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Abstract

Articulated object modeling, which represents interconnected
rigid bodies with their geometry, part segmentation, artic-
ulation tree, and physical properties, is crucial for robotic
perception and manipulation. Recently existing methods like
SAGCI leverage Interactive Perception (IP) to refine mod-
els through robot interaction. However, SAGCI suffers from
prior-dependency (requiring initialization), neglects kinemat-
ic/dynamic constraints, and generates non-watertight meshes.
To overcome these limitations, we propose SIAM, a novel
framework for efficient and generalizable Single-Interaction
Articulated Modeling. Given an initial point cloud, SIAM
first enables minimal robot interaction to trigger object mo-
tion. It then precisely segments parts by analyzing point
cloud differences pre- and post-interaction. For joint pa-
rameter estimation, we introduce an optimization incorpo-
rating novel kinematic energy constraints, enhancing physi-
cal consistency. Finally, we reconstruct a high-quality, topo-
logically watertight mesh by learning 3D Gaussian Primi-
tives from multi-view RGB-D observations under deforma-
tion. Extensive experiments on the PartNet-Mobility bench-
mark demonstrate state-of-the-art articulation modeling per-
formance. Successful real-world deployment with an xArm
robot further validates the framework’s practicality and trans-
ferability. SIAM achieves accurate, prior-free modeling with
significantly reduced interaction cost.

Introduction
Articulated object modeling describes the structured repre-
sentation of 3D objects composed of interconnected rigid
bodies, characterized by annotated full geometry, part seg-
mentation, and an articulation tree encoding kinematic in-
formation (Anguelov et al. 2012). This model specifies each
part’s type, connectivity, degrees of freedom, and motion
constraints, unifying visual appearance, topology, seman-
tics, and physics—crucial for robotic perception (Preme-
bida, Ambrus, and Marton 2018; Jiang et al. 2023; Li et al.
2023), grasp planning (Miller et al. 2003; Berenson et al.
2007), and manipulation (Liu, Savva, and Mahdavi-Amiri
2025). It offers agents richer, actionable object represen-
tations. However, existing CAD or synthetic datasets (e.g.,
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PartNet-Mobility (Xiang et al. 2020)) lack realistic textures,
fine geometry, and accurate physics, limiting real-world ap-
plicability. Real-scanned datasets like AKB-48 (Liu et al.
2022) provide more faithful appearance and physical traits
but remain time-consuming, labor-intensive, and costly to
construct.

The SAGCI system (Lv et al. 2022) introduces Interac-
tive Perception (IP), where robots actively manipulate ob-
jects and observe state transitions to refine internal mod-
els. This enables automatic correction of articulation at-
tributes such as joint types, parameters, and physical prop-
erties, yielding more accurate representations. Unlike static
or manually annotated methods, IP lets robots iteratively
learn structural and kinematic properties through interac-
tion. Moreover, integrating IP with differentiable simulation
and model-driven learning improves sample efficiency and
generalization across simulation and real environments, en-
hancing performance in articulated object manipulation and
physical reasoning. Despite these promising results, several
challenges still remain.

Despite SAGCI’s pioneering contributions to robotic per-
ception, several limitations remain: (1) The system relies
on human interventions for initialization, making it prior-
dependent and incapable of fully autonomous, closed-loop
modeling. (2) For kinematic modeling, SAGCI requires an
extra network to learn parameters, incurring additional train-
ing costs. Furthermore, it lacks kinematic constraints like
energy conservation, limiting physical consistency during
manipulation. (3) The generated models build the whole ob-
ject mesh rather than per-part generation, often exhibiting
non-watertight surfaces that hinder accurate simulation.

