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Figure 1. We propose ARMO, a pipeline that generates accurate skeleton results from mesh inputs, enabling precise control over the mesh
to generate realistic and accurately driven results.

Abstract

Recent advancements in large-scale generative models
have significantly improved the quality and diversity of 3D
shape generation. However, most existing methods focus
primarily on generating static 3D models, overlooking the
potential dynamic nature of certain shapes, such as hu-
manoids, animals, and insects. To address this gap, we
focus on rigging, a fundamental task in animation that es-
tablishes skeletal structures and skinning for 3D models. In
this paper, we introduce OmniRig, the first large-scale rig-
ging dataset, comprising 79,499 meshes with detailed skele-
ton and skinning information. Unlike traditional bench-
marks that rely on predefined standard poses (e.g., A-pose,
T-pose), our dataset embraces diverse shape categories,
styles, and poses. Leveraging this rich dataset, we propose
ARMO, a novel rigging framework that utilizes an autore-
gressive model to predict both joint positions and connectiv-
ity relationships in a unified manner. By treating the skeletal
structure as a complete graph and discretizing it into tokens,
we encode the joints using an auto-encoder to obtain a la-
tent embedding and an autoregressive model to predict the
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tokens. A mesh-conditioned latent diffusion model is used to
predict the latent embedding for conditional skeleton gener-
ation. Our method addresses the limitations of regression-
based approaches, which often suffer from error accumu-
lation and suboptimal connectivity estimation. Through ex-
tensive experiments on the OmniRig dataset, our approach
achieves state-of-the-art performance in skeleton predic-
tion, demonstrating improved generalization across diverse
object categories. The code and dataset will be made avail-
able at https://armo-omnirig.github.io/.

1. Introduction

Recently, large-scale generative models have achieved im-
pressive advancements on generating 3D shapes of high
quality and great diversity through multi-modal hints, such
as text [17, 34], images [18, 36, 45], or point clouds [4, 5].
However, the majority of efforts in this field focus on de-
livering static digitizations, to some extent overlooking the
potential dynamic nature of the shapes of interest (e.g., hu-
manoids, animals, insects). To alleviate this discrepancy,
we resort to rigging, a long-standing task from animation
research, which creates a skeletal structure for a 3D shape
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and further relates shape to the simplified skeleton. High-
quality rigging allows for driving shapes through skeletal
motions crafted by artists and, hopefully, more and more ad-
vanced automatic algorithms [10]. In this paper, we propose
a novel rigging framework, ARMO, for rigging 3D shapes,
which can manifest significant diversity in style, pose, and
category.

The first challenge that arose in our study is the lack of
large-scale dataset with high-quality rigging annotations.
In fact, though automatic rigging algorithms [6, 11, 38] have
long been studied, the regarding dataset construction, like
Modelresource [38] and Mixamo [1], is lagging. To this
end, we have dedicated ourselves to constructing, to the
best of our knowledge, the first large-scale rigging dataset,
OmniRig, which consists of 79,499 meshes with detailed
skeleton and skinning information. We conducted exten-
sive data cleaning from ObjaverseXL and publicly available
websites, followed by manual annotation of the data cate-
gories.

The second challenge then follows close on the es-
tablishment of OmniRig, namely, how can we fully ex-
ploit the potential of the large-scale data? RigNet [38]
and TARig [19] use mesh as input and design regression
networks to predict the rigging results. Regression-based
methods directly predict the full set of joint coordinates and
the corresponding probability matrix for connectivity.

Though these prior works have greatly advanced rigging
performance in the past decades, even with extensive train-
ing on large datasets, such designs often struggle to gen-
eralize well in scenarios involving significant data variabil-
ity and diverse object categories, making it challenging for
them to achieve satisfactory results on our proposed rigging
dataset OmniRig, which includes a diverse range of shape
categories. However, the autoregressive model adopts a
next-token prediction strategy, which effectively leverages
both the given conditions and previously predicted results
for iterative prediction. Moreover, autoregressive models
have been extensively validated in other domains, demon-
strating strong generalization capabilities when trained on
large-scale datasets [4, 5, 25]. To address the problem
above, we propose a novel approach focused on accurate
skeleton estimation that models the skeletal structure as a
complete graph and employs an autoregressive model to
learn both the joint positions and their corresponding par-
ent joint positions.

