and the observed stage ¢ using
the predicted per-state dynamics.

We allocate Py learnable part slots in the network and
predict P<P, active parts. At inference time, similar to
previous methods [36, 42, 62], we assume the part count is
known. In practice, existing available VLMs [5, 17, 67] can
also provide accurate part-count estimates.

An important design choice is to use a canonical rest
state frame for articulation parameters. This rest state is a
predefined pose configuration for each object instance (e.g.,
all drawers closed, microwave shut), set during the data
construction. In contrast to parameterizing motion relative
to the first observed frame—which is sequence-dependent
and thus inconsistent—this canonicalization ensures iden-
tical ground truth across different sequences of the same
object for both part bounding boxes and underlying geom-
etry/texture. This results in more stable training and sub-
stantially faster convergence, an important benefit given the
limited availability of articulated 3D data.

3.2. Model Architecture

Given the multi-view, multi-stage inputs described above,
ART maps images into a shared token space, routes these
token features to a fixed set of learnable part slots, and de-
codes for each part both the geometry/texture plane repre-
sentations and articulation structure parameters.

Encoding image tokens. Each image I, ; is first divided
into non-overlapping 8 x8 patches and projected by a small
MLP [49] into a sequence of image tokens. To disambiguate
tokens across views and articulation stages, we augment
them with three types of side information.

Stage embeddings. We add a learnable embedding e; to ev-
ery token originating from stage ¢, enabling the network to
separate information from different articulation states.

Procedural dataset

StorageFurniture dataset
Figure 3. Articulated object data samples from two of our
data collections: Procedural (left two columns) and StorageFur-
niture (right two columns). For each object, we show two states
from one dynamic sequence under the same viewpoint.

Viewpoint information. For each input image we compute
the Pliicker ray representation [19, 55] using known camera
intrinsics and extrinsics, denoted as (v, v X o), where v is
the unit ray direction and o is the camera origin.

High-level semantics. We concatenate features from a pre-
trained DINOvV2 encoder [47]; the image inputs to DINOv2
are resized to account for different patch sizes. These fea-
tures provide rich semantics [11, 33, 66, 70], which is espe-
cially helpful under sparse views and limited training data.

After the concatenation of the above features with patch
embeddings, we obtain the final token sequence from the
input images, serving as the conditional input to the trans-
former layers.

Learnable part slots. We introduce F, learnable part slots
in the model. Each slot has a set of tokens trained to predict
part information given the articulated object observation in-
puts. One slot is reserved for the base part, and the remain-
ing slots model movable parts. During training, slot tokens
are updated via attention with image tokens [58]. With part
number P given, we simply keep the first P slots to obtain
the final prediction in both training and inference.

Transformer layers. Inputs to the transformer are part to-
kens and image tokens (Figure 2). Stacked layers update



part tokens while continuously progressing on information
in image tokens.

We employ two complementary layer types. In the self-
attention layers, we concatenate image and part tokens and
apply a single attention operation over the entire set. This
promotes global context sharing across views, stages, and
parts, which is beneficial for long-range correspondence
and enforcing inter-part consistency. In the cross-attention
layers, image tokens act as queries and part tokens provide
keys and values, explicitly routing visual information to a
compact set of part slots and mitigating inter-part interfer-
ence—an important factor to further improve performance.

Most LRM-style models [16, 34, 61, 65] adopt only self-
attention layer. In our setting this led to slower training and
unstable specialization of part slots, so we replace ~75%
of layers with cross-attention, for two reasons: (1) Token
efficiency. Multi-stage, multi-part inputs introduce many
more tokens than single-object settings; cross-attention uses
a smaller effective attention window and is more efficient.
(2) Convergence and accuracy. Interleaving cross-attention
accelerates convergence and improves final quality by en-
couraging distinct roles for image vs. part tokens, focus-
ing the model on their interactions, and enabling it to learn
stronger reconstruction priors.

