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Abstract. Category-level 6D pose estimation of articulated objects from
a single-view input is a fundamental yet challenging task. Its core dif-
ficulty lies in occlusion-induced pose and shape ambiguities, which are
further exacerbated by highly entangled pose-shape representations and
real-world depth noise. Existing generative methods often neglect the
inherent correlations between pose and shape, resulting in geometrically
inconsistent or physically implausible predictions. To address this limi-
tation, we propose a novel generation-and-verification framework for this
task: First, a Pose-Shape Hypothesis Generator jointly models the dis-
tributions of pose and shape to generate intrinsically coupled hypothesis
pairs, providing explicitly paired candidates for subsequent verification.
Second, a Part-Level Point Cloud Denoising module recovers clean point
clouds from noisy and partial depth observations, ensuring robust inputs
for the verification stage. Finally, a Cross-Space Consistency Verifica-
tion module explicitly verifies the geometric consistency between the ob-
served point clouds and canonical shapes using a continuous SDF-based
scoring mechanism, which effectively prunes geometrically implausible
hypotheses. Extensive experiments on challenging benchmarks demon-
strate that our method significantly improves the robustness and accu-
racy of pose estimation in complex, heavily occluded scenarios. Project
page: https://github.com/KaifengT/ArtPS,
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1 Introduction

Many common articulated objects in daily life, such as laptops, cabinet doors,
and trash bins, consist of multiple rigid parts connected by joints. For applica-
tions like embodied AT [3}5,123,39,/41,/49,52|, robust pose estimation of these
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Fig. 1: Overview of the proposed framework. Given a single-view point cloud observa-
tion, our framework outputs a set of plausible pose-shape hypothesis pairs.

parts is crucial for safe robot interaction. Under single-view observations, par-
tial visibility caused by self-occlusion or human-robot interactions leads to a loss
of pose-related clues [8,[38][53], resulting in pose ambiguity. Consequently, an
observed point cloud often corresponds to multiple plausible poses, making it
difficult to obtain a single solution.

Most existing category-level articulated object pose estimation methods are
regression-based. They typically regress either dense [22l/54] or sparse [11] repre-
sentations in a canonical space and solve for the pose via optimization-based cor-
respondence matching, or explicitly regress the pose parameters [48]. Although
they achieve high accuracy when parts are largely visible, they are highly sen-
sitive to severe occlusion. Most importantly, regression-based methods fail to
model object pose or shape uncertainties.

Recently, generative models have been adopted to produce hypotheses to ad-
dress pose ambiguity. However, they are typically designed for specific targets,
such as rigid objects [16,[504/53], human hands [4}8,/43}|44], human bodies |20],
or specific instances with known kinematic parameters [35]. Consequently, these
methods are not applicable to general category-level articulated objects, which
exhibit highly varied kinematic parameters. Jain et al. |18] attempt to model the
distribution of kinematic parameters from a depth video and use high-probability
regions as outputs. However, this approach lacks further verification of the gen-
erated hypotheses, making it highly sensitive to implausible ones.

To identify plausible hypotheses, Huo et al. [15] and Xu et al. [45] build
energy-based networks to score the likelihood of each hypothesis. However, part
poses and shapes of articulated objects are highly entangled [27]. Existing meth-
ods ignore the impact of shape uncertainty on the pose distribution during scor-
ing. Consequently, some high-scoring poses may correspond to geometrically
implausible shapes. This limitation degrades model robustness, and real-world
depth noise further amplifies this challenge.

To address these issues, we first propose a Pose-Shape Hypothesis Genera-
tor to model the joint distribution of pose and shape, effectively tackling their
highly entangled uncertainties caused by occlusion. Unlike approaches restricted
to modeling pose distributions, our network generates a joint latent code from
a shared condition, yielding intrinsically coupled pose-shape hypothesis pairs.
Specifically, it decodes part of this code into the observation space for per-part
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poses, and maps the remainder into the canonical space to represent the object
shape as a Signed Distance Function (SDF).

Second, real-world depth observations inevitably suffer from holes, noise, and
distortions caused by low object reflectance. We introduce a Part-Level Point
Cloud Denoising module to replace the noisy, partial input with a clean point
cloud, thereby providing robust observational conditions for subsequent hypoth-
esis verification.