To address these, we propose SIAM for efficient gen-
eralizable Articulated object Modeling within a Single
Interaction. Specifically, SIAM introduces coarse action-
able part perception to enable slight robot interaction, re-
ducing reliance on human intervention for a truly prior-
free pipeline. Next, we input pre- and post-interaction point
clouds to obtain precise segmentation by mining object mo-
tions. For joint parameter estimation, we augment training-
free optimization with a novel energy function consider-
ing geometric and kinematic constraints, thereby enhanc-
ing the structural and physical consistency as well as the
interpretability of the estimated results. Finally, we utilize
part segments to learn per-part 3D Gaussian Primitives from
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Figure 1: Given an initial point cloud observation and a single robot-object interaction, our SIAM achieves high-precise part
segmentation, kinematic induction, and mesh reconstruction tasks, and outputs an articulated object modeling represented as a
3D URDF asset.

multi-view RGB-D images, generating topologically water-
tight meshes that largely improve simulation compatibil-
ity. Experiments on PartNet-Mobility demonstrate superior
state-of-the-art performance, with successful transfer to real-
world interaction using a xArm robot.

The contributions can be summarized as follows:

• We propose the SIAM, which aims at generalizable ar-
ticulated object modeling via single robot-object interac-
tion.

• To cope with part segmentation, we introduce a motion-
geometry-guided network that leverages scene flow for
robust part discovery. To address joint estimation, we de-
sign an energy-based optimization framework with kine-
matic constraints for physically consistent modeling.

• Extensive experiments in both simulation and real-world
scenarios demonstrate the effectiveness of our method
and its strong generalization to unseen articulated ob-
jects, paving the way for generalizable part-level robotic
manipulation.

Related Work
Part Instance Segmentation from Point Clouds
3D part instance segmentation (Papandreou et al. 2018) has
been extensively studied with the development of large-scale
3D datasets such as ShapeNet (Chang et al. 2015) and Part-
Net (Mo et al. 2019), which enable learning part-level se-
mantic understanding from point clouds. Prior works (Li
et al. 2020; Zhang et al. 2022; Wang et al. 2024) have
advanced unified point cloud learning architectures, super-
vised segmentation networks, and unsupervised part discov-
ery. However, most of these methods focus on category-
specific segmentation, where part definitions and structures

are limited within the same object class. In contrast, GAPart-
Net (Geng et al. 2023) introduces a cross-category part seg-
mentation benchmark that encourages learning geometry-
and function-based part concepts shared across different ob-
ject categories. Building upon this, our work enhances part
segmentation by introducing interaction-induced dynamic
cues, which provide additional geometric signals to resolve
ambiguities that static observations cannot address.

Kinematic Structure Reconstruction
Reconstructing the kinematic structure of articulated objects
from point clouds is crucial for robotic manipulation (Liu,
Mahdavi-Amiri, and Savva 2023; Taylor 2000; Heppert et al.
2023). Existing methods such as RPMNet (Yan et al. 2020)
and Shape2Motion (Wang et al. 2019) utilize point-wise mo-
tion prediction to separate articulated parts in unknown ob-
jects, but they do not generate URDF models suitable for
downstream embodied tasks. Similarly, URDFormer (Chen
et al. 2024) employs a Transformer architecture to predict
part connectivity, yet its performance is limited by reliance
on single-view inputs and lacks precise articulation parame-
ters. In contrast, our approach processes paired point clouds
captured before and after a single interaction, enabling un-
supervised and accurate generation of URDF models in-
cluding detailed joint parameters. By integrating segmenta-
tion, mesh reconstruction, and kinematic modeling in a uni-
fied pipeline, our method produces physically accurate and
simulation-ready models, offering a practical and general-
izable solution for real-world articulated object reconstruc-
tion.

Cross-Category Generalization
Generalizing 3D part perception and manipulation to un-
seen object categories remains challenging (Mateo, Gil, and
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Torres 2016; Stückler et al. 2011). Prior works explore
category-agnostic part discovery through interaction (Qian
and et al. 2023) or bottom-up learning (Luo 2023), but their
performance on complex objects is limited. Some methods
reconstruct unknown articulated shapes via latent encod-
ings (Heppert et al. 2023), while others improve manipu-
lation generalization using low-level geometric cues (Mo
et al. 2021; Wu et al. 2022). Interactive pipelines like (Gadre,
Ehsani, and Song 2021) segment movable parts but handle
only simple objects with few parts and lack use of con-
sistent geometric priors. Rigid object manipulation meth-
ods (Breyer et al. 2020; Fang et al. 2020) provide foun-
dations but do not address articulated parts. Our method
improves generalization by leveraging temporal geometric
cues from interaction and part priors, enabling robust per-
ception and kinematic reasoning across diverse unseen ar-
ticulated objects.

