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Fig. 1. Given a single conditional image as input, AniGen generates a 3D shape along with its skeleton and skinning weights, supporting a wide range of 3D
assets, including organic entities such as animals, cartoon characters, humans, and articulated man-made objects.

Animatable 3D assets, defined as geometry equipped with an articulated
skeleton and skinning weights, are fundamental to interactive graphics,
embodied agents, and animation production. While recent 3D generative
models can synthesize visually plausible shapes from images, the results
are typically static. Obtaining usable rigs via post-hoc auto-rigging is brittle
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and often produces skeletons that are topologically inconsistent with the
generated geometry. We present AniGen, a unified framework that directly
generates animate-ready 3D assets conditioned on a single image. Our key
insight is to represent shape, skeleton, and skinning as mutually consistent
S3 Fields (Shape, Skeleton, Skin) defined over a shared spatial domain. To
enable the robust learning of these fields, we introduce two technical inno-
vations: (i) a confidence-decaying skeleton field that explicitly handles the
geometric ambiguity of bone prediction at Voronoi boundaries, and (ii) a dual
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skin feature field that decouples skinning weights from specific joint counts,
allowing a fixed-architecture network to predict rigs of arbitrary complexity.
Built upon a two-stage flow-matching pipeline, AniGen first synthesizes a
sparse structural scaffold and then generates dense geometry and articula-
tion in a structured latent space. Extensive experiments demonstrate that
AniGen substantially outperforms state-of-the-art sequential baselines in rig
validity and animation quality, generalizing effectively to in-the-wild images
across diverse categories including animals, humanoids, and machinery.
Homepage: https://yihua7.github.io/AniGen-web/

1 Introduction

The rapid advancement of generative 3D models [Chen et al. 2025b;
Li et al. 2025c; Wu et al. 2024a; Xiang et al. 2025b; Zhang et al. 2023,
2024b] has begun to democratize 3D content creation, enabling the
synthesis of visually stunning geometry and appearance from simple
text or image prompts. However, a significant gap remains between
visual plausibility and functional utility. In interactive domains such
as video games, virtual reality, and embodied Al a 3D asset’s utility
depends on its animatability. That is, it must be equipped with an
articulated skeleton and precise skinning weights to enable posing,
motion-capture driving, or physical simulation. Current generative
models paradigms primarily yield static statues: models that process
high-fidelity surface details but remain functionally inert, serving
as mere decorations rather than interactive entities.

A straightforward strategy to bridge this gap is a sequential
“generate-then-rig” pipeline: first synthesize a static mesh using
a state-of-the-art 3D generator [Xiang et al. 2025b], followed by
an off-the-shelf auto-rigging algorithm [Deng et al. 2025; Liu et al.
2025; Song et al. 2025a; Zhang et al. 2025]. Unfortunately, this de-
coupled approach is brittle. Unlike artist-authored assets, which are
modeled with clean topology and articulation in mind, generated
meshes often contain “topological variances”, e.g., small geometric
irregularities, diversely posed limbs, or ambiguous surface topology.
While these variances may be visually negligible, they are cata-
strophic for auto-riggers, which rely on precise topological cues to
infer kinematic chains. As shown in Figure 2, this mismatch often
leads to anatomically incorrect skelections or skinning artifacts that
cause unnatural shearing during animation.

In this work, we argue that this fragility stems from a fundamental
representation mismatch. Geometry and articulation are not disjoint
attributes to be processed sequentially; rather, they are inherently
entangled. The shape of a character is functionally determined by
its underlying skeleton, and the validity of a skeleton is constrained
by the volume of the shape. Therefore, treating rigging as a post-
processing step ignores the intrinsic cross-modal priors that exist
between shape and function.

To address this, we present AniGen, a unified generative frame-
work that treats 3D shape, skeleton, and skinning as mutually con-
sistent fields to be co-generated. Our key insight is to unify these
distinct modalities into a common shared continuous representation,
which we term S* Fields (Shape, Skeleton, Skin). By representing
the skeleton not as a discrete graph but as a dense vector field, and
skinning not as a sparse matrix but as a dual feature field, we enable
all three components to share the same spatial domain and genera-
tive priors. Crucially, this unified representation enables a coherent
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Fig. 2. We present a case study combining TRELLIS [Xiang et al. 2025b]
with state-of-the-art auto-rigging baselines for animatable asset generation.
Existing methods produce skeletons with missing bones (UniRig [Zhang
et al. 2025]), unstructured rigs (Anymate [Deng et al. 2025]), or poor skinning
(Puppeteer [Song et al. 2025a], RigAnything [Liu et al. 2025]). The resulting
animations expose practical failure modes of this pipeline, whereas AniGen
generates plausible skeletons and skinning that support stable character
animation.

compression-generation pipeline that can effectively “grow” the ge-
ometry and rig simultaneously. To make joint generation tractable,
we introduce two key designs at the auto-encoding stage to com-
press the S® Fields into structured sparse latents [Xiang et al. 2025b].
First, to address the inherent ambiguity of skeleton regression in
regions equidistant to multiple bones (i.e., near Voronoi boundaries),
we introduce a confidence-decaying skeleton field. This mechanism
explicitly down-weights ambiguous regions during auto-encoder
training, focusing supervision on high-certainty areas near kine-
matic chains and thereby enforcing structural coherence. Second,
to accommodate the wide variation in joint counts across object
categories, we propose a Dual Skin Field representation, decoded
via a pre-trained Skin Auto-Encoder (SkinAE). This design converts
variable-cardinality skinning into a fixed-dimensional latent fea-
ture space, enabling consistent compression of rigs with arbitrary
complexity.

Built upon these compressed latents, we train a sparse struc-
tured flow-matching model [Xiang et al. 2025b] to generate struc-
tured latent codes from image-conditioned noise, which are subse-
quently decoded into geometry and rigging simultaneously. Ani-
Gen demonstrates strong generalization capability, producing fully
rigged, animate-ready 3D assets from single images across a broad
range of categories, including humanoid characters, organic ani-
mals, and articulated machinery. Extensive experiments show that
AniGen consistently outperforms sequential baselines in rig validity
and animation quality, representing a practical step toward the scal-
able generation of functional 3D worlds. We additionally show that
this joint modeling of geometry and articulation does not compro-
mise geometric fidelity relative to strong geometry-only generators,
making the method practical rather than merely structurally correct.

In summary, our contributions are:

o Unified Generative Formulation: We propose a holistic frame-
work for the co-generation of shape, skeleton, and skinning
as mutually aligned S* Fields, effectively eliminating the
accumulation of errors inherent in sequential “generate-
then-rig” pipelines.
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o Confidence-Aware Skeleton Field: We introduce a confidence-
decaying vector field representation that resolves structural
ambiguity, enabling robust graph extraction from noisy vol-
umetric predictions.

o Joint-Count Agnostic Skinning: We devise a Dual Skin Field
and SkinAE training strategy that allows generative models
to synthesize rigs of arbitrary complexity.

o State-of-the-Art Performance: We demonstrate that AniGen
produces high-fidelity, animate-ready assets from in-the-
wild images, outperforming existing auto-rigging baselines.

