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Abstract. Modeling articulated objects from sparse monocular obser-
vations is challenging because each view provides only partial geometry
and motion evidence. Existing feed-forward methods typically infer artic-
ulation from a single complete observation and therefore rely heavily on
learned shape priors. We present Famos, a feed-forward model that jointly
predicts movable-part segmentation and joint parameters from a sparse,
unordered set of partial point clouds. Famos aggregates articulation
cues across observations using a multi-state transformer with alternating
state-wise and global attention, and introduces an observed articulation
span objective that encourages the model to exploit motion evidence
across the full input set. To improve training-data scale and diversity,
we further develop a procedural generator that produces self-annotated
articulated objects on the fly. Experiments show that Famos outperforms
feed-forward and optimization-based baselines, with particularly large
gains on zero-shot benchmarks.

1 Introduction

Articulated objects are ubiquitous in our lives, and modeling their movable parts
is valuable for robotics [4,8,30], AR/VR [2,12], and embodied AI [5,22]. Existing
approaches often require restrictive inputs: optimization-based methods rely on
dense multi-view observations and costly per-object fitting [6,18,28], while video-
based methods depend on temporally ordered sequences and tracking [3, 23, 29].
Feed-forward methods offer a scalable way by directly predicting articulation
from images or 3D geometry [13–15, 17]. However, most operate on a single
static observation. Without observing the object move, the model must infer its
kinematic properties largely from learned shape priors, limiting generalization
to unseen geometries and partial inputs. Moreover, most existing feed-forward
approaches cannot exploit motion cues even when multiple articulation states
are available. We propose Famos, a feed-forward method that jointly reasons
over a sparse, unordered set of partial point clouds. A multi-state transformer
alternates state-wise and global attention to aggregate geometric and articulation
cues across observations. We further introduce an observed articulation span

objective that supervises the motion range exhibited across the input states,
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encouraging the model to leverage the complete observation set. The architecture
supports a variable number of inputs, including a single observation. To increase
training-data scale and diversity, we further introduce an on-the-fly procedural
generator of self-annotated articulated assets. In summary, our contributions are:
(i) a feed-forward method for articulated object modeling that jointly reasons
over a sparse, unstructured set of observations. (ii) a procedural asset generator
that synthesizes self-annotated articulated objects on the fly; and (iii) Famos

consistently outperforms feed-forward and optimization-based baselines, with
particularly large gains on zero-shot benchmarks, and also generalizes from
synthetic training data to real-world captures.

2 Related Work

Articulated-object modeling has been approached through dense optimization [18,
21,28], temporal interaction sequences [20,24,29], and feed-forward prediction [13,
14, 17]. Existing multi-observation methods typically assume complete geometry,
temporal ordering, a fixed number of states, or prior knowledge of the part
count [1,7,11,16]. In contrast, Famos operates on sparse, unordered, variable-
sized observation sets without requiring complete geometry or a known number
of movable parts.

3 Method

Problem formulation. We consider an unordered set of S partial point clouds
Xs = {xs,i}

N
i=1

with each N = 2048 points in a shared coordinate frame. These
can be obtained, e.g., from a 3D reconstruction model [26,27]. The number of obser-
vations may vary and the number of movable parts
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Fig. 1: FAMOS overview. Partial point
clouds are processed by alternating state-wise
and global attention and decoded into mov-
able part segmentation and joint parameters.

is unknown. The model predicts mov-
able part segmentation together with
per-part joint parameters: the joint
type, an axis and origin for revo-
lute joints, or a translation direction
for prismatic joints. An overview of
Famos is shown in Fig. 1.

Multi-State Articulation Trans-

former. Each observation is encoded
independently using a frozen Part-
Field [19] backbone and geometric
embeddings. We use no observation-index embeddings, allowing the model to
process a variable number of inputs. A set of learnable part queries represents
candidate object parts. Point tokens and queries are refined by layers alternating
between state-wise attention, which aggregates geometric context within each
partial point cloud, and global attention, which jointly processes tokens from
all observations and enables direct point-level interaction across them. Since
a single query represents the same physical part in every state, the resulting
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segmentation is cross-state consistent by construction. Lightweight heads decode
the segmentation and joint parameters.

Observed articulation span. Joint type, axis, and origin are object-intrinsic
properties and can, in principle, be inferred from a single observation. Supervising
these quantities alone therefore does not require the model to integrate information
across states. We introduce the observed articulation span ∆p = maxs∈Vp θs, p−
mins∈Vp θs, p, where Vp denotes the observations in which part p is visible and
θs, p its joint value; the span loss is applied only when |Vp| ≥ 2. Unlike canonical
joint limits, ∆p depends on the configurations captured by the particular input
set and therefore encourages reasoning across observations. As a difference of
joint values, it is invariant to the unknown canonical rest state.