Additionally, these prior works all follow a multi-stage
design (e.g., formulating independent modules for joint pre-
diction, bone connection, and skinning), which significantly
limits their utility in our dataset. These approaches are
prone to error accumulation, and using greedy algorithms
for bone connectivity estimation often leads to suboptimal
results. Errors in bone connectivity can significantly impact
both skinning estimation and motion control. Our proposed

approach, which employs an autoregressive model, offers a
more structured way to learn the skeleton. By predicting
each joint position along with its corresponding parent joint
position, our method directly infers bone connectivity, ef-
fectively reducing error propagation and improving overall
prediction accuracy.

Specifically, we first represent the skeleton as a tree
structure, where each joint is associated with the position
of its parent joint. We then discretize this tree structure
into tokens. The joints are first encoded using an autore-
gressive auto-encoder, which produces a latent embedding.
This embedding is subsequently processed by an autore-
gressive model to predict the skeletal structure tokens. Pre-
vious studies have shown that directly applying a condi-
tioned autoregressive model can lead to confusion between
the conditioning input and the output [31], resulting in de-
graded prediction performance. Building on this, we further
train a mesh-conditioned latent diffusion model to predict
the latent embedding, enabling accurate conditioned skele-
ton generation.

Our key contributions are threefold: 1) We introduce
OmniRig, a large-scale rigging dataset, which consists of
79, 499 meshes and covers diverse object categories with
detailed rigging annotations. 2) We propose a novel two-
staged auto-regressive model that simultaneously predicts
both joint positions and connectivity relationships. 3) We
conduct extensive experiments on the OmniRig dataset,
achieving state-of-the-art performance in skeleton predic-
tion.

2. Related Works

2.1. 3D Autoregressive Models

Autoregressive models, which are first designed for nat-
ural language processing [24, 33], have recently gained
rapid development in 2D image processing [14, 30, 32] and
3D generative models. The main idea is to automatically
predict the next component in a sequence by taking mea-
surements from previous input. MeshGPT [25] represents
meshes as latent embeddings through geometry and topol-
ogy and proposes a sequence-based method to autoregres-
sively generate meshes as a series of triangles. In contrast,
MeshXL [3] explores the neural coordinate field to con-
struct an explicit representation for 3D meshes and formu-
late several base models for different 3D mesh generation
tasks. For the sake of generating high-quality meshes with
geometric features, MeshAnything [5] introduces a shape-
conditioned auto-regressive transformer to align the gener-
ated meshes with given shapes. Based on this, MeshAny-
thing V2 [4] creates adjacent mesh tokenization, further in-
creasing the efficiency of mesh embedding and the perfor-
mance of the generated meshes. Instead of focusing on
tokenizing the complicated topology of the meshes, Piv-
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otMesh [35] encodes meshes into discrete tokens and re-
alizes a scalable mesh generation framework. However,
these tokenization algorithms are still insufficient to handle
high-resolution and complex objects. To solve this ques-
tion, EdgeRunner [31] compresses variable-length meshes
into fixed-length latent codes and demonstrates that latent
embedding can increase generalization and robustness.

2.2. Automatic Rigging

In the field of rigging, the process has traditionally relied
heavily on manual effort by designers, making it both time-
consuming and labor-intensive. In recent years, the rapid
advancement of machine learning techniques has paved the
way for automatic rigging methods. It aims to create rea-
sonable skeletons for 3D assets without manual rigging and
utilizes skeletal motion data to animate.

In automatic rigging, extensive research has been con-
ducted on human rigging. A notable milestone in this
field is Neural Body [21], which pioneered the use of the
SMPL model for automatically generating dynamic 3D hu-
man models. Methods like PointSkelCNN [23] and S3 [41]
aim to learn rigging data from labeled human body skele-
tons rather than relying directly on the SMPL model. In ad-
dition, for the sake of creating high-quality skeletons, recent
methods [6, 11, 28] choose to focus on heterogeneous hu-
manoid characters and achieve satisfactory performances.
However, these methods are limited to this specific cate-
gory. In broader applications, achieving automatic rigging
for arbitrary shapes is becoming increasingly important.