2 Related Work
2.1 Conditional 3D Generation

Early text-to-3D generation methods are predominantly optimization-
based. DreamField [Jain et al. 2022] leverages CLIP [Radford et al.
2021] to optimize NeRF [Mildenhall et al. 2021] renderings such
that the reconstructed 3D scene aligns with a given text prompt.
Building upon this paradigm, DreamFusion [Poole et al. 2023] intro-
duces Score Distillation Sampling (SDS), which employs a pretrained
image diffusion model [Ho et al. 2020; Song et al. 2021] to super-
vise NeRF optimization. Subsequent “dreamer” variants [Liu et al.
2024; Long et al. 2024; Wang et al. 2023b; Yu et al. 2023] further
extend DreamFusion by improving the SDS formulation [Wang
et al. 2023b; Yu et al. 2023], incorporating multi-view SDS supervi-
sion [Liu et al. 2024; Shi et al. 2023], and introducing normal-domain
constraints [Long et al. 2024].

Despite their effectiveness, optimization-based approaches are
computationally expensive, often requiring hours to generate a
single asset. To address this limitation, feed-forward methods have
been proposed to directly infer 3D representations. Methods such as
Zero-1-to-3 [Liu et al. 2023], Instant3D [Li et al. 2024], DMV3D [Xu
et al. 2024], and CAT3D [Gao et al. 2024] first synthesize pose-
conditioned multi-view images and then reconstruct 3D geometry
using NeRF or 3D Gaussian Splatting (3DGS) [Kerbl et al. 2023]. In
contrast, LRM [Hong et al. 2023] formulates 3D reconstruction as
a direct regression problem by employing a transformer [Vaswani
et al. 2017] to predict triplane representations from partial image
observations. Building on this idea, TriplaneGaussian [Zou et al.
2024] and LGM [Tang et al. 2024] replace volumetric representations
with 3DGS to improve rendering quality and geometric fidelity.
TripoSR [Tochilkin et al. 2024] further scales up LRM by leveraging
larger datasets and refined architectural designs.

However, under partial observations, such as a single image or
a small number of views, recovering a complete 3D shape is inher-
ently a generative task rather than a pure reconstruction problem.
Consequently, regression-based feed-forward methods tend to pro-
duce overly smoothed geometry, as they implicitly learn the data
average and struggle to preserve fine-grained details. To mitigate
this issue, VecSet [Zhang et al. 2023] proposes encoding 3D shapes
into fixed-length token sequences and training diffusion models in
the token space. Direct3D [Wu et al. 2024a] adopts VecSet tokens to
predict triplanes that encode geometric structure, while Dora [Chen
et al. 2025¢] enhances detail preservation by adaptively sampling
more points around sharp edges. Subsequent works, including Tri-
poSG [Li et al. 2025¢] and Clay [Zhang et al. 2024b], further improve
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performance by scaling up model capacity and leveraging larger,
more carefully curated datasets.

More recently, TRELLIS [Xiang et al. 2025b] has emerged as a
leading framework for high-quality 3D generation, demonstrating
the effectiveness of a two-stage generation paradigm. In the first
stage, TRELLIS generates a sparse voxel representation that cap-
tures the global structure of the shape. Conditioned on this sparse
structure, the second stage refines geometry and details using rec-
tified flow [Liu et al. 2022] operating on sparse tensors. Several
follow-up works improve upon this framework. SparseFlex [He et al.
2025] increases the voxel resolution in the first stage to 5123 to en-
hance geometric accuracy. Ultra3D [Chen et al. 2025b] replaces the
voxel-based first stage with VecSet representations and feeds vox-
elized outputs into the second-stage diffusion model. CUPID [Huang
et al. 2025a] improves image-conditioned generation by predicting
per-voxel UV coordinates in the first stage, leading to better align-
ment with input images. Recently proposed TRELLIS 2 [Xiang et al.
2025a] further advances this paradigm by substantially increasing
the first-stage resolution to 1536 and incorporating high-quality
PBR material prediction in the second stage, achieving state-of-
the-art results and highlighting the advantages of two-stage 3D
generation. Although these approaches produce geometry of excep-
tional quality, they are limited to static representations and lack the
articulation capabilities essential for interactive 3D applications.

2.2 Automatic Rigging and Skinning

Automatic rigging [Beerentzen et al. 2014; Borosén et al. 2012; Pandey
et al. 2022; Xu et al. 2019] aims to equip static 3D meshes with
skeletons and skinning weights to enable animation. To address
animation and rigging challenges, structural representations for 3D
shapes were initially proposed by Marr et al.[Marr and Nishihara
1978], focusing on spatial organization rather than surface geometry.
Pinocchio[Baran and Popovi¢ 2007] introduced a fully automated
method for embedding template skeletons into arbitrary 3D meshes,
enabling animation-ready rigs with minimal manual intervention.
RigNet [Xu et al. 2020] further advanced rigging through deep learn-
ing but was limited to templates and T-poses. Subsequent works,
such as Neural Blend Shapes [Li et al. 2021] and TARig [Ma and
Zhang 2023], tackled rigging and skinning for humanoid charac-
ters, while MoRig [Xu et al. 2022] used deforming point clouds for
guidance. Other methods, such as NeuroSkinning [Liu et al. 2019]
and DRIiVE [Sun et al. 2025], also focus on skeleton prediction and
skinning for human characters.

More recently, general-purpose rigging methods have emerged.
UniRig [Zhang et al. 2025] was one of the first to rig arbitrary
shapes with an end-to-end auto-regressive model, followed by Rig-
Anything [Liu et al. 2025], which applied a joint diffusion model for
sequential joint generation. Anymate [Deng et al. 2025] introduced
a modular approach to predict joints, connectivity, and skinning
weights, while Puppeteer [Song et al. 2025a] leveraged an auto-
regressive transformer to predict skeletons and drive motion via
optimization. However, these methods typically function as post-
processing steps that depend heavily on the distribution of the
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Fig. 3. Overview of the AniGen framework. The top panel illustrates the encoding and decoding of the S* fields using the structured latent autoencoder &y,
and Dr. From top to bottom, the three rows correspond to the shape, skin, and skeleton branches, respectively. The bottom panel depicts the generation
pipeline for animatable 3D assets. Given an input image, the sparse structure flow model Gs predicts voxel scaffolds that serve as supports for the shape and
skeleton. Conditioned on these supports, a structured latent flow Gy synthesizes the corresponding S* fields. Finally, the decoded outputs yield a 3D shape

equipped with skeleton rigging and associated skinning, producing an animatable 3D asset.

input mesh. They often struggle with topological, shape-, and pose-
variances common in generative outputs, motivating our end-to-end
approach where geometry and rigging are co-generated.