Decoding part properties. As shown in Fig. 2, we split
the final part tokens into two branches and use sepa-
rate MLP heads to predict (i) the hexa-plane representa-
tion 7, for geometry/texture and (ii) the articulation vector

A, € R™*+T . We partition A, along the channel axis into
(B,,Cp, D,,0,,S),) and remap these raw outputs to the
final properties:

B;D = (QT ' 77[}(-3;0,center) —r2r- qp(-Bp,size)) 3)

D, =D,/||D,l| )
0, =2r-1%(0,) —r 4)
Sp=2-9(S,) — 1, (6)

where () is the sigmoid and r is the radius of the normal-
ized bounding sphere. For the motion type, Cp produces
two logits (i.e., prismatic vs. revolute), which is determined
by softmax during training and argmax at inference. By
convention, the first part slot is reserved for the static base
with motion type fixed to static. The two-way classification
is only applied to the remaining Py—1 movable slots.

3.3. Rendering Articulated Object

As shown in Fig. 2, during each training iteration we render
the articulated object both per part and as a composite of
all parts to generate the final supervision image. Our ren-
derer follows signed-distance-function (SDF) volume ren-
dering [69] to allow the model to learn both underlying ge-
ometry and appearance. Specifically for each dynamic part,

we transform sampling rays into the object coordinate space
of the corresponding state. Implementation details for ren-
dering static and dynamic parts and for composing all parts
via volumetric rendering are provided in Sec B in the sup-
plementary.

3.4. Training Scheme

Training objectives. Our loss combines rendering objec-
tives with direct supervision on articulation parameters. —
All rendering losses are computed on per-part renderings
rather than the final composite. Empirically, supervising
only the composite image hinders learning in occluded re-
gions and biases geometry/texture near part boundaries. For
each part p, view v, and stage ¢, we apply mean-squared er-
ror L5 on RGB and masks, and a perceptual loss Ly prps [71]
on RGB. For articulation parameters, we use cross-entropy
Lcg for motion-type classification C), and MSE for the re-
maining parameters B, Dy, Op, Sp.

Pre-training stage. Articulated-object datasets are inher-
ently less diverse and scalable than static 3D corpora [7, 8].
To learn a strong prior over geometry, texture, and part de-
composition, we introduce an optional pre-training stage.
For pre-training, we curate 130k static 3D objects with
part decomposition from a collection of 3D-artist gener-
ated assets that we licensed for Al training from a commer-
cial source. And we further filter the assets whose native
¢ITF/GLB hierarchy contains at most P parts (as defined
by their mesh-based composition). During pre-training, the
model is optimized only with rendering losses (L2, Lypips)
and MSE on part bounding-box centers/sizes; articulation
parameters (motion type, axis, dynamics) are not applica-
ble. Empirically, this stage consistently boosts downstream
performance across all metrics.

Coarse-to-fine articulation training stage. Following
static pre-training, we fine-tune ART on our articulated
dataset using a coarse-to-fine curriculum designed to grad-
ually increase the network ability. First, we gradually
sharpen the rendered surfaces by linearly increasing the re-
ciprocal of the standard derivation of the SDF [34]. Sec-
ond, we employ resolution annealing: training begins at a
128 x128 resolution for rendering-based objectives, and the
supervision resolution is later increased to 256 X256 to en-
courage finer geometric predictions.

3.5. Articulated Object Datasets

Our model is trained with multi-view, multi-state RGB im-
ages from dynamic articulated sequences generated from
a large and diverse collection of articulated 3D object as-
sets. Complete details of the data pipeline (asset collec-
tion/construction and per-asset sequence generation) and
statistics are given in the supplementary material. Below
we briefly introduce the names and characteristics of each
collection used. In total, we aggregate articulated objects



from three primary sources:

PartNet-mobility. We utilize several common indoor cat-
egories from the PartNet-Mobility benchmark [63], includ-
ing buckets, microwaves, and a range of furniture classes.

Procedural dataset. To enhance diversity and realism, we
generated a new articulated-object dataset using a procedu-
ral generation method motivated by [23]. It includes 2,000
high-quality articulated models across six categories, with
rich variation in shape and texture.

