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Pre-Defined Keypoints Worth It: Multi-Modal
Learning for Category-Level Articulated

Objects Pose Estimation
Li Zhang , Wenbo Xu, Liu Liu , Haonan Jiang, Rujing Wang , Xue Wang , and Yan Zhong

Abstract—Articulated objects play a vital role in daily interac-
tions, but traditional RGB-based pose estimation methods often
face challenges such as lighting variations and shadows. To
address these limitations, we introduce PAGE, a novel Pre-defined
keypoint-based framework for category-level articulation pose
estimation via multi-modal AliGnmEnt. Our approach is moti-
vated by the observation that the distance distribution between
heuristically generated keypoints and visible points exhibits
a divergent pattern, a phenomenon previously overlooked. To
tackle this, we propose a customized unsupervised keypoint
estimation method that enhances the stability and robustness of
model predictions. Furthermore, to minimize mutual information
redundancy between point clouds and RGB images, we design a
geometry-color alignment module that fuses features after align-
ing the two modalities. This is followed by decoding the radius
for each visible point and applying our proposal integration
scoring strategy to predict keypoints. The framework ultimately
outputs the per-part 6D pose of the articulated object. We conduct
extensive experiments across diverse datasets, ranging from
synthetic to real-world scenarios, demonstrating the robustness
and superior performance of PAGE. This work holds significant
promise for applications in robotics, embodied intelligence, and
augmented reality. Codes and datasets are available at the
website: https://sites.google.com/view/pageforart

Note to Practitioners—This work was motivated by the problem
of articulation pose estimation. Articulated objects, such as cabi-
nets, laptops, and scissors, are ubiquitous in both household and
industrial settings. Traditional RGB-based methods for pose esti-
mation often struggle with challenges such as lighting variations,
occlusions, and the complexity of multi-part objects. This paper
introduces PAGE (Pre-defined Keypoint multi-modal AliGnmEnt
framework), a novel approach designed to enhance the robustness
and accuracy of category-level articulation pose estimation.
Specifically, 1) Pre-defined Keypoints: Unlike heuristic methods
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that generate keypoints based on empirical rules, PAGE employs
pre-defined keypoints that are uniformly distributed and geomet-
rically sensitive. 2) Multi-Modal Fusion: PAGE integrates RGB
and depth data through a geometric-color alignment module.
This fusion minimizes redundancy and ensures that the model
leverages both geometric and texture information effectively. 3)
Proposal Integration Scoring: The framework uses a scoring
mechanism to aggregate proposals from visible points, enhancing
the model’s robustness against occlusions and noise. Extensive
experiments validate the superiority of PAGE over existing SOTA
methods. Our approach outperforms others not only on synthetic
datasets but also demonstrates generalization capabilities for
unseen object instances. We believe that accurately estimating
the pose of articulations has the potential to be applied in many
fields including robotics, embodied intelligence, and augmented
reality.

Index Terms—Articulation, pose estimation, multi-modal.

I. INTRODUCTION

ARTICULATED objects, which include everyday items
such as scissors and cabinets, as well as office equip-

ment like laptops, are prevalent in daily life. These objects
are characterized by their assembly of multiple rigid parts
connected by joints, distinguishing them from conventional
rigid objects due to their kinematic constraints. This distinctive
configuration adds complexity to the estimation of articulation
poses, presenting greater challenges compared to rigid objects.
The precise and swift estimation of these poses is a significant
obstacle in numerous applications, especially in the realms of
robotic manipulation [1], [2], [3], interactions between humans
and objects [4], [5], [6], 3D scene understanding [7], [8], [9],
[10], and augmented reality [5], [11], [12].

Traditionally, the issue of 6D object pose estimation has
been approached by aligning corresponding points between
3D models and images. In recent years, the proliferation
of affordable RGB-D sensors has enabled the inference of
poses for objects with limited texture. In environments with
dim lighting, RGB-D techniques [13] have demonstrated
greater accuracy compared to methods relying solely on RGB.
Moreover, as an alternative to directly predicting keypoint
coordinates, keypoint-based approaches have proven to be
highly effective for pose estimation [14], [15] and can be
readily adapted to multi-modal inputs for 6D object pose
estimation.

Despite advancements, category-level articulated pose esti-
mation remains a challenging and critical task, as existing
methods still face several unresolved issues:
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Fig. 1. Novelty of this work. a) GT Generation. Traditional methods generate keypoint ground truth (GT) heuristically and then predict and align the keypoint
locations in different spaces. This approach relies on heuristic rules, which may cause the generated keypoint positions to be constrained by the accuracy of
the empirical rules. b) Multi-Modal Learning. The categorization of existing multi-modal learning methods. Traditional methods tend to direct fusion while
ignoring the importance of feature alignment. c) Prediction. In this paper, we found that the pre-defined keypoint method outperforms heuristic algorithms.
The fundamental principle is that pre-defined keypoints reduce the radius differences, which are initially uneven across different groups, making them more
uniform and thus reducing prediction bias. Based on this, we employ multiple scoring-based predictions to accurately estimate the keypoint locations.

(I) Keypoint Estimation Approach. Techniques centered
on keypoints are extensively utilized in fields such as the
estimation of human and animal postures. Innovations in
this area encompass methodologies based on heatmaps [16]
and sequences [17], which, while differing in their opera-
tional frameworks, fall under the regression-based paradigm
(Fig. 1-c1)). Nonetheless, these approaches encounter analo-
gous difficulties: 1) The intra-cluster variance of Euclidean
distances between heuristic keypoints and their corresponding
visible point sets (as opposed to occluded or invisible points)
is typically large (Fig. 1-a1)), reflecting the non-uniform spa-
tial distribution of the point cloud. This uneven distribution
leads to a biased feature utilization between keypoint-adjacent
regions (feature-dense) and more distant areas (feature-sparse),
which can result in suboptimal local minima or significant
pose estimation errors. 2) Susceptibility to global features:
Their dependence on global features renders them prone
to disturbances and obstructions, culminating in imprecise
keypoint estimations.

(II) Multi-Modal Fusion. In general, 3D object models
provide geometric information, while RGB images capture
texture and color details. Traditional methods fuse features
from these two modalities using various strategies (e.g., [13],
[18]); however, they often fail to account for the differences in
data distribution and feature representation, leading to infor-
mation redundancy or mismatches. This, in turn, can cause
learning difficulties or hinder convergence. Specifically, exist-
ing fusion techniques largely follow traditional approaches,
which can be classified into the following categories: early
fusion (data-level, i.e., model input, Fig. 1-b1) and deep fusion

(feature-level, Fig. 1-b2), which overlooks the specificity of
geometric and color information in the feature space. Besides,
RGB images lack depth information and merely depict
color distributions on a 2D plane. As a result, multi-modal
fusion remains a significant challenge, influenced by factors
such as viewpoint variations, background noise, and lighting
conditions.