Problem Statement
This work focuses on articulated object modeling from a
single robot-object interaction in previously unseen envi-
ronments. The input to our system is a single-view point
cloud P ∈ RN×3, by an eye-in-hand RGB-D camera, de-
picting a previously unknown articulated object. The output
is a complete and simulation-ready asset that includes: (1)
fine-grained part segmentation, (2) estimated joint param-
eters with explicit kinematic types (e.g., revolute or pris-
matic), and (3) a watertight mesh representation annotated
with URDF-compatible structure. Without relying on prior
CAD models or category labels, our goal is to recover the
object’s part-level semantics and motion configuration by
leveraging physical cues collected during a minimal, au-
tonomous interaction.

Given the initial observation P , we first use a pretrained
part prior network to generate coarse interaction propos-
als, guiding the robot to execute a manipulation trajectory
T . Post-interaction, a second point cloud P ′ is captured,
and a scene flow field F is estimated between P and P ′

using our DifFlow3D network. These dynamic cues, com-
bined with spatial features, are processed by a SparseUNet-
based segmentation backbone to generate instance propos-
als {Sk}Kk=1. For each segmented part, we infer its mo-
tion type and parameters—revolute parts are parameterized
by axis point p, direction n, and angle ∆θ; prismatic parts
by axis direction n and displacement ∆d. This inference is
formulated as a physically grounded optimization problem
minimizing geometric misalignment EG and motion consis-
tency error EK . Concurrently, multi-view RGB-D observa-
tions captured along T are used to reconstruct a high-fidelity
3D mesh using planar-guided Gaussian Splatting. Finally,
mesh parts are aligned with point cloud proposals to produce
a unified, articulated representation suitable for downstream
robotic applications.

Method
Initial Perception for Single Interaction
Given a single-view point cloud as input, we begin by em-
ploying GAPartNet to generate an initial coarse part seg-

mentation and to estimate a candidate grasp pose. This pre-
liminary prediction acts as a weak prior, guiding the subse-
quent interaction process.

Based on the predicted pose, we construct a heuristic ma-
nipulation trajectory T that directs the robotic arm to inter-
act with the object. During this interaction, the robot ex-
ecutes a predefined motion path while actively collecting
sparse multi-view RGB observations from varying view-
points. This interaction not only facilitates physical contact
but also introduces necessary viewpoint diversity, which is
critical for comprehensive perception.

Upon completing the interaction, the robot returns to its
initial observation pose and captures a post-interaction point
cloud that reflects the object’s deformed or displaced ge-
ometry. To extract motion cues, we estimate the scene flow
between the pre- and post-interaction point clouds using
DifFlow3D. The resulting motion field reveals fine-grained
part-level displacements, offering dynamic information that
complements static shape observations and highlights artic-
ulated components.

The post-interaction point clouds and estimated scene
flow are then input into our motion-geometry-guided part
segmentation network. By integrating both geometric struc-
ture and observed dynamics, the network refines the ini-
tial segmentation and enhances structural understanding.
Compared to purely geometry-based methods, our approach
demonstrates improved robustness in cluttered scenes and
on previously unseen object categories by grounding part-
level predictions in physically observed motion patterns.

Motion-Geometry-Guided Part Segmentation
To effectively integrate both geometric structure and dy-
namic motion cues, we adopt a SparseUNet backbone that
jointly processes spatial coordinates (x, y, z) and per-point
scene flow vectors F = (fx, fy, fz). The SparseUNet archi-
tecture is well-suited for this task due to its efficient sparse
tensor operations and its ability to preserve fine-scale geo-
metric details in irregular 3D point clouds. Notably, we ex-
clude RGB inputs, as color information offers limited util-
ity in distinguishing kinematic relationships such as revolute
versus prismatic joints.