Finally, we propose a Cross-Space Consistency Verification module. Ideally,
when transformed using the ground-truth pose, an observed point cloud should
perfectly align with the ground-truth shape in the canonical space. Motivated by
this, we employ the SDF as a continuous scoring mechanism to verify hypothe-
sis pairs. Specifically, we transform the observed point cloud into the canonical
space using the hypothesized pose and compute its distance to the zero-level
set of the hypothesized shape to derive a consistency score. This module effec-
tively captures shape deviations, pruning geometrically implausible hypotheses
and outputting explicitly consistent pose-shape predictions to address occlusion-
induced ambiguity. In summary, our main contributions are:

— We propose a novel Pose-Shape Hypothesis Generator that models their
joint distribution. It tackles highly entangled uncertainties by generating in-
trinsically coupled pose-shape hypothesis pairs as candidates for subsequent
verification.

— We introduce a Part-Level Point Cloud Denoising module to recover clean
point clouds from noisy, real-world depth observations, ensuring robust in-
puts for verification.

— We design a Cross-Space Consistency Verification module utilizing an SDF-
based scoring mechanism. It explicitly evaluates geometric consistency to
prune implausible hypotheses, significantly boosting global robustness.

Notably, while previous works [2[27] have utilized cross-space shape con-
sistency for self-supervised representation learning, we formulate it as an ex-
plicit verification criterion. By verifying hypothesis pairs, we effectively mitigate
the negative impact of shape uncertainty on pose estimation, thereby address-
ing occlusion-induced pose ambiguity. Furthermore, instead of relying on the
widely used Chamfer Distance (CD) |2}|11}/27], we adopt an SDF-based contin-
uous scoring mechanism. This overcomes the sensitivity of CD to non-uniform
point densities, resulting in a smoother and more robust consistency evaluation.
The overview of the proposed framework is illustrated in Fig. [T}

2 Related Work

2.1 Articulated Object Pose Estimation

Regression-based Methods. Early methods tackled articulated object pose
estimation at the instance-level, requiring known CAD models or precise kine-
matic parameters [61/30]. However, such information is difficult to obtain in prac-
tice, limiting their applicability. To address this, Li et al. [22] first extended the
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task to the category-level. These methods typically regress dense coordinates
of the observed points in the part-level canonical space and solve for the pose
using 3D-3D correspondences [13,[14)26,40}/54]. Subsequent works |L1]| simplify
these dense coordinates into ordered keypoints or regress the pose directly |7./48].
While these methods achieve accurate pose estimation when the object is largely
visible, they face challenges under occlusion. Specifically, when occlusion leads
to pose ambiguity, these regression-based methods fail to capture pose and shape
uncertainties.

Generation-based Methods. Recently, generative models have been adopted
to produce hypotheses to address pose ambiguity for specific targets. Human
hands and bodies are specific articulated objects with fixed topologies, and their
poses or shapes can be parameterized by skinning models [32] or Lie groups [44].
Works [41/8,/20] attempt to model the parameter distributions of these models,
solving occlusion-induced ambiguities for hands or bodies. Furthermore, Zhou et
al. [53] extend this approach to hand-object interaction scenarios, and Tian et
al. [35] estimate poses for robotic arms using known CAD models.

Research on general or category-level articulated object pose estimation re-
mains limited. Specifically, Jain et al. [18] model pose distributions for general ar-
ticulated objects using depth videos, while other works [15/45] estimate category-
level pose distributions from single-frame point clouds. However, category-level
articulated objects naturally exhibit variations in shape and kinematic parame-
ters, leading to highly entangled poses and shapes [27]. Existing methods ignore
the impact of shape uncertainty on the pose distribution during scoring. Con-
sequently, some pose hypotheses may correspond to geometrically implausible
shapes. This limitation significantly degrades model robustness. Unlike these
methods, which only model the pose distribution, we propose modeling the joint
distribution of pose and shape. This ensures they are intrinsically coupled during
the generation phase, providing paired hypotheses as candidates for subsequent
consistency verification.