To address the first issue, our approach fundamentally
reformulates pose estimation as a proposal integration and
scoring process. Specifically, the network regresses a geomet-
ric distance value for each visible point, representing its spatial
distance to the corresponding mesh. These distances are then
mapped into an accumulator space to generate independent
proposals for each mesh. The independent accumulation of
proposals endows the method with strong robustness in com-
plex scenarios involving occlusions. Furthermore, we observe
that replacing heuristic keypoints with pre-defined keypoints
(obtained via an unsupervised algorithm that integrates
geometric and semantic constraints) significantly improves
model performance. The distance distribution between pre-
defined keypoints and visible points is more uniform (Refer to
Fig. 1-a2), reducing the network’s learning difficulty and accel-
erating convergence, thereby enhancing overall accuracy and
stability. This strategy substantially strengthens the model’s
generalization capability, particularly under high occlusion and
complex object surface conditions.

To resolve the second issue, our approach can be succinctly
summarized as a geometry-guided image-enhanced fusion
module (Refer to Fig. 1-b3). Point clouds and images serve
as mutual complements in depicting an object’s structure and
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surface details: point clouds delineate the geometric form and
spatial arrangement, whereas images furnish intricate texture
and visual cues. Expanding on this premise, we transform
the point cloud into a depth map, utilizing its spatial data
to pinpoint areas of significance within the image features.
We then employ interpolation and selection techniques to
distill features that are sensitive to pose, thereby harmonizing
the features of point clouds and RGB images within the
semantic domain. A customized fusion module is subsequently
employed to sift through extraneous data and disturbances,
maintaining a harmonious relationship between point cloud
and image features throughout the fusion process.

In conclusion, to tackle the challenge of category-level
articulated object pose estimation within a multi-modal rep-
resentation context, we introduce a Pre-defined Keypoint
multi-modal AliGnmEnt framework, designated as PAGE.
The essence of our approach is encapsulated in an innovative
geometric-color alignment procedure, a pre-defined keypoint
estimation mechanism, and a strategy for integrating and
scoring proposals. In practical terms, to verify the efficacy of
our method, we have undertaken comprehensive experiments
across a variety of datasets, encompassing synthetic, semi-
synthetic, and real-world data. We are confident that the results
of these experiments highlight the exceptional performance
and resilience of our PAGE framework. Our principal contri-
butions are concluded in the following threefold:
• We have developed PAGE, an innovative Pre-defined

Keypoint multi-modal AliGnmEnt framework aimed at
category-level articulation pose estimation.

• Within PAGE, color features are utilized to augment
geometric data, thereby creating an enhanced geometric-
color alignment. To avoid the limitations inherent in
traditional heuristic and regression methods, we have
devised a customized keypoint estimator and a proposal
integration scoring methodology.

• The extensive results derived from synthetic (ArtImage),
semi-synthetic (ReArtMix), and real-world datasets (Rob-
otArm) collectively confirm the efficacy and robustness of
the proposed PAGE framework.

II. RELATED WORK

A. Multi-Modal Representation Learning

Feature fusion remains challenging due to sensor noise,
inefficient information utilization, and cross-modal misalign-
ment, which collectively limit performance. Although fusion
is commonly categorized into early, deep, and late paradigms,
most existing methods symmetrically fuse point clouds and
RGB images, overlooking the distinct roles of geometric
and appearance cues and thereby oversimplifying multimodal
integration. Moreover, many earlier approaches rely on hand-
crafted features or surrogate objectives [19], [20], [21], [22]
rather than directly optimizing for 6D pose estimation.

To address these limitations, we exploit the complementary
strengths of RGB and depth modalities through a parallel-
branch fusion framework. Inspired by DenseFusion [13],
our method establishes cross-modal feature correspondences
based on feature similarity, spatial proximity, and geometric

consistency, and progressively refines them by suppressing
redundant signals while enhancing complementary cues across
network layers. A dedicated fusion module then aggregates
the refined features for pose prediction. Extensive experiments
demonstrate that our local feature fusion strategy consistently
outperforms DenseFusion and representative fusion baselines.

B. Pose Estimation From Different Modalities

The geometric properties (e.g., shape and contours) and
appearance cues (e.g., lighting and shading) of 3D objects
inherently encode pose information. Accordingly, existing 6D
pose estimation methods can be broadly categorized by input
modality into three groups. 1) RGB-based methods infer poses
from color images via 2D detection or keypoint localization
[23], [24], [25]. While effective in controlled settings, they are
sensitive to illumination changes due to reliance on appearance
cues; recent works improve robustness by modeling spatio-
temporal dependencies and keypoint uncertainty [26], [27].
2) Depth-based methods convert depth maps into partial point
clouds and exploit geometric structure for pose estimation.
Approaches based on reinforcement learning [28], voting [29],
[30], and regression [31] exhibit strong robustness to visual
disturbances, while geometry-regularized designs such as Art-
Point [32] further enhance rotational stability. 3) RGB-D
methods jointly leverage appearance and geometry to improve
accuracy, with DenseFusion [13] performing pixel-wise fusion
and UDA-COPE [33] mitigating the synthetic-to-real gap
via domain adaptation. Beyond rigid objects, deformation-
aware approaches (e.g., ARAPReg [34]) enforce geometric
consistency and offer insights for articulated object modeling.

In essence, methods relying solely on RGB are prone to
variations in lighting, which can degrade performance under
poor illumination, whereas depth-only methods may fail to
distinguish between objects of similar shapes but differing
colors, resulting in confusion. To address these limitations,
we have chosen an RGB-D approach. Rather than employing
conventional direct fusion, we focus on feature alignment
to minimize redundancy and enhance the performance of
subsequent tasks.

C. Keypoint Based Pose Estimation

Keypoint-based approaches are widely used in human [35],
animal [36], and object pose estimation [37], as well as in
voting-based paradigms such as 2D voting [38], 3D bounding-
box voting [39], and circle voting [40]. These methods
typically follow a two-stage pipeline, where a network first
predicts keypoint locations and then estimates object pose
via geometric correspondences among the predicted keypoints.
Their effectiveness largely stems from heuristic design choices
(e.g., Farthest Point Sampling and bounding box-based selec-
tion) that promote geometric coverage, often combined with
robust estimators such as RANSAC [41], [42], [43] during
pose recovery. Keypoint-based strategies remain among the
most accurate solutions for 6D pose estimation and continue
to be actively refined. Existing methods can be broadly cat-
egorized into three classes: (1) Detection, which localizes
keypoints from images or sensor data [44], [45]; (2) Matching,
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which establishes correspondences across views or time steps
[46], [47]; and (3) Generation, which directly predicts keypoint
coordinates or heatmaps [48].