2.3 Generative Dynamic & Articulated Assets

Beyond generating static 3D content, researchers have also ex-
plored creating animatable or dynamic 3D objects. One direction
involves 4D generation. DreamGaussian4D [Ren et al. 2023] extends
optimization-based methods to dynamic generation. Cat4D [Wu
et al. 2025a] and SVG [Dai et al. 2025] use diffusion models to gen-
erate spatial-temporal frame matrices for dynamic scenes but are
limited in view range. SMRNet [Zhang et al. 2024a] and HMC [Wang
et al. 2023a] animate existing 3D shapes by retargeting them with
reference animations, while SC4D [Wu et al. 2024b] and Deform-
Splat [Kim et al. 2025] optimize 3D shapes into dynamic motion
with sparse control and local rigidity [Huang et al. 2024]. Ani-
mateAnyMesh [Wu et al. 2025b] generates deformed mesh sequences
using a feedforward model, and SS4D [Li et al. 2025b] predicts se-
quential sparse structures and latent representations to produce
dynamic scenes. While these methods generate dynamic content,
they often lack flexible controllers to freely adjust pose and motion.

Another direction explores combining rigging with motion syn-
thesis or part-level articulation. Anytop [Gat et al. 2025] animates

skeletons based on semantic joint names using a transformer with
skeletal and temporal attention. AnimaX [Huang et al. 2025b] gen-
erates multi-view videos of animated characters and derives pose
parameters via triangulation and inverse kinematics. Similarly, An-
imaMimic [Xie et al. 2025] combines UniRig with video priors to
drive motion. Make-it-Poseable [Guo et al. 2025] bypasses skinning
by directly animating meshes with their associated skeletons. For
articulated objects, ArtiLatent [Chen et al. 2025a] generates sparse
structures with articulation labels (e.g., part types and joint types),
enabling dynamic objects like drawers or cabinets. Particulate [Li
et al. 2025a] applies a part articulation transformer to predict artic-
ulation labels, supporting downstream embodied AI tasks. Unlike
these works, which often focus on rigid parts or video-driven priors,
our framework unifies shape, skeleton, and skinning generation to
produce fully animatable organic assets.

3  Method

3.1 Overview

Our goal is to generate a fully functional, animatable 3D asset from
a single RGB image I. Formally, an animatable asset is a tuple A =
(M, K, W), consisting of a 3D mesh geometry M, a hierarchical



skeleton K (joints and connectivity), and skinning weights ‘W that
bind the geometry to the skeleton.

Existing approaches typically treat this as a sequential pipeline:
generating a static mesh M first, and then predicting K and ‘W
via post-processing. This separation often leads to topological mis-
matches, where the generated geometry lacks the structural in-
tegrity required for articulation (e.g., fused limbs).

AniGen fundamentally departs from this paradigm by modeling
Shape, Skeleton, and Skinning as a unified, spatially aligned rep-
resentation which we term S* Fields (Sec. 3.2). By representing
articulation properties as continuous fields sharing the same spatial
domain as the geometry, we ensure mutual consistency.

To synthesize these fields from a single image, we devise a two-
stage generative pipeline (see Fig. 3):

e Representation & Compression: We first learn to compress
the continuous S Fields into a compact, sparse structural
representation. We employ a sparse structure auto-encoder
(Es, Ds) to capture the coarse spatial layout and a structured
latent auto-encoder (Er, Dy ) to encode fine-grained geom-
etry and skinning features into a low-dimensional latent
space (Sec. 3.3).

o Generative Flow: We then train two flow-matching models
to synthesize these representations from the input image. A
sparse structure flow model first predicts the spatial occu-
pancy and skeleton graph, followed by a structured latent
flow model that “paints” the geometry and skinning details
onto this structure (Sec. 3.4).

3.2 S Fields

A core challenge in generating animatable assets is that skeletons
and skinning weights are traditionally irregular data structures
(graphs and sparse matrices), which are difficult to generate using
standard convolutional or transformer architectures that assume
fixed grid topologies. We resolve this by lifting them into continuous
fields defined over the shared 3D domain R®. We collectively term
this representation S® Fields.

3.2.1 Shape Field S. Following recent state-of-the-art 3D gener-
ation method [Xiang et al. 2025b], we define the shape field over
a set of active sparse voxels V c {0,1}V * that track the mesh
surface. Formally, the Shape Field S maps each active voxel coordi-
nate v € V to a set of local geometric and appearance parameters
required by FlexiCubes [Shen et al. 2023] for mesh extraction:

S(v) = [d,n, ¢ fex] € RES, (1

where d € R® denotes the signed distances at the voxel corners,
n € R¥3 and ¢ € R®%3 represent corner normals and colors, and
friex contains the FlexiCubes-specific interpolation and splitting
weights [Shen et al. 2023]. This explicit parameterization enables
the extraction of high-quality, watertight meshes M directly from
the field components. Since color is stored in the same field, the
final textured mesh can be obtained during surface extraction.

3.2.2  Skeleton Field B. A skeleton is conventionally represented as
a set of joints organized in a tree structure in Euclidean space. How-
ever, such a discrete graph representation is ill-suited for generative
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modeling;: it lacks a fixed spatial support, does not align naturally
with volumetric or grid-based shape representations, and is difficult
to co-generate with geometry using shared model structures. To
this end, we represent the skeleton K not as a graph, but as a dense
vector field, allowing it to be co-generated with the shape using the
same model architecture. Let K = {Ji, ..., Ju} be the set of discrete
joints in Euclidean space. The Skeleton Field 8 : R3 — R® maps any
point x € R? to a vector pair pointing to its nearest joint j(x) € K
and that joint’s parent p(x) € K:

B(x) = [(j(x) =x) & (p(x) - x)], @
where @ denotes concatenation. This relative parameterization en-
sures the field is translation-invariant and local.

Voxel Support V. To model this field efficiently, we parameterize
it using latent features distributed across a specific set of sparse
voxels V. Critically, we cannot simply reuse the shape voxels V
for this purpose, as V tracks the surface boundary, whereas skele-
ton joints often reside deep within the object’s volume (far from
surface voxels). Therefore, we define Vg as the set of voxels inter-
sected by the skeleton bones. To ensure robust coverage and prevent
disconnection during generation, we dilate Vs, with a radius of 2
voxels. This ensures the field is defined on a continuous, volumetric
structure enveloping the kinematic chains (see Fig. 4).
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Fig. 4. lllustration of the (b) shape voxels V, (c) skeleton voxels Vg, and

the (d) confidence-decaying nearest-neighbor joint field.