Existing rigging approaches for arbitrary shapes can
generally be categorized into two types: optimization-
based methods and learning-based methods. Among
optimization-based methods, Pinocchio [2] is a pioneering
method in this research area, which adapts a predefined
template skeleton to the mesh. CASA [37] was the first
to propose jointly inferring articulated skeletal structures
and rigging parameters through optimization. Later de-
velopments [40, 43] have integrated techniques to enhance
both 3D object reconstruction and rigging quality. Despite
their effectiveness, optimization-based methods are inher-
ently instance-specific, limiting their generalization ability.
Consequently, they are often computationally expensive and
impractical for large-scale data processing or for rigging ob-
jects with highly diverse structures.

Consequently, Li et al. [15] explore the learning-based
method and improve the quality of mesh deformation.
TARig [19] proposes an adaptive template skeleton and in-
troduces a boneflow component to improve the structure
of the skeleton. However, these template-based methods
are limited to specific categories or standard poses, making
them difficult to generalize to diverse objects and topolo-
gies. In contrast, RigNet [38] takes a mesh as input and
employs dedicated networks to independently predict joint

positions, bone connections, and skinning weights. For
joint estimation, RigNet first predicts position offsets, then
uses differentiable clustering to determine joint positions.
It then applies the Minimum Spanning Tree (MST) algo-
rithm to connect the joints. This sequential pipeline in-
troduces additional complexity and is susceptible to error
accumulation across stages. Furthermore, regression-based
predictions often suffer from limited generalization ability,
making them less effective when applied to diverse or un-
seen shapes. Some recent concurrent works use autoregres-
sive methods to predict skeletons [26, 44], but we adopt
a two-stage approach combining autoregressive and diffu-
sion generation to improve the quality of the results. Fur-
thermore, our autoregressive model demonstrates improved
generalization performance after being trained on a large-
scale dataset.

3. Datasets
To address the persistent challenge of data scarcity in rig-
ging research, we introduce OmniRig, a comprehensive
and large-scale dataset with detailed rigging annotations.
Our dataset is constructed from three key sources: Mod-
elResource [38], ObjaverseXL [7], and publicly available
free data collected from the internet. In total, OmniRig
comprises 79,499 meshes, each accompanied by detailed
rigging information, making it the largest and most diverse
rigging dataset to date.

The construction of OmniRig follows a two-stage pro-
cess: data filtering and post-processing. During these
stages, we employ a combination of manual inspection and
automated methods to ensure data quality, diversity, and
completeness. Below, we describe each stage in detail.

3.1. Data filtering
Our data filtering process is designed to ensure that only
high-quality models with valid rigging information are re-
tained. The dataset is constructed from three primary
sources: ModelResource, ObjaverseXL, and publicly avail-
able online data. ModelResource contains 2,354 high-
quality 3D models, each equipped with both skeleton and
skinning information, serving as reliable references for
human-centric rigging tasks. ObjaverseXL is a large-scale
dataset with over 8 million 3D models; from this extensive
collection, we selectively extract 300,000 models in FBX
and GLB formats, which are widely used in rigging appli-
cations. Additionally, to enhance the dataset’s diversity, we
include 1,100 models collected from freely available online
resources, ensuring broader coverage of object categories.

To construct a clean and high-quality dataset, we apply
a two-stage filtering process. In the initial filtering stage,
we discard models that lack skeleton and skinning infor-
mation, exhibit poor mesh quality, or contain mismatched
skeleton and skinning data. Given the large volume of data
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in ObjaverseXL, we observe several cases where meshes
are misaligned with their corresponding skeletons or con-
tain anatomically unreasonable skeletal structures. To ad-
dress this, we render both meshes and their corresponding
skeletons as images, allowing us to manually inspect and
remove models with clearly erroneous skeleton structures.
This additional quality assessment step ensures that only
meaningful and accurate rigging data is preserved.

Following this rigorous filtering process, we retain
76,045 high-quality models. To further diversify the
dataset, we integrate the 1,100 additional models from pub-
licly available sources using the same filtering criteria. In
total, our dataset comprises 79,499 models with rigging in-
formation. Notably, the dataset features skeletal structures
with varying complexity, with the number of joints ranging
from 2 to 100, ensuring suitability for a wide range of rig-
ging applications. A visualization of part of our dataset,
showcasing various high-quality meshes along with their
corresponding rigging information, is presented in Fig. 2

Figure 2. Visualization of the dataset OmniRig, which contains
high-quality skeleton structures and objects in diverse categories.