StorageFurniture dataset. We specifically focus on this
category because it is ubiquitous in real-world environments
and widely used as a training domain in prior work [4,
20, 37]. Our collection is procedurally generated from the
PartNet-Mobility storage-furniture category: using a com-
positional assembly system, we replace parts of source ob-
jects with alternative geometries from other assets, yielding
a large and diverse set of realistic storage-furniture models.

Figure 3 shows random samples from the latter two
collections. For every articulated asset described above,
we automatically synthesize multiple articulated sequences,
which are used for training and evaluation.

4. Experiments

Evaluation datasets. We evaluate on two distinct test sets.
StorageFurniture Test Set: For comparisons to feed-
forward methods, we use the held-out split of our large-
scale StorageFurniture dataset, comprising 631 objects, en-
abling robust large-scale evaluation.

PartNet-mobility Test Set: For comparisons to
optimization-based methods, we use a held-out set of
10 articulated sequences from PartNet-mobility [63], align-
ing with the evaluation protocol of previous optimization
methods on small sets due to their long inference times.

Baseline methods. We compare against two classes of
methods. For feed-forward models, we select URD-
Former [4] and SINGAPO [37], two recent state-of-the-
art methods for articulated reconstruction with a particu-
lar focus on part-level articulation prediction for storage-
furniture objects. For optimization-based methods, we in-
clude PARIS [36], DTA [62] and ArtGS [42], which recover
geometry, texture, and articulation structure from two-state,
multi-view inputs.

Evaluation metrics. To provide a holistic evaluation, we

assess geometry, texture, and part-level accuracy.

* Image-level metrics: We report PSNR and LPIPS [71] on
renderings from 8 novel test viewpoints.

* Geometry-level metrics: We compute Chamfer Dis-
tance (CD) and F-Score between the predicted and
ground-truth meshes.

¢ Part-level metrics: Following the evaluation protocol in
Liu et al. [37], we match predicted parts and ground-truth

ngoU J/ chist \L CD J/
URDFormer [4] 1.0710 0.1622 0.0536
SINGAPO [37] 0.8306 0.0947 0.0059
ART (Ours) 0.4717 0.0538 0.0019

Table 1. Quantitative comparison on the StorageFurniture test
set (all metrics: lower is better). Our method surpasses baselines
in both part-level prediction and holistic geometry reconstruction.

PSNR 1 LPIPS | CD | F-Score 1
PARIS [36] 22.851 0.183 0.023 0.486
DTA™ [62] 21.587 0.165 0.008 0.821
ArtGS [42] 22.352 0.176 0.016 0.520
ART (Ours) 27.059 0.049 0.009 0.762

Table 2. Quantitative comparison of the reconstruction quality
on the PartNet-mobility [63] test set. * indicates requiring addi-
tional depth inputs.

parts via Hungarian algorithm, then report (i) part-level
prediction accuracy using distance of generalized Inter-
section over Union (1-gloU) [52] and (ii) Euclidean dis-
tance between part centroids. For both, lower is better.

Implementation details. We train two versions of ART: a
multi-view model (V' =4) for comparison with optimization
methods and a monocular model (V=1) for fair compar-
ison with feed-forward baselines. We fix T'=2 (“start &
end”) states. All training and inference images are resized
to H=W =128 to balance compute.

4.1. Results

Comparison with feed-forward baselines. We first com-
pare the monocular version of ART to URDFormer and
SINGAPO. Table | reports quantitative results: ART out-
performs both baselines by a large margin across all metrics.
In particular, it achieves substantially better part-level pre-
diction, as evidenced by lower dg1ou and dcpist—and more
accurate overall geometry, as indicated by a reduced Cham-
fer Distance. These gains are also evident qualitatively in
Figure 5, which contrasts our predicted part bounding boxes
with SINGAPO and highlights ART ’s enhanced ability to
jointly reconstruct part structure and geometry.