Given the input point cloud P ′ and the associated scene
flow F , the network extracts point-wise features Fp, which
are subsequently processed by two parallel MLP heads. The
first head predicts motion-based part segmentation, while
the second estimates per-point offsets to guide kinematic pa-
rameter inference. This dual-head design enables joint learn-
ing of semantic part decomposition and motion-aware struc-
tural attributes, supporting a more complete understanding
of the object’s articulation. The network is trained using
two complementary loss functions: a segmentation loss that
encourages accurate motion part prediction, and an offset
loss that supervises the regression of spatial displacements
used in downstream part proposal via a ball-query clustering
mechanism. Together, these objectives facilitate robust and
physically grounded part-level understanding from sparse,
interaction-driven observations.

Segmentation loss. The segmentation head is optimized
using a composite loss Lseg combining two complemen-
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Figure 2: The Overview of the Proposed SIAM. We propose SIAM, a unified framework for generalizable articulated object
modeling from a single robot-object interaction. Given an initial point cloud observation of an unknown articulated object,
SIAM performs motion-guided part segmentation, kinematic structure induction, and watertight shape reconstruction to produce
URDF-compatible, simulation-ready assets.

tary objectives: Lseg = Lfocal + LLovász where Focal Loss
Lfocal addresses class imbalance by down-weighting well-
classified examples, particularly effective for our task where
part categories have uneven distributions.

Given the dense spatial distribution of revolute and pris-
matic parts in our task, semantic boundaries between ad-
jacent instances are often ambiguous. To address this,
we adopt the Lovász-Softmax loss (Berman, Triki, and
Blaschko 2018), which directly optimizes mean IoU (mIoU)
and improves segmentation quality in such challenging re-
gions. Specifically, for semantic logits s ∈ RC×N over
N points and C classes, we compute softmax probabili-
ties p = softmax(s, dim = 1) and ground-truth labels
y ∈ {0, . . . , C−1}N . The loss is given by

LLovász(p,y) =
1

C

C∑
c=1

LovászHinge(m(c)) (1)

where m(c)
i = 1−pc,i if yi = c, and m

(c)
i = pc,i otherwise.

Offset Loss. The offset loss supervises the prediction of
per-point displacement vectors from each point in the input
point cloud P ′ to its corresponding instance center. For point
i in the valid instance point set V ⊂ P ′, let o∗

i denote the
ground truth offset vector and oi denote the predicted offset.
The loss enforces both magnitude accuracy and directional
consistency through:

Loffset =
1

|V|
∑
i∈V

(
∥oi − o∗

i ∥1 +
(
1− oi · o∗

i

∥oi∥ · ∥o∗
i ∥

))
(2)

Given the predicted part semantics and per-point offset
vectors, we generate instance proposals {Sk}Kk=1 through a
clustering process. Specifically, for each point, we perform

a ball query in 3D space to group nearby points with the
same predicted semantic label. To enhance the quality of
proposals, we further incorporate the estimated scene flow
F : for each queried neighbor, we compute the angular and
magnitude differences between its flow vector and that of
the query center, retaining only neighbors within predefined
thresholds. In our implementation, we set the angular thresh-
old to 40◦ to avoid grouping points with significantly dif-
ferent flow directions, and the magnitude threshold to 0.02
to exclude neighbors with inconsistent motion amplitudes.
This motion-guided filtering helps suppress noisy or irrele-
vant points, especially in cluttered or ambiguous regions.

Proposal Score Loss. This loss evaluates the quality of
each generated proposal Si using binary classification. Let
s∗i ∈ [0, 1] denote the target quality score derived from the
IoU between proposal Si and the corresponding ground-
truth segment, and let si ∈ [0, 1] represent the predicted
score by the network. The loss is defined as:

Lscore =
1

|S|

|S|∑
i=1

BCE(si, s∗i ) (3)

where |S| is the total number of generated proposals, and
BCE(·) is the binary cross-entropy function. The IoU-
derived s∗i provides continuous supervision to guide pro-
posal quality prediction.