While earlier methodologies differ in their execution tac-
tics, the majority can be classified as regression techniques.
These techniques depend on explicit and precise input-output
correlations and are significantly reliant on superior data
quality and strong global features. Moreover, this approach
is particularly vulnerable to anomalies, which may result in
skewed network convergence and diminished robustness in
environments with noise and obstructions.

III. PRELIMINARY

This section formally defines the mathematical representa-
tions of 3D rotations and rigid transformations essential for
articulated object pose estimation. We adopt the standard Lie
group formulations prevalent in robotics and computer vision
literature [49]. SO (3) defines the space of 3D rotations:

SO(3) =
˚
R ∈ R3×3 | R>R = I, det(R) = 1

	
, (1)

where the orthogonal constraint preserves vector norms and
angles, while det(R) = 1 ensures right-handed coordinate
systems. SE (3) extends this to full rigid transformations:

SE(3) =

�
T =

�
R t
0 1

�
| R ∈ SO(3), t ∈ R3

�
, (2)

with t denoting translation. This homogeneous representa-
tion enables efficient composition of transformations. For
articulated objects comprising K rigid parts, the complete
pose is T = {T (k)}Kk=1 where each T (k) ∈ SE(3) defines a
6-degree-of-freedom (6-DoF) transformation. Category-level
pose estimation aims to predict T without instance-specific
models by leveraging these group-theoretic foundations.

IV. PROBLEM STATEMENT

In this paper, our goal is to address the Category-level
Articulation Pose Estimation task based on RGB-D modalities
(CAPE task). The core idea is to predict the pre-defined
keypoints through a scoring mechanism to determine the
articulation pose. To this end, we define a new paradigm for
the CAPE task, named PAGE. Specifically speaking, given
the partial point cloud P of an articulated object A = {δk}

K
k=1

(where {δk} represents the points of the k-th rigid part.) and
its corresponding 2D observed RGB image I as the input,
the output objectives of our PAGE are as follows: (i) per-
part 3D rotation R(k) ∈ S O(3); (ii) per-part 3D translation t(k).
Together, the rotation and translation parameters form the 6D
pose estimation result, denoted as T = {R(k), t(k)}Kk=1 ∈ S E(3).

The pipeline of the proposed PAGE framework can be
formulated as follows: First, all point clouds of the same
category are input into a graph convolutional network (GCN)
and optimized using our designed geometry-sensitivity loss
function to automatically generate the ground truth (GT) for
pre-defined keypoints. It is noteworthy that these keypoint
annotations are not manually labeled but are obtained through
unsupervised learning by the proposed KP estimator. By incor-
porating constraints such as geometric consistency, spatial

dispersion, and coverage, the method ensures the rationality
and representativeness of the keypoints. Then, the partial point
cloud P = {pi}

N
i=1 ∈ R

N×3 will be projected into a depth image
based on the camera mapping parameters M and establish
the 1-1 mapping relationship with the 2D image I. Based on
this, the redundant information is filtered out and we obtain
point-wise color features FC , which will be fed into the GC-
Fuser and get the re-modulated feature FCG. This feature
can be used either to decode the segmentation mask of the
articulation (optional) or directly to output the radius ri for
each visible point pi. Finally, we perform per-part keypoints
K(k) = {κ(k)

i }
3
i=1 prediction: if the error between the predicted

radius and the corresponding grid’s distance falls within the
threshold η, the corresponding proposal is incremented by 1.
Then each grid’s score S i is computed, and the center of grid
with the highest score is identified as the keypoint. We use the
ICP algorithm to output the estimated 6D pose {R(k), t(k)}Kk=1.
To avoid ambiguity and better clarify the variables, we use
the symbol * to indicate the GT variables, and ˆ to indicate
the predicted variables.

V. METHODOLOGY

A. Pre-Defined Keypoint Estimation

As emphasized in Sec. II, the key idea of conventional
keypoint-based approaches lies in their heuristic algorithms,
designed to produce keypoints that are geometrically dis-
persed, often located close to the object’s surface. These
keypoints display a nonlinear distribution, indicating they
are not aligned on a single line but are instead spread out
in various directions, facilitating the subsequent recovery of
pose transformation through the correspondences between
keypoints and image points. Nonetheless, we note that the dis-
tribution of distances between heuristic keypoints and visible
points follows a unique divergent pattern, a phenomenon that
prior research has not sufficiently explored. Drawing from this
insight, our study reorients its attention towards the generation
of pre-defined keypoints. We discover that by training a Graph
Network, a set of geometrically sensitive scattered keypoints
can be identified, which markedly improves the precision and
efficiency of object pose estimation. In contrast to earlier
heuristic keypoint algorithms, this technique offers a more
accurate forecast of articulated object poses (Refer to the
ablation study in Sec. VI).

As depicted in Fig. 2, our objective is to train the network
to ensure that the radius (i.e., the Euclidean distance between
visible points and keypoints) distribution for each keypoint
set is as uniform as possible. To accomplish this, we take
inspiration from the architecture of work [50] and utilize
GraphNet. It is important to note that the input module
is composed of the complete point clouds from the same
category, while the output is a keypoint distribution that is
nearly consistent spatially. This methodology results in a pre-
defined keypoint generator tailored to the current category.
High-quality 3D keypoints should exhibit geometric sensitivity
to more precisely capture the pose of articulated objects.
Consequently, during the GT keypoint estimation process, we
take into account the following critical factors: 1) Minimum
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Fig. 2. The pipeline of the proposed PAGE. It consists of the following components: (a) Pre-defined Keypoint Estimation. We use the geometric-sensitive
loss to get the pre-defined keypoint GT. (b) Geometric-Color Alignment. This module takes partial PC and RGB image as input, and outputs the fused
feature after aligning. (c) Proposal Integration Scoring. The predicted radii will be used for generating proposals and scoring for keypoints.

Distribution Difference: Keypoints generated heuristically
often show a significant variance in the distance distribution
to visible points. This can cause the model to develop a
preference for utilizing point cloud regions near the keypoints
(where features are more concentrated) and to avoid more
distant regions (where features are more dispersed), result-
ing in local optimality or substantial prediction inaccuracies.
2) Divergent Layout: Keypoints should be arranged to pre-
vent clustering in close or identical locations. Instead, they
should be as evenly distributed as possible to more thoroughly
represent the geometric features of the object. 3) Geometric
Inclusiveness: The distribution of keypoints should not be
excessively distant from the object, as this could result in a
loss of shape significance and potentially reduce the object
representation to few points.