Confidence-Aware Prediction. A major challenge in regression-
based skeleton prediction arises near Voronoi boundaries between
joints, where the identity of the nearest bone changes abruptly. At
these locations, the regression target becomes discontinuous, caus-
ing ambiguous supervision and unstable gradients during training.
Standard Bayesian uncertainty learning strategies [Kendall and Gal
2017] often struggle here, as they rely on a learned variance that is
difficult to weight against the regression loss and cannot guaran-
tee low confidence scores in ambiguous regions (see Sec. 4.6). To
mitigate this, we augment the field with a scalar confidence score
c(x) € [0,1]. We explicitly supervise the confidence using a geo-
metric metric that reflects the ambiguity of joint assignment. For a
voxel center v, let j9 be the nearest joint and jg; 4 De the second
nearest. We define the ground truth (GT) confidence as:

lloc — j9'|I?
cgr(ve) =1- c—.gtz € [0,1]. (3)
lloe = js,ll

The model predicts an extra scalar field to fit this target. Cru-
cially, we use ¢4 to weight the regression loss for joint and parent
predictions. This forces the model to focus on the high-certainty
regions near bones while suppressing gradients from ambiguous
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boundaries. Additionally, the learned confidence field facilitates the
next joint recovery stage.

From Continuous Field to Discrete Skeleton. During inference, we
can recover the discrete skeleton K from the predicted field 8 and
confidence c. For every center v; € Vg, we derive a voting joint
ji and corresponding parent p; using the predicted Skeleton Field
B(v). We then employ a confidence-weighted iterative clustering
algorithm (detailed in Alg. 1) to enhance the joint prediction accu-
racy: we iteratively shift the voting points toward the centroid of
their local neighborhood, weighted by their predicted confidence.
This effectively concentrates votes into tight clusters. The final
confidence-weighted centroids are identified as joints, and isolated
low-confidence points are filtered out to remove noise. Addition-
ally, the clustering process estimates the parent location for each
cluster. By connecting the cluster centroid to its closest estimated
parent, the joints are sequentially linked to form the skeleton. Fig. 5
provides an intuitive illustration of this conversion.
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Fig. 5. lllustration of the conversion from a continuous field to a discrete
skeleton. The voting results of the joint field in (a) are clustered to obtain
discrete joints in (b) and parent nodes in (c). The skeletal topology is then
determined by assigning each parent to its nearest joint as in (d).

3.2.3 Dual Skin Field ‘W. Skinning weights represent a normal-
ized probability distribution indicating how each vertex follows the
motion of the underlying skeleton. Parameterizing this relationship
directly with a neural network is non-trivial because the number
of joints, Nj, varies significantly across different asset categories.
This variability precludes the use of standard regression layers with
fixed output dimensions.

To overcome this, we propose a Dual Skin Field formulation that
factorizes the skinning function into two implicit feature fields de-
fined over the shape voxels V and skeleton voxels Vi, respectively:

W, Wy : R? — RPskin 4)

where Dy, denotes the dimension of the shared latent embedding
space.
e The Surface Skin Field ‘W encodes local deformability and
segmentation cues of the geometry. This field is instantiated
as Yskin in the auto-encoder, as illustrated in Fig. 3.
e The Skeleton Skin Field ‘W encodes the influence charac-
teristics of the skeletal structure. This field is instantiated as
parts of yg in the auto-encoder, as illustrated in Fig. 3.
This representation effectively decouples the network architec-
ture from the specific joint count. To recover the explicit skinning
weights w, € RN/ for a query vertex o and a generated set of joints
{ ji}i\ijl, we query the fields to obtain the vertex feature W (v) and
the joint features { Wi ( ji)}fi’i. These features are mapped to a
shared compatibility space via a lightweight MLP, and the final

weights are computed using a cross-attention operation, ensuring
that w, forms a valid partition of unity (sums to 1). For more imple-
mentation details, please refer to Sec.3.3.1 and Fig.6. This allows our
generative model to predict fixed-size feature maps that naturally
generalize to rigs of arbitrary complexity.

ALGORITHM 1: Field-to-Skeleton Clustering

Input :J,P € RN*3; confidences ¢ € RN*! (default ones);
threshold 7; bandwidth h; min cluster size spyjn.

Output: Grouped joints J € RM>*3; parent indices
me{-1,...,.M—-1}M

S«]J
for t < 1to 10 do
fori «— 1to |S| do
N; « neighbors of S; within radius h
wijecJ].ex HS]S”)V}EN
2jen; Wus

Si < ZjEN,' wij + 10-8
end
if max; ||S] - ;|| < %h then
‘ break
end
S«—¢
end

Cluster S with merge radius r = % to get labels ¢; € {1,...,Nc}
for k «— 1to N, do
- Diti=k C’l] Ji o

Jk « s P
Zi:ei=k°’,~]

Stk €5 Pi
P
Zi:/,-:k ¢

end
Keep clusters with |[{i : = k}| > smn to obtain J, P
for k « 1to M do
| i argming [P - Jull
end
return J, &

3.3 Latent Representation of S° Fields

To enable scalable generative modeling of complex S* fields, we
must project them onto a compact, lower-dimensional manifold. We
achieve this via a hierarchical compression strategy that disentan-
gles coarse structural topology from fine-grained geometry and artic-
ulation. Unlike standard Variational Auto-Encoders (VAEs) [Kingma
and Welling 2014] commonly used in latent diffusion, we employ
Denoising Auto-Encoders (DAEs). This design choice, aligned with
recent findings in generative modeling [Yang et al. 2025; Yao et al.
2025], provides a latent space that is structurally better suited for
the linear interpolation trajectory of flow matching.

To ensure training stability and prevent the model from exploit-
ing unbounded feature magnitudes to trivialize the reconstruction
task (which leads to singularities in the flow field), we strictly nor-
malize all latent features onto a unit £ -norm hypersphere. Without
this constraint, we observe that the DAE can artificially inflate the
latent norm to enlarge pairwise sample distances, which improves
reconstruction shortcuts but makes the subsequent flow-matching
objective substantially harder. During training, we perturb the clean



encoded latent z with standard Gaussian noise n, mixed via a coeffi-
cient t € [0, tax], i.€., Zsample = t - 1+ (1 —t) - z. To further stabilize
the learning process, we implement a curriculum schedule where
Imax 18 linearly increased from 0 to 0.75 over the course of training.

3.3.1 Prerequisite: Skin Auto-Encoder (SkinAE). Before introducing
the main auto-encoder that compresses the full S® Fields, we first
describe how skinning information is encoded into latent features.
Skinning weights W € RNeXN inherently depend on the number
of joints N;, which varies significantly across asset categories (e.g.,
N; = 10 for a fish versus N; = 52 for a humanoid). This variable
cardinality makes explicit skinning matrices incompatible with stan-
dard neural networks that require fixed input channel dimensions.

To address this issue, we introduce SkinAE, which learns a joint-
count—agnostic representation of skinning. Rather than representing
skinning as a joint-indexed matrix, SkinAE factorizes it into fixed-
dimensional joint embeddings and vertex embeddings, thereby decou-
pling the representation from the number of joints while preserving
articulation structure.

Architecture. SkinAE comprises a Transformer-based encoder and
a lightweight MLP decoder, as shown in Fig. 6.

(1) Joint Encoding: Given a set of skeleton joints jii\ijl, we com-
pute parent-relative edge vectors e; = j; — p;, apply posi-
tional encoding (PE), and concatenate them with parent
features to incorporate structural information. A Trans-
former encoder processes these to generate joint skin fea-
tures Wij eRC, (C=4).