To address the imbalance between multiple task losses
with different magnitudes and optimization difficulties, we
adopt an uncertainty-based weighting strategy (Kendall,
Gal, and Cipolla 2018). The total loss is formulated as:

Ltotal =
∑ 1

2σ2
i

Li + log σi (4)
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where Li is the loss of the i-th task, and σi is a learnable
parameter (implemented by Kaiming initialization) repre-
senting its uncertainty. This formulation allows the model
to dynamically adjust the contribution of each task during
training.

This architecture effectively integrates scene geometry
and motion to segment articulated parts, especially when ge-
ometric cues alone are insufficient to distinguish functional
categories like sliders and hinges.

Kinematic Induction and Shape Reconstruction
Given the instance segmentation results, we perform kine-
matic structure induction for each part proposal using the
predicted scene flow. For each proposal, we first classify its
kinematic type as either revolute or prismatic, based on its
motion characteristics.

For a revolute part, the objective is to estimate the rotation
axis, which is parameterized by a point p ∈ R3 on the axis
and a unit direction vector n ∈ R3. The rotation angle ∆θ
is assumed to be known or estimated beforehand and is used
to guide the optimization of the axis parameters (p,n). The
input consists of the part’s point cloud {Pi}Ni=1 at frame m1,
along with the predicted scene flow vectors {Fm12

i }Ni=1 from
frame m1 to frame m2.

To infer the axis parameters, we define a geometric con-
straint energy composed of two terms:

E
(r)
G = E

(r)
V + E

(r)
C (5)

where the first term

E
(r)
V =

N∑
i=1

wi

∣∣∣∣ n · Fi

∥n∥∥Fi∥

∣∣∣∣ (6)

encourages the flow vectors to be perpendicular to the rota-
tion axis, reflecting the tangential nature of rotational mo-
tion. We introduce a normalized flow magnitude weight wi

(Eq. 7) in E
(r)
V to suppress the influence of noisy or nearly

static points, allowing the estimation to focus on dynamic
regions with more informative motion cues.

wi =
∥Fi∥∑N

k=1 ∥Fk∥
(7)

The second term

E
(r)
C =

1

N2

N∑
i=1

N∑
j=1

∣∣∣∣D(Pi,p,n)

D(Pj ,p,n)
− ∥Fi∥

∥Fj∥

∣∣∣∣ (8)

encourages consistency between the relative distances from
points to the axis and the relative magnitudes of their mo-
tion. Here, D(Pi,p,n) denotes the perpendicular distance
from point Pi to the axis (p,n). This energy formulation
leverages the spatial pattern of rotational motion to robustly
estimate the underlying kinematic axis.

E
(r)
V and E

(r)
C in Eq 5 enforcing flow-axis alignment and

distance-ratio consistency, respectively. Here, wi is the nor-
malized flow magnitude weight, and D(Pi,p,n) denotes the
perpendicular distance from Pi to the axis.

To further constrain the axis parameters, we introduce a
motion consistency term:

E
(r)
K =

1

N

∑
i

∥(Pm1
i + Fm12

i )− Tr(P
m1
i ,p,n,∆θ)∥2 (9)

where Tr is a rotation transformation function that outputs
the post-rotated Pm1

i using joint (p,n) with angle ∆θ. Eq. 9
encourages the transformed points to align with the pre-
dicted flow vectors under the estimated rotation.

For a prismatic part, we only estimate the translation axis
direction n ∈ R3 and the displacement ∆d. The input is
the same: the point cloud and predicted flow. The geometric
constraint becomes:

E
(p)
G =

∑
i

|n · Fm12
i − ∥n∥∥Fm12

i ∥| (10)

and the motion consistency term is defined as:

E
(p)
K =

1

N

∑
i

∥(Pm1
i + Fm12

i )− (Pm1
i + n ·∆d)∥2 (11)

The final energy to optimize for both motion types is:

E = EG + EK (12)

This formulation allows us to infer the axis parameters and
motion type for each moving part. Once the kinematic struc-
ture is recovered on the object point cloud, we proceed
to Shape Reconstruction, and finally combine both compo-
nents to generate complete 3D assets in URDF format.