Consequently, we introduce the KP-Estimator, which
implements tailored design and constraints as follows: 1) Our
objective is for the generated keypoints to exhibit similar
radius clusters (i.e., the Euclidean distance clusters between
each keypoint and each visible point), implying that the radius
distribution for each pair of keypoints should be as similar
as possible. To realize this, we incorporate the Wasserstein
loss Lwass, which extends beyond WassGAN-GP [51] and is
motivated by the inclusion of both a critic loss and a gradient
penalty. The Wasserstein loss Lwass between two keypoint
radius sets Ri and R j is defined as:

Lwass =
1
K

KX
k=1

n K(k)X
κi

K(k)X
κ j

�
Dm(Ri) − Dm(R j)

+ λ (
ˇ̌̌̌
∇RD j(R)

ˇ̌̌̌
− 1)2�o (3)

Here, Dm(Ri) and Dm(R j) signify the normalized histogram
results via bins of the radius, with Ri and R j representing
the radius groups corresponding to the keypoints κi and κ j.
D j(R) refers to the joint distribution histogram result of Ri and
R j (i.e., D(R) = Cat(D(Ri),D(R j))), while ∇R is the gradient

derived from R, and λ is the hyperparameter for the gradient
penalty. In contrast to WassGAN-GP [51], which imposes
the gradient penalty solely when the generator is learning to
replicate the GT, we enforce the gradient penalty across all
sets of radius values. This approach aids in augmenting the
smoothness and stability of the predictions, thereby refining
the overall performance.

2) To prevent keypoints from collapsing, we introduce the
per-part separation loss, Lsep, which guarantees that multiple
keypoints remain distinct and do not merge.

Lsep =
1
K

KX
k=1

8<:K
(k)X
κi

K(k)X
κ j

exp(ζ2 − ‖κi − κ j‖2)

9=; (4)

where ζ is the threshold. Note that ζ is slightly larger than
the distance between keypoints sampled by FPS, because our
key points are not distributed on the surface of the object, but
have a certain distance.

Lastly, to guarantee that the learned keypoints thoroughly
encompass the geometric shape of the rigid part, we implement
the per-part coverage loss, Lcov. This loss is derived from the
discrepancy between the volume V(·) of the keypoints, P(k),
and the input point cloud, X(k), while also imposing a penalty
on keypoints that are far removed from X(k):

Lcov =
1
K

KX
k=1

0@‖V(P(k)) − V(X(k))‖2 +
K(k)X
κi

‖κi − X(k)‖2

1A (5)

The total loss, Lttl, for the KP-Estimator, which calculates
self-supervised per-part 3D keypoints, is formulated as the
weighted combination of the Wasserstein loss Lwass, separation
loss Lsep, and coverage loss Lcov, with respective weights
λ1 = 0.6 and λ2 = 0.2, as delineated below:

Lttl = λ1Lwass + λ2Lsep + (1 − λ1 − λ2)Lcov (6)
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By employing this methodology, the KP-Estimator is trained
to identify a set of scattered keypoints characterized by uni-
formly allocated radii. This yields a consistent set of keypoints
that can be applied to all objects within the dataset, which
can then be employed in keypoint-based 6D pose estimation
techniques. Experimental results demonstrate that the key-
points chosen by the KP-Estimator enhance the precision of
the majority of evaluation metrics (specifics are available in
the ablation study).

B. Geometric-Color Alignment
The alignment and fusion of multi-modal features remain

a significant challenge, as many existing approaches tend
to perform direct fusion without adequately addressing the
importance of precise spatial correspondence and modality-
specific characteristics. To overcome this limitation, we
propose a novel multi-modal alignment and fusion mod-
ule, termed GCA (Geometric-Color Alignment). The GCA
framework is designed to incorporate RGB information in
a geometry-aware and asymmetrically guided manner, rather
than relying on naive concatenation or symmetric attention
mechanisms. Specifically, GCA comprises three sequential
stages: (1) Depth-to-RGB Image Registration, which estab-
lishes pixel-wise correspondences between 3D points and their
projected RGB counterparts; (2) Redundancy Minimization,
which filters interpolated RGB features by assessing their
geometric relevance to suppress noise and misalignment; and
(3) Geometry-Color Fusion (GC-Fuser), which adaptively
integrates the retained RGB features into the geometric back-
bone using a learned gating mechanism. As illustrated in
Fig. 2, we now describe each component in detail.

(1) Depth-RGB Image Registration. Initially, the partial
point cloud is projected onto a 2D depth image utilizing the
camera mapping matrix (represented as M). Subsequently,
we perform the registration through bilinear interpolation,
thereby facilitating a 1-1 correspondence between depth and
RGB images across various resolutions. Mathematically, for
a given point p within the point cloud, we can determine
its corresponding position p′(u, v) in the depth image. This
operation can be formulated by the projection equation:

p′ = M × p. (7)

where p is a 3D point in the point cloud, represented as
p(x, y, z), p′ is the projected 2D point on the camera image
plane, represented as p′(x′, y′). M is a 3× 4 mapping matrix
that transforms the 3D point to the 2D image plane. The
detailed steps are as follows:

i) To enable matrix multiplication, the 3D point p(x, y, z) is
converted into homogeneous coordinates, expressed as:

p =

2664
x
y
z
1

3775 . (8)

Similarly, the 2D point p′(u, v) is also represented in homo-
geneous coordinates:

p′ =

24u
v
1

35 . (9)

ii) Mapping Matrix M The mapping matrix M is a 3 × 4
matrix, typically derived from the extrinsic and intrinsic
parameters of the camera. It can be decomposed as:

M = K × [R|t], (10)

where K is the camera intrinsic matrix (size 3 × 3), which
encodes the internal parameters of the camera, such as focal
length and principal point. [R|t] is the extrinsic matrix (size
3× 4), where R is the rotation matrix and t is the translation
vector, describing the relative pose.

iii) Substituting the matrices into the projection formula, we
obtain:

p′ = K × [R|t]× p. (11)

Expanding this, we have:24u
v
1

35 = K ×

24R11 R12 R13 t1
R21 R22 R23 t2
R31 R32 R33 t3

35×
2664

x
y
z
1

3775 .
In this way, we get p′ = (u, v) finally.
(2) Redundancy Minimization. Given the 1-1 registration

between Depth and RGB images, our objective is to derive
RGB features that are highly correlated with each visible
point. Formally, by inputting the sampled position p′ and
the image feature map FI , we generate point-wise color
feature representations FC for each sampled position, thereby
eliminating redundant mutual information. In practice, as the
sampling position may fall between neighboring pixels, we
utilize bilinear interpolation to acquire the color features at
continuous coordinates. This procedure can be expressed as:

FC = B(FN(p′)) (12)

where FC is the point-wise color feature for point p, B denotes
the bilinear interpolation function, and F(N (p′)) represents the
image features FI of the neighboring pixels N(p′) for the
sampling position p′.