Comparison with optimization-based baselines. Next,
we evaluate the multi-view ART against per-object opti-
mization baselines on the PartNet-mobility test set, using
sparse inputs (4 views across 2 states) for all methods; DTA
additionally receives depth maps, as required. As shown
in Table 2, ART achieves state-of-the-art results on image-
level metrics, outperforming all optimization-based com-
petitors by a clear margin. While DTA reports comparable
geometry metrics, this is expected given its depth supervi-
sion; nonetheless, its lower PSNR and higher LPIPS scores
indicate poor appearance recovery. This disparity is rooted
in sparsity: optimization approaches rely on dense cross-
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Figure 4. Qualitative results. “Input Images” shows the multi-state inputs provided to the model (visualized by one image). “Predicted
Parts” visualizes the predicted per-part bounding boxes in the start and end states; “Reconstructed Textured Articulated Meshes” displays

the textured 3D reconstructions for the same two articulated states.
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Figure 5. Qualitative comparison with feed-forward baseline
of predicted part bounding box and articulation structure.

state correspondences, which are fragile and difficult to es-
tablish from few views. As shown by the failure example in
Figure 6, due to the lack of robust correspondences, ArtGS
yields fragmented, noisy geometry, whereas ART —bene-
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ArtGS reconstructed
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Figure 6. Qualitative comparison with optimization baseline.
With the same sparse inputs, our method reconstructs complete,
high-fidelity textured meshes in both states. ArtGS [42] lacks re-
liable correspondences under sparsity, leading to fragmented and
inaccurate results.

fiting from a strong learned prior—reconstructs coherent,
high-fidelity textured meshes.

Qualitative results. We present qualitative results in Fig-
ure 1 and Figure 4. Our core idea is to cast articulated ob-
ject reconstruction as a part-based prediction problem, de-
composing objects into a set of rigid parts. As shown in
Figure 1, ART successfully reconstructs diverse object cat-



PSNR 1 LPIPS | CD | F-Score T dgrou | depist

monocular view 25961 0.037 0.017 0591 0.731 0.086
w/o rest-state 23.587 0.081 0.015 0.672 0.878 0.113
w/o defined part order 22.588 0.060 0.015 0.564 1.118 0.208
w/o part rendering loss 24.465 0.047 0.022 0.512 0.681 0.075
w/o pre-train 27495 0.034 0.013 0.641 0.665 0.082
ART (Ours) 28.678 0.030 0.008 0.716 0.629 0.062

Table 3. Ablation study of the components in proposed ART.
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Figure 7. Real-world images results.

egories and yields clear part decompositions, visualized by
rendering each predicted part with a consistent color.

Figure 4 provides a closer look at our method’s outputs,
showing reconstructions for the start/end states provided in
the image inputs. The Predicted Parts column visualizes
the inferred structure by overlaying per-part bounding boxes
for both states, along with recovered articulation structures
(e.g., axes for movable parts). Together, these visualiza-
tions demonstrate that ART reconstructs high-fidelity ge-
ometry and texture while accurately recovering the articula-
tion structure that drives object motion.

Real-world images results. We further present a real-
world example in Fig. 7. The capture uses only approxi-
mate camera poses and no background masking. Despite
no real-image training, ART recovers the correct articula-
tion structure with plausible geometry and texture.

4.2. Ablation Study

We conduct a detailed ablation study (Table 3) to validate
our key design choices.All model variants are evaluated on
the overall held-out test set of PartNet-mobility [63], which
includes more than 130 multi-view, multi-state sequences.
Our reference is the base model w/o pre-train, which is the
multi-view (VV'=4) ART model trained from scratch on only
the articulated object dataset. We then measure the impact
of adding the pre-training stage (last row) and of removing
key components (first four rows) relative to this base model.
Pre-training stage helps. By adding the pre-training stage,
the full ART shows a substantial improvement over the ver-
sion without pre-training, with gains across geometry, tex-
ture, and articulation metrics. This confirms that a robust
prior on geometry and part decomposition learned from

large-scale 3D data is highly beneficial for part-based ar-
ticulated reconstruction.