2.2 Shape Consistency for Pose Learning

Cross-space shape consistency is widely used as a key cue to evaluate pose ac-
curacy. In terms of representation, some methods render 3D shapes (e.g., point
clouds [51], SDFs [1], NeRFs [46], or other implicit representations |17]) into the
observation space, using 2D pixel differences to supervise or optimize the pose.
However, 2D comparisons inevitably suffer from depth ambiguity. To address
this, subsequent studies shift to 3D space. For instance, some works [11}|25]
regress ordered keypoints of articulated objects in both the observation and
canonical spaces, using the distances between corresponding keypoints to opti-
mize the pose. However, sparse keypoints struggle to capture fine-grained shape
details. Alternatively, some works [2,/24,[27] represent shapes as dense point
clouds. Since these point clouds lack point-to-point correspondences with the
partial observations, Chamfer Distance (CD) provides an effective metric for
measuring shape discrepancies.
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Fig. 2: Given an observation point cloud, the Pose-Shape Hypothesis Generator (I)
first samples K pose-shape hypotheses conditioned on the input. The observation is
then denoised and completed (II). Finally, the Cross-Space Consistency Verification
module (III) evaluates joint and shape consistency to prune implausible hypotheses,
yielding the final valid pose-shape pairs.

In practice, most of the aforementioned methods treat consistency merely as
a supervision constraint during network training. In contrast, inspired by the
analysis-by-synthesis paradigm, our method utilizes cross-space shape consis-
tency as an explicit verification criterion during the inference stage. By verifying
pose-shape hypothesis pairs, we output intrinsically coupled and explicitly con-
sistent hypotheses, thereby addressing occlusion-induced pose ambiguity. Fur-
thermore, since CD is sensitive to non-uniform point densities, we adopt an
SDF-based continuous scoring mechanism, resulting in a smoother consistency
evaluation.

3 Method

3.1 Problem Formulation

Category-level articulated objects consist of P rigid parts connected by P — 1
joints J = {J (G )}52—11 in a tree topology. Objects within the same category share
this kinematic topology. Joints are either revolute or prismatic. A revolute joint
is parameterized as Jyoy = {u,q}, where u € R? is a pivot point on the joint
axis, and g € S? is the axis direction. Since a prismatic joint translates along a
specific direction independent of a pivot point, it is parameterized as J s = {q}-

Given a partial observation point cloud O of an articulated object from a
known category with known kinematic topology, we aim to jointly model its
pose and shape distributions. Specifically, our goal is to infer hypotheses for
both the per-part poses T' = {T(j) € SE(3) le in the observation space and the
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corresponding object shape in the canonical space. Our framework is illustrated
in Fig. 2]

3.2 Pose-Shape Hypothesis Generator

Canonical Shape Prior Learning Directly predicting high-dimensional 3D
representations under occlusion is computationally expensive and prone to topo-
logical errors. Inspired by [12}/21}/31], we construct a compact, continuous latent
space to parameterize canonical shape variations and define part reference poses.
This shape prior provides both a low-dimensional target for joint generation and
a native SDF for subsequent hypothesis verification.

To learn the canonical shape prior, we employ a Variational Autoencoder
(VAE). A PointNet++ 33| encoder extracts a latent code z € R” from complete
point clouds, while a Triplane-MLP decoder G, maps z to an implicit neural
SDF f4(+;2) : R® — R alongside canonical joint parameters J.. This VAE is
pre-trained on canonical meshes with the following objective:

ﬁprior = Esdf + /\cik‘ccik + )\jointﬁjoint + AKLEKL (1)

Here, Lqqr is the L reconstruction loss between the estimated and ground-
truth SDF; Lei enforces the Eikonal constraint [9,[37] (]|V f|| = 1) to provide a
smooth distance field for verification; Lioint supervises the joint parameters |11];
and Lk, regularizes the latent space toward N'(0, I) to ensure continuous shape
variations. The variables Agik, Ajoint, and Akr, are hyperparameters.

Pose-Shape Distribution Learning Following VAE pre-training, the encoded
latent codes serve as generation targets. To eliminate redundant degrees of free-
dom (DoF) imposed by joint constraints, a pose decoder T' = Gr(t,J.) de-
terministically maps low-dimensional pose parameters t into complete per-part
poses. Defining 8 = {t, 2}, we aim to model the conditional distribution p(@ | O)
given a partial point cloud O.