(3) Geometry-guided Color Fuser. To tackle the previ-
ously mentioned fusion challenge, we introduce the GC-Fuser
(Geometry-guided Color Fuser), which dynamically assesses
the significance of color features for each individual visible
point, under the guidance of geometry features. The detailed
procedure is illustrated in Fig. 3: initially, geometry features
FG (extracted from the partial point cloud P using Point-
Net++) and per-point color features FC are independently
projected into modality-aware feature spaces. Subsequently,
we perform mutual information minimization between them
to explicitly encourage the acquisition of complementary
information. Following this, these two branches are merged
into a concise feature representation, which is then condensed
through another fully connected layer, ultimately producing an
adaptive weight map w. We normalize this weight map to the
interval [0,1] using the gumbel-softmax function. This process
can be described as:

w = GS(W · H(Add(UFP,VFI))) (13)

where W , U , V denote the learnable weight matrices in
our GC-Fuser. FP and FI are point cloud features and image
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Fig. 3. Illustration of the GC-Fuser. The geometry features are applied to
guide the fusion procedure with point-wise color features.

feature map, respectively. GS() represents Gumbel-Softmax
and H() represents the output activation. Add(·) means the
element-wise addition.

After obtaining the adaptive weight map w, we combine
the geometry features FG ∈ R

N×C1 and semantic-related color
features wFC ∈ R

N×C2 in a concatenation manner. The specific
process can be expressed as:

FCG =
C
||

i=1
(wFC ,FG) (14)

where || represents channel-wise concatenation, C = C1 + C2.

C. Proposal Integration Scoring

The distance voting technique has demonstrated its effi-
cacy as a location inference algorithm. It capitalizes on the
inclusion similarity between the geometric configuration of
visible points and the overall point cloud structure, utilizing
local structures to deduce global pose information. Expanding
upon this, we introduce an innovative 3D proposal integration
scoring method. The fundamental concept is: within the 3D
accumulator space, the quantity of valid proposals from visible
points is tallied for each grid, and the confidence score is
determined by aggregating these proposals.

Considering this, we first conduct the part segmentation.
Given the fused feature FCG, we employ an MLP as the
decoder to generate K masks, {m(k) ∈ RN×1|k = 1, . . .,K}. The
part-level point cloud is then obtained using Eq. 15:

P (k) = P · m(k), where m(k) = 1(δk = k) (15)

Where 1(·) is the indicator function.
In this way, we divide the articulation into K rigid parts.

Afterward, for every rigid part, we independently produce
a collection of keypoint proposals accompanied by their
respective aggregation scores. To more vividly depict the
proposal integration scoring mechanism, we draw an analogy
between each visible point in the point cloud and a Member of
Parliament (MP), whose main duty is to submit proposals for
each grid within the 3D accumulator space. In this process,
we employ the fused features FCG followed by an MLP to
generate 3N channels, signifying the predicted distances (radii)
from each visible point to the three pre-defined keypoints.
Additionally, we define the resolution of the 3D accumulator
space as ρ, which corresponds to the edge length of the
smallest unit grid voxel. If the absolute error between the

Fig. 4. Illustration of our proposal integration scoring scheme.
(a) The principle of proposal generation. (b) Score aggregation and ranking,
the grid with the highest score is excelled.

calculated radial distance and the estimated keypoint radius
is less than or equal to ρ, the proposal is regarded as valid,
and the proposal count for the corresponding grid is increased
by 1; otherwise, the proposal is considered invalid, with the
count staying at 0 (Fig. 4-a). We have adopted the confidence
function from paper [52] and applied it to our proposal
function, as mathematically represented below:

Pi = 1

��
1 −
|di − r̂i|

η

�
≥ 0

�
(16)

Where 1(·) is the indicator function, di is the closest
Euclidean distance from the visible point pi to the grid, r̂i

is the predicted radius from pi to the keypoint (output by the
network), η is the body diagonal length of the grid voxel.

Following this, the proposal count for each grid is compiled
to determine the confidence score (Fig. 4-b). In this context,
the confidence score is characterized as the proportion of the
current grid’s proposal count relative to the total proposal
count. The grid achieving the highest score is chosen as the
definitive result (Eq. 17), and its central point is recognized
as the elected keypoint K̂ (Eq. 18).

S i =
Pi

Ptotal
× 100% (17)

K̂ = argmaxi{S i} (18)

The intricate procedure is delineated in Algorithm 1. In
summary, once the network is adequately trained, the bulk of
the proposals produced by local feature points can precisely
pinpoint the target keypoint, and the final estimation of the
center point aligns with the ground truth. Even when a minor
number of noisy votes are present, no substantial deviation is
observed, underscoring the robustness of our approach. From
an alternative viewpoint, our aggregation step proficiently
estimates the probability density of the center point’s position
within the spatial domain (i.e., the keypoint) and ascertains its
location accordingly. It is noteworthy that this process remains
invariant to rigid transformations (i.e., SE (3) invariance),
ensuring steadfastness even as the object’s pose alters, and
preserving a dominant peak in the distribution.
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Algorithm 1 Proposal Integration Scoring Scheme:
Input Predicted radius of each visible point: {rn}

n=N
n=1 .

Parameter: Distance threshold η.
Output: The predicted keypoint K.

1: Divide the 3D space into multiple grids;
2: Initialize the proposal pool P = {} for each grid in 3D

accumulator space.
3: for K parts do
4: for N visible point {pn}

n=N
n=1 do

5: Compute the Euclidean distance dn from the visible
point pn to each grid.

6: end for
7: end for
8: if rn − dn < η and rn − dn > 0 then
9: the proposal belongs to the grid increases by one (Eq.

16).
10: end if
11: Compute the total scores by Eq. 17.
12: Output the center of the grid that has the highest score as

the predicted keypoint: K = argmax(S ) by Eq. 18.

D. Loss Functions

In the training process, our target is to segment the artic-
ulation into K rigid parts (optional) and conduct the radius
prediction. Specifically, we use the Cross-Entropy loss Lseg

for part segmentation and MSE loss Lrad for radius prediction.
Overall, the final loss of training process Ltr can be summa-
rized as:

Ltr = τ1Lseg + τ2Lrad (19)

where Lseg =
1
K

ΣK
k=1(m(k),∗, m̂(k)), (20)

Lrad =
1
K

ΣK
k=1

�
1
N

ΣN
i=1(r(k),∗

i , r̂(k)
i )
�

(21)

where m(k) is k-th part predicted mask, which can be referred
to in Eqn. (15), r(k)

i is k-th part i-th visible point’s radius. We
use a convex combination of these losses, where τ1, τ2 are
0.25 and 0.75, respectively.

It is noted the above process and the training of the KP-
Estimator (its loss functions are detailed in Sec. V-A) are
independent of each other.

VI. EXPERIMENTS

Datasets, Baselines, and Metrics: Our PAGE framework is
assessed using the ArtImage [37], ReArtMix [55], and Robo-
tArm [55] datasets, encompassing synthetic, semi-synthetic,
and real-world environments. For comparative analysis, we
measure our performance against four RGB+Depth-based
methodologies: A-NCSH [53], DenseFusion [13], ASMM
[54]. Additionally, more voting-based methods [38], [39],
[40] are adopted for comparison. The metrics for evaluation
comprise the degree error for 3D rotation, the distance error
for 3D translation, and the 3D Intersection over Union (IoU)
for assessing 3D scale.