Monocular vs. multi-view inputs. We compare the base
multi-view model with a variant trained using only a single
view as input. This change produces a clear drop in qual-
ity across all metrics, as expected, confirming that multiple
views are crucial for resolving ambiguities and achieving
high-fidelity, geometrically accurate reconstruction.

Rest-state formulation. Removing the rest-state formula-
tion and predicting parts relative to the first observed frame
leads to a severe quality drop (PSNR 27.495 — 23.587)
and higher part-level errors (dcpist 0.082 — 0.113). The
decline is unsurprising: because the test set contains mul-
tiple sequences of the same object, the first-frame scheme
induces a pose-dependent “canonical” per sequence (e.g.,
one starting closed, another open), effectively treating the
same object as different identities. This ambiguity hampers
learning and underscores the benefit of a consistent, prede-
fined rest state.

Defined Part Order. Without forcing a pre-defined part or-
dering in dataset construction, performance degrades most
severely across the board (PSNR 27.495 — 22.588, d.pjg
0.082 — 0.208). This is expected: Lacking a consistent or-
dering forces the network to learn both reconstruction and
part matching, which is especially difficult for objects with
many similar dynamic parts (e.g., cabinets with many draw-
ers). We observe slot collapse—multiple slots predicting
parts in the same location—directly reflected in the part-
level metrics. This confirms the benefit of enforcing a con-
sistent part ordering.

Per-part vs. composite rendering losses. Finally, elim-
inating per-part rendering losses and supervising only the
composited image consistently harms performance. Per-
part supervision is essential for learning occluded content;
otherwise, the result is smeared geometry and inferior tex-
ture quality.

5. Discussions and Conclusion

Limitations. Our method assumes a known part count for
the target object and relies on pre-calibrated camera poses.
Future work should include learning a pose-free variant
(self-calibrated cameras) with larger datasets and integrat-
ing part-count estimation directly into the model.

Conclusion. In this work, we propose ART, a feed-forward
model to reconstruct complete 3D articulated objects from
sparse, multi-state images. By casting reconstruction as
a part-based prediction problem, ART jointly decodes ge-
ometry, texture, and articulation structure for each part.
Experiments across a broad range of articulated objects
demonstrate that ART consistently outperforms strong feed-
forward and optimization-based baselines.
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ART: Articulated Reconstruction Transformer

Supplementary Material

A. More results

We provide additional results in the project webpage.

Video results. We provide both fixed-view and rotational-
view renderings of the reconstructed articulated objects,
with the dynamic parts moving according to the predicted
articulation structure.

Export into simulator. As discussed in the main text, our
part-based output can be directly converted to URDF. Com-
bining the exported URDF with each part’s textured mesh
yields simulation-ready assets. We showcase several inter-
action scenes in the MuJoCo simulator—each featuring a
humanoid robot and an articulated object—and include the
corresponding videos in the project webpage.

Detailed runtime analysis. We provide a quantitative
runtime comparison on a single A100 GPU in Table SI.
ART completes reconstruction in 0.85s (multi-view) and
0.42s (monocular). This is orders of magnitude faster than
optimization baselines with lengthy per-instance process-
ing. This efficiency stems in part from ART’s use of cross-
attention layers, which reduces token processing time.

Real-world results Here we add four additional real-world
results (Figure S1). While texture reconstruction is inher-
ently limited by the synthetic training domain, ART demon-
strates robust articulation-structure understanding across di-
verse opening configurations.

B. Rendering Articulated Object

At each training iteration, we render the articulated object
both per part and in a compositional manner to obtain the
final image for supervision. The rendering process queries
hexa-plane feature outputs from the model to compute the
per-pixel RGB and uses the predicted articulation to cor-
rectly place each dynamic part.

Our rendering pipeline follows the signed distance func-
tion (SDF) volume rendering [69]. For a camera ray defined
by origin o and unit direction v, we first intersect the ray
with the part’s axis-aligned bounding box B, (in canonical
space) and sample 3D points along the valid ray segment.
Each sampled world-space point x, (o, v, B,) is mapped to
the part’s normalized local coordinates X, = (z,y,2) €
[—1,1]3, which are then used to query the hexa-plane fea-
tures:

Bilinear(Tpzy+; z,y), 2z >0,
— { o (S1)

Bilinear(Tpzy—;z,y), 2z <0.