We use Mamba3D [10] to extract global features from O as conditioning. We
then adopt a Glow-based normalizing flow [19], H, to model the target joint
distribution. Given noise zg ~ N(0,I), Glow applies invertible transforms to
obtain samples conditioned on these features. The distribution is:

56| 0) = plzo) |de (2)
During training, given the ground truth Ogr, we use the inverse transfor-
mation of the Glow model H~! : 8 — 2z to maximize the posterior likelihood.
Thus, the training objective is to minimize the negative log-likelihood (NLL)
loss: L, = —logp(@ar | O).
During inference, we randomly draw K samples from the base distribution zq.
We feed these samples, together with the conditional features, into the forward

H(20,0) ‘
2 77
820

Glow model H to generate K joint hypotheses {9(1)}11(:1. For each hypothesis 6 =
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Fig. 3: Illustration of point cloud noise and depth distortions. In real-world scenarios,
depth sensors often fail to capture accurate geometries. Here, we highlight two examples
of severe depth distortion caused by surface reflectance.

{t 2}, we directly decode the per- part poses T the implicit shape representation
fw( 2), and the joint parameters J. using the pose decoder Gr and the pre-
trained, frozen decoder G,. Please refer to the supplementary material for the
detailed designs of the VAE and Gr.

3.3 Part-Level Point Cloud Denoising

In real-world settings, depth sensors typically yield noisy point clouds. As illus-
trated in Fig. |3] factors such as surface reflectance and occlusions often induce
significant depth distortions. Directly aligning these low-quality observations to
the generated shape hypotheses often leads to local minima, which corrupts the
verification criterion and breaks the subsequent hypothesis verification module.
To better handle structurally complex articulated objects, we introduce a Part-
Level Point Cloud Denoising module. Because both sensor noise and viewpoint-
induced truncation are tightly coupled with the camera projection model, we
perform restoration directly in the original observation space.

We formulate this module as a point cloud completion task. Built on a rigid
object completion framework , it follows a coarse-to-fine, two-stage estima-
tion pipeline. Given a partial observation point cloud O and point-level segmen-
tation masks predicted from O, the network outputs denoised, geometrically
complete, and part-wise dense point clouds O = {O ) e RN X3} 1, where P is
the number of rigid parts in the articulated object, N is the number of points.

From an object-level view, the network first predicts coarse yet complete
part-wise point clouds OCOarse = {Ocoa]rse =1 Guided by the part assignments,
it then injects the partial observation O into these predictions and upsamples
them to yield denoised, complete point clouds at the part level. This design
provides a geometric reference that balances global structures and local details
for subsequent verification: the generated invisible regions recover the missing
geometry to help avoid local minima, while the injected visible points preserve
fine-grained details, thereby improving verification accuracy and robustness.
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The learning objective is defined as:

P P
Lan =Y den(09,081) + Y~ don (O use. Odr) 3)
j=1

j=1

For each part, the ground truth is uniformly sampled from the complete mesh
surface and transformed into the observation space. Ogt and OcgT match the
point densities of O and Ocoarse, respectively. We use the CD dgp to enforce
consistency between the predicted and ground-truth shapes.

3.4 Cross-Space Consistency Verification

Although the joint distribution of pose and shape inherently promotes coupling
between pose and shape hypotheses, it does not enforce explicit geometric con-
sistency. We therefore propose a Cross-Space Consistency Verification module
that uses cross-space geometry to verify pose-shape hypothesis pairs, producing
intrinsically coupled and explicitly consistent hypotheses and thereby addressing
occlusion-induced ambiguity. The module consists of the following two stages:

Joint Consistency. In practical scenarios, the base part of an articulated object
typically occupies a dominant spatial volume, making its observation relatively
more robust to severe occlusions than the child parts. Consequently, estimating
the connected joint parameters J, directly from the base part observation pro-
vides a more dependable geometric anchor. This approach is intrinsically more
reliable than the ill-posed task of regressing absolute per-part poses simultane-
ously from a highly incomplete global point cloud. Leveraging this insight, we
utilize J, as a foundational reference to initially verify and refine the generated
pose-shape hypotheses.