(2) Vertex Encoding: Corresponding vertex embeddings {W; €
R} are computed via the skin-weighted average of the joint
embeddings. It makes the vertex skin features of a fixed
channel dimension independent of N;. This compresses the
sparse skinning matrix into a dense and fixed-channel vertex
field.

(3) Decoding: A lightweight decoder MLP lifts these features
to a higher dimension (R®) and reconstructs the original
skinning weights via channel-wise compatibility:

wi (v) = Softmax; (Ni (we, w/ >) . (5)
Lhy

Here, W denotes output features produced by the decoder MLPs (see
Fig. 6). We pre-train SkinAE using 3D points sampled directly from
the mesh surface and freeze the network weights for the subsequent
stages. Empirically, we find this pre-training strategy is essential
for the convergence and performance of the structured latent auto-
encoder (as demonstrated in Sec. 4.6). This step effectively converts
the variable-cardinality skinning regression task into a fixed-channel
feature matching task, enabling the generative models to synthesize
skinning fields for rigs of any complexity.

3.3.2  Sparse Structure Auto-Encoder Es & Dg. The first stage of
our pipeline captures the coarse spatial layout. The Sparse Structure
Auto-Encoder learns compact discrete representations from two
aligned volumetric inputs: the shape occupancy grid V € {0, 1}643
and the skeleton occupancy grid Vi (defined in Sec. 3.2.2).
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Fig. 6. SkinAE encodes skeleton joints j; and parents p; into joint skin
features Wij, which are averaged by GT skin weights th to obtain vertex

skin features W?. The decoder processes Wij and W via MLPs, producing
Wij, W, and vertex temperatures TX. Final skin weights are obtained
through cross-attention and Softmax with temperature adjustment.

The encoder Es processes each input with a lightweight 3D con-
volutional network. We utilize strided 3D convolutions to downsam-
ple the spatial resolution, followed by multi-resolution 3D residual
blocks to capture multi-scale structural dependencies. This process
yields two distinct compressed latent volumes: z° € R16"3 for the
shape structure and 2, € R!¢"X4 for the skeleton structure. Con-
versely, the decoder Ds maps these latents back to the original
resolution using progressive 3D upsampling and residual blocks.
The network terminates in two separate output heads that recon-
struct the binary occupancy probabilities for the shape and skeleton
volumes, respectively.

3.3.3 Structured Latent Auto-Encoder &; & Dy . The Structured
Latent Auto-Encoder (&1, Dy) serves as the core engine for high-
fidelity reconstruction (see Fig. 3, top). Using the sparse voxels V
and Vi as scaffolds, it encodes the fine-grained S* fields into a
continuous latent space.

Input Feature Construction. We construct voxel-aligned sparse
inputs from both multi-view and geometry observations:

o Shape (x;): Defined on V. We back-project multi-view DI-
NOv2 [Oquab et al. 2024] features onto the voxel grid fol-
lowing TRELLIS [Xiang et al. 2025b].

o Skinning (xsin): Defined on V. For each occupied voxel,
we query the nearest point on the ground-truth mesh and
assign it the corresponding vertex embedding W derived
from the frozen SkinAE.

o Skeleton (x4 ): Defined on V.. We concatenate the positional
embeddings of the nearest joint and its parent, along with
the joint embedding W/ from SkinAE.

Encoding & Decoding. The encoder &; employs a multi-stream
sparse Transformer backbone (12 Swin-style blocks [Liu et al. 2021])
to process these inputs, producing three latent volumes (zs, Zskin, Zsk)
with channel dimensions 8, 4, and 4, respectively. The decoder Dy,
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applies the same multi-stream sparse Transformer backbone to ob-
tain hidden features (hs, hgjin, hsi)- It then upsamples the shape and
skin latents to high resolution (256°) to predict: (i) the Shape Field
ys for FlexiCubes extraction, and (ii) the Vertex Feature Field ysg;y
for predicting {W,’}. Simultaneously, the skeleton branch decodes
the Skeleton Field yg (vectors and confidence) and Joint Feature
Field for predicting { Wij }. The final asset is assembled by extracting
the mesh via Marching FlexiCubes, clustering the skeleton field into
discrete joints (Sec. 3.2.2), and decoding the skinning weights using
the SkinAE decoder on the predicted features. The reconstructed
shape is thus rigged with a predicted skeleton, as illustrated in Fig. 3.

Confidence-Weighted Supervision. We supervise the geometry
with standard rendering losses (depth, normal, color). For the skele-
ton and skeleton-side skinning fields (W;x), which are both rep-
resented by yg, we employ confidence-weighted supervision to
mitigate border ambiguity (see Sec. 3.2.2). The regression loss for a
joint prediction j,, at voxel o, is:

Ly =E,, [Cgt(uc) 1o = .]UC” ] (6)

where cy; is the ground-truth confidence (Eq. 3). The same weight-
ing is applied to parent predictions and skin feature W/ predictions
in the skeleton branch. Furthermore, the structured latent auto-
encoder is trained with feature reconstruction losses for the surface-
side skinning embeddings. The sparse-structure auto-encoder, aug-
mented with an additional branch to encode V sk, is optimized using
binary occupancy reconstruction losses on both V and Vsk.

BVH-Accelerated Skin Transfer. To supervise the predicted vertex
skin features {W’}, we must match them to the ground truth (GT).
Since the predicted mesh topology differs from the GT mesh, we
transfer GT skin features via nearest-surface interpolation. To make
this efficient during training, we implement a CUDA-based Bound-
ing Volume Hierarchy (BVH) that caches the GT geometry. This
reduces average query time from 48.6 ms to 2.6 ms (18.6X speedup).
Crucially, as shown in Fig. 7, BVH-based barycentric transfer is
more robust to uneven vertex sampling than simple nearest-vertex
matching.

Skeleton Skin NN Transfer BVH Transfer

Fig. 7. BVH-based skin transfer vs. nearest-vertex (NN) transfer. We imple-
ment a CUDA BVH supporting multi-device deployment and save/restore.

3.4 Generative Flow Model

We model the generation of animatable assets as a conditional flow
matching problem. Formally, we aim to learn a velocity field v, that
transports a standard Gaussian distribution 7y = N(0,I) to the
data distribution 7r; of our compressed representations. To handle
the complex interplay between topological structure and dense
attributes (i.e., geometry and skinning weights), we decompose the
generation process into two cascaded stages: Sparse Structure Flow
(Gs) and Structured Latent Flow (Gr). Fig. 8 illustrates our flow model
architecture.

Sparse Structure Flow gs Structured Latent Flow

Input
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Fig. 8. The architectures of the AniGen flow models, GS and GL. The
input to GS comprises noisy volumetric features encoding geometry, z’*,
and skeleton information, z’*skl. GL processes noisy structured latents
representing geometry, z’s, skin, z’skin, and skeleton, z’skl. These flow
models predict the velocities of the noisy features and iteratively denoise
them using the Euler method.