To reconstruct 3D geometry, we use RGB images cap-
tured during heuristic manipulation, which offer both inter-
action cues and diverse viewpoints.

After optimizing the unified 3D Gaussians, we fuse them
via TSDF to obtain a watertight mesh. This mesh is then
globally aligned to the pre-interaction point cloud P using
saved camera poses, ensuring consistency with the original
coordinate frame.

Given the aligned mesh and the set of part proposals
{Sk}Kk=1 derived from motion-guided segmentation: due
to the downsampled nature of our point cloud, we use a
KDTree to locate the 50 nearest vertices in the global mesh
for each point in a proposal, and assign the corresponding
part label via majority voting among these neighbors, ensur-
ing a more robust association. This approach ensures more
robust nearest-neighbor association: for each point in a pro-
posal, we find its 50 closest vertices in the global mesh
and inherit the corresponding part label by majority vot-
ing among these neighbors. This process yields a collec-
tion of per-part meshes that are both topologically watertight
and kinematically consistent with the recovered joint pa-
rameters. By performing segmentation in the reconstructed
3D space rather than per-view masking, our pipeline avoids
redundancy, preserves surface continuity, and ensures that
the final URDF-compatible asset faithfully reflects the es-
timated articulation structure for downstream manipulation
and simulation tasks. Finally, we construct kinematic struc-
tures and export the object as URDF-compatible 3D assets,
suitable for downstream physics-based simulation and ma-
nipulation.
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Method Seen Category Unseen Category
Safe Box Dishwasher Laptop Storage Door Kitchenpot Refrig. Table Oven

Part Segmentation (mean AP for Revolute part and Prismatic part)
SAGCI (Lv et al. 2022) 28.93 16.24 23.34 16.08 18.17 20.86 16.66 25.42 26.87 17.98
Vanilla PartNet (Mo et al. 2019) 32.16 15.99 22.59 27.54 18.63 23.65 19.05 23.69 22.35 13.65
GAPartNet (Geng et al. 2023) 30.12 32.18 30.85 32.66 41.77 36.02 31.07 30.26 28.82 29.21
SIAM (Ours) 49.68 77.50 68.99 88.84 74.84 89.47 95.14 83.18 68.88 33.7

Kinematic Induction (average Axis Angle Error and Distance Error)
SAGCI (Lv et al. 2022) 11.0◦, 0.15m 9.8◦, 0.16m 10.2◦, 0.16m 6.9◦, 0.09m 5.8◦, 0.09m 9.6◦, 0.18m 6.3◦, 0.08m 12.7◦, 0.20m 8.9◦, 0.07m 8.5◦, 0.07m
U-COPE (Zhang et al. 2024) 3.0◦, 0.04m 3.8◦, 0.05m 7.5◦, 0.10m 5.1◦, 0.06m 3.7◦, 0.04m 6.2◦, 0.07m 3.6◦, 0.06m 9.3◦, 0.13m 6.0◦, 0.06m 4.9◦, 0.04m
EfficientCAPER (Yu et al. 2024) 2.2◦, 0.05m 3.6◦, 0.03m 6.0◦, 0.05m 3.1◦, 0.04m 3.2◦, 0.02m 4.3◦, 0.05m 3.3◦, 0.07m 7.0◦, 0.09m 4.1◦, 0.05m 5.2◦, 0.07m
SIAM (Ours) 2.1◦, 0.06m 3.9◦, 0.10m 2.8◦, 0.04m 3.6◦, 0.03m 3.0◦, 0.02m 2.5◦, 0.05m 2.7◦, 0.06m 5.9◦, 0.07m 3.8◦, 0.03m 4.8◦, 0.04m