Specifically, we sample K hypotheses {T fw z(l)) } 1 from the con-
ditioned distribution p(@ | O). For each hypothesis, we use T( ) to transform

J, from the observation space to the canonical space, yielding J EZ). We then
compute the joint consistency score for the i-th hypothesis as:

S0 —PZl'D( 09, 560) n
joint —

where the function D(-, ) is used to measure the difference between two sets
of joint parameters. It is defined as:

Du(q1,q5) + AaD4(u1,uz2,q,), if Revolute Joint
D.(g1,95), if Prismatic Joint

D(J1,Jd2) = {

In this equation, the angular error D, and distance error D, are defined as:
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q1 " 42
Da(ay, ) = arceos( " 82_ (6)
e gl g2l
u; —u X
Dd(u17u27q2): H( ! |q2|)| q2H (7>
2

We introduce a hyperparameter \q to balance the scale mismatch between the
angular and distance terms. We rank the K hypotheses by st oint ad aggregate
the base part poses of the top d; K samples, where §; € (O 1] is the filtering
ratio. We then broadcast the aggregated pose to the remaining hypotheses to

obtain Tio)arse, and pass {Tcoam, f,p( (D)}E | to the next stage.

Shape Consistency. For the K hypotheses output by the first stage, we verify
shape c0n51stency in canonical space using the SDF. Specifically, we apply the
poses Tcoarse to transform the denoised point clouds O into canonical space,
yielding {O(z)} . Since the base part is anchored by the previous stage, we
evaluate shape consistency only for the child parts (j > 2) by summing point-
to-surface projection errors to the zero level set of the hypothesis SDF fd,(-; PAOMY

shape - N Z Z

J=2 2O Ui

(z;2) ‘ (8)

Finally, we rank the K hypotheses by Sshd . in descending order and keep
the top 0K as the final set, where 6 € (0,1] is the filtering ratio. If a single

solution is required, we output the highest-scoring hypothesis.

4 Experiments

4.1 Experimental Setup
Datasets. We evaluate the proposed framework on two public datasets:

— HOI4D |28]: Features real-world egocentric hand-object interactions with
severe occlusions and sensor noise. Following [54], we evaluate four categories
(Laptop, StorageFurniture, Safe, TrashCan), totaling 172 instances across
approx. 154k training frames and 19k testing frames.

— PM-Videos [29]: A synthetic PartNet-Mobility-based [42] dataset provid-
ing high-quality point clouds with less severe occlusion across five categories
(Laptop, Eyeglasses, Dishwasher, Drawer, Scissors). It comprises 232 in-
stances with approx. 38k training frames and 4k testing frames.

Evaluation Metrics. Following standard benchmarks, we evaluate pose esti-
mation using mean average precision (mAP) at n° and m cm, as well as mean
rotation error (Rey) in degrees and mean translation error (Te) in meters. For
canonical shape reconstruction, we report the Ly Chamfer Distance (CD-Ls).
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Table 1: Comparison of per-part pose estimation performance across different methods

on HOI4D. The best results are highlighted in bold.

Metrics

Category Method 5°5cm (%) 1 Rerr (°) 1 Terr (m) |
Per-part Mean Per-part Mean Per-part Mean
ANCSH(2021) 41.9, 22.3 32.1 42.4, 45.4 43.9 0.464, 0.484 0.474
ContactArt(2024) - - 62.5 - - 5.20 - - 0.072
Laptop RPF(2025) 47.3, 14.7 31.0 7.22,17.6 12.4 0.099, 0.228 0.163
PPF-Tracker(2025) 38.5, 26.0 32.2 7.25,12.8 10.0 0.035, 0.044 0.039
Ours 85.1, 83.5 84.3 3.12, 3.08 3.10 0.018, 0.022 0.020
ANCSH 19.8, 37.9,44.9 342 4.40,8.78,4.66 594 0.099, 0.103, 0.076  0.093
ContactArt - - 24.0 - - 5.75 - - - 0.060
StorageFurniture RPF 34.5,10.4, 33.5 26.1 2.62,20.1, 2.69 848 0.063, 0.234, 0.064 0.120
PPF-Tracker 60.8, 42.3,38.3 47.1 4.31, 5.80,8.02 6.05 0.059, 0.068, 0.063 0.063
Ours 63.0, 42.5, 53.1 52.9 2.50, 6.67, 2.50 3.89 0.044, 0.049, 0.049 0.047
ANCSH 32.8,29.7 31.2 3.46, 4.63 4.05 0.075, 0.065 0.070
ContactArt - - 33.4 - - 5.11 - - 0.065
Safe RPF 64.8, 35.2 50.0 3.21, 10.9 7.09 0.045, 0.119 0.082
PPF-Tracker 61.2, 51.1 56.1 4.88, 6.08 5.48 0.035, 0.035 0.035
Ours 80.0, 63.3 71.7 3.11, 4.19 3.65 0.027, 0.030 0.029
ANCSH 33.3, 20.3 26.8 6.21, 10.2 8.22 0.050, 0.052 0.051
ContactArt - - 24.2 - - 5.98 - - 0.072
TrashCan RPF 24.4,11.6 18.0 6.37, 13.4 9.92 0.070, 0.168 0.119
PPF-Tracker 46.0, 22.0 34.0 5.52, 8.35 6.94 0.036, 0.041 0.039
Ours 50.7, 19.7 35.2 5.59, 9.19 7.39 0.025, 0.038 0.032
ANCSH 31.0 15.54 0.172
ContactArt 36.0 5.51 0.067
Overall RPF 31.2 9.48 0.121
PPF-Tracker 44.7 6.81 0.038
Ours 61.0 4.51 0.032