Implementation Details: In the pre-processing phase, the
input RGB images are resized to a resolution of 224 × 224,

and the point clouds are reduced to 2,048 points before
being input into the network. It is important to note that
the input modality for all methods has been standardized to
depth + color, and re-training was performed under identical
experimental conditions as ours. For training the backbone
(PointNet++ [56]), the Adam optimizer was utilized with an
initial learning rate of 0.001 and a weight decay of 0.0001. The
learning rate was reduced by a factor of 0.5 every 20 epochs.
All experiments were carried out on four NVIDIA GeForce
RTX 4090 GPUs, each equipped with 24GB of memory.

For the main network training, we adopt a category-level
learning paradigm, consistent with [53]. Our proposed PAGE
framework is trained and evaluated on three representative
datasets: ArtImage (synthetic), ReArtMix (semi-synthetic),
and RobotArm (real-world), covering a diverse range of data
domains.

The KP-Estimator is trained independently for each object
category, using the same dataset splits as the main pose esti-
mation network. For every category, we generate a consistent
set of spatially distributed and geometrically meaningful key-
points from the corresponding point clouds. These keypoints
serve as fixed anchors for downstream 6D pose inference.
As detailed in Section IV-A, the KP-Estimator is trained in
a self-supervised fashion using customized geometric loss
functions—namely, Wasserstein loss, separation loss, and cov-
erage loss—to learn category-specific pre-defined keypoints.
Notably, this process does not require any manual keypoint
annotations.

A. Comparison With the SOTA Methods

In this section, we perform comparative experiments within
the synthetic dataset (namely, ArtImage) alongside classical
methods, with the objective of validating the efficacy of our
PAGE. Tab. I presents the quantitative results. 1) Overall,
our approach has consistently surpassed the SOTA bench-
marks, demonstrating the effectiveness of the integration of
each proposed module. 2) Individually, we achieve the most
accurate pose estimation in the eyeglasses category, with
rotation and translation errors of (3.2◦, 5.2◦, 5.1◦), (0.027m,
0.075m, 0.071m), respectively. This success can be credited
to our keypoint generation strategy, which excels in adapting
to objects with consistent geometric scales. Regarding the
3D IoU metric, our prediction errors are markedly superior
for each component when compared to the baseline model
(A-NCSH), with the average value 52.3% vs. 44.1%. Com-
pared with other voting-based methods, our method is also
more competitive, which we believe can be attributed to
the synergy of the customized modules proposed. Qualitative
results in Fig. 5 (left) further underscore that our predictions
are in tight concordance with GT, affirming the robustness and
accuracy of our methodology.

B. Ablation Study

1) Pre-Defined Keypoints: As outlined in Sec. V-A, we
propose that pre-defined keypoint methods can surpass heuris-
tic approaches. Consequently, we undertake comprehensive
ablation experiments in this section. The results are presented
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Fig. 5. Qualitative results on artimage and ReArtMix. The left is a synthetic dataset and the right is the semi-synthetic scenario.

TABLE I
COMPARISON WITH STATE-OF-THE-ARTS ON ARTIMAGE DATASET. THE CATEGORIES LAPTOP, EYEGLASSES, DISHWASHER AND

SCISSORS CONTAIN ONLY FREE JOINT AND REVOLUTE JOINTS, AND THE DRAWER CATEGORY
CONTAINS FREE JOINT AND PRISMATIC JOINTS

in Tab. II (I-III). It is observed that the FPS and BBox
based keypoint generation techniques are adapted from [57].
The quantitative results can be concluded that: our approach
exceeds the heuristic methods (i.e., FPS and BBox based

methods) by a considerable margin, reporting (1.9◦ and 5.4◦)
and (0.013m, 0.032m) with our methods. In summary, the
proposed method not only resolves the keypoint distribution
but also considers the geometric and structural relationships of
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TABLE II
ABLATION STUDY. IT IS NOTED THAT EXPERIMENTS

ARE CONDUCTED ON THE CATEGORY SCISSORS

the articulation, refined through three geometry-sensitive loss
functions (see Sec. V-A). This is essential for keypoint-based
object pose modeling.

2) Fusion Manner: In this study, we introduce an inno-
vative multi-modal learning approach termed geometric-color
alignment, as elaborated in Sec. V-B. To validate the efficacy
of the proposed module, we perform ablation experiments
as shown in Tab. II (IV-VI). It should be noted that con-
figuration IV represents the straightforward concatenation of
depth and RGB features. Configuration V denotes the method
from densefusion [13]. It is evident that our method attains
state-of-the-art performance, whereas the conventional method
(i.e., direct concatenation) experiences significant performance
degradation due to noisy feature alignment.

3) Keypoints Numbers: In this work, we propose to use
3 keypoints for each rigid part modeling. However, we are
curious about how the performance of the proposed method
varies with changes in the number of keypoints. Therefore,
we conducted ablation experiments related to the number of
keypoints, quantitative results can be seen in Tab. II (VII-IX).
We observed that increasing the number of keypoints did
not significantly reduce rotation and translation errors. For
instance, when the number of keypoints increased from 3
to 5, the average rotation error only decreased by 0.2◦, and
the average translation error dropped by 0.04m. Therefore,
to balance performance and computational cost, 3 keypoints
are selected for each rigid part to model its shape. It is
worth emphasizing that at least three non-collinear keypoints
are required to uniquely determine a rigid transformation.
When the number of keypoints is less than 3, shape modeling
becomes ambiguous.

4) Direct Regression versus Scoring: As mentioned before,
our method not only proposes a novel pre-defined keypoint
generation method but also introduces an innovative algo-
rithm for keypoint-based pose modeling of articulated objects,
named scoring. In fact, the generated keypoints can also be
directly used for regression tasks, and we have conducted
relevant ablation experiments in Tab II (X-XI). The exper-
imental results show that our scoring method outperforms
direct regression methods (for example, our rotation errors

TABLE III
POSE ESTIMATING RESULTS ON REARTMIX DATASET

and translation errors are (1.7◦, 5.1◦) and (0.010m, 0.027m),
while the error of the direct regression method is (10.5◦, 15.4◦)
and (0.135m, 0.237m). We conjecture that the performance
improvement stems from our scoring method, which integrates
the predictions from all points, leading to a more stable and
reliable final result.

5) Voting-Based Methods: To further assess the effective-
ness of our scoring-based keypoint inference strategy, we
perform a comparative ablation study with 6-PACK, a rep-
resentative 3D voting-based pose estimation method. For a
fair comparison, we adapt 6-PACK to the part-level estimation
setting, where each articulated object is decomposed into rigid
segments, and pose is predicted independently for each part.
Both methods are evaluated under identical input settings.
As shown in Table II, our method significantly outperforms
6-PACK in both rotation and translation accuracy. We attribute
this to two main factors: (1) our geometry-aware scoring
formulation provides better robustness to partial observations
than anchor-based proposal aggregation, and (2) our pre-
defined keypoints are optimized for spatial consistency and
category-level generalization, which 6-PACK does not enforce.

