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Abstract. Articulation perception recovers the motion and mechani-
cal structure of articulated objects (e.g . how a drawer opens). Exist-
ing methods rely on supervised training with high-quality 3D data and
manual annotations, limiting scalability, whereas large-scale egocentric
videos naturally capture realistic human interactions with articulated
objects. We propose a training-free framework that extracts object- and
scene-level articulations directly from these hand-object interactions, us-
ing natural 3D hand and geometric scene cues. Experiments on public
data sets and downstream tasks further demonstrate its effectiveness.

1 Introduction

Interactions with articulated objects pervade daily life, from opening a fridge
to closing a bedside drawer. For intelligent agents to operate in human envi-
ronments, they must not only recognize objects [6, 13, 39, 56] but also perceive
how these objects move, i.e., their motion type, axis, and pivot. Such articula-
tion perception is fundamental to 3D scene understanding and central to robotic
manipulation [1, 22, 35], animation and simulation [53], and interactive content
generation [4, 17,25,27,34].

A large body of work models articulation from static input, predicting part
segmentation and motion from point clouds [10,15,26,31,54] or single RGB(D)
images [18, 46]. But they rely on costly annotations or high-fidelity 3D struc-
tures and, lacking motion cues, struggle under complex geometry, occlusion, or
novel categories. Another line recovers articulation from dynamic input, using 3D
structures [28], RGB [16,20,23,42,45], or RGB-D [3,9,14,51,52,55]. Yet tracking-
based methods [14, 32, 52, 55] degrade under occlusion, low texture, and motion
blur, while approaches built on parametric hand or body models [16, 20, 21, 33]
suffer from self-occlusion and often require multi-view or depth input. In con-
trast, large-scale egocentric video [11, 12, 40, 49] naturally records humans ma-
nipulating doors, drawers, cabinets, and appliances, whose 3D hand trajectories,
recoverable with recent hand reconstruction methods [38, 41, 44, 57], implicitly
reveal how objects move. Such video is monocular, noisy, and unstructured,
however, rendering conventional multi-view or temporal methods inapplicable.
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We address these limitations with a training-free framework that infers scene-
level articulation directly from monocular egocentric video. Our key insight is
that natural 3D hand trajectories carry strong cues about object motion and ar-
ticulation structure. Combining reconstructed hand motion with geometric cues
from the 3D scene, our method estimates articulation types and axes and local-
izes them in complex scenes, without manual annotations or category-specific
training. We further introduce a foundation-model-driven component that lever-
ages Vision-Language Model (VLM) priors to infer plausible articulation motion
and structure. On HD-EPIC [40] and Arti4D [52], our method is on par with
state-of-the-art baselines and surpasses them on most metrics, and the recovered
articulations benefit downstream fine-tuning of articulation prediction models
and real-world robotic manipulation.

Our main contributions are: (1) a fully automatic, training-free pipeline
for scene-level articulation perception from in-the-wild monocular RGB egocen-
tric videos; (2) a foundation-model-driven approach leveraging VLM priors to
infer articulation motion and structure without task-specific training; (3) ex-
tensive experiments showing performance on par with, and surpassing on most
metrics, strong state-of-the-art baselines; and (4) validation of the pipeline’s gen-
eralizability across downstream 3D articulation prediction and real-world robotic
manipulation.

2 Method

Problem Formulation. We target human-made objects and model each joint
×i as a single-DoF articulation with motion type ci, axis ai, and origin oi [8,15,
36]. Given an in-the-wild untrimmed RGB video V ∈ R

T×H×W×3 and action
descriptions L = {l1, . . . , lM} (each lj specifying an action, e.g . open the door,
and its temporal span), we estimate object-level ×obj = §(V, lj) and aggregated
scene-level ×scene = §(V,L) articulations.

Dynamic Interaction Perception Given the video V and an action descrip-
tion lj , we reconstruct per-frame MANO [44] hand poses [41, 57] and, follow-
ing grasp statistics [2, 47], take the thumb, index, and middle fingertip land-
marks to form 3D hand trajectories {zt}; we estimate poses directly in metric
space and apply Gaussian-Process smoothing to obtain refined articulation paths
{p̂t ∈ R

3}. In parallel, from a coarse scene reconstruction [19] we build a voxel
grid V and localize the interacted object as a high-confidence region Vconf by
multi-view foreground voting,

Vconf = {v ∈ V | s(v) ≥ Çvox}, s(v) =
∑

f I[Ãf (v) ∈ Mf ] I[v visible in f ],
(1)

where Ãf projects a voxel into frame f and Mf is its foreground mask, yielding
a spatial prior resilient to occlusions and hand-induced motion.