3.2. Post processing
Following the data filtering process, we perform additional
post-processing steps to further organize and structure the
dataset for effective use in research tasks. For each fil-
tered model, we extract the mesh along with its associated
skeleton and skinning information. To facilitate research in
category-specific rigging tasks, we manually annotate the
dataset with meaningful category labels. Given the incon-
sistency in humanoid rigging across different sources, we
classify the models into eight distinct categories to better
capture the dataset’s diversity: complex characters (with
finger bones), simple characters (without finger bones), an-
imals, marine creatures, birds, insects, plants, and others.
This categorization not only provides valuable insights into
the dataset’s composition but also enables targeted research,
such as category-specific rigging augmentation and skele-
ton learning.

A visualization of the dataset’s category distribution is

shown in Fig. 3, which highlights the dominance of char-
acter data while illustrating the dataset’s richness in non-
character categories as well. We believe that the diverse
range of object categories and detailed rigging annotations
provided in our dataset will significantly benefit future re-
search in 3D rigging, pose estimation, and animation syn-
thesis, while also serving as a valuable resource for devel-
oping more robust and generalizable rigging models.

Figure 3. A pie chart indicating the multiple categories in our
largr-scale rigging dataset OmniRig.

4. Methodology
In this section, we present the overall pipeline of our rig-
ging system, which is trained on our OmniRig dataset. Our
model focuses on generating high-quality skeletal struc-
tures. In Sec. 4.1, we introduce our problem formula-
tion and provide a brief overview of our autoregressive
model. In Sec. 4.2, we introduce our autoregressive skele-
ton generation model, which includes skeleton reconstruc-
tion based on an autoregressive auto-encoder and diffusion-
based point cloud conditional generation.

4.1. Problem formulation
Given a mesh M with vertices V ∈ Rn×3, our model aims
to generate a skeletal structure with joints J ∈ Rk×3 and
connectivity B ∈ Rb×2.

Traditional learning methods for J (joint positions) and
B (bone connections) typically adopt a multi-stage regres-
sion approach [19, 38], where J is learned first, followed
by the estimation of parent-child relationships, and then
B is inferred using greedy algorithms such as Minimum
Spanning Tree (MST). However, this multi-stage learning
paradigm suffers from several limitations: (1) Error accu-
mulation occurs across stages, leading to inaccuracies in
connectivity prediction. (2) Greedy algorithms like MST
struggle to generate satisfactory results for complex skele-
tal structures. (3) Regression-based methods lack gener-
alization capability when dealing with large-scale, multi-
category datasets.

To overcome these challenges, we jointly consider both
J and B and obtain a tree-structured skeleton representation
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Figure 4. The overall pipeline of our framework. (a) An autoregressive auto-encoder model to establish the latent embedding for the
skeleton. (b) A conditioned latent diffusion model to align the skeleton with the mesh through latent features. See Sec.4.2 for more details.

T through them as:

T1:k = [P1,J1,P2,J2, ...,Pk,Jk]. (1)

where Ji ∈ R3 represents the position of the ith joints and
Pi ∈ R3 represents the position of the parent joint of the
ith joints. We then introduce an autoregressive model that
predicts skeleton structures in a sequential manner, condi-
tioned on mesh vertex inputs. Unlike traditional multi-stage
regression approaches, our method jointly learns both joint
positions and connectivity relationships, effectively mitigat-
ing error accumulation and improving generalization across
diverse categories. This process can be formulated as:

P (Pk,Jk|T1:k−1,V) = P (Pk|T1:k−1,V)

P (Jk|Pk,T1:k−1,V).
(2)

For the specific implementation of conditional generation,
simply using a condition autoregressive model can lead to
misalignment between the input point cloud and the skeletal
joints. Inspired by [31], we adopt an Autoregressive Auto-
Encoder (ArAE) to facilitate autoregressive learning, fol-
lowed by latent diffusion for conditional generation.