C. Generalization Capacity
1) Experiments on Semi-Synthetic Scenarios: The ReArt-

Mix dataset is utilized to assess our method, which includes
semi-synthetic scenarios. The specific results are detailed
in Tab. III. Our method attains the highest performance in
the Drawer category, with a mere 1.2◦ rotation error, and
translation errors of 0.013m and 0.017m. This indicates that
our approach is equally potent in Semi-Synthetic Scenarios,
highlighting its robustness and versatility across various object
categories and environments. Qualitative results for the five
categories are depicted in Fig. 5 (Right).

2) Experiments on Real-world Scenarios: We further train
and evaluate PAGE on the 7-part RobotArm dataset in
real-world scenarios. As shown in the quantitative results
(Tab. V), our method achieves superior performance in per-
part pose estimation compared to the baseline A-NCSH.
Specifically, PAGE significantly reduces both rotation and
translation errors. For rotation errors, PAGE achieves notable
improvements across parts 1 to 7, with average rotation
errors reduced to 7.5◦ compared to 12.1◦ of A-NCSH. Sim-
ilarly, for translation errors, PAGE maintains an average
error of 0.044m, outperforming the baseline’s 0.126m. While
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TABLE IV

EXPERIMENTS ON THE INTEGRATION OF RGB INFORMATION ON ARTIMAGE [37]. NOTE THAT THE CATEGORIES LAPTOP, EYEGLASSES,
DISHWASHER, AND SCISSORS CONTAIN ONLY FREE JOINT AND REVOLUTE JOINTS, AND THE DRAWER CATEGORY CONTAINS FREE

JOINT AND PRISMATIC JOINTS. THE ACCURACY IS REPORTED FOR THE PERFORMANCE OF PART SEGMENTATION

Fig. 6. Qualitative results on 7-part RobotArm dataset.

TABLE V

QUANTITATIVE RESULTS ON ROBOTARM DATASET

accumulative errors are observed in deeper kinematic struc-
tures (5th, 6th, and 7th parts), our method demonstrates greater
robustness against these challenges compared to the baseline,
which exhibits more significant accumulative errors in both
rotation and translation. Qualitative results are illustrated in
Fig. 6.

D. Experiments of Hyperparameter Selection

F (1) τ1 and τ2. Regarding the training loss weights
(τ1, τ2), the part segmentation module is optional in our
framework, while radius prediction plays a decisive role in
keypoint estimation accuracy. Therefore, based on empirical
observations, we assign a lower weight to segmentation (τ1 =

0.25) and a higher weight to radius prediction (τ2 = 0.75).
To validate this weighting strategy, we conducted an abla-

tion study by varying τ1 and τ2 to assess their effects on
pose estimation accuracy. The results, summarized in Tab. VI,
reveal that increasing τ2 (i.e., emphasizing radius prediction)

TABLE VI

ABLATION STUDY OF τ1 AND τ2 . IT IS NOTED THAT EXPERIMENTS
ARE CONDUCTED ON THE CATEGORY SCISSORS

TABLE VII

ABLATION STUDY OF λ1 AND λ2 . IT IS NOTED THAT EXPERIMENTS
ARE CONDUCTED ON THE CATEGORY SCISSORS

TABLE VIII

SELF-OCCLUSION ANALYSIS. POSE ERRORS FOR ‘DRAWER’ CATEGORY
WITH VARYING OCCLUSION LEVELS

consistently enhances performance—particularly in rotation
accuracy—highlighting the importance of the radius regression
task. However, when τ2 exceeds 0.75, the performance gain
saturates, and excessive down-weighting of the segmentation
loss weakens geometric regularization, leading to reduced
generalization in complex scenes.

Consequently, the configuration of τ1 = 0.25 and τ2 = 0.75
achieves a well-balanced trade-off between the two objectives
and has been empirically verified to ensure stable and effective
convergence.
F (2) λ1 and λ2. For the KP-Estimator loss weights (λ1,

λ2), the Wasserstein loss serves as the primary component,
enforcing consistent and uniform radius distributions across
different object parts and instances—an essential factor for
reliable keypoint generation. Consequently, it is assigned a
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TABLE IX
ROBUSTNESS EVALUATION. NOTE THAT THE CATEGORY LAPTOP IS

USED FOR EVALUATION

TABLE X
THE RADII COMPARISON OF DIFFERENT KEYPOINT ESTIMATION

METHODS. NOTE THAT THE CATEGORY LAPTOP IS USED FOR
DEMONSTRATION. THE RADIUS UNIT IS (m)

relatively high weight (λ1 = 0.6). The separation loss (λ2 =

0.2) mitigates spatial redundancy among keypoints, while the
remaining weight is allocated to the coverage loss to promote
uniform keypoint distribution across the visible surface. To
validate this design, we conducted an ablation study by varying
λ1 and λ2 and examining their influence on pose estimation
accuracy. The results, summarized in Table X of the revised
manuscript, are detailed in Tab VII.

When λ1 decreases below 0.4, performance drops
markedly—particularly in translation accuracy—as the model
loses distributional supervision and begins to resemble heuris-
tic keypoint baselines. Conversely, increasing λ1 beyond
0.6 yields marginal gains, indicating that the performance
improvement saturates once sufficient distributional uniformity
is achieved.

These findings empirically confirm that the configuration
λ1 = 0.6 and λ2 = 0.2 provides a well-balanced trade-
off among distributional consistency, spatial separation, and
surface coverage, ultimately leading to more accurate and
stable pose estimation.

E. Robustness Experiment

1) Self-Occlusion Analysis: To further assess the robustness
of our PAGE under self-occlusion, we divide the test samples
of the Drawer category into three subsets based on the
level of occlusion, as self-occlusion is more prevalent in draw-
ers. The occlusion level is defined as the ratio of visible points
compared to the total number of points on the part, similar
to the A-NCSH [53]. Specifically, we use three subsets with

varying visibility: (0%, 40%), (40%, 80%), and (80%, 100%).
For evaluation, we employ mean rotation error and mean
translation error as performance metrics for pose estimation.
The experimental results are presented in Tab. VIII. As the
occlusion level increases, the rotation error remains relatively
stable, thanks to our multi-modal learning manner. Our method
demonstrates minimal translation error even at occlusion levels
up to 80%. In extreme cases, with occlusion rates ranging
from 80% to 100%, our method still delivers favorable results,
with a translation error of only 0.016 m. These results demon-
strate that our method effectively addresses the self-occlusion
problem.