Scene Geometry Recovery We integrate camera view reselection with multi-
view reconstruction, using motion-type priors to recover revolute and prismatic
axis candidates ai via different strategies [15]. From the region Vconf, we select
N global views whose camera frustums intersect the object via farthest-point
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Fig. 1: Overall pipeline. Given a full in-the-wild egocentric video and a language
description as input, our pipeline consists of Dynamic Interaction Perception, Scene
Geometry Recovery, and Vision-Language Guided Motion Reasoning modules.

sampling over camera positions, and refine them with object semantic masks
M [24,30,43] from the description lj or a foundation model. We then detect 2D
line segments [29, 37], unproject them to 3D via metric depth [50] and camera
poses, aggregate them into dense 3D line tracks across views, and fit a direction-
and-origin model with LO-RANSAC to obtain revolute axis candidates L3D;
prismatic directions follow the Manhattan-world assumption [7].

Vision-Language Guided Motion Reasoning We leverage a VLM in a two-
stage Visual Question Answering (VQA) pipeline: (1) Motion Type Classifi-

cation classifies the joint motion type ci ∈ {revolute, prismatic}. We uniformly
sample frames from the clip vj , query the VLM per frame for the interacted
object and its frame-level motion type, and aggregate these predictions to have
a robust result. (2) Axis Grounding VQA helps to select line candidates L3D

that correspond to irrelevant static structures (e.g ., table corners or appliance
edges) in form of a constrained multiple-choice VQA. We project the 3D candi-
dates into a selected view and filter them by the semantic mask M using the
per-view overlap ratio ³f (3) =

1

S

∑S

s=1
I[Ãf (3, s) ∈ Mf ], overlay the most promi-

nent survivors as numbered Set-of-Marks prompts, and ask the VLM to pick the
index best matching the physical hinge, yielding a verified subset L∗

3D ⊂ L3D.

Joint Inference. Given the motion type, we fuse the dynamic hand cues with
the static geometry and apply PCA and RANSAC to obtain the final parameters
×i = {ci, ai, oi}, either from a single clip or aggregated across clips in a scene.

3 Experiments

We evaluate on the curated HD-EPIC [40] and Arti4D [52] data sets. Follow-
ing [8, 15, 18, 46], we match each prediction to its ground-truth instance and



4 Y. Wang et al.

Table 1: Quantitative results.

Recall Precision

Methods M MA MAO M MA MAO

Articulation3D∗ [42] 0.28 0.08 0.05 0.83 0.28 0.20
Articulation3D∗∗ [42] 0.44 0.11 0.07 0.72 0.22 0.16
ArtiPoint [52] 0.55 0.29 0.24 0.74 0.35 0.29
Ours 0.55 0.43 0.32 0.98 0.77 0.56

Ours-scene 0.72 0.58 0.53 0.99 0.80 0.72

Table 2: Ablation on components.

Precision Recall

Ablation MA MAO MA MAO

Hand Cues
7 0.45 0.18 0.35 0.15
7 0.78+.32 0.56+.38 0.42+.07 0.32+.17

VLM Axis Sel.
7 0.68 0.52 0.44 0.34
7 0.75+.07 0.53+.01 0.47+.03 0.33-.01

report accuracy on three criteria: motion type (M), type+axis (MA), and
type+axis+origin (MAO) averaged across scenes.

Experimental Results As shown in Tab. 1, our method is on par with prior
baselines and surpasses them on most metrics. Both pre-trained Articulation3D
variants [42] succeed on few clips due to the domain gap. ArtiPoint [52] works
when tracking succeeds, but rapid actions, viewpoint changes, low-texture sur-
faces, and depth errors [50] leave its trajectories inaccurate, whereas our 3D hand
estimation and global geometric constraints remain robust. Notably, our scene-
level precision (Ours-scene) is nearly 100%, providing highly reliable articulation
labels for downstream applications.

Ablation and downstream applications Table 2 ablates our two key com-
ponents. Removing hand trajectories (random axis proposals instead) drops
Prec.MAO by 0.38, confirming hand cues provide critical dynamic information.
VLM-guided axis selection further improves accuracy over geometry-only infer-
ence by filtering implausible candidates. For downstream uses, finetuning USD-
Net [15] on our approach-extracted HD-EPIC labels significantly outperforms the
zero-shot baseline both in-domain and cross-dataset (Arti4D), and, as a proof-
of-concept, our extracted parameters drive a robot to open and close cupboards
and drawers from human demonstrations.

4 Conclusion

We introduced a training-free framework that extracts object- and scene-level
articulation from egocentric videos via hand cues, scene geometry, and VLM
reasoning. It surpasses prior methods on most metrics across public data sets
and transfers to downstream articulation prediction and robotic manipulation
without high-fidelity 3D reconstruction or task-specific supervision.
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