Implementation Details. During inference, we apply the part-level point
cloud denoising module (Sec. for HOI4D but omit it for PM-Videos, directly
using segmented observations for acceleration. We set K = 1024. Hyperparam-
eters are A = 0.1, Ajoint = 1.0, Ak, = 1.0 x 107%, Ay = 0.1, and &; = 0.1.
Experiments are implemented in PyTorch on a single NVIDIA RTX 4090 GPU.

Baselines. We compare our method with representative state-of-the-art ap-
proaches, including single-view pose estimators (ANCSH [22], ContactArt [54],
RPF [34], CARTO [12|, and GAPS [47]) and sequence-based trackers (PPF-
Tracker [29] and CAPTRA [40]).

4.2 Comparison to Baselines

Pose Estimation. Tab. [I| summarizes the quantitative results of all methods
on the HOI4D dataset. Averaged across all categories, our framework achieves
an mAP of 61.0% at 5° 5 cm, yielding a 16.3 percentage-point improvement over
the state-of-the-art method, PPF-Tracker. Furthermore, compared to the best
baselines in terms of Re,, and Ty, our framework reduces these metrics by 1.0°
and 0.6 cm, respectively. Across most categories, our framework outperforms
state-of-the-art baselines on all metrics.
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Table 2: Comparison of per-part pose estimation performance across different methods
on PM-Videos. The best results are highlighted in bold, and the second-best results
are underlined. Results of other methods are sourced from [29].

Metrics

Category Method Rerr (°) L Terr (m) |
Per-part pose Mean Per-part pose Mean
ANCSH 8.5, 9.2 8.85 0.084, 0.103 0.093
CAPTRA 5.9, 5.3 5.6 0.080, 0.063 0.071
Laptop ContactArt 8.8,9.2 9.0 0.101, 0.154 0.127
GAPS 8.7, 8.9 8.8 0.092, 0.096 0.094
PPF-Tracker 3.7, 4.5 4.1 0.043, 0.055 0.049
Ours 3.0, 3.0 3.0 0.053, 0.065 0.059
ANCSH 7.6, 24.8,26.6  19.66 0.079, 0.324, 0.319 0.240
CAPTRA 4.5,12.6,13.1  10.06 0.054, 0.097, 0.084 0.078
Eyeglasses ContactArt ~ 11.3, 16.5, 13.2  13.66 0.134, 0.158, 0.137 0.143
GAPS 8.5,9.3, 9.6 9.13 0.105, 0.123, 0.118 0.115
PPF-Tracker 2.5, 3.6, 3.8 3.3 0.031, 0.038, 0.041 0.036
Ours 1.9, 2.5, 2.4 2.3 0.039, 0.036, 0.048 0.041
ANCSH 5.0, 5.7 5.35 0.074, 0.119 0.096
CAPTRA 4.6, 5.4 5.0 0.055, 0.089 0.072
Dishwasher ContactArt 7.8,6.9 7.35 0.106, 0.145 0.125
GAPS 6.2, 7.0 6.60 0.126, 0.207 0.166
PPF-Tracker 3.2, 3.4 3.30 0.038, 0.045 0.041
Ours 1.8,35 2.6 0.065, 0.107 0.086
ANCSH 5.0, 5.7 5.35 0.041, 0.057 0.049
CAPTRA 4.1, 4.7 4.40 0.032, 0.039 0.035
Seissors ContactArt 6.8, 7.5 7.15 0.085, 0.067 0.076
GAPS 6.1, 6.6 6.35 0.055, 0.069 0.062
PPF-Tracker 34,41 3.75 0.027, 0.033 0.030
Ours 2.3, 2.6 2.5 0.038, 0.041 0.040
ANCSH 8.6,9.8,11.5,85 9.6 0.088, 0.255, 0.257, 0.175  0.193
CAPTRA 4.8,6.5,6.3,60 5.9 0.112, 0.185, 0.177, 0.156  0.157
Drawer ContactArt 6.5, 7.8,7.6,81 7.5 0.132, 0.172, 0.188, 0.207  0.174
GAPS 6.5, 6.5, 6.5, 6.5 6.5  0.168, 0.242, 0.243, 0.239  0.223
PPF-Tracker 5.2,5.2,5.2,5.2 5.2 0.095, 0.172, 0.162, 0.153  0.145
Ours 2.3, 2.3, 2.3, 2.3 2.3 0.043, 0.095, 0.104, 0.081 0.081