4.2. Skeleton Generation
Skeleton tokenization: Next, we detail the tokenization
process for skeletal joints. We represent the skeleton us-
ing a tree structure T, where each joint is a node. To ensure
a consistent numerical range, we first normalize the joint
positions J ∈ Rk×3, mapping their coordinates to the range
[−1, 1]. For each joint Ji ∈ R3, we discretize its x, y, z
coordinates, yielding three tokens. Similarly, we apply the
same discretization process to its parent joint Pi ∈ R3, re-
sulting in an additional three tokens. As is shown in Fig. 4,
the gray tokens mean the parent tokens, and the yellow ones
indicate the joints. In addition, we assume that the first
three tokens represent the root node of the tree structure.
Ultimately, this formulation produces a total of 6k skeleton

tokens O, which serve as the label for our autoregressive
model.
Auto-regressive Auto-encoder: We adopt an autoregres-
sive auto-encoder model to establish a mapping between
the joints J and the corresponding skeletal tokens as shown
in Fig 4(a). The latent embedding obtained from the auto-
encoder serves as the conditioning input for the latent diffu-
sion model during conditional generation.

Specifically, we first encode the padded joints J using a
joints encoder Fj to obtain the corresponding latent embed-
ding L.

L = Fj(Q, Pos(J)), (3)

where Q is a learnable query embedding that aims to com-
press the input data, and Pos is a frequency embedding
function [31]. We choose a cross-attention layer as the
joints encoder here. This latent embedding L is then used
as the conditioning input for the autoregressive model Fa.
To initiate the token prediction process, we append a BOS
token after the latent embedding and employ a next token
prediction strategy to sequentially generate the skeletal to-
ken sequence Ô.

Ôi = Fa(Ô1:i−1,L), (4)

where Ôi is the predicted ith skeletal token. Our model is
trained end-to-end using the cross-entropy (Lce):

Lce = CE(Ô[: −1],O[1 :]). (5)

Mesh Condition Generation: Our goal is to generate
the corresponding skeleton from the given mesh condition.
Since the trained ArAE model can decode skeleton tokens
from the latent embedding obtained via the joints encoder,
we employ a conditioned latent diffusion model to learn this
latent embedding as shown in Fig 4(b).

Specifically, for a given mesh input, we first sample
1,024 surface points. These points are then processed by
a pre-trained point cloud encoder [22], which extracts the
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corresponding feature representation. This feature is sub-
sequently refined using a cross-attention layer to obtain the
denoised feature.

During training, both the joints encoder and the point
cloud encoder are kept fixed. We adopt the DDPM frame-
work [12] and use the MSE loss to train the latent diffu-
sion model. At inference time, for any given input mesh,
the point cloud encoder extracts the corresponding feature,
which is then fed into the latent diffusion model to predict
the latent embedding. This predicted latent is subsequently
decoded by the autoregressive model to generate the final
skeleton tokens.
Skeleton Detokenization: Through the predefined skele-
ton tokenization, every three tokens can be viewed as a
union, indicating the coordinates of the predicted points.
We then view the odd unions as the parents for the even
unions, which represent the estimated joints. For each par-
ent union, we use the nearest neighbor search to find the
corresponding point in joints. Thanks to the autocorrela-
tion pattern of the autoregressive model, our tokenization
process can generate correct and solid parent-children rela-
tionships without further learning networks or complicated
postprocessing. After obtaining high-quality skeleton data,
we employ the state-of-the-art skinning estimation method
GeoVoxel (GVB) [8], to achieve reliable and accurate skin-
ning results.

5. Experimental Results

5.1. Implementation Details
Our training process consists of two stages, where both the
auto-regressive auto-encoder model and the latent diffusion
model conditioned on point clouds require approximately
one day of training on 8 A100 GPUs. The batch size is
set to 128. We split the data from each category into train-
ing and test sets with a 20:1 ratio and then merge them to
form the final training and test datasets. To ensure class bal-
ance during training, we randomly select 20% of the data
from the character category in each epoch. To enhance the
model’s robustness to input variations, we incorporate on-
line pose augmentation in both training stages. Specifically,
during training, we randomly deform joint positions while
preserving connectivity relationships and use ground truth
skinning weights to deform the corresponding mesh. The
ablation study in Sec. 5.4 validates the effectiveness of this
data augmentation strategy.