2) Depth Only: In this paper, we combine color and geo-
metric information for pose estimation of articulated objects.
In contrast, using only depth information as input results in
performance degradation across all categories. For instance,
in the Laptop category, our method demonstrates a significant
performance improvement. Specifically, for pose estimation,
the results using only depth information are (6.7◦, 4.2◦)
and (0.072m, 0.053m), while the results using RGB+depth
information are (4.0◦, 1.7◦) and (0.014m, 0.019m). For part
segmentation, RGB information also plays a key role in this
task, which suppresses the methods that only depth informa-
tion is involved (e.g., 0.99 accuracy of Depth+RGB vs., 0.97
of Depth). These experimental results validate the effectiveness
of our proposed geometric-color alignment. Our framework
explicitly encourages the interaction between geometric and
color features and facilitates complementary learning, thus
enhancing overall performance.

3) Noise: To more systematically analyze the robustness
of our model, we introduce perturbations into the input
point clouds. Three types of synthetic noise are applied
independently and jointly: 1) Gaussian Positional Noise: Ran-
dom zero-mean Gaussian noise with standard deviation σ ∈
[0.01, 0.03] m is added to each point coordinate. This simulates
sensor jitter and frame-to-frame variation. 2) Scaling Noise:
A global scale factor is sampled from the range [0.95, 1.05]
and applied to all 3D points, mimicking depth distortion due
to calibration drift or focal length error. 3) Offset Noise: A
uniform additive offset of ±1.5mm to ±5.0mm is introduced
along each axis to simulate systemic sensor bias or spatial
drift.

We evaluate the performance under these perturbations on
the Laptop category. Results are summarized in Table IX.
Compared with voting-based baselines such as CPPF, our
method shows significantly less performance degradation. For
instance, under Gaussian noise with σ = 0.03m, our method
retains a translation error below 0.025m and a rotation error
under 3.1◦, while CPPF’s error increases substantially (transla-
tion is 0.52m, rotation is 4.2◦). The improved robustness of our
method can be attributed to two key factors: 1) Geometrically-
consistent scoring: Unlike traditional vote counting or pairwise
correspondence approaches, our proposal integration strategy
evaluates radius alignment across all observable points in a
continuous 3D accumulator space. This reduces the influence
of noisy local patterns and stabilizes keypoint inference.
2) Category-level keypoint representation: Our pre-defined
keypoints are learned to be consistent across instances and
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Fig. 7. The decomposed components of the point cloud features and RGB
image features. Note that we use the “0.25 (0.45 ↑)” mode to represent the
weights from the previous method and our method.

structurally distributed across object parts, making them more
resistant to partial observations and spatial perturbations.
These results confirm that the proposed method is not only
accurate but also robust to various input degradations, thereby
supporting its deployment in real-world applications involving
articulated objects and noisy RGB-D inputs.

F. Analysis and Discussion

1) Pre-Defined Keypoint Estimation, Extended: In this
paper, we observed that keypoints generated using heuristic
algorithms exhibit significant differences (i.e., variance of
Euclidean distances) in the distribution of radius clusters. For
example, refer to the Tab. X. The distance clusters of the three
keypoints generated using the FPS algorithm have variances of
0.193, 0.115, and 0.104, respectively. Therefore, we adopted a
customized method to generate pre-defined keypoints, and the
results show that the variance significantly decreased to 0.039,
0.063, and 0.027, while the intra-cluster differences between
the radius clusters were also much smaller. This indicates that
our method can better control the distribution of radius clusters
when generating keypoints, thereby enhancing the stability and
accuracy of the model.

2) Geometric-Color Alignment, Extended: Geometric and
color features capture the same scene through different modal-
ities, resulting in both shared information and unique features,
as illustrated in Fig. 7. Existing advanced multi-modal learning
methods rarely perform explicit alignment and complemen-
tary information learning between modalities. Specifically, as
shown in the weight illustration in Fig. 7, previous approaches
often assign relatively uniform weights to each feature, leading
to the presence of redundant information and the learning of
replication artifacts [58], [59]. To address these limitations, our
work emphasizes feature alignment between different modal-
ities and enhances the learning of complementary features
by assigning higher weights to the unique characteristics of
each modality. This strategy effectively reduces information
redundancy and significantly improves the performance of the
articulation pose estimation task.

Fig. 8. Visualization results of keypoints generated by different methods.
The values are Per-part scale (m).

TABLE XI
COMPARISON OF INFERENCE SPEED

3) Definition of Observable Point: i.e., visible point, refers
to a surface point that is not occluded from the current
viewpoint and can be captured by a depth sensor. In contrast,
invisible points are either located in self-occluded regions
blocked by foreground structures or lie outside the sensor’s
field of view.

G. Visualization

In contrast to instance-level object pose estimation,
category-level articulated object estimators aim to predict the
rotation, translation, and scale of rigid parts of observed
articulated objects without the need for known CAD models.
Classical methods typically achieve accurate 6D pose esti-
mation by predicting shape descriptors for objects within the
same category. For instance, a prominent approach leverages a
normalized object coordinate space [60] and its variants [53],
[61], where the coordinates of each pixel in the normalized
space are predicted to establish a unified representation for
objects of the same category.

We present a visualization of different keypoint generation
methods in Fig. 8. As shown, our method produces keypoints
that are stable across different instances within the same
category, enabling generalization at the category level. In
contrast, traditional methods exhibit scale sensitivity, leading
to significant intra-category discrepancy regarding keypoint
distribution. In essence, traditional methods are limited to
instance-level pose estimation, whereas our approach extends
to category-level generalization. We define this property as
inter-category stability, which mitigates the instance discrep-
ancies that prior methods struggled with.

VII. INFERENCE SPEED

Based on an NVIDIA GeForce RTX 4090 GPU (batch size
is set to 1), our method takes about 15ms to conduct the
geometric-color alignment module, and 115ms to go through
the proposal integration scoring module. which achieves about
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160 ± 10ms to finish a single prediction, while DenseFusion
takes about 220± 10ms and ASMM takes 195± 10ms under
the same setting. Our method achieves competitive inference
speed as well as state-of-the-arts. The FPS results comparison
is shown in Tab. XI.

VIII. CONCLUSION

In this work, we propose a novel framework coined PAGE,
aiming to cope with category-level articulation pose estimation
via multi-modal alignment. To deal with multi-modal learning
problems, our key idea is first aligning (geometry and color
features) and then fusing. Considering the weakness of heuris-
tics keypoints, the proposed pre-defined keypoint estimation is
tailored to help improve the performance of articulation pose
estimation. Finally, we elaborate on the proposal integration
scoring strategy to determine 6D pose of the articulated
object. Experimental results show that our method achieves
state-of-the-art performance in pose estimation on the syn-
thetic ArtImage dataset. Additionally, it demonstrates strong
generalization capabilities on the semi-synthetic ReArtMix
dataset and real-world multi-hinged articulated object datasets
(RobotArm). This highlights the robustness and versatility of
our approach across diverse scenarios.
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