3.4.1 Stage I: Sparse Structure Flow Gs. The first stage constructs
the scaffold of the asset. Conditioned on image features, Gs predicts
the active sparse voxel sets for both the shape (V) and the skeleton
(Vsk). We instantiate Gs as a dual-stream Transformer. Rather than
concatenating shape and skeleton into a single sequence (which
obscures their distinct topological roles), we process them in parallel
branches:

e Shape Branch: Predicts the binary occupancy of surface-
crossing voxels.

o Skeleton Branch: Predicts the binary occupancy of bone-
containing voxels.

Cross-Structural Adapters. A naive dual-stream approach risks
generating a skeleton that drifts outside the mesh. To enforce spa-
tial compatibility, we introduce lightweight linear adapters that
exchange information between the two branches at every Trans-
former block. This bidirectional fusion ensures the skeleton “grows”
strictly within the geometric bounds of the shape.



3.4.2  Stage lI: Structured Latent Flow Gr. Given the generated scaf-
folds, the second stage synthesizes the S° field latent features. Gy is
trained to denoise the latent codes zg, zgin, and zg.

Architecture. Similar to Stage I, we employ a multi-branch archi-
tecture. Since geometry and skinning share the same spatial domain
(V), we process them in a primary branch, while the skeleton latent
Zsk (defined on Vi) is processed in a secondary branch. We again
utilize adapter layers to enforce consistency between the predicted
skinning features and the underlying skeletal structure.

Controllable Joint Density. A key advantage of our joint-count
agnostic representation (Sec. 3.3.1) is that the network is not bound
to a specific rig topology. We exploit this by introducing joint den-
sity as an explicit conditional input. During training, we compute
the normalized joint count of the ground truth asset. This scalar
is embedded and injected into the flow model via AdaLN modu-
lation [Peebles and Xie 2023]. At inference, users can adjust this
scalar to control the granularity of the rig without changing the
underlying geometry (visualized in Fig. 11).

4 Experiment
4.1 Experimental Setup

4.1.1 Dataset and Implementation. We adopt ArticulationXL [Song
et al. 2025b] as our evaluation dataset, which contains approxi-
mately 33K rigged 3D shapes curated from Objaverse-XL [Deitke
et al. 2023a,b]. We randomly sample 1K shapes to form the test
set. To increase motion diversity, we augment the dataset in two
ways. For assets with existing animation sequences, we generate
additional samples by interpolating within the asset’s own motion.
Otherwise, we apply stochastic joint perturbations: each joint has
80% probability of being rotated around a random axis by a jitter of
up to 60°. Because ArticulationXL is relatively small (in contrast to
the ~10M shapes in Objaverse-XL) and is insufficient for training a
generative flow model from scratch, we adopt a warm-start initial-
ization strategy. Specifically, we initialize the shared branches of the
autoencoders and flow modules in AniGen with pre-trained TRELLIS
parameters [Xiang et al. 2025b], effectively leveraging large-scale
geometric priors to facilitate the learning of joint representation. In
implementation, we first pre-train SkinAE and then freeze it when
training the structured latent auto-encoder.

4.1.2  Baselines. To the best of our knowledge, no existing method
directly generates fully rigged 3D shapes — comprising geometry,
articulated skeleton, and skinning - in a unified manner. Therefore,
we construct strong baselines by coupling state-of-the-art automatic
rigging methods with the recent 3D generative model TRELLIS [Xi-
ang et al. 2025b]: we first generate a shape using TRELLIS, and
then apply an off-the-shelf rigging algorithm to infer the skeleton
and skinning weights. For a fair comparison under the same data
domain and pose distribution, we further fine-tune TRELLIS on Ar-
ticulationXL using the same pose-augmented training set described
above. We refer to this variant as TRELLIS* in Tab.1. The rigging
methods we evaluate in this pipeline include UniRig[Zhang et al.
2025], Anymate [Deng et al. 2025], Puppeteer [Song et al. 2025a],
and RigAnything [Liu et al. 2025].
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4.1.3  Metrics. Following UniRig [Zhang et al. 2025], we adopt three
Chamfer-style metrics to quantify skeletal geometric accuracy: joint-
to-joint, joint-to-bone, and bone-to-bone distances. While these met-
rics capture local Euclidean proximity, they are insufficient for com-
prehensive evaluation of skeleton structure. In particular, they do
not treat a skeleton as a metric measure space and therefore can be
insensitive to structural/topological errors. For example, inserting
an extra joint along a ground-truth (GT) bone may not change the
joint-to-bone or bone-to-bone distances, and adding a duplicated
branch extremely close to a correct branch can still yield negligi-
ble Chamfer distances. This many-to-one matching bias inherently
masks critical errors in kinematic connectivity and hierarchy.

To address this limitation, we incorporate Optimal Transport-
based metrics, specifically the Wasserstein distance [Givens and
Shortt 1984] and Gromov-Wasserstein (GW) distance [Mémoli 2011],
which explicitly account for the global distribution. Formally, we
use the L,-Wasserstein distance (Earth Mover’s Distance) between
joint measures:

n m 2
D ,v) =| min i i = 72112 s 7
w (1) ”En(a,b);; i L = 311 ™)

where 7 € R}*™ is a transport plan with >}, 7 = X; i = 1. Com-
pared with Chamfer distances, the Wasserstein distance enforces
a global mass-preserving matching, which mitigates many-to-one
correspondences. However, it still relies on the ambient Euclidean
cost and therefore does not explicitly encode skeletal topology.

To make the metric topology/structure-aware, we further com-
pute the GW distance between the predicted skeleton graph and the
GT skeleton graph by comparing intrinsic pairwise distances. Let
dy(i,i") denote the geodesic distance along the predicted skeleton
graph between predicted joints i and i, and let dg (k, k") be defined
analogously on the GT skeleton. The GW objective is

n m 2
. - ING
Dow () = | min_ i;Ika:I o (i, 1) = dgy (k, K| g ke |
®

By matching geodesic structures rather than only Euclidean coordi-
nates, GW penalizes topological inconsistencies such as spurious
branches or incorrect connectivity even when the geometry is lo-
cally close. In practice, the OT problems in Eq. (7) and Eq. (8) can
be efficiently solved via iterative Sinkhorn updates. Given the opti-
mal transport plan from Wasserstein distance, we align predicted
skinning weights to GT and then report ¢, £;, and KL divergence
between the aligned skinning distributions.

4.2 Quantitative Evaluation

We summarize the quantitative evaluation results in Tab. 1, in-
cluding Chamfer distances, mm-space distances, and skin metrics.
Note that TRELLIS* refers to the finetuned TRELLIS model trained
on the split train set. Because every method is image-conditioned
rather than GT-conditioned, the generated asset is not expected to
be an exact replica of the GT shape. We therefore normalize scale,
center the prediction, and then align it to the GT with ICP using 100
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Table 1. Quantitative evaluation of skeleton accuracy and skin metrics for various methods. Results include Chamfer distances, mm-space distances,
Wasserstein-based distances, and skin metrics (£, £, KL divergence). The best scores are highlighted in bold, and the second-best scores are underlined. Note
that TRELLIS* refers to the finetuned TRELLIS model trained on the split train set, while GT-Mesh combined with rigging methods serves as a reference.