Shape Reconstruction (Chamfer Distance (CD) for Part-level Shape and Whole Shape)
SAGCI (Lv et al. 2022) 18.64, 16.58 17.06, 16.35 23.64, 14.98 17.40, 17.53 26.14, 23.61 12.84, 13.13 8.65, 6.97 28.09, 27.68 24.31, 22.07 20.08, 21.43
A-SDF (Mu et al. 2021) 4.89, 3.06 9.48, 6.25 11.06, 10.13 4.11, 2.51 11.87, 8.63 9.26, 5.38 6.18, 4.05 13.62, 7.97 10.18, 7.90 10.14, 6.58
CARTO (Heppert et al. 2023) 4.11, 2.99 7.34, 4.08 8.03, 6.15 2.09, 1.58 10.06, 8.31 5.17, 2.69 5.01, 3.26 12.39, 7.01 7.69, 5.36 4.15, 2.03
SIAM (Ours) 4.90, 2.65 7.38, 5.10 7.34, 5.74 2.23, 1.31 7.68, 6.92 1.95, 1.62 3.36, 2.52 5.39, 4.20 7.25, 5.56 4.01, 3.14

Table 1: Quantitative Results on Datasets from PartNet-Mobility.

Experiments
Experimental Setup
Datasets. We use the articulated objects from PartNet-
Mobility (Xiang et al. 2020) to render RGB-D images with
pre-interaction and post-interaction states. The motion mag-
nitude is constrained to be within 40% of the part’s maxi-
mal articulation range, simulating a realistic one-time inter-
action. All the objects are split into seen and unseen sets to
validate the generalization capacity of our SIAM. The part
segmentation and shape reconstruction modules are trained
separately in our training protocol and inferred together,
since kinematic induction is a training-free method. The in-
put point clouds are sampled into 2,048 points. All experi-
ments are implemented using PyTorch and trained on a sin-
gle NVIDIA RTX 4090 GPU with 48GB of memory.
Baselines and Metrics. We evaluate our SIAM by both sys-
tematical and individual manner. For systematical compari-
son, we employ SAGCI system (Lv et al. 2022) as a baseline
since it holds the similar problem setting, and use the raw
observed point cloud input to compare each component’s
performance. For individual comparison, we select different
SOTA methods that designed for specific articulation-related
tasks, e.g. GAPartNet for part segmentation, EfficientCA-
PER for joint estimation and CARTO for shape reconstruc-
tion. We feed the ground truth results from former compo-
nents into these individual methods and compare their artic-
ulation modeling performance with our SIAM. In terms of
metrics, we use Average Precision at Interaction-over-Union
(IoU) 0.5 for part segmentation, angle error measured by de-
gree and distance error measured by meter for joint estima-
tion. As for shape reconstruction, we use Chamfer Distance
(CD) for the whole object shape and per-part shape as met-
rics.

Comparison with the SOTA Methods
We report articulated object modeling performance evalu-
ated on seen and unseen categories whose results are illus-
trated in Table 1. As it is shown, compared with current artic-
ulated object modeling approach SAGCI, our SIAM outper-
forms it with a large margin among part segmentation, joint

estimation and shape reconstruction tasks, which achieve av-
eragely around 74.07 AP50, 3.94◦, 0.05m and over 3.90
Chamfer Distance performance on unseen categories. This
proves that SIAM works well for generalizable articulation
modeling with only single robot-object interaction. In terms
of individual comparison, within the assistance of object in-
teraction, our SIAM also obtains the state-of-the-art perfor-
mance on these tasks. It is worthy noting that on the unseen
categories, the joint parameters can still estimated with the
similar performance comparing with them from seen cate-
gories. This can be explained by the fact that the kinematic
structure induction process is designed as a training-free
manner so it is not sensitive to the categories. Therefore,
we can conclude that SIAM is an effective and novel gener-
alizable articulated object modeling framework. Qualitative
results are shown in Fig. 3.