Procedural articulation data. To increase training-data scale and diversity,
we introduce a parametric generator that assembles articulated objects from
randomized analytic primitives. Dimensions, part counts, and joint placements
vary across instances, while the resulting part segmentation and joint parameters
are known exactly by construction. During training, new assets are synthesized
on the fly, yielding a diverse stream of self-annotated articulated objects.

Training. Part queries are matched jointly to ground-truth parts across all
observations using Hungarian matching and supervised for segmentation, joint
type and parameters, and observed articulation span.

4 Experiments

Setup. We train on PartNet-Mobility [31], GRScenes [25], and procedurally
generated assets. We evaluate on the PartNet-Mobility test split for in-domain
performance and on ACD [9] and ArtiCraft-10K [32] as zero-shot benchmarks. We
report movable-part segmentation F1 at IoU 0.5 and motion-estimation F1 under
the MAO criterion [9,10], requiring the correct joint type, axis error below 5

◦, and
origin error below 0.05 of the object scale. Unless stated otherwise, feed-forward
methods receive two input states. As our closest feed-forward baseline, we re-train
Particulate [14] on our data and extend it for multiple input point clouds. We
additionally compare against the optimization-based ReArt [20] and ArtGS [21].

Main results. Famos outperforms all baselines in segmentation and motion
estimation across the three benchmarks (Tab. 1). The gains over the multi-state

Table 1: Main results. Movable-part segmentation (Seg) and motion-estimation
(MAO) F1.

† denotes re-trained on our data. S denotes the number of input states.

Method S
PartNet-M. ACD ArtiCraft

Seg MAO Seg MAO Seg MAO

ReArt [20] 4 58.2 33.3 22.5 12.3 44.1 34.7
ArtGS [21] 2 55.5 39.7 24.7 13.2 47.4 33.0
Particulate† [14] 2 93.6 90.3 43.7 36.7 76.6 68.5
Ours 2 98.3 98.4 71.9 64.5 92.5 90.0

Particulate† [14] 1 90.4 86.5 43.4 35.6 75.1 62.0
Ours 1 95.2 90.7 68.5 59.4 89.9 83.0
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Table 2: Ablations on ACD. Left: model ablations (trained only on curated data).
Right: effect of adding our procedurally generated assets to the training data.

Model components Training data

Variant Seg MAO Setting Seg MAO

w/o Span Loss 52.3 41.6 Curated only 53.2 47.3
w/o Global Attention 46.5 39.2 + Proc. pretrain 65.3 58.2
Full Model 53.2 47.3 + Data mix 71.9 64.5

RGB Views Particulate Ours Ground-TruthReArt RGB Views Reconstruction Prediction

Fig. 2: Quantitative and qualitative results. Left: On ACD, prediction accuracy
improves as more observations are provided, with the largest gain from one to two states.
Middle: Qualitative results on benchmarks. Right: Famos generalizes to real-world
captures reconstructed with VGGT-Ω [27] despite being trained only on synthetic data.

Particulate baseline are particularly pronounced on the two zero-shot benchmarks,
while both methods perform closer to the ceiling on in-domain PartNet-Mobility.
These results suggest that Famos can effectively leverage observed motion for
more accurate predictions. In the single-state setting, Famos also consistently
outperforms Particulate across all benchmarks, showing that it remains effective
when only one observation is available. We show qualitative results in Fig. 2.

Ablations. Tab. 2 evaluates our model components and training data. Replacing
global attention with register-based cross-state communication degrades per-
formance, highlighting the importance of direct point-level interaction across
observations. Removing the observed articulation span loss likewise reduces ac-
curacy, showing that the auxiliary objective encourages effective aggregation of
multi-state cues. Adding our procedurally generated training data consistently im-
proves both segmentation and motion estimation. Pre-training only on generated
assets already provides substantial gains, while continuing to mix generated and
curated assets further improves performance. As shown in Fig. 2, performance
also improves with additional observations, with the largest gain from one to
two states, when explicit motion evidence first becomes available and can be
leveraged by the model.

5 Conclusion

We presented Famos, a feed-forward method for articulated object modeling from
sparse, unordered observations. By combining a multi-state transformer with an
observed articulation span objective, Famos explicitly exploits motion cues across
observations while supporting a variable number of inputs. A procedural asset
generator further improves training-data scale and diversity. Across in-domain
and zero-shot benchmarks, Famos consistently outperforms feed-forward and
optimization-based baselines, and also generalizes to real-world captures.
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