Tab. [2] summarizes the results on the synthetic PM-Videos dataset. Since
this dataset exhibits fewer occlusions and lacks real-world noise, the task is rel-
atively less challenging. Nevertheless, our framework achieves top performance
across most metrics, outperforming PPF-Tracker, particularly in Re... While
our framework slightly trails PPF-Tracker in T,,,, the latter is a sequence-based
tracking method that inherently leverages inter-frame smoothness constraints.
As a single-view estimation framework, our framework is able to attain compa-
rable accuracy, which clearly underscores its robust competitiveness.

Fig. ] shows qualitative comparisons of per-part pose estimation between our
method and baselines on heavily occluded test cases from the HOI4D dataset.
For each case, the first row presents the observed view (Obs.), while the sec-
ond row displays the side view (Side). As illustrated, severe occlusion and high
noise significantly reduce part visibility. Nevertheless, our pose estimates remain
closely aligned with the ground truth across both viewpoints, whereas other



12 K. Tang et al.

Input GT Ours ANCSH RPF PPF-Tracker

Fig. 4: Visualization for qualitative evaluation. We render the estimated poses from
two viewpoints for each input frame: the first row shows the observed view (Obs.), and
the second row shows a side view (Side). Bounding boxes in different colors denote
the poses of specific parts. The first column presents the ground truth (GT'), and the
remaining four columns compare our framework with the baselines.

methods exhibit noticeable deviations. This further validates the robustness of
our framework against severe occlusions and noisy observations. More qualitative
results are provided in the supplementary material.

Shape Reconstruction. We evaluate the category-level shape reconstruction
quality and compare it with the shape decoder of CARTO [12|. As shown
in Tab. |Z_§[, our framework achieves a lower reconstruction error in the CD-Lsy
metric.

4.3 Further Analysis

We visualize the pose-shape hypothesis pairs generated by our framework, which
are categorized into Plausible Pairs (high score) and Implausible Pairs (low score)
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Pose-Shape Hypothesis Pairs

GT Pose & Shape

Plausible
Pairs

Implausible
Pairs

Plausible
Pairs

Implausible
Pairs

Fig. 5: Visualization of the generated pose-shape hypothesis pairs. Based on the final
scores, the predictions are categorized into Plausible Pairs (high score) and Implausible
Pairs (low score).

Fig. 6: Qualitative results on in-the-wild images. Predicted shapes and poses are ren-
dered onto unseen object categories. The model is trained solely on the HOI4D dataset.

based on their final verification scores. As illustrated in Fig. [5} the rendered
results of Implausible Pairs exhibit significant misalignment with the actual ob-
ject, whereas Plausible Pairs align closely with the observations. This visually
demonstrates our framework’s effectiveness.

To evaluate the real-world applicability of our method, we collect a set of
in-the-wild images and test them using the model trained solely on the HOI4D
dataset. These test cases include novel environments and unseen object cate-
gories absent from the HOI4D training set, yet they share similar underlying
kinematic structures. As shown in Fig. [f] our instances include a dry cabinet

Table 3: Shape reconstruction error in CD-Lsy. Best results are highlighted in bold.