Here Tpzy4, Tpuy— are the model’s hexa-plane repre-

Optimization-based PARIS DTA ArtGS
Runtime (min) 50 40 9
Feed-forward URDFormer  SINGAPO Ours
Runtime (s) 2.37 0.54 0.85/0.42

Table S1. Runtime comparison between baselines and ART.

sentation output from Eq. 2; f, ,., f, ». can be obtained
analogously. These features are concatenated to form the
feature vector f,, for the spatial point x 4 p. Following the
architecture in [34, 61], we use two small MLPs to predict
SDF value s, and RGB color c,,, respectively. In particular,
the SDF value is computed as:

sp = MLP(£,) + Sbias(Xp)- (52)

where the bias term Spias(x,) = ||x,|| — 0.1r is a prior
defined in the part’s local space, to initialize the shape as
a sphere to stabilize the training [34, 69]. The SDF value
s, can be converted further to volume density using the
Laplace CDF [69]:

sexp(—%), sp >0,
oy =1 > i i v (S3)
1-— iexp(—ﬁp), sp < 0.

where [ is the standard deviation that controls the sharp-
ness of the underlying surface. As noted in the main text, %
is linearly annealed over training to progressively sharpen
surfaces. With o, and c,, evaluated at ray samples, we com-
pute per-part color, opacity (mask), and depth via the usual
transmittance accumulation [45, 69]. Normals are obtained
by numerically differentiating the SDF at each sample [32].

To obtain the composited image over all parts, we merge
the sampled points from all parts along each ray, sort their
orderings by the sampled ray distance, and apply standard
alpha compositing to compute the rendered images. We em-
ploy Nerfacc [30] to accelerate point sampling, ray distance
sorting, and compositing.

Dynamic parts rendering. The equations above de-
scribe static per-part rendering in each part’s canonical
space (from the model-predicted bounding-box region). For
dynamic parts at stage ¢, instead of physically moving the
part’s volume and rebuilding an oriented bounding box, we
transform the camera rays into the part’s instantaneous lo-
cal frame (i.e., move the rays inversely), keeping the axis-
aligned bounding box B,, unchanged.

Recall that C,, denotes the motion type, D,, the unit joint
axis, O, a point on that axis, and S, ; € [—1,1] the nor-
malized motion value at stage ¢. For a point x in the part’s
canonical space, the stage-t rigid transform 7}, ; for differ-
ent motion types can be defined as:


https://kyleleey.github.io/ART/
https://kyleleey.github.io/ART/

Figure S1. Real-world images results.

Prismatic:
Tpat(x) = X + (QT) Sp,t Dp~ (S4)
Revolute:

Tpi(x) = Oy + R(Dy, 21S,,) (x—0,), (S5

where R(d,#) denotes the rotation by angle 6 (radians)
about axis d.

Now, instead of actually transforming the bounding
box (point), we’ll inversely transform each ray (o,Vv) to
reach the equivalent rendering results. It’s straightforward
that for prismatic parts, after transformation:

6=0-2r-5,,-D,, v=v, (S6)

and for revolute parts, similarly:

6 = o+ Rotate(D,, —27 - S, ;)(0 — Op) + O,, (57)
v = Rotate(D,, =27 - S, 1) V. (S8)

We then proceed exactly as in the static case: intersect
the transformed ray (6, v) with bounding box B,,, sample
points, query hexa-planes, and composite to obtain the de-
sired renderings. The computed values from the queried
features are further assigned to the original ray sampled
points, which are in the current world coordinate space, for
volume rendering composition.

C. Dataset Construction

A key advantage of ART is its training data: we substan-
tially increase both the quantity and diversity of articulated
assets. Prior feed-forward models [20, 37] typically rely on
subsets of PartNet-Mobility [63], which offer limited geo-
metric diversity and often unrealistic textures.