5.2. Metircs and Baselines
Metircs: To assess the accuracy of the predicted skele-
ton maps, we employ the same evaluation metrics as
RigNet [38]. For skeleton evaluation, we utilize CD-J2J
(Chamfer Distance between joints), CD-J2B (Chamfer Dis-
tance between joints and bones), CD-B2B (Chamfer Dis-

tance between bones), IoU (Intersection over Union), as
well as Precision & Recall.
Baselines: We compare our method with a classic optimiza-
tion method and a state-of-the-art learning-based method:
(1) Pinocchio [2] (2) RigNet [38]. To meet the input re-
quirements of Pinocchio, we preprocess all input meshes
by applying a watertight transformation to ensure they are
manifold. For a fair comparison, we trained and evaluated
RigNet on the same dataset as our method.

5.3. Evaluation for Skeleton Prediction
Quantitative result: Tab. 1 presents the quantitative com-
parison in joint estimation. Our results significantly outper-
form Pinocchio and RigNet across all metrics. Specifically,
the IoU metric, which measures the quality of joint estima-
tion, shows a 13.2% improvement, while the CD-B2B met-
ric, which evaluates the accuracy of bone estimation, shows
a 41.7% improvement. Compared to using MST for con-
nectivity estimation, our autoregressive model can simulta-
neously learn both accurate joint positions and connectivity
relationships.

IoU ↑ Prec. ↑ Rec. ↑ CD-J2J ↓ CD-J2B ↓ CD-B2B ↓
Pinocchio 36.47% 39.68% 38.43% 8.45% 7.55% 6.78%

RigNet 61.35% 60.64% 67.93% 6.44% 5.85% 5.06%
Ours 70.68% 69.84% 71.94% 3.88% 3.15% 2.95%

Table 1. Joint prediction results on the test set.

Qualitative result: For qualitative evaluation, we select ex-
amples featuring a variety of categories, as shown in Fig. 5.
Pinocchio can only generate template skeletons for hu-
manoid and animal models and is unable to produce skele-
tons for other object categories. RigNet lacks generaliza-
tion capability for complex shapes, failing to produce accu-
rate joint positions and reasonable connectivity. As shown
in Fig. 5 (second row, first column), even when it achieves
relatively accurate joint positions, its multi-stage training
approach leads to cumulative errors, resulting in incorrect
connectivity predictions. This further demonstrates the ad-
vantage of our autoregressive model, which simultaneously
predicts both joint positions and connectivity. Moreover,
RigNet struggles to align with meshes when handling inputs
with complex poses, as illustrated in Fig. 5 (first row, sec-
ond column). In contrast, our method mitigates this issue
through online pose augmentation, ensuring better align-
ment.

5.4. Ablation study
Conditional generation: For our model, the key process
involves a two-stage training approach: Stage one recon-
structs the skeleton using an auto-regressive auto-encoder,
and stage two uses latent diffusion for the conditioning in-
put to learn the latent embedding. In the ablation study,
we first evaluate condition generation by employing a point
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Figure 5. Comparison of skeleton generation results on OmniRig. Our method can generate reasonable skeleton results for diverse object
categories and inputs with complex poses.

Figure 6. We present additional qualitative results of skeleton generation. Our model is capable of producing reasonable skeletal structures
for inputs with diverse categories and varying poses.

cloud diffusion model to predict joint coordinates. Follow-
ing RigNet [38], we then estimate connectivity using MST.
As shown in Tab. 2 (Only Diffusion Model), directly gen-
erating joint positions through diffusion leads to inaccurate
placements, while MST-based connectivity estimation suf-
fers from reduced accuracy, resulting in a drop of 53.2% in
CD-B2B. Another ablation experiment replaces the condi-
tioning generation process with a GPT-based approach for
skeleton generation. As shown in Tab. 2 (Only GPT Model),
this method suffers from an alignment issue between the
generated skeleton and the conditioning point cloud. The

conditioning accuracy is lower, leading to an 11.8% drop
in precision and a 25.4% drop in CD-J2J compared to our
approach. These results further validate the effectiveness of
our model design.

Augmentation: In our training, a key data augmentation
technique involves randomly altering the input pose online.
In the ablation study, we compare the performance without
pose augmentation. As shown in Tab. 2 (Ours w/o pose
aug.), the CD-J2J score decreases 3.9%, indicating that pose
augmentation significantly improves the accuracy of joint
position prediction.