Ablation Study
Effect of initial interaction prediction. Our method is sen-
sitive to the predicted initial interaction. In Table 2, we
compare our SIAM with different types of grasp predic-
tion methods, such as deep learning approaches Where2act,
foundation model AnyGrasp and reinforcement learning
method AKBNet. As it can be seen, random grasp genera-
tion manner achieves the worst performance since numer-
ous grasp poses cannot enable articulated object to move
its parts with only 13.81 AP50, 10.0◦, 0.15m joint estima-
tion results and 10.32, 8.69 Chamfer Distance. One the other
hand, these learning based approaches provide a good grasp
initialization so achieve higher points. However, thanks for
the specific architecture design of our SIAM, a slight part
movement is enough for obtain the best articulation mod-
eling result, with 86.47 AP50, 3.1◦, 0.06m joint parameter
error and 3.51, 2.18 reconstruction results.
Effect of energy function for kinematic induction. To
study the contribution of each energy function defined for
the joint estimation task, ablated investigations are shown
in Table 3. Generally, within both proposed kinematic and
geometry constrained optimization, SIAM could better per-
ceive joint parameters with only 4.0◦ and 0.06m angle error
and distance error for revolute joint, as well as 2.8◦ angle er-
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Figure 3: Qualitative results comparison between our SIAM and SAGCI. We show the results from part segmentation, kinematic
induction, shape reconstruction and the final articulation modeling.

Initial Grasp Part Seg. Joint Est. Shape Recon.

Random 13.81 20.6◦, 0.23m 19.68, 17.49
Where2act (Mo et al. 2021) 23.07 10.0◦, 0.15m 10.32, 8.69
AnyGrasp (Fang et al. 2023) 26.98 9.8◦, 0.13m 11.07, 8.83
AKBNet (Liu et al. 2022) 32.16 6.2◦, 0.10m 6.35, 4.02
Ours 86.47 3.1◦, 0.06m 3.51, 2.18

Table 2: Articulation modeling comparison among different
grasp initialization approaches

ror for prismatic joint. Generally, comparing the EG and EK

energy functions, they contribute differently for these two
types of joints. Observed from Table 3, we can conclude that
prismatic motion is more sensitive to kinematic constraint
and revolute motion relies more on geometric constraint.

Energy Func Revolute Joint Prismatic Joint
Angle Error Dist. Error Angle Error

EK-only 5.6◦ 0.10m 3.0◦
EG w/o EV 4.8◦ 0.11m 3.9◦
EG w/o EC 4.5◦ 0.09m 3.8◦
EG-only 4.2◦ 0.07m 3.6◦
EK + EG 4.0◦ 0.06m 2.8◦

Table 3: Ablation study of energy function

Generalization Capacity on Real-World Scenarios
To verify the generalization capacity of the proposed SIAM,
we conduct experiments on real-world scenarios. We use
the xArm robot arm as the interaction agent and deploy our
SIAM framework in the robot. Fig. 4 shows the demonstra-
tion of using SIAM and the real-world robot to achieve ar-
ticulated object modeling. The outputted URDF asset can
support the simulation training for embodied AI.

Part Seg. & 
Kinematics

Input

Shape Recon. Articulation 
Modeling

Single 
Interaction

Figure 4: Articulation modeling in the real world

Conclusion

In this work, we present a unified framework for articu-
lated object modeling through a single robot-object inter-
action, enabling generalizable part segmentation and kine-
matic reconstruction across diverse categories. By leverag-
ing dynamic scene flow estimation and motion-guided seg-
mentation, our method accurately identifies articulated parts
and estimates their joint parameters in a physically consis-
tent manner. Furthermore, we integrate multi-view RGB-D
observations to reconstruct high-fidelity, watertight meshes
aligned with the recovered kinematic structure. Extensive
evaluations on both synthetic and real-world settings demon-
strate the framework’s robustness, generalization capabil-
ity, and practical utility for downstream manipulation tasks.
This approach paves the way for scalable, autonomous gen-
eration of simulation-ready articulated assets without re-
liance on category priors or predefined models.
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