In this work, we combine three articulated-object data
sources to construct our training dataset, increasing diver-
sity and fidelity in geometry, texture, and articulation com-
plexity. Beyond the basic information in the main text, fur-
ther details on these sources are provided below.

PartNet-mobility. As previously mentioned, PartNet-
Mobility provides common indoor articulated cate-
gories—bucket, dishwasher, door, laptop, microwave, oven,
refrigerator, and storage furniture. In total, we collect over

300 objects from this dataset. However, many assets have
unrealistic textures and low-quality surface geometry, moti-
vating our exploration of more diverse and realistic articu-
lated object sources.

Procedural dataset. To scale both quantity and diver-
sity, and inspired by Infinigen-Sim [23], we adopt pro-
cedural generation to author articulated assets in Blender
(with TA support). The resulting dataset includes 2,000
high-quality articulated models across six categories: lap-
top, dishwasher, beverage refrigerator, cabinet with draw-
ers, bucket, and microwave oven. 3D geometry is provided
in GLB/OBJ and articulation in URDF. Each category is
governed by procedural rules over shape, appearance, and
articulation; for each, we generate several hundred variants
with randomized shapes, sizes, and materials. In principle,
this pipeline can produce an unlimited number of articulated
objects.

StorageFurniture dataset. We recognize that the Storage-
Furniture category in PartNet-Mobility spans many com-
monly used articulated assets, a property also noted by prior
methods [4, 37] that primarily train on this category. Based
on this, we construct a StorageFurniture dataset by recom-
bining parts from the PartNet-Mobility storage-furniture
class.

For a given object, we use its articulation tree (kinematic
structure) to procedurally create new instances via com-
positional part assembly: original parts are replaced with
geometries from other objects (rescaled as needed), fol-
lowed by UV-map correction and material randomization.
This yields a large, realistic, and varied set of assets—over
10,000 articulated models for training.

These three data sources collectively provide a large pool
of articulated objects. Using each asset’s articulation defi-
nition, we further generate random per-part trajectories, re-
sulting in a large dataset of articulated object sequences.

D. More Implementation Details

During sequence data construction, we explicitly set the or-
der of the parts following a certain rule: the static base part
is the first, and the remaining dynamic parts are ordered
from low to high, front to back and left to right. This con-
sistent ground-truth ordering greatly improves training sta-
bility and convergence speed. We also define the rest state
at this stage as the configuration where all dynamic parts are
“closed.”

The transformer in ART has 32 attention blocks with
a 3 : 1 cross-/self-attention ratio, 16 heads, and a 256-
dimensional embedding. It outputs 24 x 24 hexa-plane fea-
tures that are later upsampled to the spatial resolution of
192x192. We set the maximum part count to FPy=8. Train-
ing uses AdamW with (51, 82)=(0.9,0.95). The multi-
view model trains for 5 days on 64 H100 GPUs; the monoc-



ular model trains for 3 days.

ART is trained with known camera poses as part of the

input to distinguish tokens across views. This design fol-
lows common LRM-style practice, where camera informa-
tion serves as implicit geometric cues for multi-view 3D re-
construction. Empirically, providing calibrated poses sig-
nificantly accelerates training convergence and improves
accuracy compared to using fully optimizable view embed-
dings. While we currently assume calibrated poses, we ob-
serve that with results remain reasonable under noisy real-
world pose estimates. As discussed in our limitations, de-
veloping a pose-free variant by integrating optimizable view
embeddings is a meaningful direction for future work to
make the system more practical for arbitrary user-captured
images.
Inference details Similar to other LRM-style models, ART
targets an object-centric reconstruction scenario. Conse-
quently, it requires input images containing a single articu-
lated object accompanied by a corresponding segmentation
mask produced by off-the-shelf segmentation models. To
prepare the input, we identify the longer side of the object’s
bounding box and crop a square region that preserves the
full foreground, which is then resized to the input resolu-
tion. These standard pre-processing steps are used in both
training and inference.
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