IoU ↑ Prec. ↑ Rec. ↑ CD-J2J ↓ CD-J2B ↓ CD-B2B ↓
Only Diffusion Model 56.68% 55.90% 58.28% 6.98% 6.38% 6.31%

Only GPT Model 62.37% 61.73% 63.23% 5.20% 5.36% 4.91%
Ours w/o pose aug. 66.79% 68.17% 67.89% 4.04% 3.51% 3.20%

Ours 70.68% 69.84% 71.94% 3.88% 3.15% 2.95%

Table 2. Ablation study on joint estimation. w/o pose aug. denotes
training without online pose augmentation.

6. Application

After obtaining an accurate skeleton and reasonable skin-
ning results, animating heterogeneous skeletons still typi-
cally requires manual effort, which is both time-consuming
and labor-intensive. To fully leverage our skeleton predic-
tion model, we explore an automated motion transfer solu-
tion as a practical application.

Given a target mesh MT with vertices VT ∈ RNT×k,
our model can generate a skeletal structure with joints
JT ∈ RKT×k and connectivity. We can also obtain ini-
tial skinning weights SkinT ∈ RNT×KT using previous
methods [8]. Then, our goal is to create motions based on
the rigging information. For motion transfer, recent meth-
ods [20, 39, 42] first construct the skeletal structure for the
source mesh sequences and transfer the skeleton to the tar-
get mesh, which highly rely on sequential features or tem-
plate structures. In contrast, we view the source sequence
as a guide and learn the transformation of each joint based
on the skeleton of the target mesh. We use DT4D [16] as
the reference motion sequence.

Assume that the source sequence contains several frames
and the corresponding mesh M

(t)
S with vertices V

(t)
S ∈

RN
(t)
S ×k at frame t. In order to learn the motions of the

source sequence, we first transfer the skeleton of MT to
M

(t)
S through the correspondence shape matching. Several

sophisticated methods [9, 13, 27, 29] have been proposed
to solve non-rigid shape matching and registration. Thus,
through shape mapping MapS(t),T ∈ RN

(t)
S ×NT , we can

obtain the source skinning SkinS(t) ∈ RN
S(t)×KT . After

that, the joints of source mesh JS(t) ∈ RKT×k can be cal-
culated through arithmetic mean based on the transferred
skinning and vertices V

(t)
S . We then use a lightweight op-

timization network to learn the rotation and translation for
different joints according to the meshes from the source se-
quence. Note that the joints for different frames are adap-
tive; the skeleton motion can be further enhanced by the var-
ious postures. Since the skeletons for the target and source
mesh are consistent, we can directly apply the optimized
transformation to the target mesh. As shown in Fig. 7, with
the high-quality skeleton provided by our base model, we
can realize motion transfer in several categories, varying
from animals to humans.

Figure 7. The visualization of the motion transfer results guided
by DT4D [16]. Odd rows indicate the meshes from the source se-
quences and even rows show the transferred motions on the target
mesh with well-defined skeletons.

7. Conclusion, Limitation, and Future Work

In this paper, we present ARMO, a novel rigging frame-
work designed to predict accurate skeletal structures for 3D
models. To support our approach, we introduce OmniRig,
the first large-scale rigging dataset, featuring 79,499 mod-
els with comprehensive skeleton and skinning information.
Our proposed method addresses key limitations in exist-
ing rigging algorithms. By employing an autoregressive
model, we achieve simultaneous prediction of joint posi-
tions and connectivity relationships, mitigating error accu-
mulation inherent in multi-stage methods. Additionally, our
mesh-conditioned latent diffusion model further enhances
prediction accuracy and generalization. Extensive experi-
ments demonstrate that ARMO outperforms existing meth-
ods on the OmniRig dataset in skeleton prediction. We
believe that our dataset and method will serve as a strong
foundation for future advancements in 3D rigging, pose es-
timation, and animation synthesis, paving the way for more
versatile and dynamic 3D content generation.

We also identify the following limitations, which lead to
future work directions: 1) The node density of our gener-
ated skeleton is fixed and cannot be adjusted based on user
preferences. Using more diverse data or adding a node den-
sity embedding can make node density control more flex-
ible. 2) Our model struggles to produce fully consistent
skeleton results for sequence data, potentially due to lim-
ited data augmentation and pose-awareness during training.
Exploring these aspects will be an interesting direction for
future research.
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