Method Joint-to-Joint | Joint-to-Bone | Bone-to-Bone | | Wasserstein | Gromov-Wasserstein | | Skin ¢, | Skin#, | Skin KL |
GT-Mesh + UniRig 0.190 0.180 0.166 0.260 0.389 0.0973 0.224 6.117
GT-Mesh + Anymate 0.169 0.161 0.145 0.232 0.368 0.0918 0.204 4.388
GT-Mesh + T’llpl)L‘T(‘L‘I' 0.235 0.228 0.212 0.239 0.322 0.0823 0.197 4.133
GT-Mesh + RigAnything 0.193 0.181 0.165 0.268 0.392 0.1018 0.223 6.161
TRELLIS * + UniRig 0.205 0.192 0.179 0.269 0.397 0.0966 0.221 5.903
TRELLIS * + Anymate 0.179 0.172 0.157 0.232 0.349 0.0919 0.203 4.221
TRELLIS * + Puppeteer 0.245 0.237 0.219 0.241 0.326 0.0873  0.202 4.135
TRELLIS * + RigAnything 0.273 0.264 0.252 0.285 0.383 0.1026 0.224 6.451
AniGen 0.174 0.164 0.143 0.229 0.286 0.0793 0.186 2.919
GT UniRig Anymate Puppeteer RigAnything AniGen

umis LUBS uonewIIy up[s LB

uoneWInY

Fig. 9. Qualitative comparison of skeleton and skin results across different methods. We visualize the predicted skeletons, corresponding skins, and demonstrate
animations to evaluate the practical usability of the rigged assets. The dragon case represents a relatively simple example with a clear identity and four-limbed
structure, while the flower case poses a more complex challenge due to its intricate and non-standard structure.
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Fig. 10. Qualitative results on in-the-wild images, including examples from real-world photographs, web content, and Al-generated imagery. The showcased
objects span a wide range of categories, such as sea animals, household items, cartoon characters, pets, humans, birds, plants, and machinery. Edited poses are
demonstrated to illustrate animation capabilities, with examples such as a whale swimming, a lamp adjusting its angle, a dog running, and a robotic arm
picking up an apple. These results highlight the versatility and practical usability of AniGen for applications in animation, games, image editing, VR, and more.
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randomly initialized rotations. The results demonstrate that AniGen
achieves the best performance in skeleton structure prediction and
skin accuracy across all baselines. This establishes AniGen as the
leading end-to-end image-conditioned rigged shape generation so-
lution. Notably, AniGen excels in Gromov-Wasserstein distance and
skin KL divergence, achieving significant advantages over the other
baselines in the accuracy of skeleton topology and skin weights.
Additionally, we provide results from coupling GT meshes with
off-the-shelf rigging methods to serve as an upper-bound reference.
While these GT-input baselines naturally exhibit better results, it
is worth noting that generation models often produce geometries
that deviate slightly from the GT due to minor variations in scale,
rotation, and pose.

Geometry Evaluation. We further report geometry-and-fidelity
metrics in Tab. 2. AniGen remains competitive with TRELLIS", it
shows only a small gap, while substantially improving the rigging-
related metrics in Tab. 1. This confirms that jointly modeling shape,
skeleton, and skin does not substantially degrade geometry qual-
ity. Pure geometry generation can still be slightly stronger under
geometry-only metrics, which we consider a minor limitation, but
the gap is small relative to the articulation gains.

Table 2. Geometry evaluation on the rigged-domain test set. We report
surface Chamfer distance, F-score, and image-space PSNR & LPIPS.

Method ‘Chamferl F-ScoreT PSNRT LPIPS |

TRELLIS 0.0475 0.77 24.25 0.126
TRELLIS* 0.0394 0.89 25.23 0.104
AniGen 0.0409 0.88 25.12 0.108

Inference Cost Evaluation. We report end-to-end inference cost in
Tab. 3. AniGen is comparable to the fastest sequential baseline while
avoiding the heavy post-hoc rigging overhead of methods such as
UniRig and RigAnything.

Table 3. Inference cost runtime comparison.

Method TRELLIS* TRELLIS*+UniRig TRELLIS" +Anymate
Time (s) | 15 146 19

Method TRELLIS" +Puppeteer TRELLIS*+RigAnything AniGen

Time (s) | 36 127 19

4.3 Qualitative Evaluation

To provide a more intuitive comparison, we present qualitative
results across various baselines in Fig. 9. We visualize the generated
skeletons and skins and perform similar animations on the outputs
to better demonstrate the practical usability of each rigged asset.
For brevity, we omit TRELLIS*+ in the following discussion.

In the case of the dragon, which is a relatively simple example
with a clear identity and a four-limbed structure, AniGen, UniRig,
Puppeteer, and RigAnything generate skeletons that are overall very
similar to the ground truth. However, there are notable differences

in the details. UniRig generates redundant bones in the head, while
Puppeteer and RigAnything fail to produce detailed finger joints.
Anymate produces a skeleton with joint distributions very close to
the GT, but the connections between bones are incorrect. Regarding
skin results, UniRig, Puppeteer, and RigAnything exhibit regional
artifacts, particularly in the feet or tail.

The flower example is more challenging than the dragon. UniRig
and RigAnything fail to generate skeletons that adequately cover
the full structure of the flower. In contrast, Anymate produces joints
that closely match the GT joint distribution, but some bone connec-
tions are incorrect. Puppeteer creates a coarse yet overall suitable
skeleton to support the flower, but its skin results are inadequate
for practical animation, resulting in broken animations. Some com-
pared results also exhibit pose discrepancies after animation. This
is not because different target poses are used; instead, all methods
are driven toward the same target motion. When a baseline predicts
topologically broken bones or erroneous skin influences, it cannot
physically realize the target pose without catastrophic distortion,
so the final animated pose remains visibly mismatched.