Method Laptop StorageFurniture Safe TrashCan Overall

CARTO 0.072 0.034 0.060  0.050 0.054
Ours 0.010 0.025 0.016 0.013 0.016
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Table 4: Ablation study of the proposed framework. Pose Dist. / Shape Dist. map to
the Pose-Shape Hypothesis Generator. Part-Level Denoising maps to the Part-Level
Point Cloud Denoising module. Verify Joint and Verify Shape map to the Cross-Space
Consistency Verification module.

Verify Verify

Pose Shape Verify Part-Level _,

07 o
Exp. Dist. Dist. Joint S(}é%))e (SShSI];E)’ Denoising 5°5cm (%) 1 Rerr (°) 4 Tere (m) |
1 v 51.1 4.96 0.057
2 v v 53.8 4.87 0.044
3 v v 48.3 5.33 0.061
4 v v v 59.2 4.86 0.033
5 v v v v 53.4 5.71 0.034
6 v v v v v 60.2 4.61 0.033
7 v v v v 54.4 5.82 0.035
8 v v v v v 61.0 4.51 0.032

(top-left), a refrigerator (bottom-left), a laptop (top-right), and a microwave
(bottom-right). By rendering the predicted shapes and poses onto the 2D input
images, we observe a tight alignment between the overlays and the actual ob-
jects. These results indicate promising transfer to unseen categories with similar
topology and part-level geometry.

4.4 Ablation Studies

To verify the effectiveness of each component proposed in our framework, we
conduct an ablation study on the HOI4D dataset. Tab. [4] reports the average
metrics across all tested categories.

Pose-Shape Hypothesis Generator and Verification. Experiment 1 re-
lies on a single pose distribution. When shape hypotheses are not estimated,
we use category-averaged joint parameters for verification. Comparing Experi-
ments 1 and 2, adding this joint verification to pose-only hypotheses yields only
a moderate gain, indicating that joint consistency alone cannot fully resolve
shape-induced ambiguity. Experiment 3 further shows that adding shape dis-
tribution without verification enlarges the search space and degrades accuracy.
In contrast, Experiment 4 couples pose-shape hypotheses with instance-specific
joint verification, leading to clear improvements on all metrics.

Building on Experiment 4, we further add shape consistency verification using
either unidirectional CD (Experiment 6) or SDF scoring (Experiment 8) with
denoising. Both variants improve over Experiment 4, and Experiment 8 achieves
the best overall performance. Overall, these results demonstrate that learning
the joint distribution is essential for generating plausible hypotheses, while the
verification module with the SDF-based scoring mechanism effectively prunes
implausible hypothesis pairs and improves robustness under severe occlusions.
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Part-Level Point Cloud Denoising. Building on Experiment 4, we evaluate
two variants of shape consistency verification (Experiments 5 and 7). Initially,
both variants underperform Experiment 4 because severe noise and occlusions
in real-world scans often trap the verification step in local minima. However,
integrating the part-level denoising module (Experiments 6 and 8) yields sub-
stantial improvements. This demonstrates that the denoising module acts as an
essential step to address noisy and incomplete observations, thereby enabling
reliable consistency verification downstream.

5 Conclusion

We address single-view category-level 6D pose estimation for articulated objects.
To resolve ambiguities caused by severe occlusions, depth noise, and entangled
pose-shape representations, we propose a generation-and-verification framework.
Our method (I) generates coupled hypotheses via joint pose-shape distribution
modeling, (IT) recovers clean point clouds through part-level denoising, and (I11)
prunes implausible hypotheses using an SDF-based cross-space consistency score.
Experiments on the HOI4D and PM-Videos datasets demonstrate substantial
improvements in pose estimation robustness and accuracy, proving the efficacy
of coupling generative modeling with explicit verification.

Limitations. A primary limitation of our framework lies in its visibility as-
sumption for the base part. Because the joint consistency verification leverages
the connected joint parameters as a foundational geometric anchor, it implicitly
assumes the base part remains largely visible. Consequently, extreme occlusions
of this dominant region can compromise the initial joint estimation, leading to
unstable or unreliable verification results. Our framework also assumes known
category topology and joint types and relies on complete-shape priors, trading
scalability for accurate SDF verification; thus, it targets structurally related cat-
egories rather than open-world generalization to arbitrary articulated objects
with unknown topology or substantially different shapes.
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