4.4 In-the-Wild Results

We present the robust generalization of AniGen on diverse “in-the-
wild” images in Fig. 10, including real-world photographs, web-
sourced imagery, and Al-generated content. These examples span a
diverse set of object categories: sea animals, household items, car-
toon characters, pets, humans, birds, plants, and machinery, demon-
strating the versatility of our approach across both natural and
synthetic visual domains. To highlight the functional utility of the
generated assets, we further provide edited poses and motion vari-
ants tailored to the identity, structure, and expected behavior of the
underlying subject. As illustrated, a whale can be posed to swim
freely through an ocean scene; the lamp can be reoriented so its
head and body direct light toward different targets; and the cartoon
character can be driven through a variety of full-body motions. Like-
wise, the dog can open and close its mouth while running across
a lawn, the woman can be animated performing kung-fu move-
ments, and the eagle can be posed to hug or capture a sheep in a
dynamic interaction. Beyond animals and humans, we also demon-
strate controllable state changes and functional motions: the plant
can transition between blooming and withering, and the robotic
arm can grasp an apple, lift it, and transport it to a new location.
These diverse results underscore the flexibility and versatility of
AniGen, demonstrating its capacity to operate effectively and ro-
bustly across a wide variety of subjects, visual styles, and real-world
scenarios. This breadth suggests that AniGen serves as a unified,
category-agnostic foundation for controllable asset synthesis and
animation, rather than being confined to narrow context domains.
As a result, AniGen enables a wide range of downstream applica-
tions, including embodied Al (e.g., interactive agents that require
consistent, controllable visual assets), image and video editing (e.g.,
pose- and motion-aware content modification), animation and gam-
ing pipelines (e.g., rapid prototyping of characters, props, and ac-
tions), and creative production workflows such as cartoon creation
and stylized storytelling. Moreover, it can support immersive and



simulation-centric settings, including virtual reality experiences,
digital-twin systems, and game character development.

Condition Dense

Medium Sparse

Fig. 11. Skeleton generation with different joint density levels. Higher joint
density enables flexible, human-like motions, while medium and sparse den-
sities result in reduced flexibility, resembling real robots. This demonstrates
the adaptability of the method to varying motion requirements.

4.5 Joint Number Control

As discussed in Sec. 3.4.2, we introduce joint density as a conditional
input to control the number of joints in the generated skeleton, al-
lowing it to adapt to varying flexibility requirements. The GT joint
count is normalized to the range [0, 1] (by dividing by 60 and clamp-
ing), positionally embedded, and encoded with MLPs before being
injected into the flow model via AdaLN modulation. During infer-
ence, the joint density condition can be adjusted to control the final
number of skeleton joints using classifier-free guidance (CFG). We
illustrate the results of joint number control in Fig. 11, using a CFG
scale of 3.0. By adjusting the joint density, the model can synthesize
skeletons with distinct degrees of freedom: a “high-density” can per-
form smooth, human-like motions - such as bending arms, twisting
its head, and clenching its fists — while a “medium-density” variant
retains limb flexibility but loses fine-grained manual dexterity. At
the “sparse” extreme, the model yields a rigid, minimalist armature
with significantly constrained motion, like a “real robot”.

4.6 Ablation Study

In this section, we conduct an ablation study on the design choices
discussed in the method section and explain why we selected the
current technical approach. First, we investigate the confidence
design, as detailed in Sec.3.2.2. High ambiguity in border regions
makes confidence learning essential to ensure clean final generation
results. Without confidence, the model fails to refine noisy predic-
tions into a clean skeleton, as shown in the 3rd column of Fig.12.
Even with Bayesian confidence [Kendall and Gal 2017], the self-
adaptive learning approach cannot effectively resolve ambiguous
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regions, resulting in noisy and redundant bones and joints. In con-
trast, our method explicitly defines ambiguity in Eq.3 using a prior
and supervises the confidence field directly during training, rather
than relying on Bayesian learning’s adaptive reconstruction loss.
This results in a more effective confidence field, which integrates
seamlessly with the confidence-weighted grouping algorithm (Alg.1)
to consistently achieve accurate grouping results. The quantitative
results in Tab. 4 confirm this trend: explicit confidence supervi-
sion improves structural correctness over both removing confidence
and replacing it with Bayesian uncertainty learning, while SkinAE
pretraining is critical for high-quality skin prediction.

Table 4. Quantitative ablation on confidence modeling and SkinAE pretrain-
ing. Lower is better for both metrics.

Method ‘ Bayesian w/o-Conf w/o-SkinAE  Ours
Joint-GW | 0.310 0.337 0.383 0.286
Skin-KL | 3.174 3.187 5.138 2.919

We also analyze the impact of pretraining SkinAE. Without pre-
training ("w/o SkinAE"), SkinAE becomes part of the structured
latent auto-encoder (1, and Dy) and is trained jointly from scratch.
This joint optimization lacks skin information in the input to the
structured latent encoder, leading to sub-optimal feature alignment
and hindered convergence. Consequently, the reconstruction of the
joint field is negatively affected. As shown in the 4th column of
Fig. 12, this results in poor skin quality for the tissue character and
a broken skeleton for the goat. Our pretraining strategy ensures
convergence of the structured latent auto-encoder and achieves
sufficient accuracy for the generation decoding task.
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Fig. 12. Ablation study on confidence design and SkinAE pretraining. With-
out confidence learning or with Bayesian confidence, skeleton predictions
are noisy and redundant (column 2,3). Without pretraining SkinAE, skin
quality and skeleton structure degrade significantly (column 4). Our method
ensures clean skeletons and accurate skin generation (column 5).

5 Conclusion

We introduced AniGen, a method for image-conditioned generation
of animatable 3D assets that couples geometry synthesis with rig
prediction in a single generative model. In contrast to “generate-
then-rig” pipelines, AniGen learns a joint distribution over shape,
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skeleton, and skin, and represents all three as fields to promote
mutual consistency. Our core contribution, the S* field formulation,
together with the confidence-decaying nearest joint-parent field and
the dual skin feature field, enables reliable modeling of kinematic
structure and skinning despite ambiguity and category diversity.
AniGen leverages a structured latent auto-encoder and flow-based
generation over sparse structures and structured latents to produce
coherent rigged assets directly from images. Empirically, AniGen
achieves clear gains over prior approaches in rigging quality and
usability, and generalizes well to in-the-wild images spanning a
wide range of object categories and visual styles. The revised experi-
ments further show that these gains are achieved without materially
sacrificing geometry fidelity relative to strong geometry-only gen-
erators. We believe that AniGen establishes a powerful foundation
for the next generation of controllable 3D content creation, with
broad applications for interactive graphics, embodied Al VR/AR,
digital twins, and animation/editing workflows.

Limitations and future work. One limitation of AniGen is its cur-
rent focus on image-conditioned generation. Although effective,
this setting does not fully reflect many practical use cases, where
animatable shapes are often derived from captured videos in which
motion dynamics and skeletal constraints are more explicitly ob-
served. Extending AniGen to support video input could enable more
robust and temporally consistent shape and skeleton generation,
and also enable the production of animatable shapes directly aligned
with the motions and structural cues present in the input video. Ad-
dressing this challenge is an important direction for future work
and could substantially broaden the applicability of the method. A
second limitation arises for articulated objects that require strict
geometric alignment between rigid parts, such as the lid and base of
a laptop. Although AniGen can infer a plausible hinge skeleton for
such objects, small geometric mismatches may still produce visible
gaps in closed configurations. Finally, the skeletons predicted by our
current model primarily reflect the medial-axis tendencies present
in the training data, rather than fully anatomically inspired produc-
tion rigs. We emphasize that this limitation stems from the available
data rather than from the representation itself. Since the proposed
$3 fields are continuous and volumetric, they are, in principle, ca-
pable of encoding richer sub-surface control structures, including
production-style anatomical rigs, given access to suitable data.
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